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ABSTRACT

Vacuum-assisted composite manufacturing methods, such as vacuum bag prepreg
layup and vacuum-assisted resin transfer molding (VARTM), utilize atmospheric pres-
sure as a uniform external force to consolidate and saturate fabric components. How-
ever, vacuum bag leakages can result in defects such as air bubbles, resin traps,
voids, non-uniform surface finishes, and ultimately, inferior mechanical properties.
Detecting and repairing these leakages before the autoclave curing stage is therefore
essential.

The leakage localization method used in this study relies on volumetric flow rate
measurements of air evacuation lines. Multiple air evacuation channels, known as
vacuum ports, are strategically placed at different locations in the production layup.
Each port is equipped with sensors capable of independently measuring the volumetric
flow rates of air during the process. In the presence of a leakage, the measured flow
rate values will not stabilize at zero because air continuously enters the vacuum bag
through the leak. The flow rate values correlate with the location of the leak, the
overall layup configuration, and the positions of the vacuum ports.

We introduced an intelligent machine learning-based framework for leakage de-
tection and localization, designed to learn the complex relationships between flow
rate values and leak locations. To generate sufficient training data, an electric circuit
analogy was developed to simulate the vacuum process. This approach provides a
fast and reliable alternative to complex analytical simulations and extensive physical
experiments. The proposed method has been validated and compared across various
experimental configurations, demonstrating its effectiveness.

Using the available and synthesized data, we employed various machine learning
models, including regression models, a Grid neural network, a physics-informed Grid
neural network, leakage classification models, and physical parameter training algo-
rithms for leakage prediction. Our methods not only predict leakage locations with
acceptable accuracy but also generalize well across different configurations. Addition-
ally, we addressed challenges associated with complex, non-uniform layups featuring
regions of varying permeability. For the first time, our framework also tackled sce-
narios involving multiple simultaneous leakages, successfully localizing all leaks on
the layup.

Our results demonstrate significant advancements over state-of-the-art methods.
These improvements go beyond higher prediction accuracy, focusing on enhanced gen-
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eralizability across various layups, reduced data requirements for training, and the
ability to tackle complex scenarios, such as non-uniform permeability and multiple
leakages, which were previously unaddressed. Notably, the novel PI-GNN framework
outperforms regression models in both generalizability and data efficiency. By inte-
grating physical knowledge with data science, the PI-GNN framework establishes a
robust foundation for addressing layups of varying sizes and geometries. Furthermore,
our proposed physical parameter training algorithm effectively learns the permeabil-
ity of different regions within the layup, enabling the development of a more accurate
and robust simulation tool for model training.

Optimizing the placement of vacuum ports to improve leakage location prediction
is another challenge addressed in our work. Each layup offers numerous possible con-
figurations for positioning vacuum ports to enhance leakage localization. We tackled
this optimization problem by maximizing flow rate variance among the vacuum ports.
Given the problem’s large state space, a hierarchical optimization approach was em-
ployed to identify the optimal configuration. Experimental validation confirmed that
optimizing the port configuration significantly reduces leakage prediction errors.

Keywords: VARTM, Prepreg, Graph neural network, Leak detection, Machine
learning, Leak localization, port placement, optimization.
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Chapter 1

Introduction

Composite manufacturing methods such as Vacuum Assisted Prepreg Compression
Molding or Vacuum Assisted Resin Transfer Molding (VARTM) are being widely used
for producing high-quality large-scale components [1][2]. Composite manufacturing
has applications in aerospace [3] [4], automotive [5] [6], marine [7] [8], wind energy [9]
[10], construction [11], defense [12], sport and recreation industries [13] [14].

The growing use of fibrous composites can be attributed to their high specific
strength and stiffness compared to conventional materials, as well as their ability to
be shaped and tailored to achieve aerodynamically efficient structural configurations
[15]. Recent advancements in composite materials for modern aircraft construction
suggest that fiber-reinforced polymers, particularly carbon fiber-reinforced plastics
(CFRPs), could contribute more than 50% of an aircraft’s structural mass in the
future. However, affordability remains critical for the competitiveness of aerospace
manufacturing, both in civil and military applications [16]. Consequently, significant
efforts should focus on the analysis and computational simulation of manufacturing
and assembly processes, as well as on the performance simulation of the resulting
structures, since these aspects are closely interconnected [17].

Both of the prepreg or VARTM approaches are often executed by arranging layers
of a release film, peel plies, reinforcement fabrics and breather fabric on a mold,
prior to being sealed in a vacuum bag. The principal role of the reinforcement is to
provide strength, stiffness and other mechanical properties to the composite [18]. In
either methods, the pressure difference between the ambient air pressure (Patm) and
the vacuum bag pressure (Pvac) helps with the consolidation of the component[19].
Figure 1.1 shows the assembly of the prepreg setup. After preparing the assembly, a
vacuum pump evacuates the air from the bag. At this stage, it is essential to ensure
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that there are no leakages in the vacuum bag. Afterwards, in the VARTM approach,
resin will be transferred into the system, building the matrix around the reinforcement
fiber [20]. Conversely, the prepreg method does not require resin injection as the resin
already impregnated in the prepreg material [21]. Then the system will be cured in
an autoclave for some time so that the resin properly adheres the fabric [22].

Figure 1.1: Schematic of the vacuum prepreg processing setup

The prepreg method is typically used in aerospace applications due to its capa-
bility of producing high quality components[23]. The environment’s pressure and
temperature can be controlled in the autoclave, and thus a large pressure gradient
can be produced. The larger the pressure gradient between the interior and exterior
of the vacuum bag, the larger the consolidation or clamping force provided by the
vacuum. Higher force generally produces better quality composites which are more
dense and free from voids[24].

Vacuum bagging is one of the most important steps before the curing process. The
existence of a leakage in the vacuum bag will prove detrimental to the mechanical
properties and surface smoothness. A leaking vacuum bag may require complex
and expensive repairs or result in severe impairment of the product quality[25]. In
the autoclave stage of the process, the pressure inside the autoclave is increased to
seven atmospheres in order to maximize the consolidation force [26]. Under these
extreme conditions, even the presence of a minuscule leakage jeopardizes the quality
and characteristics of the final product. Fernlund et al. concluded that leakages in
vacuum bags during the curing process can be a source of porosity and, consequently,
poor mechanical properties in components [27]. A study by Haschenburger et al. [28]
also demonstrated that leaks in vacuum bags and release films can cause porosity
and result in inconsistent thickness in the final part. Therefore, it is imperative
to locate and mend all leakages prior to the curing process [29]. The focus of this
research is on leakage detection and localization in the vacuum bagging step of these
composite manufacturing methods. In the next section, industrial leakage detection
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and localization methods will be discussed.

1.1 Research Objective and Motivation
A perfectly sealed vacuum bag is essential for a quality product and to achieve that,
potential leakages must be discovered and mended. An automated leakage local-
ization method is mandatory because in many applications, for instance aerospace
industry, the size of the product is so enormous that the time, effort and cost make
manual leakage localization infeasible. Manufacturing processes must be able to pro-
duce economically large components with as few joints as possible. This presents
challenges regarding the complexity of tooling and control of the process [30].

In the previous sections, state-of-the-art leakage detection and localization meth-
ods were discussed. The findings reveal no single method that consistently outper-
forms others across all criteria. Existing methods are often unreliable in autoclave
environments or when multiple leakages occur, or they are costly, time-consuming,
and lack the desired level of automation. Measuring flow rates on evacuation lines and
applying machine learning-based methods shows greater potential due to their versa-
tility and automation capabilities. However, these approaches are limited to handling
symmetrical and simple geometries, making them inadequate for the complexities of
industrial parts. Furthermore, data acquisition in these methods is entirely manual
and requires the physical system. Few studies have explored this technique in real-
world scenarios, but failing to consider and involve non-uniform permeability and
multiple leakages. Moreover, while there are studies on optimizing resin inlet con-
figurations, none have addressed the optimization of vacuum port locations on the
layup.

The objective of this research is to provide a versatile framework for vacuum bag
leakage localization in composite manufacturing using machine learning models. The
proposed framework should effectively overcome the limitations of existing machine
learning-based methods in four key areas:

1. Data acquisition/synthesis: Enhancing the ability to gather or generate high-
quality data for training the model.

2. Generalizability and adaptability to new geometries: Ensuring the framework
can effectively handle complex geometries with non-uniform permeabilities en-
countered in industrial parts.
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3. Overall leakage prediction: Improving the prediction accuracy and reliability
compared to other automated methods.

4. Single/multiple leakage location prediction: Enabling the framework can handle
problems where there are multiple leakages in the system.

5. Vacuum port placement: Optimizing the configuration of vacuum ports on the
layup for an improved leakage localization.

The novelties and further details of the proposed framework will be discussed in the
next section.

1.2 Novelties
The following list highlights the novel aspects and potential impacts of the proposed
method:

• In this study, we present a novel approach for simulating flowrate values in
the vacuum process and demonstrate its validity through extensive validation.
Our method draws an analogy between the flowrate in the vacuum bag and the
current in an electrical circuit. By simulating the electrical circuit, we generate
results that can be compared with the experimental outputs of the vacuum bag.

• Unlike existing frameworks that rely on manual data acquisition from the phys-
ical system, we present a novel approach utilizing a verified simulation tool for
data synthesis. Our proposed tool draws upon an analogy between the physical
system and an electrical circuit, enabling the rapid generation of training data.
By doing so, we can bypass one of the most crucial and time-consuming steps
in the process.

• Inspired from graph neural networks, we propose a new architecture called grid
neural network that increases flexibility and generalizability of the trained agent.
This new architecture is not limited to the leakage localization problem and
could be used for any similar physical systems. In addition to its training phase,
our proposed design allows for the integration of physical knowledge into the
system, resulting in a remarkable reduction in the required amount of training
data. Furthermore, the grid neural network facilitates the incorporation of
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expert knowledge as priors, enabling Bayesian updates to refine the probabilities
of leakage locations.

• For the first time in the literature, we have addressed multiple leakage scenarios.
Using data generated from a validated simulation, we developed a classification
algorithm capable of determining the number of leakages on the layup. Based
on this classification, the system then selects the appropriate model for both
single and double leakage localization.

• We have developed a framework that enables the model to learn its physical
parameters using limited data. This approach is particularly effective for han-
dling complex layups with constrained data availability. We applied physical
parameter training to estimate the permeability of different regions within the
layup. Enhancing the uncertain and unknown parameters in the simulation
improves its accuracy and reduces error, making the synthesized data used for
training more reliable.

• We have developed a framework for optimal vacuum port placement to enhance
leak detection. To manage the large state space in the optimization problem,
we employed a hierarchical optimization approach. The results demonstrate
that using an optimal vacuum port placement can significantly improve leakage
prediction accuracy.

1.3 Agenda
In Chapter 2, a literature review is presented, covering background information, com-
posite manufacturing methods, and an overview of state-of-the-art leakage detection
and localization techniques. Chapter 3 delves into the details of various methodolo-
gies employed and provides a comprehensive description of the proposed framework
across different scenarios and case studies. Chapter 4 presents the detailed results
in the same order as outlined in the methodology chapter. Chapter 5 focuses on
drawing conclusions based on the research findings, discussing study limitations, and
outlining future steps to achieve the study’s objectives. The thesis concludes with
the Bibliography section, which includes all references.
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Chapter 2

Literature Review

2.1 Composite materials: an overview
Composite materials are engineered materials made from two or more constituent
materials with significantly different physical or chemical properties [31]. When com-
bined, these constituents form a material with properties distinct from the individ-
ual components. The key characteristics of composite materials include improved
strength, stiffness, durability, or other properties compared to the constituent mate-
rials used alone [32]. The base material and the filler material are the components of
a composite material.

The base material which is also called a matrix or a binder, holds the filler material
together. It serves to transfer stress to the reinforcement material and protect it from
environmental damage [33]. Common matrix materials include polymers (like epoxy,
polyester, or thermoplastics), metals, and ceramics.

The filler material or the reinforcement is the dispersed phase within the com-
posite, providing strength, stiffness, and other mechanical properties [34]. The rein-
forcement could take the form of sheets, particles, flakes or more importantly, fibers.
Common reinforcement materials include glass fibers, carbon fibers, aramid fibers,
ceramics, and natural fibers.

Composites are classified into three main categories based on their structure [35]:

1. Fiber-reinforced composites

Fiber-reinforced composites (FRCs) are materials made by embedding fibers
into a matrix material (usually a resin or polymer). The fibers provide strength
and stiffness, while the matrix holds the fibers together and transfers the load
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between them. The fiber-reinforced composites are the most common and
widely used type of composite materials. They dominate the composite ma-
terials market due to their excellent balance of mechanical properties, weight,
and versatility, which make them suitable for a wide range of applications across
various industries. FRCs are the main focus of this study and will be discussed
more in Section 2.2.

2. Particle reinforced composites

Particle-reinforced composites (PRCs) are composite materials where small par-
ticles are dispersed within a matrix material to enhance its mechanical proper-
ties. These particles, typically ranging in size from nanometers to millimeters,
serve as the reinforcement phase, improving the performance characteristics of
the matrix material. Although PRCs generally offer less significant strength
and mechanical properties compared to fiber-reinforced composites, they are
widely used in applications where enhanced hardness and stiffness are required
[36]. A common example is in roadways and concrete structures, where ce-
ment acts as the binder, and aggregates like coarse rock or gravel serve as filler
materials, providing increased hardness and structural integrity [37].

3. Sheet molded composites

Sheet-molded composites (SMCs) are fabricated by bonding homogeneous layers
of materials using a compression molding process to form non-homogeneous
composite laminates. Sheet molded composites offer high strength-to-weight
ratio, good corrosion resistance and good surface finish, but they have limited
Recyclability and cannot match the strength of fiber-reinforced materials [38].
The main application of SMCs are in automotive industry [39].

2.2 Types of fiber-reinforced composites
In this section, various types of fiber-reinforced composites will be introduced. These
composites can be classified in different ways, such as by their structure or by the
source and origin of the fibers. Different materials impart unique properties to the
fibers, influencing the overall performance of the composite.
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2.2.1 Fiber classification by structure

Fiber-reinforced composites can be categorized based on their structure into contin-
uous fibers, woven fibers, chopped fibers, and hybrid composites [40]. In continu-
ous fiber composites, fibers can be arranged either unidirectionally or bidirectionally
within the matrix, enabling efficient load transfer from the matrix to the fibers. Dis-
continuous fibers, however, must be of sufficient length to allow for effective load
transfer and to prevent crack propagation, which is crucial in avoiding material fail-
ure, particularly in brittle matrices [41]. The properties and structural behavior of
composite materials are largely determined by the arrangement and orientation of
the fibers [42]. Continuous fibers usually have higher strength in one direction, while
the chopped and discontinuous fibers offer more isotropic properties.

2.2.2 Fiber classification by origin

Fiber-reinforced composites can be categorized based on the type of fiber into syn-
thetic and natural fibers. Synthetic fibers include materials such as glass, carbon,
and aramid fibers, which are commonly used due to their high strength, stiffness,
and durability. Natural fibers, such as flax, hemp, and jute, are increasingly used for
their lower cost, availability and environmental benefits, including biodegradability
and renewable sourcing [43], although they generally offer lower mechanical perfor-
mance compared to synthetic fibers [44].

2.2.3 Different types of synthetic fibers

Different types of reinforcement fabric materials are used in the aerospace indus-
try [45]. One of the most common composites is carbon fiber-reinforced polymer,
an exceptionally strong [46] and lightweight material containing carbon fibers [47].
Fiberglass is another widely used fiber-reinforced polymer, consisting of a plastic ma-
trix reinforced with fine glass fibers. It is a lightweight, strong, and robust material.
Although its strength and stiffness are somewhat lower than that of carbon fiber [48],
fiberglass is generally much less brittle, and the raw materials are significantly more
affordable [49]. Aramid fiber, a class of heat-resistant and strong synthetic fibers,
offers excellent resistance to chemicals and heat, a high tensile modulus, and low
elongation at break. However, it has limited fatigue strength and poor compression
strength [50]. Aramid fibers are used in aerospace and military applications, including
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ballistic-rated body armor fabric and composites, bicycle tires, and as a substitute for
asbestos [51]. Figure 2.1 illustrates the three most common types of fiber-reinforced
fabrics used in the industry. Ongoing development of new and more advanced mate-
rials aims to improve the processing and production of existing materials, enhancing
physical properties or enabling their application in new areas for future use [52].

Figure 2.1: Different types of fiber reinforced fabrics; from left to right: carbon-fiber,
aramid and glass-fiber reinforced polymers

2.3 Fiber-reinforced composites manufacturing tech-
niques

Manufacturing of fiber reinforced polymers composite involves manufacturing of fiber
preforms and then reinforcing these fibers with the matrix material by various tech-
niques [53]. In this section some of the most common and related techniques will be
introduced.

2.3.1 Hand layup

The hand layup method, also known as the wet layup method, is one of the most
traditional techniques used in the industry. It is a straightforward process where each
ply is manually placed and stacked layer by layer until the desired thickness is achieved
[54]. A roller is typically used to press the resin into the fabric, ensuring better
interaction between the successive layers of reinforcement and the matrix material.
Figure 2.2 shows the schematic of hand layup manufacturing method [55]. Usually,
curing is done in the room temperature [56]. While this method is reliable, it is
labor-intensive and time-consuming compared to advanced manufacturing techniques.
The quality of the final product is highly dependent on the skill of the worker [57].
Additionally, this method has limitations in terms of the complexity of the parts it
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can produce, particularly in the aerospace industry. addition, it is difficult to achieve
consistent volumetric fiber fractions and low void contents using this method.

Figure 2.2: Schematic of hand layup manufacturing technique [43]

2.3.2 Spray layup

The spray layup process method is similar to the hand layup method, but it uses a
hand gun to spray resin and chopped fibers on a mold. It uses a low cost mold, and
it is a preferred method to use for big product finishing [58]. The stream of the hand
gun is aimed at the mold and left until it is fully cured at room temperature. It also
uses a roller and brushes to clear the air and wet the fiber. Figure 2.3 represents the
hand layup process. The mechanical properties of the final product depend on the
fiber orientation and the fiber constraints. However, the mechanical properties are
usually weak due to short fibers. The sprayed mixture that consists of fiber and resin
is rolled before the specimen is fully cured to avoid bubbles and voids. This method
is generally faster than hand layup but has similar disadvantages such as low fiber
volume fractions and high void contents [59].

Figure 2.3: Schematic of spray layup manufacturing technique [44]
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2.3.3 Resin transfer molding (RTM)

In this method, the fiber reinforcement is placed in the bottom half of the mold, and
preheated resin is pumped at low pressure, typically less than 100 psi [60], through
an injector until the mold is fully filled with resin [61]. Figure 2.4 illustrates the RTM
technique. The RTM process can produce composite parts with complex shapes at a
high production rate. With proper surface finishing, the quality of the final parts can
be comparable to those made in an autoclave [62]. Additionally, this method achieves
a good fiber volume fraction. However, a significant drawback is that the resin may
not always fully penetrate the entire layup, making this method less suitable for large
parts, particularly in the aerospace industry.

Figure 2.4: Schematic of resin transfer molding (RTM) technique

2.3.4 Vacuum-assisted method

The vacuum bagging technique is one of the most famous methods in fiber-reinforced
composite manufacturing. This method is a more advanced version of the hand layup
technique. Initially, the reinforcement fabrics and some other materials such as peel
ply and release film agent are placed on a mold. A breather is also usually used so the
air could be removed easily from the vacuum bag. In the vacuum-assisted method,
a flexible film made of a material such as nylon polyethylene or polyvinyl alcohol
(PVA) is used to enclose and seal the part from the ambient air, called the vacuum
bag [63]. Afterwards, the air inside the bag will be drawn out using a vacuum pump.
In the out-of-autoclave (OOA) or vacuum bag only (VBO) processes, the ambient
air compresses the layup and helps with the consolidation of the laminate. It uses a
technique where during the cure cycle, mechanical pressure is created [64].

There are different variations in this method such as vacuum bagging, vacuum as-
sisted resin transfer moulding (VARTM), resin infusion under flexible tooling (RIFT),
Seemann composites resin infusion molding process (SCRIMP), double vacuum bag-
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ging and vacuum-assisted oven curing. In VARTM, dry fiber preforms are placed in a
mold and covered with a vacuum bag. A vacuum is applied to compact the fibers and
remove air. Resin is then drawn into the mold under the influence of the vacuum, sat-
urating the fibers [20]. VARTM is suitable for large composite structures. Figure 2.6
shows the schematics of the VARTM process where the curing pressure is equal to the
room pressure. RIFT is similar to VARTM but uses a flexible membrane instead of a
rigid mold to create the cavity for resin infusion [65]. This variation is more suitable
for curved parts. SCRIMP is a variant of VARTM where a flow media is placed over
the dry fibers to facilitate faster and more uniform resin distribution [66]. SCRIMP
is ideal for large and thick parts [67]. In double vacuum bagging, two vacuum bags
are used: one directly over the laminate and a second one over the first bag. This
method provides additional pressure on the laminate, helping to remove excess resin
and improve fiber compaction [68]. Due to this higher compaction, double vacuum
bagging is useful in high-performance application when the highest laminate quality
is required. Studies in [69] and [70] show that the lowest porosity and void content
compared to wet layup or single vacuum bagging occurs when double vacuum bagging
technique was used. In applications where elevated curing temperature is required,
vacuum-assisted oven curing is used. In this method, the vacuum-bagged laminate is
placed in an oven for curing instead of being cured at room temperature [71].

The vacuum-assisted method uses vacuum to remove excess resin and trapped
air from the mold, enhancing adhesion and improving the bond between layers. The
consistent consolidation pressure provided by the vacuum results in a better fiber-
to-resin ratio, reduced void content, and high-quality laminates in the final parts
[72]. This method is also useful for prepreg molding. However, this method has some
drawbacks, including the need for additional equipment like vacuum pumps and lines,
its labor-intensive nature, and the sensitivity to potential leaks in the vacuum bag
[73]. In addition, some of the components such as peel ply, sealant tape and resin
tubes are not reusable.

2.3.5 Autoclave processing

This method is commonly used in aerospace applications. Although it is expensive, it
produces high-performance components that are ideal for aircraft. By applying high
heat and pressure, it creates composites that are void-free and denser. The auto-
clave typically operates at pressures between 3.5 and 7 bars. Studies of Chang et al.
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shows that when the curing pressure is higher than 4 bars, the void content decreases
to less than 1% [74]. In addition, mechanical properties such as interlaminar shear
strength also increase with the curing pressure. In the autoclave manufacturing pro-
cess, usually, prepregs are first laid up in the desired configuration in a mold and then
vacuum-bagged before being placed in the autoclave for curing [24]. Figure 2.5 shows
the layup settings inside the autoclave. Parts produced with this method exhibit
excellent mechanical properties, high fiber volume fractions, and low void content.
However, this method is costly and suitable only for high-performance applications,
and it is extremely sensitive to potential leaks in the vacuum bag.

Figure 2.5: Schematic of the layup settings in the autoclave processing

2.3.6 Compression molding

In this manufacturing method, materials such as prepregs or fiber mats are placed
into a heated mold, which is then closed and subjected to high pressure to shape and
cure the composite. As the material is pressed at high temperatures, the increasing
mold pressure forces out air from inside the mold, effectively eliminating voids in the
composite [75]. Heat can be applied during the compression process if needed. There
is also a variant known as cold compression molding [76], where no heat is applied
during the process. This variant is performed at room temperature using a hydraulic
or mechanical press. The final products often have sharp edges and require trimming
after curing.

This process is well-suited for composites with a high fiber volume fraction due
to its closed molding and high-pressure application. The final products are typically
strong and can be produced in various sizes, depending on the mold. This method
also offers a high production rate, with molding times often taking up to five minutes,
depending on the size and thickness, before curing at room temperature. Additionally,
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it yields products with good quality and a smooth surface finish. However, the method
has some disadvantages, including high tooling costs, limitations to relatively simple
shapes, and unsuitability for very large parts.

2.3.7 Other techniques

There are other manufacturing techniques such as pultrusion, filament winding, in-
jection molding and additive manufacturing (3D printing).

In the pultrusion method, strands of continuous fibers are pulled through a resin
bath, which are further consolidated in a heated die [77]. It is a continuous process,
useful for fabrication of composites with a constant cross-section with a relatively
longer length; it enables production with a high degree of automation and lower
production cost [78].

The filament winding process is similar to the pultrusion process, where the fiber
is pulled through the resin bath and then collected by a mandrel [79]. This process
can be used to produce symmetrical shapes such as pipes [80].

In injection molding, the composites are produced by forcing molten material into
the mold, where the material will be l left until cured [81]. It is suitable for thermoset
or thermoplastic composites. The fibers, usually chopped fibers, and the pellets go
through a funnel-shaped hopper with a rotating screw into a heated compression bar-
rel [82]. Because of using chopped fibers, the mechanical properties of parts produced
with this method are usually low.

In additive manufacturing method also called as 3D printing, continuous or short
fibers are mixed with resin and printed layer by layer to build up a part. This method
eliminates the requirement for mold and offers customization and complexity of the
parts [83], but it is has limited material choices, slower production rates compared to
traditional methods, and the need for post-processing [84].

2.3.8 Focus of this study

The objective of this paper is on any method involving vacuum bags in the process.
This will include any manufacturing technique sensitive to leakages on the vacuum
bag. This will include all different variations in the vacuum-assisted method is men-
tioned in Section 2.3.4. Additionally, autoclave processing introduced in Section 2.3.5,
a primary method in the aerospace industry, which is extremely sensitive to leaks will
be also a focus of this study. Leakages in vacuum bags can disrupt the vacuum or
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curing pressure, preventing the system from achieving the necessary pressure differ-
ential required for proper consolidation. In the following section, a literature review
will examine the effects of vacuum and curing pressure on the quality and properties
of the final products.

2.4 Effect of vacuum and curing pressure on fiber
composites

Using vacuum in the RTM process leads to an improvement in the terms of composite
quality and mechanical properties [85]. Figure 2.6 shows the schematic of the VARTM
process. The pressure inside of the vacuum bag could be reduced by a vacuum pump
and it is called the vacuum pressure. On the other side, the curing pressure could be
increased inside of an autoclave. The curing pressure could sometimes get up to 7 bars
in an autoclave. In out-of-autoclave manufacturing processes, the curing pressure
would be equal to the ambient or atmospheric pressure. The pressure difference
between curing pressure and ambient pressure helps with the consolidation of the
composite material.

Figure 2.6: Schematic of the VARTM process; Pressure difference between the curing
pressure and vacuum pressure helps with the consolidation of the fabric

Final mechanical properties of polymer composite materials highly depend on their
curing parameters in the autoclave or oven, including curing pressure and vacuum
pressure [86]. The void content and fiber volume fraction of a VARTM part can
be affected by many parameters and is critical to the mechanical properties and
the quality of the part. Stronger vacuum and higher mold temperature can better
control and increase the fiber volume fraction. Verma et al. did a study on carbon
fiber composited manufactured with and without vacuum [87]. Their results show
more than 100% improvement in tensile strength and around 50% improvement in
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hardness when parts were produced with vacuum. The effects of curing pressure on
interlaminar shear strength (ILSS) has also been studied [74].

Voids are one of the most harmful defects in composite parts made by fiber-
reinforced fabric [88]. Voids weaken mechanical properties such as shear and com-
pressive strength mainly because the voids reduce the load-bearing cross-sectional
area of composite laminates [89]. As a result, the stresses on selected fibers increase
which, in turn, leads to the localized stress concentrations in the laminate and end
up with poor mechanical properties and reducing fatigue life of the composites [90].

The void formation in a polymer composite is governed by many factors. Fac-
tors such as the vacuum pressure, the inlet pressure, curing pressure, curing time
and the mold temperature are identified as the major factors for the void formation
during the VARTM process [91]. Entrapped air in the laminate during layup [92]
and dissolved moisture in the resin [93] are other factors causing void formation in
composite materials. Boey et al. analyzed the effect of the bagging vacuum and the
autoclave pressure on the void content, and subsequently on the bending strength
and the modulus [94]. Their results indicated that increase in the vacuum bagging
and achieving a lower pressure inside the vacuum bag decreases the void content ex-
ponentially. Their results show that the increasing the autoclave pressure to 12 bars
could decrease the void percentage to more than 50 percent. Not achieving a proper
vacuum could increase void content to four times compared with a proper vacuum
as represented in Figure 2.7. In addition, better vacuum could decrease void sizes
significantly [95].

Figure 2.7: Effects of vacuum pressure on void content and diameter; lower bagging
pressure means a vacuum with a higher quality

The experimental results of [96] indicate that a higher mold temperature com-
bined with a higher vacuum at the vent (corresponding to a lower vent pressure)
effectively increases the fiber volume fraction and enhances its consistency. This is
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due to the reduction in resin viscosity and the increase in thickness-direction com-
pression, respectively. While increasing the vacuum generally has a positive effect
on minimizing voids, this is not always true for higher temperatures. These findings
demonstrate that achieving a higher vacuum can lead to an improved fiber volume
fraction and reduced void content.

The vacuum level in the bag significantly impacts surface porosity. Surface poros-
ity also affect mechanical properties and studies in [97] showed that the presence of
25% porosity in a glass fiber reinforced polymer could cause a 50% reduction in the
shear strength of the final part. Generally, trapped air inside the vacuum bag leads
to surface porosity [98]. Furthermore, studies in [99] confirm that surface porosity
is primarily associated with air trapped at the tool–prepreg interface during layup.
Several factors can influence the magnitude and distribution of surface porosity, in-
cluding vacuum hold time, freezer and out time, and modifications to materials and
processes that affect air evacuation [100]. The results suggest that prepreg out time
(and consequently tack) and vacuum quality are the primary contributors to surface
porosity. Inadequate vacuum in the bag increases bag pressure, reducing the driving
force for air evacuation and allowing more air to remain in the bag. Figure 2.8 shows
trapped air on a laminate under vacuum condition. The visualization shows the re-
duction of voids in size as vacuum condition is present in the layup. Void contents is
usually measured by water immersion. However, this method is not useful for mea-
suring surface porosity or visible surface voids. Acid digestion methods according to
the ASTM D3171 standard could be used to obtain void content and fiber volume
fraction [101].

Vacuum pressure and the curing pressure also play a crucial role in the thickness
of the final part. It is usually a challenge to manufacture a composite part with small
dimensional tolerances [102]. Yenilmez et al. studied the effect of different factors on
the final part thickness and concluded that duration of the vacuum and the curing
pressure as well as shrinkage ratio of the resin have the most influential factors [103].
Experimental results represented in Figure 2.9 show how higher pressure difference
could influence thickness and fiber volume fraction for ten different experiments [104].
Higher pressure results in more accurate and valid thickness and higher fiber volume
fraction. Failing to achieve adequate vacuum and curing pressure result in high
tolerance in the thickness and geometry of the final products.

Optimized vacuum infusion processing is a suitable method for producing thick
composites up to 12 mm in thickness [105]. However, inadequate vacuum can result
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Figure 2.8: Images of glass plate–prepreg interface under vacuum at room tempera-
ture in different times; (a) immediately after the application of the vacuum, (b) 10
min, (c) 30 min and (d) one hour into the vacuum hold

Figure 2.9: Diagram of part thickness and fiber volume fraction as a function of curing
pressure for different experiments
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in resin accumulation because the low pressure may not be sufficient to drive the
high-viscosity resin through the porous fabric preform effectively. These infiltration
heterogeneities can lead to variations in the physical and mechanical properties of
the part, particularly in properties less dependent on fiber characteristics, such as
short beam strength [106]. Short beam strength, also known as short beam shear
strength, measures the interlaminar shear strength of laminated composites and is
determined using a standardized short beam shear test based on ASTM standards
[107]. This testing method is highly sensitive to defects within the laminates, making
it an effective tool for assessing composite quality [108].

In this section, the literature behind vacuum and curing pressure effects in com-
posite manufacturing was reviewed. Leakages in the layup can disrupt pressure differ-
entials locally or throughout the entire part, leading to undesirable surface porosity,
increased void content, lower-than-expected fiber volume fractions, and compromised
mechanical properties. Therefore, it is crucial to achieve a leak-free, perfectly sealed
vacuum bag and to locate and repair any leaks before and during the curing pro-
cess. In the following sections, state-of-the-art methods for leakage detection and
localization are presented. Active monitoring of leakages during the curing process
is essential, as maintaining vacuum integrity throughout curing is as important as
starting with a leak-free vacuum bag. Consequently, leakage detection methods that
can be applied within the autoclave are particularly advantageous.

2.5 State-of-the-art Leakage Detection Methods
Numerous technologies are available to address the issue of leakage detection and
localization. The initial task involves determining the presence of any leakages within
the vacuum bag. Once confirmed, the subsequent step is to pinpoint their exact
location.

The simplest method for leakage detection is called the pressure rise method [109],
where the air inside the vacuum bag is evacuated and after disconnecting the bag from
the pump, the pressure inside the vacuum bag is measured continuously for some time
(5 to 15 minutes). A leakage exists in the system if the inside pressure rises more
than an allowable threshold (5 to 15 mbar/min based on [110]).

Helium has also been widely used for leakage detection [111]. This can be con-
ducted in one of 3 ways: Detector-probe technique, Tracer-probe technique, or Hood
technique [112]. The detector-probe variation is conducted by pressurising a compo-
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nent with helium gas, and then scanning the component by the detector probe. This
method is also known as the Ultra Sniffer Test (UST) [113]. This method is useful for
positive pressure and is not useful in composite manufacturing because the vacuum
bag cannot be filled with any gas including helium. Both trace probe and hood tech-
nique are conducted under vacuum or relative negative pressure and are applicable
to composite manufacturing. In the tracer-probe method, the tracer is used to spray
helium around the component under test. If there is a leak in a bag, the Helium will
be drawn into the vacuum and the detector will sound an alarm [114]. The hood test
method is similar but instead of using a probe, a good or envelope will be installed
around the portion of the component under test and this envelope which is usually a
plastic material or bag, will be filled with helium [115]. Similar to the tracer-probe
test the helium will be drawn into the part due to the differential pressure and the
mass spectrometer will be monitored to verify the presence of a leakage. Figure 2.10
shows the helium hood leak detection technique. Using helium leak detection method
is highly sensitive, detecting leakages in the order of 10−11mbar/s.

Figure 2.10: Helium gas leakage detector hood technique used on a vacuum bag; a
large area could be covered with this method [29]

Other gases such as Hydrogen, Methane, Carbon Dioxide, Sulfur Hexafluoride
and other noble gases can also be used for leak detection. The most important
requirements for a tracer gas are having environmental compatibility, chemical and
physical inertness and having a low content in standard environments [116].
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Another effective method for leak detection involves monitoring the flowrate values
on vacuum lines [25] [28]. In large components, multiple vacuum ports in different
locations of the layup are required to effectively evacuate the air from inside of the
vacuum bag. The flowrate measurement sensors could be installed on the evacuation
lines, act as sensors with multiple channels. These sensors could continuously measure
air flow rate on evacuation lines. Under normal operating conditions, when the system
reaches a steady-state state, the flowrate values on the vacuum lines should indicate
zero. This indicates that there is no air remaining within the vacuum bag or entering
the system that needs to be pumped out. In steady state and in presence of a leakage,
air will continuously enter into the vacuum bag from the leakage and pumped out
from the vacuum pumps. Therefore, the sensors will show non-zero flowrate values,
indicating the existence of at least one leakage in the system. Direct flow measurement
has many advantages. It is independent of part volume or configuration, and it’s
not sensitive to temperature changes [117]. Figure 2.11 shows an example of using
flowrate measurements on evacuation lines [118]. This particular setup is consisted
of six independent evacuation channels.

Figure 2.11: Flow rate measurement on evacuation lines for leakage detection; non-
zero flowrate values in steady state indicate presence of a leakage [35]

2.6 State-of-the-art Leakage Localization methods
Once potential leakages are identified in the layup, their precise locations must be
determined. Several state-of-the-art methods in the industry can be used to pinpoint
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or localize these leakages. Although methods in Section 2.5 are simple and can detect
leakages in the system, they are incapable of locating leakages.

When a vacuum bag is under low pressure, any small leak in the bag causes gas to
enter into the layup. This entering gas produces high-frequency sound waves due to
the turbulent flow of gas through the leak site. The high-quality ultrasonic leak detec-
tor operates using a microphone optimized for the high-frequency sound produced by
gas flow, enabling the identification of leakages [119]. The accuracy of ultrasonic leak
detection depends on several factors, including the operator’s experience level, envi-
ronmental background conditions, the ability to isolate unrelated background noise
from the frequency of interest, and the type of leak (e.g., sealant tape leak or surface
of bag leak). Although this technology is capable of detecting small leaks, it is highly
sensitive and can be easily disrupted by external noise and vibrations, making it inef-
fective in autoclave environments. Additionally, there is a limitation concerning the
distance between the sensors and the leakages, which renders the technology unreli-
able for large components. To improve localization accuracy, an array of ultrasonic
microphones can be used in conjunction with an algorithm to finely pinpoint leakages
[120]. Typical detection distance for leakages are between 30 to 50 cm, with a lower
limit of 10 L/h for an advanced and industrial ultrasound leak detector [121] shown
in Figure 2.12. Multiple leakages may also cause overlapping and signal interference
in this technology.

Figure 2.12: Ultra CE; an advanced ultrasound leak detector using 124 microphones,
detecting leaks in quiet environments [37]
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Piezoelectric sensors [122] could be used to measure strain variations and detect
leaks [123] [124]. Typically, this sensors are made of certain materials such as quartz
and ceramics, generating an electric charge in response to mechanical stress. When
a leak occurs in a vacuum bag, the entering air or gas can create acoustic waves.
Piezoelectric sensors can pick up these acoustic emissions, even at low levels, making
them effective for early leak detection. These sensors, which have high sensitivity,
high resonance frequency and good stability,[125] can be placed in different locations
on the assembly and the leakage location can be calculated using triangulation[126].
Using piezoelectric sensors is highly effective against small leakages even in large
assemblies. In addition, the method is non-intrusive and the sensors could be at-
tached externally without significantly altering the manufacturing process. Similar
to the ultrasound microphones, piezoelectric sensors are sensitive to various environ-
mental factors, such as temperature changes and mechanical vibrations, which can
potentially lead to false alarms and therefore not suitable for autoclave. In addition,
the process is rather complex, as an extensive calibration and signal processing is
required. Integrating piezoelectric sensors into composite manufacturing processes
requires careful planning, as the sensors need to be placed in locations where they
can effectively monitor for leaks. Therefore, generalizability of this method would
be extremely difficult. Another drawback of this method is its lack of reliability and
effectiveness when there are multiple leakages in the system.

Infrared thermography is a method used to detect leaks using an infrared camera.
Due to the Joule-Thomson effect, regions in the vicinity of leakages appear as regions
of lower temperature in the infrared spectrum[127] [128]. The air expands after
falling into a lower pressure as it enters into the vacuum bag through the leaks. This
expansion will cause cool down and will be visualized as cold spots in the thermal
camera. This contact-less method is easy to use and it can be automated by computer
vision. In addition, it could assist with identifying multiple leakages at once [129].
However, it is difficult to capture the whole assembly with a single stationary camera
as thermal imaging camera scope is not able to capture the detail required for leak
detection. Therefore, the camera should manually or automatically moved across the
layup to cover the whole area. In addition, this method is not reliable as it may
overlook small leakages due to their weak cool down effect. In addition, this method
may struggle to pinpoint the leakage as cold spots could appear in a relatively large
vicinity. Figure 2.13 shows the application of using a thermographic camera for
leakage localization. Leaks will be visible as cold spots on the setup. Note that the
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cold spots have been projected into the layup in this particular image.

Figure 2.13: Leakage localization using infrared thermography. The thermal image
acquired is projected onto the layup under test

Schlieren imaging has been explored for its potential to pinpoint leaks in vacuum
bags [130]. This technique visualizes density variations in transparent media [131]
and has been extensively used in aerospace applications to study supersonic motion
and visualize airflow [132]. This method is non-invasive and can address multiple
leaks at once, but it shares similar limitations with infrared thermography, such as a
relatively small field of view, requiring the Schlieren imaging setup to be repositioned
around the layup to cover the entire area. In addition, the method may struggle
to identify small leaks with minimal airflow. Moreover, since we are dealing with a
negative pressure on vacuum bags, meaning that the air will enter into the vacuum
bag and would not exit, adding air density disruptive components such as gas and
heat may be required for a proper visualization. Figure 2.14 presents the results of
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using Schlieren imaging for leak detection. The image on the left shows heat from an
extinguished candle being drawn into the leak, while the image on the right captures
the candle’s thermal plume being similarly pulled into the leak.

Figure 2.14: Application of Schlieren imaging in vacuum bagging leakage localization;
(a) Heat from an extinguished candle being pulled into the leakage; (b) Candle’s
thermal plume being pulled into the leakage [47]

An Oxygen-sensitive material can be placed underneath the vacuum bag which
will undergo a change of appearance when exposed to oxygen at the leakage location,
allowing for visual identification of leakages [133]. The drawbacks of this method
are two-fold. First, it requires the use of an additional layer in the layup. Second,
it presents difficulties in visually locating small leaks. However, the advantages are
simplicity and ability to address the problem when dealing with multiple leakages.

Another visual method similar to the oxygen-sensitive film is applying a fluorescent
coloring agent or dye to the exterior surface of the vacuum bag. If a leak is present,
the dye will be drawn into the vacuum bag. The leakage appear as dyed spots on the
assembly and can be detected by UV lamps in a dark environment once the exterior
dye is removed. This method is easy to implement yet highly effective, especially
when there are multiple leakages. Unfortunately, this method is time-consuming and
inefficient because it requires extra materials in the assembly and steps in the lay
up process such as applying the agents and cleaning the dye [134]. In addition, the
method is not applicable to the inside of the autoclave layups.

In 2019, Haschenburger et al. compared different technologies with criteria such
as time, cost, handling, component size and several leakage detection [135]. The
results of this analysis is shown in Figure 2.15. Most of these methods are time-
consuming, costly and rely on the experience of the operator. Therefore, a more
reliable, fast and automated method for locating leakages in vacuum bags is required.
Additionally, the automation of leakage detection is an important step in improving
the cost efficiency of the process [136]. Our proposed method is based on volumetric
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flow rate measurement and and the application of intelligent methods to enhance its
autonomy.

Figure 2.15: Comparison of six different leakage localization methods with different
criteria on a scale of zero to ten done by [135]

Volumetric flow rate measurement is valuable for both leakage localization and
detection. Menke utilized volumetric flow rates from vacuum ports and applied a
trilateration method for leakage location prediction [25]. In 2022, Haschenburger
explored four numerical methods on a symmetrical square-shaped tool [137]. These
methods included potential flow modeling, numerical regression, volumetric flow rate
matching, and machine learning models.

In the potential flow method, vacuum ports are modeled as sinks and the leakage
as a source, allowing the complete velocity vector field to be determined. The most
probable leakage area is identified by minimizing the difference between the measured
flow rates and the average velocity ratios of corresponding areas. The numerical
regression model establishes a relationship between the flow rate and the distance of
the leakage from the vacuum port. This approach can be considered a simple form
of a machine learning model. The volumetric flow rate matching method estimates
the radial distance of the leakage from the vacuum ports. A grid is constructed, and
the measured flow rates are compared with the calculated flow rates at each grid
node. This approach resembles a complex multi-dimensional truth table, where each
element of the table is a vector rather than a scalar.
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One of the state-of-the-art automated methods for leakage localization is the ap-
plication of machine learning and artificial intelligence to predict leakages based on
measured flow rates from different vacuum ports [138]. Studies show that it is pos-
sible to locate leakages on vacuum bags by using experimental or generated data
[139]. In 2022, Brauer et al. trained a neural network to predict leakage locations on
a symmetrical square-shaped tool [140]. Most studies utilizing machine learning for
leakage localization have focused on symmetrical and simple geometries, with data
acquisition primarily performed manually. In some cases, additional data has been
synthesized through rotation and symmetry.

However, the most novel AI-based approaches often lack generalizability to other
geometries due to their reliance on manually acquired data. While these methods
may involve complex setups, expensive sensors, and require medium to large datasets
for training, they are highly versatile and capable of generalizing across various ge-
ometries and large components, provided sufficient data is available. Furthermore,
they are highly automated, fast, and applicable even within an autoclave environ-
ment. With access to diverse datasets, these techniques could enable large-scale and
complex layup leakage localization.
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Chapter 3

Methodology

This chapter will outline the methodology used in the study. First, the experimen-
tal setup will be introduced, followed by a detailed explanation of the experimental
procedures and data acquisition process. Next, the simulation process, including the
methods for simulation and verification, will be discussed. Key challenges will also be
addressed, such as the effects of leakage size, non-uniform permeability in the setup,
and the presence of multiple leakages. Methods for addressing each of these chal-
lenges will be examined. Additionally, the placement of vacuum ports on the layup,
which presents a gap in the leak localization problem, will be explored, along with
strategies for optimizing their placement. Finally, the chapter will discuss various
machine learning models, regression techniques, and methods for training them.

To effectively train any machine learning system, it is essential to have extensive
and diverse datasets, regardless of the training algorithm used. In our case study, the
datasets should encompass a wide range of layup sizes and geometries, vacuum port
locations, and permeability variations. In fact, a well-known adage among artificial
intelligence (AI) researchers highlights the importance of data over algorithmic supe-
riority: “it’s not who has the best algorithm that wins, it’s who has the most data”.
This aphorism from artificial intelligence (AI) researchers shows just how essential
data is in machine learning [141].

Given the need for large datasets, conducting thousands of flowrate experiments
becomes impractical. Therefore, it becomes necessary to generate artificial datasets.
Keeping this in mind, we are in search of a method that is both reliable and efficient in
simulating and synthesizing data, while also being applicable across various scenarios.
Extensive research has already been conducted on modeling the resin flow mechanism
and pattern in the mold [142, 143, 67, 144]. however, they are not helpful as there is
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no model or prediction for flowrates in the presence of leakages.
In the next section, the experimental setup will be introduced.

3.1 Experimental Setup
The experimental setup is consisted of two main parts.

1. Layup stack: referred as the arrangement of mold, reinforcement layers and the
vacuum bag shown in Figure 3.1.

2. Flowrate measurement system: vacuum pump, vacuum ports and connectors
and the flowrate measurement sensors.

Figure 3.1: Schematic of the experimental setup

In the experimental setup, an aluminum plate has been used instead of the mold.
With this setup, the complexities associated with the mold’s 3D shape and the chal-
lenging behavior of air in the corners could be eliminated from the experiments and
simulations. Two systems will be connected via vacuum connectors or ports. The
vacuum connector which is shown in Figure 3.2 includes a valve that can isolate the
two systems.

Figure 3.2: Vacuum connector or port which connects the layup to the vacuum system;
the valve could be used to disconnect the system
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During the experiments, the layup stack typically varies to accommodate different
experimental conditions. These variations include changes in size, geometry, the
number of material layers in the layup to adjust permeability, and the positioning of
the vacuum ports. In contrast, the flow rate measurement system remains constant
throughout the study, as its sole purpose is to evacuate air and measure flow rates.

3.1.1 Layup stack

The fiber-reinforced fabric is typically mounted on a mold, as shown in the schematic
in Figure 3.1. To facilitate airflow beneath the vacuum bag, a porous medium, com-
monly referred to as a breather, is used. Without the breather, air would be unable
to pass through the aluminum plate, the mold, or between the reinforcement layers,
remaining trapped in the layup. Figure 3.3 illustrates our experimental setup, which
follows a standard vacuum bagging configuration.

Figure 3.3: Experimental setup layup stack with the size of 90cm × 90cm

In this setup, an N10 breather is affixed to a square-shaped aluminum plate mea-
suring one meter in width. The geometry of the breather which is the region that
air could travel is a square with the size of 90cm. The vacuum bag is then securely
attached to the aluminum plate using sealant tape. To ensure the integrity of the
assembly, a vacuum test is performed to identify and rectify any potential leaks. The
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vacuum test method is done by measuring flow rates on evacuation lines introduced
in Section 2.5. The absence of leaks is crucial as the experiments focus on investi-
gating leakages on the surface of the vacuum bag. Thus, starting from a leak-free
state is essential to gather standardized leak data. Six vacuum connectors, which
will connect vacuum pump are also placed in corners and the middle. The COHO
flowrate measurement system will measure air flow in these locations.

The configuration of the layup stack varies across different experiments, allowing
for flexibility and the creation of varying permeabilities within the system. Certain
sections of the breather may be selectively removed to introduce non-uniform perme-
abilities. On the other hand, more layers of breather could be added to the layup
to increase the permeability in certain regions. Adding more layers of breather pro-
vides more porous media for the air to travel and therefore increases the permeability.
Consequently, the vacuum bag is pressed against the aluminum plate, effectively re-
stricting airflow within those specific areas. Additionally, other components, such as
angle irons, can be introduced beneath the vacuum bag to intentionally create highly
non-uniform permeabilities within the system. This approach enables the exploration
of extreme permeability variations in the experimental setup.

3.1.2 Flowrate measurement system

To conduct the experiments, we employed the COHO 601 gas flow and vacuum leak
detection system, as referenced in [145]. The COHO system is specifically designed
for composite manufacturing applications and incorporates high-performance gas flow
sensors. These sensors are seamlessly connected to the standard vacuum lines utilized
in the process. Figure 3.4 shows the COHO 601 gas flow measurement system.

Figure 3.4: COHO 601 flowrate measurement setup
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The COHO system features an onboard computer that instantaneously processes
the sensor data, allowing for real-time analysis. This enables the operator to access
precise gas flow measurement data and view flow-rate graphs at a frequency of 1 Hz.
Notably, this setup offers the capability to measure air flow values independently on
six evacuation lines, also known as vacuum ports. Such a configuration enhances the
system’s versatility and enables simultaneous monitoring of multiple evacuation lines
during the experiments.

3.2 Experiment Procedure and Data Acquisition
After connecting the COHO gas flow measurement system to the layup through vac-
uum ports, it is crucial to ensure the absence of any leaks in the system. The leakage
detection technique described in Section 2.5 should be employed for this purpose.
Once the system integrity has been verified, data acquisition can proceed.

To gather data, intentional and controlled leakages must be created on the vacuum
bag. To create these leakages on the vacuum bag, we utilized a needle with a diameter
of 0.5 mm. These holes were carefully placed at designated locations on the bag and
their respective flow rates were recorded. Throughout each experiment, both the hole
positions and the corresponding flow rates were documented. This iterative process,
illustrated in Figure 3.5, can be repeated to gather additional data for testing or
validation purposes. It is essential to ensure the proper sealing of the vacuum bag
following each data acquisition. This can be accomplished by confirming that the
flow rate for each port remains below the predetermined threshold of 0.02 L/min in
every experiment.rt is below the threshold of 0.02 L/min for each experiment.

Figure 3.5: COHO 601 flowrate measurement setup

The COHO system measures the flowrates at a frequency of 1 Hz. The output of
the sensor values for a specific example is illustrated in Figure 3.6. In this example,
a leakage has been created in the system by poking a hole using the needle at the
time of 45 seconds in the time a. Once the hole is poked and the needle is removed,



33

an overshoot appears in the graph and the values gradually settle. When the values
have settled, the hole is covered, and the flowrates drop. There are non-linearities
and noise in the system that may result in overshoots or oscillation in flowrates. To
remove these effects, average flowrates must be extracted. Afterwards, the average
flow rate values must be normalized; meaning that their percentage is represented
instead of their absolute values. It is best to average the values after the overshoot
and before covering the leakage. In our experiment, the vacuum pressure is 85,000
pa. This is the number introduced in Section 2.4 and plays an important role in the
manufacturing process. Existence of leakages on the layup results in the reduction of
this number. It is important to note that this value may vary depending on factors
such as the vacuum pump and the breather type used [146]. Using a more powerful
vacuum motor that can vacuum closer to zero pressure (about -100 KPa) will also
decrease the oscillations in the flowrates.

Figure 3.6: Flowrate outputs for six vacuum ports for a sample experiment; initially,
there is no leakage in the vacuum bag and the flowrate values are zero in steady state.
As a leakage is created at time t=45 (s), the flowrate values increase. Eventually, the
leakage is covered at time 210 (s) and the flowrate values gradually tend to zero

In the experiment depicted in Figure 3.6, a steady-state behavior is observed
between 80 and 150 seconds, with oscillations being disregarded. This indicates that
all the air entering the vacuum bag through leakage is evacuated by the vacuum



34

pumps. The flow rate will not reach zero, as air continues to enter from the higher-
pressure atmosphere into the lower-pressure vacuum bag unless the leakage is sealed.
The sealing of the leakage happens just after 200 seconds and the flowrates eventually
settle on zero. During the steady-state interval, vacuum port 4 exhibits the highest
flow rate, followed by vacuum port 5, with ports 2 and 3 having lower flow rates.
Vacuum ports 1 and 6 show the lowest flow rates, contributing minimally to the
evacuation process.

The higher flow rate at port 4 suggests lower resistance for air reaching that port.
Assuming uniform permeability in the system, it can be inferred that the leakage is
closest to vacuum port 4, followed by port 5, and farthest from ports 1 and 6. This
relationship could be modeled by training a machine learning algorithm with sufficient
data. Figure 3.7 illustrates the actual location of the leakage (in red) and the vacuum
port numbers. As shown, the leakage is closest to vacuum port 4, explaining why it
generates the highest flow rate.

Figure 3.7: Experimental setup of the example with the vacuum port numbers and
actual location of the leakage

Current state-of-the-art research primarily focuses on uniform, symmetrical, and
lab-scale setups. However, in industrial applications, more complex and larger sys-
tems are common and must be addressed. As a starting point, a similar setup was
used for experimentation, and the system’s outputs were recorded. Additional config-
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urations can be designed to further complement the dataset. One of the key challenges
is predicting leakages when sections of the breather are removed, or when the per-
meability of the layup is non-uniform and asymmetrical. The breather geometry and
the locations of the vacuum ports are additional variables that must be documented
for each setup.

For each configuration, a grid was overlaid on the breather, as illustrated in Fig-
ure 3.8, with each square of the grid being sampled to produce a comprehensive
dataset. Leakages were introduced at the center of each square using a standard 0.5
mm diameter needle. In the next section, other important experiments and layup
configurations that are feasible within our lab-scale setup are considered, aimed at
increasing the system’s complexity.

3.3 Experimental Configurations and Setups
One of the key objectives and contributions of this research is the introduction of a
leakage localization framework that is generalizable across different geometries and
configurations. Consequently, it is vital to gather data from a diverse range of setups.
Additionally, it is necessary to validate the simulation method on these specific con-
figurations. To achieve this, various approaches such as altering the size and shape
of the layup or introducing non-uniform permeable elements into the setup could be
employed. In our experimentation, we utilized rectangle-shaped layups with different
dimensions as well as an octagonal-shaped layup. Various configurations feasible with
our lab-scale setup has been introduced in the following.

3.3.1 Changing the size and geometry of the layup

Initially, the experiments were conducted on a square-shaped layup measuring 90cm
on each side. This layup was placed on an aluminum plate, serving as the mold,
which measured one meter. The layup size could not exceed the plate’s dimensions,
setting a boundary for the experiments. Additionally, using a smaller layup would
oversimplify the leakage localization problem. With these constraints in mind, we
designed two different layups.

The first layup is rectangular, with a different aspect ratio than the square. We
modified the 90cm by 90cm layup to a size of 81cm by 72cm. This change disrupted
the symmetry in one direction, introducing more complexity and diversity into the
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experiments. This setup is shown in Figure 3.8.

Figure 3.8: Rectangular layup used in the experiments with the size of 81cm × 72cm

Improper bonding between the sealant tape and the bag or tool can lead to bound-
ary leaks. Typically, boundary areas are more prone to leakage compared to the
central regions of the vacuum bag, where sealant or tacky tapes are not present
[147]. To conduct more comprehensive experiments focused on boundary leaks, an
octagonal-shaped breather, as shown in Figure 3.9, was created.

Figure 3.9: Octagonal-shaped breather for experiments on leaks on the boundary

Leakages are created on the boundaries and different sides of the octagonal-shaped
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breather as presented in the figure. After performing experiments and generating
sufficient data, the objective for the system is to correctly predict the location of the
leaks on the sides of the octagon. However, before achieving that, a proper simulation
must be designed and verified to solve and find the flow rates for this rather complex
layup.

3.3.2 Changing the permeability

In all previous setups, the N10 breather was used as a porous media for air flow. When
a setup is created with only one layer of breather under the vacuum bag, an area of
uniform permeability is created. However, in industry it is rare to see a setup with
uniform permeability. Instead, there are different layers with various permeabilities
that all get sealed in the vacuum bag. For example, there can be different layers of
reinforcement material, as well as complex shapes that contribute to a non-uniform
media. The simulation used should be able to reliably predict leakage locations
despite non-uniform permeability as well as other conditions.

Figure 3.10: Designed layups with deducted breather to represent regions with low
permeability



38

Another method of introducing new set of experiments involves modifying the
breather permeability by selectively removing certain sections to prevent air from
traversing through these specific regions, as depicted in Figure 3.10. In these deducted
regions, the vacuum bag will attach to the mold, representing locations that very
low permeability exists in the layup. The simulation process must also be able to
compute flowrates in these scenarios. There are four different sets of experiments in
this category.

Previous experiments have aimed to reduce or eliminate permeability in specific
regions. However, in industrial applications, certain areas may exhibit relatively
higher permeability. To address this, technicians often use multiple layers of breather
material to aid in the removal of excess air and resin. Additionally, variations in the
thickness of the layup material can result in non-uniform permeability. To enhance
permeability in certain regions, multiple layers of breather can be incorporated into
the layup setup. As illustrated in Figure 3.11, the left-hand image shows an extra
breather layer positioned diagonally within the system. In the right-hand image,
approximately one-third of the layup is covered with an additional breather layer. As
mentioned earlier, the breather serves as a porous medium through which air and resin
can pass. By increasing the number of breathers, more porous media is introduced,
thereby reducing viscous resistance and increasing permeability.

Figure 3.11: Designed layups with extra breather to represent regions with high
permeability

In order to create areas with extremely high permeability, angle iron sections could
be introduced inside the vacuum bag in order to create a channel for air flow. These
channels offer a pathway with lower resistance compared to the original breather
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setup. Figure 3.12 shows the 3/4” angle iron profiles used for creating these high-
permeable regions.

Figure 3.12: Angle irons used for creating non-uniform permeability in the setup

Using multiple layers of breather increases permeability in all directions. However,
utilizing angle irons enhances permeability primarily in one direction, making them
suitable for specific layups. For example, the configuration shown in Figure 3.13
facilitates airflow more efficiently between the right and left sides of the bag. Three
angle irons have been placed horizontally beneath the vacuum bag.

Figure 3.13: setup used for creating horizontal non-uniform permeability in the vac-
uum bag

Additional setups incorporating angle irons were designed and tested. In the
configurations shown in Figure 3.14, angle irons were placed vertically along the y-
axis. The air channels created by the angle irons reduce flow resistance in their
direction, allowing for airflow between the top and bottom ports. In the setup on the
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left-hand side, five angle irons were used to create multiple channels, facilitating easy
airflow in the vertical direction.

Figure 3.14: Setup used for creating vertical non-uniform permeability in the vacuum
bag

This section briefly outlines various methods and procedures for introducing non-
uniform permeability. In each setup, a grid was drawn on the layup, dividing it
into small squares of approximately 10 cm each. During the experimental process,
samples were taken from the center of each square. Leakages were introduced using a
standard needle with a diameter of 0.5 mm, and flow rate values were recorded. After
each measurement, the leakages were sealed, ensuring no other leaks were present in
the vacuum bag before the next sampling. In all these experiments, the size of the
leakage was controlled and kept constant. However, in real-world scenarios, the size
of the leakages cannot be controlled and is considered an uncontrollable factor. The
next section will discuss methodologies for studying leakage size variability.

3.4 Effect of the Leakage Size
In industry, the size of pre-existing leakages is an uncontrollable factor. The leaks
can range in size from as small as 0.1 mm in diameter to big holes and leaks in
the sealant tape on the boundaries. However, the leakage localization method must
be robust against variations in leak size. Generally, larger leaks will increase the
volume of air entering into the vacuum bag and subsequently the outbound flowrates
at steady-state. In addition to the leakage size, the amount of penetration of the
needle into the vacuum bag into the subsequent layers such as breather also affects
the flowrate absolute values. Since leak size is an uncontrollable factor, a prediction
method which relies on the normalized flowrate values is ideal. Using the normalized
flowrate values means that any sized leak at a specific location should yield the same
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location prediction.
We also refer to normalized flow rate values as port contribution. Previously in

[138], we proposed considering the contribution of each vacuum port instead of the
absolute values in order to suppress the effects of leakage size variance. Contribution
of each port is defined by Eq. 3.1.

fi = Fi/(
n∑

i=1

Fi) (3.1)

In which, Fi is the flowrate of port i that has been calculated by averaging the
flowrates in the steady-state time. The number of vacuum ports is shown with n and
in our study case it is equal to six. As an example, absolute and normalized flowrates
for the sample experiment shown in Figure 3.6 is presented in Table 3.1. The flow
rates are averaged in between 100 and 200 seconds time interval.

Table 3.1: Absolute and normalized flow rate values of the example in Figure 3.6
Vacuum port number (i) 1 2 3 4 5 6 Total
Absolute flow rate value
in liter per minute: Fi

0.037 0.119 0.122 0.310 0.165 0.042 0.795

Normalized flow rate: xi 0.047 0.150 0.153 0.390 0.208 0.053 1

As previously discussed, port number four is the closest to the leakage and since
the setup is symmetrical with uniform permeability, the port has the maximum flow
rate compared to other vacuum ports. The absolute flow rate value of this port is
0.310 L/min but when normalized, it is contributing to 39 percent of the total flow
in the vacuum line.

Absolute flow rate values vary with leakage size, and their time series often exhibit
oscillations or transient behavior, making them unreliable inputs for training machine
learning models. This raises the question: Are normalized flow rate values reliable,
and do they remain consistent despite variations in leakage size? The debate over
using port contributions or normalized flow rates can be informed by the nonlinear
effects of leakage size on flow rate values. What if changes in leakage size disrupt the
contribution of each port? To address this, well-designed experiments are necessary.
As a starting point, four needles with diameters of 0.5, 0.6, 0.7, and 0.8 mm have
been selected to generate leakages of varying sizes. Figure 3.15 illustrates the flow
rates for a specific leakage, created using different needle sizes. It is evident that the
total volumetric flow through each port increases as the needle size increases. There
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is a small decrease in flow rates before the jump in their value because of the bigger
needle. That is the moment when the new and bigger needle was used to increase the
leakage size and for a moment blocked incoming air into the vacuum bag and resulted
in a short decrease in the flow rate outputs measured in vacuum ports.

Figure 3.15: Measured flowrates when using four different needle sizes

The question we are looking to answer is that does the normalized flow rate
significantly change when having different leakage sized. To properly answer this
question, the experiments have been repeated with the four sizes of needles at sixteen
distinct locations on the vacuum bag, constituting a total of 64 data points. The
objective of this experiment is to determine the effect that different leakage sizes
have on flow rate contributions. This question was addressed through a two-way
ANOVA (analysis of variance) analysis. The two factors in this analysis are:

1. Variance in leakage size (The different needle sizes)

2. the remaining factors that have been blocked together (Leakage location, per-
meability, vacuum port locations, geometry)

Before starting the analysis, it is clear that the second factor, block of remaining
factors (such as port number and leakage location), have significant effect on the
flowrates. However, in this ANOVA, these effects have been grouped together as a
block in order to focus solely on the significance of different leakage sizes. The null-
hypothesis for this analysis is that the source of variation (needle size or the block)
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has no significant effect on the port contributions. Table 3.2 shows the t-test results
for the two-way ANOVA analysis.

Table 3.2: Two-factor ANOVA for the leakage size experiment
Source of Variation SS df MS Fstat Pvalue Fcr

Leakage size 2.2 E-15 3 7.4 E-16 2.2 E-11 1 2.64
Block of remaining factors 3.2463 95 0.034 1030.95 0 1.30
Error 0.009 285 3.3 E-05
Total 3.26 383

As presented in Table 3.2, for the leakage size factor, the Fcr is orders of magnitude
larger than the Fstat and the P-value (probability) of the null-hypothesis to be true
is equal to 1. Therefore, it can be concluded that, with a confidence of 100 percent,
different leakage sizes have no significant effect on the flowrates. Om the other hand,
the P-value for the blocks (different ports and locations) is equal to zero which means
the null-hypothesis is rejected and the blocks have a significant effect on the flowrates.
In conclusion, this study shows that using normalized flow rate values are reliable
parameters for training a machine learning model. Any penetration tool with any
size could be used for leakage creation as long as it is not excessively big to create
turbulent flows or flows that exceed our flow rate sensors upper limit which is 1 L/min.

3.5 Simulation Tool for Data Synthesis
As previously discussed, a reliable, validated, generalizable and rapid simulation tool
is required in this process to be used for data generation. Even though a valid
lab-scale experimental setup is available and the methodology for experiments and
cleaning the data independent of the leakage size has been designed, it is still not
feasible to generate sufficient data using experiments. In addition, the challenge of
addressing the problem when multiple leakages are present requires an enormous
amount of data and the problem gets more complicated.

Before proposing any simulation method, it is important to clarify the expected
outcomes. To do so, we must revisit the experimental procedure outlined in Section
3.2. The simulation should adhere to the constraints, properties, and results of the
experiments. Starting with simple configurations, the simulation must eventually
handle varying configurations, including different sizes and geometries, non-uniform
permeability introduced in Section 3.3, and variations in vacuum port locations.
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Additionally, the simulation method must be relatively fast, ideally faster than
conducting the experiments and processing the data. In the experiments, the transient
response during the creation or repair of a leak, or the flow rate behavior before
reaching steady-state, holds minimal significance. This is because leaks generally exist
in the layup before the vacuum is applied, and once the leak location is identified, the
issue is resolved. Consequently, there is no need to simulate every detail—especially
the transient response—as this would unnecessarily increase complexity, computation
time, and cost. It is more efficient for the simulation to directly calculate the flow
rates during the steady-state interval. In summary, a proper simulation must be:

1. Reliable, valid and verified with experimental data at least in the steady-state
phase.

2. Rapid and be able to generate data faster than the experiments.

3. Able to simulate cases with non-uniform permeability and various sizes.

4. Able to simulate different location of leakages, such as leakages on the vacuum
bag and on the tacky tape on the boundary.

5. Able to address having multiple leakages on the layup.

Simulation of the process enables the determination of flow rate values based on
leakage locations. By comparing and verifying experimental results with simulations,
valuable insights can be gained.

3.5.1 Simulation using finite element method

The initial and basic method that comes to mind is the Finite Element Method
(FEM). Components of the system, such as the vacuum bag, air inside and outside
the bag, and breather material, can be discretized into meshes for simulation. By
assuming a valid simulation, prerequisites such as various sizes and leakage locations
can be satisfied. However, traditional numerical methods, like those implemented
in software such as Flow3D, COMSOL, and Ansys, are often impractical due to
their extensive computational demands, requiring hours or even days for a single
configuration on regular computers.

Moreover, these methods introduce unnecessary complexities and non-linearity
irrelevant to the specific analysis. Transient response often cannot be neglected,
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as the equilibrium volume and pressure of the air inside the flexible vacuum bag are
unknown, necessitating a full transient solution from initial to equilibrium conditions.
Additionally, the vacuum bag’s flexibility introduces further complexity, as wrinkles,
contractions, and expansions may occur. Figure 3.16 shows the setup modeled in Flow
3D. The simplified setup is 50×50×20 cm3 in dimensions, with a single vacuum port
of 2 cm diameter and no leakages to illustrate the results of a leakage-free simulation.

Figure 3.16: Simple simulation setup using Flow 3D Software

In this simulation, the ambient air, with atmospheric boundary conditions, was
modeled surrounding a vacuum bag. A low pressure of 1000 Pa was applied at the
valve. Despite extensive computational efforts, the results for this simplified setup
could not be validated against the experimental data. It is important to note that the
actual experimental setup is far more complex, with larger dimensions, six vacuum
ports, and leakages that must be accounted for in the simulation.

Additionally, simulations using other FEM-based software were conducted. A
model with dimensions of 10×10×2 mm3 incorporating a vacuum valve, was devel-
oped using COMSOL Multiphysics. A low-pressure boundary condition was applied
to the vacuum bag plane, with ambient pressure conditions elsewhere. Figures 3.17
and 3.18 depict the pressure contours and cross-sectional air velocities, respectively.
The cylindrical region represents the vacuum, where low pressure was applied as a
boundary condition. While the pressure contours appeared reasonable, the velocity
values in the cross-sectional area of the vacuum port were excessively high, resulting
in flow rate values that were orders of magnitude larger than the experimental flow
rate, which was below 1 L/min.

All these basic and simplified FEM simulations demonstrate how using this method
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Figure 3.17: Results for pressure contours for a small-scale setup using COMSOL
Multi physics Software

Figure 3.18: Results for velocity in various sections for a small-scale setup using
COMSOL Multi physics Software
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can be both complex and time-consuming. Additionally, the generalizability of these
methods is low, meaning that any changes to the setup or leakage locations require
redoing the entire simulation from scratch. Moreover, these methods often take more
time to execute than conducting experiments, even in this simplified form. Therefore,
alternative methods have been proposed and utilized in this work to better meet the
conditions outlined for proper simulation in Section 3.5.

3.5.2 Simulation using analogy

To address the aforementioned challenges, a novel approach inspired by control theory
suggests establishing an analogy between the vacuum bagging experiment and an
electrical circuit. Electrical and mechanical components often exhibit similar effects
on systems. For example, a second-order mass-spring-damper mechanical vibration
system can be analogized to a resistor-inductor-capacitor (RLC) circuit shown in
Figure 3.19.

Figure 3.19: Well-known analogy in mechanical and electrical systems

Differential equations 3.2 and 3.3 describe the behavior of displacement (x) in the
mechanical system and current (i) in the electrical systems, respectively. The re-
sponses of both systems are analogous, and either system could be used interchange-
ably if properly normalized. Leveraging this similarity, the flow rates of vacuum ports
can be modeled using the current in an electrical circuit.

m
d2x

dt2
+ c

dx

dt
+ kx = 0 (3.2)

L
d2i

dt2
+R

di

dt
+

1

C
i = 0 (3.3)

Darcy’s law is the governing formula in the air flow underneath the vacuum bag
shown in Eq. 3.4. Based on Darcy’s law, the flux (q) decreases as the distance between
and inlet and outlet (L) increases [148].
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q = − k

µL
∆p (3.4)

The flux in this formula, when multiplied by the area, corresponds to the flow
rate values measured by COHO sensors. Since we are using vacuum connectors with
equal cross-sectional areas, as shown in Figure 3.2, the area remains consistent. Addi-
tionally, k represents the permeability of the breather material, and µ is the dynamic
viscosity of air at a given temperature. We assume constant values for k and µ, as
we are dealing with a uniform setup in steady state.

Darcy’s law in this form is applicable for one-dimensional problems and would
hold if there were a direct pipe connecting the leakage to each vacuum port. The
pressure difference across the vacuum ports will be uniform, as the pressure at the
leakage point is atmospheric, while the vacuum ports are near vacuum pressure due
to their connection to the same pump.

However, in our setup, the breather introduces a two-dimensional resistance, and
instead of a pipe, the breather area connects the leakage to each vacuum port. This
means that, in addition to the direct path between the leakage and the vacuum ports,
air can take parallel paths to reach the ports. Using Darcy’s law in its 1D form essen-
tially calculates flow rates based on the inverse of the leakage-to-port distance, which
provides a reasonable approximation. However, this method is not entirely accurate
due to the presence of parallel flow paths. This is analogous to electrical circuits,
where calculating the equivalent resistance between two nodes requires accounting
for all parallel resistances.

To begin with, it is advisable to employ the simplest model possible, which is the
zero-order model comprising solely resistors. A corresponding component mapping
between the two systems is provided in Table 3.3. In the vacuum bagging experiment,
a pressure difference between two locations prompts the flow from the higher-pressure
area to the lower-pressure area. Similarly, a voltage difference between two nodes in
an electrical circuit induces a current across the nodes. In both systems, the resistance
governs the magnitude of the flow or current, which can be quantified using sensors.

Table 3.3: Analogous terms between physical system and the simulated model
Physical system Unit Simulation model Unit
Flowrate (COHO sensors) L/min Current (Ampere meter) A
Pressure difference Pa Voltage difference V
Breather viscous resistance N.s/m2 Electrical Resistance Ω
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3.5.3 Modelling the breather

To simulate the vacuum bagging experiment, an electrical resistor network is devised
to match the behavior of the breather. The parallel connection of two resistors in the
network results in a decrease in the overall resistance, analogous to the presence of
parallel airflow channels. By increasing the number of resistors in the network, the
simulation’s resolution and precision can be enhanced, akin to using finer meshes in
other numerical simulation methods.

Within the network, a specific resistance is assigned to each pair of connected
points, and this resistance increases as the distance between the nodes grows. This
mirrors the scenario within the vacuum bag, where ports closer to the hole exhibit
higher flow rates. Initially, each resistor is arbitrarily set to a value of 100Ω, as the
network resistance is subsequently normalized to become dimensionless.

Figure 3.20 shows the network of electrical resistors to model the viscous resistance
of the breather used in the experimental setup previously shows in Figure 3.3. There
is a 9 by 9 grid on the setup and similar configuration has been designed on the model.
Since the experimental setup is uniform, the electrical resistor values are constant in
the network.

3.5.4 Modelling the vacuum ports

Next step is modelling the vacuum ports in the setup. The vacuum ports in the
experiment operate at a significantly lower pressure than atmospheric pressure which
is around 20 KPa absolute pressure within our system. This lowest pressure level in
the entire system can be regarded as equivalent to the ground reference in an electrical
network. Accordingly, in our electrical network model, we establish grounding at six
locations to replicate the configuration of the COHO system’s six ports.

To enable the measurement and recording of current passing through each ground-
ing location, virtual ammeters are introduced before each grounding point. These
virtual ammeters allow us to extract and monitor the current flow at each specific
location within the network. In the physical system, the COHO sensors measure flow
rates on the evacuation lines. Sensors and pipes will have a resistance for the out
bounding air, but have been neglected compared to the breather viscous resistance.
This internal resistance could be modelled by assigning an internal resistance to the
ammeters, but have been neglected similarly.

Figure 3.21 shows the modelling of vacuum ports and COHO sensors using elec-
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Figure 3.20: Network of electrical resistors used for modelling the breather in the
experimental layup
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trical grounds and ammeters on the current’s pathway. The locations of electrical
grounds will be on corresponding location of the vacuum ports. therefore, the design
has the flexibility to change the number and location of the vacuum ports, promptly.

Figure 3.21: modelling of vacuum ports and COHO sensors in the electrical circuit;
electrical ground with low voltage acts as the location with lower pressure and am-
meters measure current, the equivalent of measuring flow rates by sensors

3.5.5 Modelling the leakages

In the mechanical system, the presence of a leakage allows atmospheric air, at a higher
pressure, to enter the vacuum bag. This air flows from the leakage points towards the
vacuum ports, which maintain a lower pressure. Analogously, in an electrical system,
the hole in the vacuum bag can be represented as a node with a positive voltage
source. In this analogy, current flows from the positively charged node (representing
the hole) towards the six ground nodes (representing the six vacuum ports).

To simulate this behavior, each leakage point in the mechanical system is mapped
to a corresponding node in the electrical system, which is assigned a positive voltage.
This allows for the calculation of the electrical currents flowing through the six dis-
tinct ground channels. MATLAB’s Simulink has been used to simulate the electrical
network.

With Simulink, the electrical circuit’s behavior can be modeled, enabling the anal-
ysis and calculation of current flow through the system’s components and channels.

3.5.6 Comparison method

Directly comparing the outputs of the experiment and simulation is not feasible due
to dimensional incompatibility. To objectively compare the two systems, it is neces-
sary to first convert the results into dimensionless quantities. Utilizing dimensionless
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outputs enables not only the comparison between the systems but also eliminates the
need to specify parameters of the electrical network, such as resistances and voltages.
Moreover, by employing dimensionless analysis, the flow rate evaluation becomes in-
dependent of the system’s dimensions and the size of the hole.

In the experiment, the crucial value lies in the normalized or relative flow rates.
The absolute flow rate value of a port provides limited information about the distance
between the leak and the port. Therefore, the focus should be on the flow rate of
each port relative to the others, as it delivers valuable insights into the comparison
between different ports and their respective leakage distances. Therefore, we will
compare normalized flowrate values of the experiments with the normalized values
of currents acquired from the simulated model. The normalized flow rate values (fi)
could be calculated using Eq. 3.1. Normalized current could be calculated similarly
using Eq. 3.5.

Īi = Ii/(
n∑

I=1

Ii) (3.5)

The Root-Mean-Square errors will be calculated to discover model error on each
sample using Eq. 3.6.

error(node) = RMSn
1 (fi − Īi) =

√∑n
1 (fi − Īi)2

n
(3.6)

To assess the efficacy of this analogy, tests could be conducted using different
setups and compared the simulated data with corresponding experimental data. With
a reliable a proper simulation tool, artificially synthesized data can be employed as
training sets for machine learning systems. Furthermore, experimental data can be
used for cross-validation or testing purposes once the machine learning system has
been trained. In the next section, the problem will be addressed for multiple leakage
scenarios.

3.6 Multiple leakage scenarios
Leakage detection becomes exceedingly complex when an unknown number of leaks
with unspecified locations exist in the system. This challenge must be considered
when training the system. Therefore, it is crucial that the proposed simulation per-
forms accurately under conditions of simultaneous leakages. Predicting the locations
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of multiple leaks is far more complicated than single-leak scenarios. Currently, no
state-of-the-art methods based on flow rate measurements effectively address this
issue, with most deferring it to future research.

Before locating multiple leakages on the vacuum bag, the first step is to determine
how many leaks exist. The first step in addressing multiple leakage scenarios is
determining the number of leaks present in the system. This can be framed as a
classification problem, where the task is to classify examples into one of two categories:
systems with either one or two leaks. Our objective in this research stops at having
one or two leakages in the setup and cases with three or more leakages are not a part
of our studies due to further complexities.

3.6.1 Feature recognition in multiple leakage scenarios

To be able to successfully classify the examples, is to understand feature differences
and variances between two classes. To understand if flow rates measured from having
one leakage in the setup have a difference with flow rates measured when having two
leakages on the layup. This is where training a machine learning model would be
possible. To start, two different scenarios shown in Figure 3.22 have benn considered.

Figure 3.22: Setup with having two (top) and one (bottom) leakage for flow rate
comparison case study; all elements including setup size and vacuum ports remain
the same in both cases
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In both of the case studies, the layup and vacuum port locations are identical.
However, in the first case shown in top, two leakages with the same size exist in the
setup. In the second scenario shown in bottom, one leakage exists in the setup. The
objective is to estimate and compare normalized flow rates generated by these two
case studies. For simplification purposes, only two vacuum ports exist in the setup
and their distance is a constant value of R⃗. Note that the leakage size of both leakages
in case (1) is similar and we are studying multiple leakages with same leakage size.
However, there is no constraint on the leakage size of the leakage in the case (2). Each
leakage, generates a flow on each vacuum port and this flow increases with leakage
size and decreases with the viscous resistance between the leakage and the vacuum
port. The volumetric flow rate or absolute flow rate in each vacuum port could be
calculated with the following equation.

Fj =
∑
i

ci
g(rij)

(3.7)

In the equation 3.7, the term Fj is the volumetric flowrate flowrate of vacuum
port j which could be calculated by adding the effects of all leakages that is shown
by i. i is either 1 or 2 in our case study. ci is the leakage size factor and a constant
that depends on the size of the leakage and vacuum pump’s efficiency and power.
rij is the distance between leakage number i to vacuum port number j. The term
g(rij) represents the viscous resistance existing between the leakage and the vacuum
port. This nonlinear function depends on the distance, the permeability structure of
the layup, the location of the vacuum ports and surrounding area and the amount of
region and paths the air could travel from the leakage with the high pressure to the
port with the low pressure. This term, however nonlinear, could be estimated and
written with its Taylor Series as a polynomial function shown in Eq. 3.8.

g(r) = a0 + a1r + a2r
2 + ... (3.8)

The term a0 depends on vacuum port and connecting pipes’ internal resistance
and other terms depend on the permeability and settings. By using these equations,
volumetric flow rates of vacuum ports for the case 1 could be written as:

Case 1:
F

(1)
1 =

c

g(r11)
+

c

g(r21)
(3.9)
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F
(1)
2 =

c

g(r12)
+

c

g(r22)
(3.10)

R is the distance between vacuum ports and therefore Eq. 3.10 could be rewritten
as:

F
(1)
2 =

c

g(R− r11)
+

c

g(R− r21)
(3.11)

There is only one leakage existing in case 2, and a different size factor exist for
this scenario, therefore the flow rates could be written as:

F
(2)
1 =

d

g(r01)
(3.12)

F
(2)
2 =

d

g(r02)
=

d

g(R− r01)
(3.13)

Since there are two vacuum ports in this case study, normalized flow rates could
be calculated as following:

f
(1)
1 =

F
(1)
1

F
(1)
1 + F

(1)
2

=

1
g(r11)

+ 1
g(r21)

1
g(r11)

+ 1
g(r21)

+ 1
g(r12)

+ 1
g(r22)

(3.14)

For case 2, the normalized flowrate is equal to:

f
(2)
1 =

F
(2)
1

F
(2)
1 + F

(2)
2

=

1
g(r01)

1
g(r01)

+ 1
g(r02)

=
1

1 + g(r01)
g(r02)

(3.15)

We are looking for the leakage locations when both scenarios lead to a same result
in the terms of normalized flow rates. The reason is to study the cases were both
cases could generate equal flow rates and if they exist, it will be more difficult to train
a machine learning model on that base.

f
(1)
1 = f

(2)
1 (3.16)

f
(1)
2 = f

(2)
2 (3.17)

By substituting Equations 3.14 and 3.15 into the Eq. 3.16, for vacuum port
number one, results in:
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1
g(r11)

+ 1
g(r21)

1
g(r11)

+ 1
g(r21)

+ 1
g(r12)

+ 1
g(r22)

=
1

1 + g(r01)
g(r02)

(3.18)

Eq. 3.18 could be written as:

1

1 +
1

g(r12)
+ 1

g(r22)
1

g(r11)
+ 1

g(r21)

=
1

1 + g(r01)
g(r02)

(3.19)

Therefore:

1
g(r12)

+ 1
g(r22)

1
g(r11)

+ 1
g(r21)

=
g(r01)

g(r02)
(3.20)

By substituting R, it succumbs:

1

g(|R⃗−r⃗11|)
+ 1

g(|R⃗−r⃗21|)
1

g(r11)
+ 1

g(r21)

=
g(r01)

g(|R⃗− r⃗01|)
(3.21)

The term g(r11) could never be equal to g(|R⃗ − r⃗11|), based on the form showed
in Eq. 3.8, unless the distance of the leaks is equal to both vacuum ports, which is
not valid in general. Therefore, the only condition that Eq. 3.21 would be valid, is
satisfying both of the following equations:

g(r11) = g(r21) (3.22)

g(|R⃗− r⃗11|) = g(|R⃗− r⃗21|) (3.23)

Due to the polynomial form of g(r) shown in Eq. 3.8, Equations 3.22 and 3.23
are only valid if and only if:

r⃗11 = r⃗21 = r⃗01 (3.24)

This means that the vector connecting leakage number one to the vacuum port
number one, should be equal to the vector connecting leakage number two to the
vacuum port number one. By substituting R, same expression is valid for vacuum
port number two as well:

r⃗12 = r⃗22 = r⃗02 (3.25)



57

The results mean that the leakage number one should be in the exact location of
leakage number two so that both cases shown in Figure 3.22 result in same normalized
flow rate values. The findings could be applied to any number of vacuum ports and
therefore applicable to our case study.

There are two key findings from these calculations that must be considered in the
classification process.

1. In a given setup, the normalized flow rates generated by two simultaneous
leakages differ from those generated by a single leakage. This distinction makes
it feasible to train a classification model to identify the number of leakages.

2. As the distance between two leakages decreases, the flow rates become more
similar, resembling the pattern of a single leakage between them. This can cause
the classification model to suffer from overfitting and high variance errors if the
training set contains leakages that are too close together. To ensure effective
training, the training and test datasets should enforce a minimum distance
between leakages. If leakages are too close, the algorithm may ultimately fail
to differentiate between them and classify them as a single leakage.

In addition, there are specific assumption that the leakages in the multiple leakage
scenario should have same size and we are studying the cases when we have one or
two leakages in the setup.

3.6.2 Simulation method for multiple leakage scenarios

Data is arguably the most important and costly element of any machine learning
model, and having a proper simulation that enables data synthesis is crucial. In
Section 3.5.2, we presented a simulation based on the analogy between electrical
circuits and our physical model. Although this approach was initially used for single-
leakage scenarios, it shows promise for application in multiple leakage cases as well.
Generalization from single to multiple leakages is feasible if both the experiments and
the simulation adhere to the superposition rule. This rule states that the effects of
two different inputs can be summed without interference.

From a simulation perspective, the superposition rule holds in linear electrical
circuits [149]. Our proposed simulation model consists only of linear components
such as resistors, capacitors, and inductors. As long as nonlinear components like
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diodes and transistors are avoided, we can add the effects of two distinct high voltages
(representing leaks), compute their respective currents, and sum them accordingly.

Experimentally, however, the flows generated by two simultaneous leakages may
interfere with each other, potentially disrupting linearity and violating the principle
of superposition. The general formula for estimating volumetric flow rate, as shown
in Eq. 3.7, assumes non-interfering flows from multiple leakages. The flow behavior—
whether laminar or turbulent—can be characterized by a constant known as the leak
rate, which can be defined as in Eq. 3.26 [116].

qpV = F
∆p

∆t
= const. (3.26)

in Which F is the volumetric flow rate, ∆p change of pressure during a certain
time interval. larger leak rates bigger than 10−2pa l/s [150] [151] indicate practically
complete laminar flow whereas small leak rates lower than 10−5pa l/s suggest entirely
molecular flow and these conditions get more complicated in the transition region. In
all the experiments conducted in this research, the volumetric flow rates range from
0.02 to 1 l/s. Considering a pressure drop of 85 kPa, the corresponding leak rates
are estimated to be between 28 to 1400 pa l/s, remaining within the laminar flow
region. As a result, it is expected that multiple leakages will not induce turbulence
in the flows, and the superposition rule should hold.

To put this theory on test, experiments and simulations have been done and
compared with each other. The 81cm×72cm setup shown in Figure 3.8 has been
used for the experiments. In this case, two simultaneous leakages are created using
a particular needle and flow rate values are recorded. On the simulation side, high
voltage will be applied to the two corresponding locations on the electrical circuit
network. Currents in six ammeters will be recorded and normalized and two systems
will be compared with each other.

3.7 Machine learning model for single leakage lo-
calization

Once the proposed analogy has been verified across various configurations, it can
serve as a valuable tool for data generation. After synthesizing a sufficient amount
of unbiased data, a regression model can be trained. The primary objective of this
trained model is to accurately predict leak locations based on the normalized flow
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rates read by the COHO system.
To prevent overfitting during training, it is crucial to split the dataset into two

parts: one for training and one for validation. Typically, 80% of the data is used
for training, while the remaining 20% is reserved for 5-fold cross-validation. This
cross-validation method helps mitigate overfitting. Additionally, to assess the model’s
generalizability, a separate test dataset consisting of new samples the model has never
seen before can be used. In the 5-fold cross-validation process, the data is divided into
five subgroups. One group is used for hyper-parameter tuning, while the remaining
four are combined to form the training set. The model is trained using all five possible
validation subgroups, and the model with the highest accuracy is selected as the final
output. Figure 3.23 shows the training procedure for the single leakage localization
problem.

Figure 3.23: Training procedure for single leakage localization problem

Each data entry should include the flow rates of the six vacuum ports (features) as
well as the coordinates of the leaks (labels) relative to a designated origin. Different
models of linear, regression tree, SVM, GPR and neural network can be trained in
order to accurately model the system. In the next section, the data structure will be
discussed.

3.7.1 Data structure

In any machine learning model, the data is represented by two components: (1) in-
puts or features, and (2) classes or responses. Since we are working with a regression
model, we refer to these components as features and responses. The features are the
inputs the machine learning model uses for training, which in our case study are the
normalized flow rate values. As discussed in Section 3.4, while the absolute flow rate
changes with leakage size, the normalized flow rate values remain consistent. There-
fore, using absolute flow rate values would be redundant for training, and normalized
flow rates should be employed. This is particularly important because normalized
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flow rates are independent of leakage size, making them generalizable to any leakage.
In our study, the features consist of six distinct normalized flow rate values.

The responses, on the other hand, are the labels the machine learning model aims
to predict. In our case, these are the locations of the leakages. Given a predefined
layup, the location can be described using two elements: either in Cartesian coordi-
nates (X-Y) or in polar coordinates (r-ϕ) with a selected origin. Since the location is
described by two components, two separate models must be trained independently.
However, the features remain the same for both models. Figure 3.24 shows a portion
of the data structure used for training the single leakage localization model. The first
six columns represent features that are normalized flow rates and the columns ”Row”
and ”Column” represent the y and x location of the leakages that are responses in
the machine learning model. The model uses flow rates from all different possible
leakage locations in the structure. This is the data gathered from the 90cm×90cm
layup previously shown in Figure 3.3.

Figure 3.24: Data structure used for training single leakage scenarios

Other factors such as location of vacuum ports, permeability in different regions of
the setup and geometry and size of the layup could not be integrated in the training.
Because these factors remain constant in a particular setup. That will be a drawback
of a data-driven machine learning model since it would not take into account any
physics into the model.

It is also possible and even mandatory to use synthesized data instead of exper-
imental data. The importance of simulation and scarcity of data was discussed in
Section 3.5 and synthesized data must be used for training. With the analogy intro-
duced in Section 3.5.2, normalized currents could be used as features as an alternative
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to normalized flow rates and the high voltage locations in the electrical current anal-
ogy will be used as responses. The data structure remain the same but normalized
currents that are equivalent term for normalized flow rates will be used as features.

In the next section, different machine learning regression models will be discussed.

3.7.2 Regression models used for training

Different regression models can be trained to accurately represent the system. These
models may range from simple ones with few parameters, such as linear models, to
more complex ones with many parameters, like neural networks. Simpler models are
less prone to overfitting and exhibit low variance, but they may suffer from high bias,
limiting their ability to capture the flow rate-location function accurately. In contrast,
more complex models tend to have higher variance but lower bias, which allows them
to achieve low training error. However, they may struggle to generalize to new and
unseen data. This creates a trade-off between model complexity and performance.
In our case study, we trained various machine learning models to identify the one
with the highest performance. A list of these models, along with brief descriptions,
is provided in the following.

Linear Regression Model

The linear regression model is one of the simplest functions that can be used to predict
the outputs. This model has high bias but low variance. Eq. 3.27 shows the linear
function for the leakage position prediction system.

y = b0 + b1x1 + b2x2 + ...+ b6x6 (3.27)

Note that xi is the normalized flowrate of port i. By adding interaction terms,
complexity of the linear model can be increased. This will result in a lower bias but
higher variance. We will call this interaction linear model, shown in Eq. 3.28.

y = b0 + b1x1 + b2x2 + ...+ b6x6 + b12x1x2 + b13x1x3 + ...+ b56x5x6 (3.28)

Adding interaction terms can be beneficial, because an over simplified model may
fail to correctly represent the system. The robust linear model makes the model
better equipped at handling outliers. However, the training data may not contain
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many outlier points. Eventually, the model can be trained by a stepwise algorithm,
in which different terms are added and trained in steps.

Regression Tree

Regression trees are a type of decision tree in which every leaf represents a numeric
value. Regression trees are useful when the input-output relationship is too com-
plicated to be represented as a linear function [152]. Different regression trees with
different leaf sizes could be designed and trained for the problem. Obviously, as the
leaf size increases, the number of parameters for defining the model increases and an
excessive number of parameters lead to overfitting.

Support Vector Machine(SVM) Regression

Support Vector Machine Regression or Support Vector Regression (SVR) is a super-
vised learning method that is both powerful and robust. SVM utilizes hyper-planes
as decision boundaries [153]. The linear SVM function is defined as:

y = b0 + b1x1 + b2x2 + ...+ b6x6 = x′b+ b0 (3.29)

The distance of ϵ in Eq. 3.30 which is the distance to the boundary determines the
margin of tolerance that all of the data points will be subjected to:

∀n : |yn − (x′
nb+ b0)| < ϵ (3.30)

Finally, the loss function would be defined as Eq. 3.31.

Lϵ =

{
0 if |y − (x′b+ b0)| < ϵ

|y − (x′b+ b0)| − ϵ otherwise
(3.31)

The equations presented above are the core functions used to implement an SVM.
Although an SVM can be initialized with linear kernels, the possibility of specifying
different kernels is one of the main advantages. The ability to initialize non linear ker-
nels is what makes an SVM so versatile, especially in problems where linear functions
do not adequately represent the problem. For instance, quadratic and cubic func-
tions can be used as kernels in SVM regression. The more polynomial terms in the
kernel generally results in a more accurate approximation of the function, however,



63

this comes at at the expense of being susceptible to overfitting.

Gaussian Progress Regression (GPR)

Gaussian process regression (GPR) models are non-parametric probabilistic models
which, similar to SVM, utilize kernels [154]. A Gaussian Process is a collection of
random variables, each with Gaussian distributions. A Gaussian process can be fully
specified (described) using the mean and covariance functions as follows:

f ∼ GP (m, k) (3.32)

This means that f is distributed as a Gaussian process with mean function m and
covariance function k which is equivalent to a kernel. Four different kernels have
been selected and trained for this problem. The squared exponential kernel is one of
the most popular kernels used in Gaussian process modelling. It can be computed
as[155]:

k(xa, xb) = σ2exp(−||xa − xb||2/2l2) (3.33)

where σ2 is the overall variance and and l is the lengthscale parameter which specifies
the width of the kernel. Using the squared exponential kernel results in a smooth
prior on functions sampled from the Gaussian process. Similar to the squared ex-
ponential, the rational quadratic function kernel (Eq. 3.34) will result in a smooth
prior functions sampled from the Gaussian process. The rational quadratic kernel can
be interpreted as an infinite sum of different exponentiated quadratic kernels with
different lengthscales. An example of one of these sums can be defined by Eq. 3.34:

k(xa, xb) = σ2(1 + ||xa − xb||2/2αl2)−α (3.34)

where α is the scale-mixture. The matern (ν = 5/2) kernel benefits from long and
short lengthscales which enable extrapolation. Therefore, it can learn from unseen
regions of the function’s domain[156].

Neural Networks (NN)

Neural networks were first developed by McCulloch and Pitts in 1943 based on math-
ematics and algorithms [157] for the purpose of artificial intelligence. However, they
have recently seen a resurgence in prominence in the machine learning dialogue. Neu-
ral networks have become a popular and useful tool for classification, clustering, pat-
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tern recognition and prediction in many disciplines [158]. Neural networks are famous
and powerful because of their excellent properties of self-learning, adaptivity, fault
tolerance, nonlinearity, and advancement in input to output mapping [159].

Based on the nature of our problem, the input-output function is not too compli-
cated. Thus, a deep and complicated network is not necessarily required, and may, in
fact, result in overfitting. Therefore, a shallow layer neural network may be sufficient
to model the problem. Based on the architecture of neural network shown in Figure
3.25, five different networks have been designed and trained for the leakage location
regression problem. There are six features (inputs) in the first layer and a regression
output layer. Note that the neural networks with this architecture must be trained
for distance and angle, separately. For single hidden layer network configurations,
there are 10 neurons in the middle layer in the narrow network, 25 in the medium and
100 neurons in the so called wide network. The bi-layered and tri-layered networks
have two and three hidden layers with 10 neurons respectively.

Figure 3.25: General network architecture trained for the problem

3.8 Machine learning model for single and multiple
leakage Classification

As discussed in Section 3.6, the normalized flow rate generated by a single leakage
typically differs from that of multiple leakages. This difference forms the basis for
training a classification algorithm to determine the number of leakages in the system,
which is a crucial first step toward leakage localization in setups with an unknown
number of leakages. If the algorithm classifies the number of leakages as one, the
machine learning regression model for single-leakage localization, detailed in the pre-
vious section, will be applied. If the number of leakages is classified as two, a new
algorithm will need to be developed and implemented. Thus, the initial focus is on
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designing and training a classification model. Data collection and data structure as
well as the models will be discussed in the following sections.

3.8.1 Data collection and generation

To train the classification model effectively, the dataset must be both unbiased and
balanced. An unbiased dataset ensures that the data is sampled uniformly across
the entire layup, rather than concentrated in a specific region. A balanced dataset
contains an approximately equal number of samples from each class, which simplifies
the training process and improves the accuracy of the cost functions. Using biased
or unbalanced data can lead to training errors and inaccurate predictions.

To achieve an unbiased dataset, a large volume of data needs to be collected or
generated from all potential regions of the layup. This often necessitates the use
of synthesized data for comprehensive coverage. In this case, a node network with
dimensions similar to the 81cm×72cm layup shown in Figure 3.8 has been employed
for data synthesis. Simulations can be run on this network, where data for each
leakage class is generated by applying a high voltage to the individual nodes.

Synthesizing data for the two-leakage class follows a similar approach, where high
voltages are applied to two simultaneous locations. We select a comparable amount
of data to maintain a balanced dataset. Leakage pairs are randomly chosen from all
possible leakage locations, and with this relatively large dataset, balance is achieved.
As discussed in Section 3.6, key findings indicate that, in multiple leakage scenarios,
the two leakages must maintain a minimum distance to ensure flow rates distinct
from those in single-leakage scenarios. This is especially important for the training
dataset. We conducted various sets of dataset generation and training phases with
three different Minimum-Distance-Constraints (MDC) for the two-leakage class: 10
cm, 27 cm, and 35 cm. The training results will be discussed in the next chap-
ter. A higher MDC leads to improved accuracy in the training, validation, and test
datasets. However, the model becomes less reliable in predicting leakage pairs with
shorter distances, reducing its effectiveness in classifying single and multiple leakages
in real-world scenarios. On the other hand, selecting a lower MDC may decrease
accuracy, increase variance error, and hinder the model’s ability to generalize to new
data, ultimately diminishing its effectiveness. Therefore, it is crucial to choose an
appropriate MDC for the training dataset.
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3.8.2 Data structure

Data would be pretty much similar to the data structure in Section 3.7.1 and the
features or the inputs are the normalized flow rates. The output on the other hand,
is the class of data whether it belongs to the class of single leakage (class 1) and two
leakage (class 2). Figure 3.26 shows a portion of the data used for training the model.
The first six columns of F1 through F6 are normalized flow rates and the last column
is the class that each set belongs to.

Figure 3.26: Data structure used for single/multiple leakage classification problem

3.8.3 Training methods and validation

The training methods and validation for single/multiple leakage classification is sim-
ilar to Section 3.7. However, instead of training regression models, classification
models must be trained. We have used different classification models such as narrow,
medium and wide neural networks (NN), SVM methods with quadratic, cubic, fine
and medium Gaussian kernels, and fine and weighted KNN (K-nearest neighbors).
The output of the model is a class instead of a response as previously seen in re-
gression models. After training the model, the generalizability will be assessed on a
test dataset. The data used in test dataset is new and has never been seen by the
model. In addition, the performance of the best trained model will be tested on new
experimental data to put everything on test for a real-world problem.
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The next step after classification of leak numbers is localizing leakage pairs in the
multiple leakage scenarios. In order to delve into that, the concept of graph neural
networks must be discussed first.

3.9 Graph Neural Networks: a More Generaliz-
able Architecture

The proposed framework demonstrates considerable potential in managing diverse
layup configurations and accurately predicting leakage locations. By carefully ad-
dressing data types and implementing preliminary measures to minimize overfitting,
the framework achieves a notable degree of generalizability. However, significant
changes in layup size or configuration necessitate restarting critical steps, such as
data synthesis and model training, which undermines the desired level of automa-
tion.

Furthermore, the regression models discussed in Section 3.7.2 do not incorporate
key factors such as layup size. Instead, these models rely solely on data to train a
complex input-output function, effectively treating the model as a black box. Con-
sequently, a more automated and versatile framework is required to overcome these
limitations. To address this, we propose adopting graph neural network (GNN) de-
signs. GNNs are neural models that capture graph dependencies through message
passing between graph nodes.

3.9.1 Graph neural network

Graph Neural Networks (GNNs) are a type of deep learning model designed to operate
on data structured as graphs [160]. Unlike traditional neural networks that operate
on fixed-sized inputs like images, GNNs are capable of handling data with complex
relational structures, such as social networks, molecular structures, physics systems,
recommendation systems and knowledge graphs [161].

In a graph, the data is represented as a collection of nodes or vertices connected
by edges or relationships. GNNs leverage this connectivity information to learn and
extract meaningful representations of the graph’s nodes and edges. The key idea be-
hind GNNs is to propagate information through the graph by iteratively aggregating
and updating features associated with each node based on its neighborhood [162] also
called message passing. The main components of GNNs are as following.
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1. Node feature: Each node in the graph is associated with a feature vector that
represents its initial attributes. These features could be any kind of infor-
mation associated with the node, such as textual data, numerical values, or
categorical labels. In our case of study, nodes will be allocated to the small ele-
ments (squares) shown in Figure 3.8 and the node features are their normalized
flowrate values.

2. Message passing: GNNs utilize a message passing scheme to propagate infor-
mation between connected nodes. At each iteration, nodes gather information
from their neighbors, perform local computations, and update their own fea-
tures accordingly. This process allows nodes to incorporate information from
their surrounding context.

3. Aggregation function: During the message passing process, an aggregation func-
tion is used to combine the features of neighboring nodes. This function can be
as simple as averaging or summing the neighboring features or more complex,
such as using attention mechanisms to weight the importance of different neigh-
bors. In our case, nodes that contain data could have a more weight compared
to nodes without data.

Graphs can be categorized into different types and scales, including directed and
undirected graphs. In directed graphs, edges are oriented from one node to another
and transmit messages accordingly. On the other hand, each edge in an undirected
graph can be viewed as two directed edges. In the context of our specific case study,
the direction of message passing is determined by the introduced data, allowing mes-
sages to flow in any direction. Thus, an undirected graph is appropriate for our
scenario.

Graphs could be homogeneous or heterogeneous. Nodes and edges in homogeneous
graphs have same types, while nodes and edges have different types in heterogeneous
graphs. When input features or the topology of the graph vary with time, the graph
is regarded as a dynamic graph. Otherwise, it’s a static graph. For our case study,
we will design a homogeneous static graph.

Task type also determine the design of loss function. There are usually three
kind of different tasks in graphs. Node-level tasks focus on nodes, which include
node classification, node regression and node clustering. Edge-level tasks are edge
classification and link prediction, which require the model to classify edge types or
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predict whether there is an edge existing between two given nodes. Graph-level tasks
include graph classification, graph regression, and graph matching, all of which need
the model to learn graph representations. For out specific case, we want the model
to classify the correct node as the leakage location, therefore we are doing a node
classification and the cost function must be designed accordingly.

Finally, considering the aspect of supervision, our settings can be classified as
either supervised or semi-supervised learning, depending on the availability of data.
In the case of most layup configurations, there may be an inadequate number of data
samples available for all nodes. Consequently, the model needs to be trained using a
limited amount of labeled data. Therefore, the approach in such scenarios is typically
referred to as semi-supervised training.

3.9.2 Grid neural network design

Based on the information presented in Section 3.9.1, it is possible to design an effective
GNN. In this design, each node in the GNN corresponds to a square-shaped area
defined in the layup. These nodes are arranged in a grid formation to accurately
represent our physical system. To refer to this specific design, we will use the term
”Grid Neural Network,” as illustrated in Figure 3.27. This is similar to the volumetric
flow rate matching method used in [137], where flow rate values are stored as an array
in the grid. However, there are features added to this method based on message
passing in GNNs.

Figure 3.27: Grid neural network design for the physical system

With this design, the connectivity between nodes is already known, eliminating
the necessity of explicitly defining an adjacency matrix. An adjacency matrix is a
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square matrix used to represent a finite graph. The elements of the matrix indicate
whether pairs of vertices are adjacent or not in the graph. In our case, each node
corresponds to a small divided area on the layup.

In this design, it is possible to define additional nodes to create a finer mesh,
allowing for more detailed representation. However, it is important to note that the
prediction accuracy is constrained, and an excessive number of meshes can lead to
diminished accuracy or overfitting. Therefore, striking a balance is crucial to main-
tain an optimal level of accuracy without compromising the model’s generalization
capability. For the start, one node will be used for an squared-shaped area with the
size of 10cm.

At the beginning, the network is not trained and node feature vector is a uniform
vector with all elements having the same value. The node feature vectors could be
initialized with physical knowledge that will be discussed in the next section. When
a data sample is introduced to the system, first the aggregation function defined in
Eq. 3.35 updates the features of the corresponding node with a momentum rate in
each iteration and creates a message.

Mx,y
i = pF x,y

i−1 + (1− p)Dx,y − F x,y
i−1 (3.35)

In the above equation, Mx,y
i is the message created in i-th iteration in location

(x, y) which are the row and column number of the corresponding node. p is the
momentum rate and a design parameter. Dx,y is the input data features (flow rates)
which in our case is static since we are averaging the flowrate values. The input value
could be a function of time if the user prefers to use dynamic flow rate values. F x,y

i−1

is the feature vector of the node in the previous state. The next step is defining the
message passing function.

Message passing facilitates the propagation of information between nodes, en-
abling iterative updates of the neighboring node values. In our scenario, when in-
troducing input data, it can be iteratively utilized to update the values of adjacent
nodes. Subsequently, in the following iteration, a new, albeit weaker, message can
be generated to update additional neighboring nodes. This process allows for the
efficient utilization of a single input for GNN training. It is crucial to incorporate a
discount factor for each new message transmitted to the nodes as it is undesirable to
update the nodes far from where the sample was introduced. Without this discount
factor, oversmoothing will occur and the representations of nodes in the graph tend
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to become indistinguishable from each other. Essentially, the node features lose their
individuality and converge toward a similar value or distribution. This hinders the
model’s ability to differentiate between nodes, leading to a decline in performance.
Figure 3.28 represents the message passing process.

Figure 3.28: Message passing procedure in each iteration from left to right; messages
are discounted over time to reduce oversmoothing.

The system’s generalizability and adaptability experience a substantial boost with
this new design. Users can input the desired layup size, and a grid neural network
can be instantly constructed. Following that, synthesized or experimental data can
be introduced to the system for training purposes. It is important to note that the
model’s accuracy improves as the samples become more widely distributed throughout
the area.

3.9.3 Physics-informed grid neural network design

The proposed grid neural network effectively utilizes input data to train a cluster of
nodes and has the potential to outperform traditional machine learning models. To
ensure proper training of the network, it is crucial to introduce diverse data from
various regions of the graph into the system. However, integrating the model with
physical knowledge can elevate its performance beyond its current capabilities. Any
relevant physical information can be incorporated into the system. Physically in-
forming the system offers two major improvements. Firstly, it reduces the amount of
data required for training. Secondly, the system demonstrates superior performance
compared to the original method.

For instance, one simple but incomplete observation is that as the proximity of
leakage to a specific vacuum port increases, the flowrate of the vacuum port also
increases. This inverse relationship between flowrate and distance can be approxi-
mated using a simple equation. It is important to note that the physical information
does not need to be entirely accurate, as the model will gradually adjust during the
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training process. Nonetheless, informing the system with such knowledge provides a
significant advantage during both the training phase and prediction.

The distance-flow rate relationship is primarily effective for uniform layups with
simple geometries and has been utilized in prior studies [137]. For more complex
layups, incorporating advanced and detailed physical knowledge can enhance model
accuracy. The method outlined in Section 3.10.2, which leverages Kirchhoff’s law, is
well-suited to handle such intricate scenarios.

3.9.4 Leakage localization method

Once the system is trained, the COHO system’s measured flow rate is used as in-
put during the prediction phase for the node classification problem. The system
is designed to accommodate various activation functions, such as Softmax, for node
classification tasks. By leveraging Softmax, the system generates prediction probabil-
ities, enabling it to pinpoint the most probable nodes. This approach allows users to
prioritize investigating the most likely leakage region first and proceed to subsequent
predictions if initial attempts are unsuccessful. To apply the Softmax function, the
similarity of each node in the GNN must first be calculated using

Sx,y = α(1− Σn
j=1|F x,y(j)− f(j)|) . (3.36)

In Eq. 3.36, α represents the gain, typically a large value around 100; j denotes
the index of the vacuum port; F x,y is the flow rate vector computed during the last
iteration of the GNN for the coordinates (x, y), and f is the experimentally measured
flow rates by sensors. If the experimental flow rates closely match the values of F x0,y0

at a specific location (x0, y0), the similarity score Sx0,y0 will be higher. Consequently,
this leads to a higher probability output by the Softmax function, as shown in Eq.
3.37, for that specific location.

P x,y =
eS

x,y

Σa
x=1Σ

b
y=1e

Sx,y (3.37)

The Softmax function calculates the probability across all possible grid locations.
The values a and b represent the total number of nodes in x and y directions of the
layup. For instance, both a and b are nine for the layup illustrated in Figure 3.27.
Note that if the layup has a shape other than a rectangle, Eq. 3.37 must include all
nodes.
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Bayesian updating can also be incorporated at this stage to update the node
probabilities. Additionally, expert knowledge can be utilized as priors. For instance,
it is commonly known that the probability of finding a leakage at the boundaries is
higher than locating a leakage within the vacuum bag due to potential issues with
improper sealing of the sealant tape by the user.

3.9.5 Multiple leakage localization

Arguably, the most significant advantage of the GNN design lies in its ability to
localize multiple leakage scenarios. The classification of the number of leaks on the
layup was discussed in Section 3.8. It was explained that if the classification algorithm
detects a single leakage, the single-leakage localization models introduced in Section
3.7 can be employed to discover the most probable area of the leak. However, the
challenge of localizing leaks remains unresolved when the algorithm identifies two
leaks on the layup. This is where the PI-GNN design can be utilized to address the
problem effectively.

Since the objective is to identify two nodes as the leakages, this constitutes a multi-
label classification problem. One approach to solving this problem is to treat each
pair of nodes as a single class. With this method, if there are 81 different nodes on the
layup, the total number of classes will be

(
81
2

)
= 3240. For a classification problem,

it is typically recommended to have at least 10–100 samples per class, which would
require a minimum of 30,000 samples for training. Generating such a large dataset
is extremely challenging, even with simulations. Moreover, samples belonging to a
specific class will exhibit minimal variability, as the flow rates remain consistent when
the leakage locations are fixed. This makes it difficult to synthesize diverse data for
each class.

To simplify the problem and avoid the complexities of multi-label classification,
a different method can be utilized. The PI-GNN structure, resembling a large grid,
stores flow rate values and their corresponding locations at each node as a vector.
Prior research has demonstrated two critical principles: first, the flow rates caused by
multiple leakages adhere to the superposition rule, meaning the effects of individual
leaks can be summed together; second, it is assumed that both leakages on the layup
are of equal size.

Leveraging these principles, the flow rate outputs of any two leaks on the layup
can be averaged, and this averaged value can then be compared with the measured
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flow rates from the sensors. In other words, the system compares the measured flow
rate values with the average of the embeddings for each pair of nodes. For any two
leakage locations (x1, y1) and (x2, y2), the total flow rate output can be calculated as

F⃗ (x1,x2),(y1,y2) =
1

2
(F⃗ x1,y1 + F⃗ x2,y2) . (3.38)

Afterward, the node pairs with the smallest differences from the measured flow
rates can be ranked. The subsequent steps follow the same methodology described in
the previous section, utilizing Equations 3.36 and 3.37.

The key requirement for using this model is to achieve a precise, well-trained GNN.
An advanced physical solution, based on Kirchhoff’s node law, will be discussed in the
next section. Additionally, a training method for the model’s parameters, particularly
for non-uniform layups, is presented in Section 3.11. Together, these methods lay the
foundation for an enhanced GNN that can be used for multi-leakage localization.

The only remaining part is what if the leaks have different sizes. This will show
itself in the Eq. 3.38. Different weights could be assigned to the flow rates from each
leakage instead of the 1

2
coefficient.

F⃗ (x1,x2),(y1,y2) =
(c1F⃗

x1,y1 + c2F⃗
x2,y2)

c1 + c2
(3.39)

If one leakage is significantly larger than the other (c1 ≫ c2), the corresponding
flow rates will be dominated by the larger leakage, effectively masking the smaller
one. In this case, the single/multiple classification algorithm introduced in Section 3.8
will classify the problem as a single leakage, and the location of the dominant leakage
will be identified using the single leakage localization method. After repairing the
larger leak, the flow rates from the remaining leakage will become apparent, allowing
the user to locate the second leakage.

However, when the leakage sizes are unequal but comparable, the problem be-
comes much more complex. In this scenario, there could be a continuous distribution
of flow rates between the two leaks, meaning that flow rate values will fall within
an interval that corresponds to the same leakage location. These flow rate values
may overlap with those generated by other leakages at different locations and sizes,
making them almost indistinguishable given the current features used.
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3.9.6 Bayes Theorem on leakage localization

Bayes’ Theorem is a fundamental principle in probability theory that describes how
to update the probability of a hypothesis based on new evidence [163]. The theorem
could be mathematically expressed as

P (H|E) =
P (E|H)P (H)

P (E)
=

P (E|H)P (H)

P (E|H)P (H) + P (E|H ′)P (H ′)
. (3.40)

Terms of the Eq. 3.40 in the aspect of our leakage localization problem are
explained in Table 3.4.

Table 3.4: Terms of Bayes theorem in the leakage localization problem
Term Description
H: Hypothesis Presence of leakage in the node
E: Evidence Information acquired from GNN or the user
P(H): Prior Initial probability: leakages are more likely to happen

on boundaries
P(H|E): Posterior Updated probability given the evidence
H’: Null-hypothesis Presence of leakage in all of the other nodes

The initial probability reflects the prior knowledge before measuring flow rates.
For instance, it is more likely to find leaks near the boundary or on the tacky tape
rather than in the center of the layup. This is due to the fact that the technician
could have errors in sealing the vacuum bag. In certain layups, regions containing
elements with sharp edges, known to the expert user, may have a higher probability
of leaks. After the system measures steady-state flow rates, new evidence from the
GNN model can be introduced. This updated information allows the system to adjust
the probabilities, further refining the likelihood of leakage in various regions.

Furthermore, the evidence in the leakage localization process refers to any new
information acquired during the process. For example, nodes are initially sorted
based on the probability of having a leakage. The user begins by investigating the
region with the highest probability. If no leakages are detected, new evidence can be
incorporated into the system. Specifically, the fact that no leakage was found in that
area can be used to update the posterior probabilities.
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3.10 Vacuum port placement optimization
One challenge in leakage localization, especially in large-scale components, is achiev-
ing an optimized configuration for vacuum port placement. Vacuum ports must be
strategically placed for two main purposes: (1) to evacuate air from the vacuum bag
without leaving air bubbles or voids, and (2) to predict the locations of unknown
potential leakages with the highest possible accuracy. Pishvar et al. proposed us-
ing magnets to increase consolidation pressure and reduce the likelihood of voids in
the structure [164]. Mode et al. developed an active online control system for resin
injection using image analysis from cameras and controlled four injection ports with
solenoid valves [165]. Maung et al. studied and optimized the number and locations
of inlet ports for a fuselage measuring 7900 mm, aiming to minimize fueling time
using a genetic algorithm [166].

While there are numerous studies on the optimization of injection ports, there
is a lack of research on optimizing vacuum port locations. Unlike resin filling time,
which is a critical factor, air evacuation does not depend heavily on vacuum time,
as it is not a time-consuming process. However, leakage detection and repair can be
time-intensive, especially in industries where reliability and safety are critical, such
as aerospace, automotive, and marine sectors.

3.10.1 Cost function

The first step in solving optimization problems is to define the cost function. In this
case, our goal is to identify optimal locations for vacuum ports to achieve the most
accurate predictions after training. Simply put, we are seeking the best positions
for vacuum ports that will provide the most valuable data for training our machine
learning model.

We will use the initial 90 cm × 90 cm setup shown in Figure 3.3 as a case study.
The layup is divided into a 9 × 9 grid, with each cell representing a 10 cm square.
Any of these locations can be selected for placing a vacuum port. A finer grid is
unnecessary because the current layout already covers the area sufficiently, as seen
in the figure. Moreover, refining the grid would only increase computation time by
significantly enlarging the state space.

In this study, the number of vacuum ports is not an optimization parameter; we
use our standard six vacuum ports. While increasing the number of vacuum ports
and flow rate sensors could provide more features for machine learning, leading to
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better leakage predictions, using more vacuum ports does not negatively impact the
manufacturing process, unlike adding more resin injection ports, which could leave
residual resin.

To better illustrate the problem, let’s assume we want to place two vacuum ports
on a layup. If these ports are placed too close to each other, the flow rate values
will likely show little difference, even if there are leaks in different areas of the layup.
In other words, the variance in the measured features decreases as the vacuum ports
move closer together. This reduced variance makes it harder to train a machine
learning model effectively without the risk of overfitting. Therefore, the cost function
should aim to maximize flow rate variance across potential leakage locations in the
layup configuration [167].

Assuming having a total number of M different leakage locations, the cost function
can be defined as Eq. 3.41.

y = − 1

M

M∑
m=1

(σ2(fi))m (3.41)

Here, fi represents the flow rate of the ith channel. The negative sign is introduced
to define ”y” as a cost function.

For a given port configuration, the flow rates for all potential leakage points are
first calculated. Next, the variance of the flow rates across each channel is computed,
followed by averaging the variance across all leakages and channels. Finally, the −y

value can be used to compare different port configurations.

Figure 3.29: Cost function calculation for a single leak for vacuum ports configuration
in corners
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Figure 3.29 shows a step in calculating the cost function for a leakage event. The
six vacuum ports are placed at the corners of the layup, and the flow rates at each of
these ports, induced by the leakage, are either measured or modeled. This process is
repeated for the remaining 75 regions, which are divided into squares, and the total
variance is then calculated. This variance serves as the basis for comparison. The
computed value is then compared with the variance from an alternative vacuum port
configuration. The next section will discuss the methods used to determine the flow
rates.

It is important to note that leakages are more likely to occur along the boundaries
of the vacuum bag, specifically on the tacky tape. This is because the tacky tape,
which seals the edges of the vacuum bag to the mold, may not adhere perfectly due to
factors such as dust, wrinkles, or improper application. Ensuring a proper seal with
the tacky tape is essential for maintaining vacuum integrity, and any imperfections
or contaminants can lead to leaks. Additionally, edges and corners, where the bag
folds or overlaps, are common areas for potential leaks [168].

With this in mind, the cost function in Eq. 3.41 can be adjusted to give more
weight to the variance caused by boundary leakages. This adjustment makes it easier
to detect leakages in areas where they are more likely to occur. Eq. 3.42 presents the
weighted cost function, where M represents the number of leakages in the center of
the layup, K represents leakages on the boundary, and δ > 1 is the weight assigned
to locations more prone to leakage.

y = −
∑M

m=1(σ
2(fi))m + δ

∑K
k=1(σ

2(fi))k
M + δK

(3.42)

3.10.2 Flow rate calculation methods

To compute the flow rates in Eq. 3.41 for the cost function, a robust and generalizable
methodology is necessary to accommodate different layup sizes, permeabilities, and
varying vacuum port locations. The methodology for determining flow rates should
meet the following criteria:

i. Accuracy: Ensures that flow rate estimations are reliable and closely match
experimental results.

ii. Generalizability: Capable of handling various layup sizes and permeabilities,
ensuring applicability across different scenarios.
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iii. Leakage Mitigation Cost: Accounts for the labor and expenses associated
with identifying and relocating leaks, impacting overall costs.

iv. Vacuum Port Configuration Cost: Considers the labor and expenses in-
volved in modifying vacuum port configurations, contributing to the robustness
of the methodology.

In our case study, which involves 81 distinct locations and six vacuum ports, the
optimized solution must be selected from combinations of six out of 75 possible con-
figurations. This results in a total of 324 million vacuum port configurations, each
with 75 different leakage scenarios. Although symmetries and other methods can po-
tentially reduce this number, they are insufficient to make the experiments feasible.
Despite the advantages of the simulation method introduced in Section 3.5, a new
model must still be created whenever the vacuum port locations change, making it
impractical to simulate such a large number of scenarios within a reasonable time-
frame. Therefore, a customized, calculation-based model is essential for accurately
estimating flow rates. Given the large number of possible configurations, the ability
to quickly iterate through various vacuum port setups becomes more important than
achieving high accuracy in flow rate estimation. To address this, we introduce two
methods for estimating flow rates: a simplified approach and a more precise method.

Simplified flow rate calculation

Flow rates could be estimated by applying Darcy’s law previously introduced in Eq.
3.4. Based on that, it was shown that the volumetric flow rate could be calculated as
Eq. 3.7. The term g(r) then could be written as polynomial function shown in Eq.
3.8. By neglecting internal vacuum port resistance and assuming the leakage isn’t
extremely close to the vacuum ports, we can estimate normalized flowrates using the
first term of Taylor series as follows:

Fi =
1
ri

Σ 1
ri

(3.43)

Fi represents the normalized flow rate for the i-th vacuum port and ri is the
distance between the leakage and the i-th vacuum port. The equation is based on the
fact that generally, the flow rate decreases as the distance between the leakage and
vacuum port increases and higher polynomial terms have been neglected. Utilizing
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this approach allows for rapid estimation of flow rates across various configurations of
vacuum port locations and different leakage positions. However, two key assumptions
must be upheld for this estimation to hold validity:

i. Uniform permeability.

ii. A minimum distance between the leakage and the vacuum port.

With these two conditions satisfied, all the criteria in 3.10.2 will be satisfied. Although
this simplified methodology for flow rate estimation may introduce some errors, it
allows for rapid calculation. Its primary objective is to compute a cost function and
not being used for leakage localization purpose.

Precise Flow rate Calculation

A precise method for calculating flow rates is proposed for scenarios where the assump-
tions underlying simplified flow rate estimations are invalid or when higher accuracy
is required. This approach leverages the electrical-circuit analogy described in [138],
without the need for an explicit circuit model. To apply this method, each discrete
square section of the vacuum bag in Figure 3.29 is treated as a node, interconnected
by resistors representing the viscous resistance of the breather material. A voltage is
assigned to each node, as shown in Figure 3.30.

Figure 3.30: Kirchhoff’s junction rule applied to the problem for flowrate precise
calculation

The governing rule for voltage determination is expressed by Eq. 3.44, which is
rooted in Kirchhoff’s junction rule [169].



81

v(x, y)− v(x− 1, y)

R1

+
v(x, y)− v(x, y − 1)

R2

+
v(x, y)− v(x+ 1, y)

R3

+
v(x, y)− v(x, y + 1)

R4

= 0 (3.44)

By iterating Eq. 3.44 and applying the boundary conditions for leakage and
vacuum port values, the voltage distribution for each node can be computed. From
this, the currents entering each ground can be determined. In the electrical circuit
model, voltage values correspond to the pressure within the physical system, setting
the boundary conditions. A high positive voltage is assigned to the leak location, while
electrical ground is assigned to the vacuum port locations. This precise calculation
method has been experimentally validated and can rapidly compute flow rates for
any configuration of vacuum ports and leakage locations. Both the simplified and
precise flow rate calculations offer a balance between time efficiency and accuracy.
In this method, resistance values can also be adjusted to account for layups with
non-uniform permeability.

3.10.3 Vacuum Port Location Optimization

One of the primary challenges of this optimization problem is the large state space.
Even for relatively simple case studies, the vast number of possible port configura-
tions presents a significant difficulty. While symmetry considerations can help reduce
the number of scenarios, this approach has limited applicability, especially in cases
involving uniform and symmetrical layups. AS mentioned previously, in our case
study with 81 nodes and six vacuum ports, there are over 324 million possible config-
urations, each requiring flow rate calculations for 75 different leakage locations. This
results in an enormous computational cost and time requirement.

Table 3.5 presents the time required to find the optimal solution for various case
studies using the proposed simplified and precise methods. The differences in compu-
tation time between the two models are evident. For example, when comparing cases
2 and 3, which have a similar number of nodes and vacuum ports, the precise method
takes approximately 20 times longer than the simplified approach to determine the
optimized configuration. Interestingly, although case 4 involves significantly fewer
scenarios than case 2, the computation times are nearly identical. This is due to the
higher number of nodes in case 4, which increases the likelihood of potential leakages
according to our cost function, thus requiring more calculations. We were unable
to measure the time needed to optimize our case study with 81 nodes and six ports
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because the process took too long. However, we estimate that it could take roughly
12.67 times the computation time of case 3, approximately 80 hours.

Table 3.5: Time required for finding the optimal solution for different case studies
based on simplified (S) or precise (P) method

Case Number Nodes Ports Scenarios Model (S/P) Time (min)
1 81 4 1,663,740 S 1
2 81 5 25,621,596 S 19
3 81 5 25,621,596 P 380
4 144 4 17,178,876 S 20
5 16 6 8,008 S 1 sec
6 16 6 8,008 P 2

To address this problem, a bi-level hierarchical optimization approach is proposed
[170]. In this approach, the constraint region is implicitly defined by two sets of
optimization problems, which are solved in a predetermined sequence. At the first
level of the hierarchy, instead of considering all nodes, the layup area is divided
into larger regions, each consisting of multiple nodes, as shown in Figure 3.31. The
optimization problem at this stage is to determine the best configuration of vacuum
ports among these larger regions. In hierarchical optimization, the decisions made at
a higher level influence the options available at the lower level [171].

Figure 3.31: Subdividing the layup into smaller areas for the hierarchical optimization
approach
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Once the optimized regions for placing vacuum ports are identified, the next tier of
the hierarchy focuses on refining the resolution to pinpoint the optimal nodes within
the designated regions for vacuum bag placement. This illustrates how decisions made
at higher levels influence lower-level agents. This approach significantly reduces the
number of scenarios, thereby ensuring that the effectiveness, precision, and reliability
of the results are maintained. By adopting this method, the number of scenarios is
reduced from 324 million to 17,224

The underlying constraint between the two levels of this hierarchy is that a max-
imum of one vacuum port will be allocated for each area selected by the first level,
even though there are multiple nodes within each of these regions. Placing two vac-
uum ports within a subdivided area would cause their flow rates to be very similar,
resulting in a loss of linear independence of the features used for predicting leak-
age locations. Therefore, implementing this constraint will not affect the optimized
solution.

3.11 Physical model parameter training
One of the challenges in leakage localization is managing layups with non-uniform
permeability. This non-uniformity can occur when different layers of breather ma-
terial are used in the layup, often to facilitate faster air evacuation in specific areas.
Additionally, variations in thickness and the number of reinforcement layers in certain
regions further influence the permeability.

The modification of permeability is discussed in detail in Section 3.3.2. Using the
electrical circuit analogy introduced in Section 3.5.2, this issue can be addressed by
adjusting the resistance values in regions where higher or lower resistance is expected.
Since the experiments were designed with prior knowledge of the permeability in
different areas, this information is readily available. For instance, regions with higher
permeability, as shown in Figure 3.11, are easily identifiable, allowing for a reduction
in resistance within the corresponding areas of the electrical circuit. This approach
is equally applicable to other cases, such as regions where parts of the breather were
removed (Figure 3.10).

A data-driven model must be capable of generalizing to any new setup, even
when additional information is not predetermined. Users may also lack knowledge of
the permeability settings in their layup. Therefore, we need to design a framework
that can learn about areas with non-uniform permeability under the assumption that
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configurations and regions are unknown. The system must be self-training, learning
the permeability of different regions. We refer to this as ”physical model parameter
training” since the system must learn parameters such as permeability. This approach
is a branch of physics-based machine learning, where both data and physical principles
are integrated into the learning process. As a result, generalizability is significantly
enhanced while computational costs and data requirements are greatly reduced.

3.11.1 Physical model and the case study

To begin with, the physical model and the training parameters must be defined. A
simulation based on the grid neural network in Section 3.9.2 is used as the physical
model to calculate flow rates as a function of leakage locations. Figure 3.32 shows the
case study of a layup with nonuniform permeability. There are two layers of breather
in the lower part of the layup and higher permeability in these regions are expected.
However, this information will not be used in the training procedure and training
results will be compared with the expected results at the end.

Figure 3.32: Layup with nonuniform permeability as the case study for physical model
parameter training

The 90cm×90cm layup will be simulated using a physical model shown in Figure
3.33. The layup is modeled using an 18×18 network of electrical resistors. Each of
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these electrical resistors play a small role in defining the permeability of their region.
Technically, each of these resistors could be a design parameter.

Figure 3.33: Physical model used for simulation the layup

3.11.2 Importance of physical model parameter training

In this section, we highlight the importance of using a valid model with appropriate
permeability. In our case study, for example, there are two layers of breather material
at the bottom of the layup, as shown in Figure 3.32. As a result, the viscous resistance
in that region decreases. In the electrical circuit model shown in Figure 3.33, this
corresponds to reducing the resistors below the sixth row, since adding an extra
layer of breather effectively doubles the porous media for air flow. Consequently, the
resistor values in the equivalent regions should be reduced by 50 percent for accurate
modeling. We refer to this as the physically designed model, as the parameters are
determined based on prior physical knowledge.

In real-world problems, the location and magnitude of non-uniform permeability
are often unknown, so the system must learn these from data. We refer to this as the
physically trained model, as its physical parameters are trained based on data. The
process of physically training the model will be discussed in the next section.
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3.11.3 Training parameters

The objective is to design a framework that is able to training physical parameters
of the model. As previously discussed and showed in Figure 3.33, there is a total of
324 resistors that could be defined as the design parameter. However, this number of
parameter is excessive and abundant, and changing the value of a single resistor, does
not have a significant effect on the outcome. In addition, there is not enough data to
train a model with 324 parameters. If that amount of data is accessible, there is no
need to use a physically-informed machine learning model and a regression model or
even a simple truth table could be trained instead. Therefore, instead of considering
each resistor as a training parameter, a group of electrical resistors in a vicinity will
be defined as our training parameter. The layup could be divided into nine smaller
regions shown in Figure 3.34. We are assuming a uniform permeability in each of these
sub-regions and the relative permeability of each region will be a training parameter.
therefore, there are a total of nine training parameters in this case study.

Figure 3.34: Physical model used for simulation the layup

The number of parameters or regions can be adjusted through optimization. In-
creasing the number of regions or parameters reduces training error but requires more
time and data for training. For an easier implementation, we define the inverse of rel-
ative permeability, or relative resistance, as our parameter in a matrix. For instance,
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a 3×3 matrix of ones would represent the parameters for a completely uniform setup.
This 3×3 matrix represents the nine design parameters in our setup. In the setup
illustrated in Figure 3.34, the relative resistance of the bottom three regions is half
that of the other six regions. The objective, therefore, is to train the parameters to
evolve from an initially uniform resistance to the custom resistance pattern shown in
Figure 3.35.

The objective values of the training parameters (as shown in the matrix on the
right) are based on the assumption that two layers of breather material provide twice
the porous medium for air to travel through, thereby reducing resistance by half.
While this assumption may not be entirely accurate, the results in the next chapter
show it holds to a certain extent. These values were estimated based on experimental
observations and physical intuition, which is why we refer to them as ”physically
designed” parameters. It’s important to note that these physically designed values
are not incorporated into the model during training but serve as a point of comparison
afterward. We use these values to inspect whether training the model can train the
parameters to start from the uniform initial values to the objective.

Figure 3.35: Relative resistance (design parameters) initial and objective values

The system must be able to train itself, starting from the uniform flow layup
shown on the left, and approximate the objective matrix on the right, which is un-
known during the process. However, we will use the objective matrix for comparison
purposes. It is important to note that this objective matrix is based on the physi-
cally designed layup, assuming that adding two layers of breather material reduces
resistance by exactly 50 percent. While this assumption may not be entirely accu-
rate, the uniform setup, physically designed model, and physically trained model will
ultimately be compared with experimental results.



88

3.11.4 Cost function and training procedure for physical pa-
rameter training

With the training parameters determined, the next step is to define the cost function
for the training process. The cost function represents the error between the function’s
output and the actual data. It can be expressed as the equation

y =
1

M
ΣM

m=1(
1

N
ΣN

i=1(Flowcalc(x, y, rp, xp, yp)− fi)
2)m (3.45)

where, M represents the data size, and m is the data index. N is the total number
of vacuum ports, which in our case study is six, and i is the vacuum port index. The
term fi denotes the normalized experimental flow rate at the ith port, representing the
output to be predicted. Unlike typical machine learning models or neural networks,
there is no direct function to calculate outputs (flow rates) based on inputs. The
inputs in our problem include the overall layup geometry, vacuum port locations
(xp and yp), leakage location at data index m which is represented by x, y, and the
training parameter—the relative permeability matrix shown by rp.

Unlike a typical machine learning model, an explicit function does not exist to
calculate flow rates from the inputs. Instead, a simulation must be used to calculate
flow rates as a function of the inputs. This simulation, termed flow rate calculation,
is denoted as Flowcalc(input) in Eq. 3.45. The Flowcalc function takes the leakage
location m and other geometrical inputs to calculate the flow rate at each vacuum
port. The goal is to train this function to find the best relative permeability (rp) that
minimizes the error, denoted by y.

Figure 3.36: Gradient descent optimization algorithm
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To minimize the error, a typical optimization algorithm such as gradient descent
could be used. However, a few adjustments are required. Figure 3.36 shows a simpli-
fied process of gradient descent for minimization when having one design parameter
denoted by x.

In gradient descent, the gradient of the error as the function of the training param-
eter will be calculated and the training parameters will be updated with the learning
rate α as denoted in the equation

rpj(new) = rpj(old)− α
∂

∂rpj
y(rp) . (3.46)

Note that j is the index number of training parameters. In the setup shown in
Figure 3.34, there are a total of nine different zones with different relative permeabil-
ity, making a total index j to nine. In our problem, the partial derivative of the cost
function cannot be explicitly calculated due to the lack of a direct function. However,
it could be calculated based on the definition of the derivative. The derivative,

∂

∂rpj
y(rp) =

y(rpj +∆rpj)− y(rpj)

∆rpj
(3.47)

could be calculated numerically by applying a small change in the relative perme-
ability ∆rpj. This process must be repeated for all of the training parameters (for
j = 1, 2, ..., 9) and updated simultaneously. With enough number of iterations, the
relative permeability will be trained to achieve the lowest error based on the provided
data.

3.11.5 Challenges in physical parameter model training

Even though it is possible to train physical parameters of the model with this method,
there are some challenges associated with it. The first challenge is determining the
number of training parameters. For instance, considering the layup with a diagonal
non-uniform permeability shown in Figure 3.37, which is similarly divided into nine
smaller regions for training.

Unlike the previous example depicted in Figure 3.34, each smaller region in this
case does not have uniform permeability. The regions in the top left, bottom right, and
center contain both low and high permeability. However, when training the model,
the trained relative permeability of these regions will reflect a compromise between
the lower and higher permeabilities. Although the trained model will perform better
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than a model with uniform permeability, it remains suboptimal. The only solution is
to define more regions, thus increasing the number of design parameters. On the other
hand, there may not be enough data to properly train a model with more parameters.
Given the nature of this case study, achieving an ideal model through training might
not be feasible.

Figure 3.37: Layup with a diagonal non-uniform permeability

Training physical parameters using this framework is not limited to relative per-
meability; it can be applied to any physical parameter, provided it is properly defined
within the flow rate calculation function in Eq. 3.45. However, the challenge lies in
the fact that the model is restricted to training only the defined parameters. The
algorithm minimizes the cost function error without accounting for other potential
sources of error.

For example, consider a scenario where the connecting pipeline for one of the
vacuum ports is significantly longer, resulting in lower flow rates at the corresponding
sensor. The algorithm, which is focused on training relative permeability, will reduce
the permeability of the region near that vacuum port to minimize the error. While
this reduction decreases the error, it may not be entirely valid. If the same layup,
designed for a specific part, is used with a different pipeline configuration, the system
could experience increased error and reduced generalizability. To address this issue, it
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is essential to ensure that the other aspects of the model, which are not being trained,
are well-designed and accurately represent the system.

To conclude, the methodology outlined in this chapter provides a comprehensive
framework for simulation and data synthesis, different training models and algorithms
and optimizing the physical parameters of the model. By carefully addressing the
challenges of data limitations, and model design, the approaches ensure a balance
between accuracy and generalizability. Different case studies and scenarios, including
multiple leakages, non-symmetrical geometries and non-uniform permeabilities were
considered throughout the process. With these foundational steps in place, the next
chapter will present the results and performance analysis of the trained models and
simulation, offering insights into their practical application and effectiveness.
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Chapter 4

Results

This chapter presents the results obtained by applying the methodology described
in the previous chapter. Key findings are highlighted, beginning with simulation
results across various geometries and configurations. The simulations range from
uniform layups to more complex non-uniform setups and case studies involving mul-
tiple leakages. Following this, the model training results are discussed, focusing on
the performance of the trained models compared to baseline scenarios. The analysis
includes both qualitative and quantitative assessments, demonstrating the accuracy,
robustness, and potential limitations of the proposed approaches. This chapter also
covers training results using different models and methodologies for cases with single
and multiple leakages. Finally, various leakage localization techniques, based on mea-
suring volumetric flow rates, are compared with each other. These results offer critical
insights into the models’ effectiveness and their improvements over state-of-the-art
methods.

4.1 Simulation results
The importance of process simulation was previously discussed, emphasizing that a
well-performing model could be used for data synthesis in training applications. This
model must accurately calculate volumetric flow rates based on the layup geometry,
configuration, and leakage locations. In this section, we present the results from
simulating the process using the electrical-circuit analogy method proposed in Section
3.5.2. Initially, the results for uniform setups where the permeability remains constant
throughout the layup will be discussed. Afterwards, more complicated layups such
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as layups with non-uniform permeability and cases where multiple leakages exist in
the layup will be discussed.

4.1.1 Simulation results for uniform setups

Figure 4.1 shows the distribution of error percentages for a 90 cm square-shaped
breather. This figure illustrates the percentage error in the simulation when a leak-
age occurs at any of the nodes marked by squares. The normalized currents from
the simulation were compared to the normalized volumetric flow rates measured ex-
perimentally at each leakage location, as defined in Eq. 3.6. This comparison was
performed for every node, excluding nodes extremely close to the vacuum ports, cov-
ering a total of 79 different locations on the layup.

Figure 4.1: Analogy error distribution for a 90-cm square shape layup

The average simulation error across the entire layup is 1.22 %, with an RMS error
of 1.30 %, indicating a good consistency and low variance in the predictions. These
results suggest that using the electrical-circuit analogy for simulation is promising, at
least for setups with uniform permeability and a single breather layer on a flat mold.
In this case study, the maximum error occurs at the node with coordinates (X,Y) =
(1,4), with an error of approximately 2.5 %. This node is notably close to vacuum
port five, resulting in a high flow rate due to the short distance and low viscous
resistance. Consequently, the volumetric flow rate at this node exceeds 1 L/min,
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surpassing the sensor’s upper limit and compromising the reliability of experimental
flow rate measurements.

In addition, based on the error distribution illustrated in the Figure 4.1, areas near
vacuum ports or boundaries tend to exhibit slightly higher errors. Besides the sensor’s
limitations, another source of discrepancy between experiments and simulations is the
need for a higher number of electrical resistors—or, in other words, a finer mesh—
to improve modeling accuracy. This is because the simulation approximates two-
dimensional viscous resistance with a limited number of one-dimensional resistors,
arranged in a way to recreate the 2D geometry. As the distance decreases, fewer 1D
elements are used, which can reduce accuracy.

The simulation must work for other geometries as well and specially when there
are leaks on the boundary. Improper bonds between the sealant tape, and the bag
or tool, can cause leaks on the boundaries. To evaluate how the proposed method of
localization can interpret boundary leaks, an octagon-shaped breather is created and
previously represented in Figure 3.9. Leakages can be generated on different sides
of this octagon. The procedure of the experiments utilizes the same framework used
in previous setups. Leakages are introduced at different locations on the boundary
and the measured flowrates have been recorded. Once the physical experiments are
complete, the electrical-circuit model is created, and high voltages are introduced at
the equivalent circuit locations corresponding to the leaks. The experimental results
are then compared with the circuit-analogy outputs, and errors are calculated. The
error percentage results are shown in Figure 4.2.

Figure 4.2: Octagonal-shaped breather for the edge (boundary) leakage experiment
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There are a total of 10 different experiments and the errors in this case is also
acceptable and below 4 %. The leak samples has been taken from the middle and
end points of the sides of the layup. This experiments builds up toward a successful
localization on the boundaries of the vacuum bags which are more susceptible to
leaks. Results in this section indicates that the proposed geometry works well with
uniform layups with different geometries. simulations and experiments were done
on a rectangular layup as well as an octagonal shaped layup. In the next part, the
simulation results for more complicated layups with non-uniform permeability will be
discussed.

4.1.2 Simulation results for layups with non-uniform perme-
ability

Figure 3.10 illustrates the experimental design in which specific areas of the breather
are removed to create a non-uniform media. Since these subtracted regions are not
part of the layup, leaks cannot form in these areas. Consequently, even air cannot
travel through these subtracted regions, forcing it to flow around them. This results
in significant changes in flow rates, rendering previous uniform simulations ineffective.
In the electrical circuit model, resistors corresponding to these locations can either be
removed or assigned a very high value to simulate reduced air flow. Figure 4.3 presents
the error results for four different setups depicted in Figure 3.10. The results indicate
that for complex geometries with subtracted areas in the breather, the maximum
error remains below 5% in critical locations, such as near the vacuum ports or along
boundary-adjacent areas. The average error for these case studies also remain below
2% which is acceptable.

The examples in Figure 4.3 examine cases where the relative permeability de-
creases in specific regions. Conversely, relative permeability can be increased by
adding layers of breather material, as illustrated in Figure 3.11. There is an extra
layer of breather in the diagonal of the figure in the left and an extra layer of breather
in the bottom part of the figure in the right-hand side and the air could travel more
easily in these areas. The increase in air flow occurs because additional breather
layers create a more porous medium for air flow. These case studies are simulated
by decreasing the resistance in the corresponding regions to represent higher perme-
ability. In regions with two layers of breather material, the resistance values can be
reduced by 50%. The simulation results are presented in Figure 4.4 for a total of 74
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Figure 4.3: Error distribution for the analogy with non-uniform permeability created
by deducted breathers; (a) 90 cm × 90 cm breather with an asymmetry 20 cm × 30
cm subtracted area. (b) 90 cm × 90 cm breather with a 40 cm × 40 cm subtracted
area (c) and (d) 82 cm × 73 cm breather with complex subtracted areas
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different samples.

Figure 4.4: Error distribution for the layup analogy with higher permeability in
specific areas: (a) higher permeability in the diagonal region of the layup on the left
figure and (b) higher permeability in the bottom region of the layup on the right
figure.

The average error for the figure on the left, where higher permeability exists along
the diagonal of the layup, is 2.44%. Regions with the highest error appear around the
corners and near the vacuum ports, with a maximum error of 4.5%. For the figure on
the right, where higher permeability is present in the bottom region of the layup, the
average error is 2.30%. In both cases, the highest error does not exceed 4.5%, and
the simulation results fall within an acceptable range. Thus, it can be concluded that
the simulation accurately models cases with regions of varying permeability in the
layup, provided these regions are known and their resistance values can be manually
adjusted.

Another method to create non-uniform permeability is by using angle iron sections
within the vacuum bag. As shown in Figure 3.12 these angle irons form channels for
airflow that provide a pathway with significantly lower resistance compared to the
breather material. Figure 3.13 illustrates the setup with three angle irons placed hor-
izontally on the layup and beneath the vacuum bag. Similar to previous case studies,
the proposed simulation should accurately address this scenario with an appropriate
electrical circuit design. Figure 4.5 presents the error distribution results for the setup
with three angle irons under the vacuum bag. In this case, the average error is 2.19
%, the RMS error is 2.39 %, and the maximum error at the most critical location,
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near vacuum port six, is below 4.5 %.

Figure 4.5: Percentage error distribution for horizontal angle iron

The angle iron creates an open air channel with significantly lower resistance
compared to the breather material. Therefore, in the electrical circuit model, the
resistor value corresponding to the angle iron’s location should be reduced to simulate
this low-resistance pathway. The main challenge in adjusting the resistor values lies
in accurately determining the appropriate resistance to model the angle iron. The
following approach addresses this challenge: first, the breather is assigned a baseline
resistance of 20 Ω/cm, representing the uniform resistance across the breather area.
Second, the low-resistance regions are modeled, noting that resistance depends on
both the cross-sectional area of the free space created by the angle iron and the
breather’s porosity. Since the angle iron provides a direct air channel with minimal
viscous resistance, the resistance for the angle iron regions should be considerably
lower. To identify an accurate resistance value, three values—2, 0.2, and 0.04 Ω/cm—
were modeled and simulated. The average and RMS errors across the breather are
summarized in Table 4.1.

Table 4.1: Simulation results of different resistance values for angle irons
Angle iron resistance value (Ω/cm) Average error (%) RMS error (%)
2 3.08 3.25
0.2 2.31 2.5
0.04 2.19 2.39
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As shown in Table 4.1, the total error decreases significantly when the resistance
is reduced from 2 Ω/cm to 0.2 Ω/cm. However, comparing the error values between
0.2 and 0.04 Ω/cm shows a negligible reduction in error. This suggests that the angle
iron model is approximately 100 times more permeable than the N10 breather. Figure
4.5 displays the error distribution between the experiment and the simulation with a
resistance of 0.2 Ω/cm.

Additional setups using vertically placed angle irons beneath the vacuum bag were
also considered, as shown in Figure 3.14. Figure 4.6 presents the simulation results
for setups with five and three angle irons, respectively. The average error for these
setups is 2.33% and 2.76%, with the maximum error remaining below 5% in the most
critical locations.

Figure 4.6: Percentage error distribution where (a) five and (b) three vertical angle
iron were used in the layup

The previous results indicate a strong correspondence between the proposed simu-
lation model and the experimental outcomes. However, there is potential to enhance
the model by fine-tuning certain parameters.

In the earlier model, each 5 cm segment of angle iron was represented as a 2 Ω

resistor, connected only to the adjacent resistor for the next 5 cm segment of angle
iron (bottom image in Figure 4.7. This setup restricts current/air from flowing from
the breather to the angle iron channel, except when entering from the ends of the
angle iron. However, in reality, air can enter the channel along the entire length of the
angle iron, including at points far from the channel’s openings. To more accurately
reflect these physical conditions, the resistors representing the angle iron should be
interconnected with the resistors representing the breather, similar to the typical
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resistor network (top image in Figure 4.7).

Figure 4.7: Original (bottom) and refined (top) circuit analogy - angle iron resistors
are interconnected to the breather resistors in the refined model.

The refined simulation results are shown in Figure 4.8. The refined model reduced
error values as follows, the average error decreased to 1.53 percent, the RMS error
was reduced to 1.65 percent, and the maximum error was below 4%.

Figure 4.8: Percentage error distribution for horizontal angle iron refined model

4.1.3 Simulation results for multiple leakages

The problem of leakage detection can be excruciatingly complicated as an unknown
number of leaks with unspecified locations can exist in the system. This problem
should be considered when training the system. Therefore, it is imperative that
the proposed simulation functions properly when there are simultaneous leakages in
the system. The prediction of the location of multiple leakages is significantly more
complicated than the single leakage scenarios.

In order to evaluate the reliability and validity of the simulation model, experi-
ments have been conducted for multi leakage scenarios. Same setup in Figure 3.8 has
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been used in the experiment but this time, two random and simultaneous leakages
are created on the vacuum bag. We have repeated this process two times in order to
have two sets of flowrate data resulted from having two simultaneous leaks.

Based on the analogy proposed in Section 3.5.2 the experiment can be modeled
using an electric circuit. Voltages in any electrical circuit, provided only linear com-
ponents exist in the circuit, follow superposition rule. Meaning that the effects of two
different voltages could added up as if there are two separate systems. By performing
these experiments, we want to make sure the underlying physics of the procedure
also follows the superposition rule. To simulate a multiple leakage scenario, two cor-
responding nodes must be set to high voltage. Figure 4.9 shows the results for the
multiple leakage experiment for two different experimental sets. For all of the , the
average error is 1.96% and the root-mean-square error is 2.2%. Additionally, the
highest error is about 4% which occurs in the vicinity of the vacuum ports. These
areas are considered as high-error regions.

Figure 4.9: Percentage error distribution for two simultaneous leakages

The results suggest that the proposed analogy is able to model cases where two
leaks exist in the layup and it follows the superposition rule.

4.1.4 Overall simulation results

In this section, results from the proposed simulation method based on an electrical
circuit analogy was discussed. The results were verified using experimental data from
the real-world setup. The case studies include uniform layups in different geometrical
shapes as well as setups with non-uniform permeability in various areas. Eventually,
the method was verified when there are more than one leakage on the layup. The
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results performed with good accuracy and low error in all of the case studies. However,
a good modeling and a proper prior knowledge on the layup is required for a good
simulation.

The proposed methodology is rapid and robust and can be used as a data synthesis
tool for further applications in machine learning models. In the next section, the
verified simulation has been used for data generation and the generated data has
been used for model training.

4.2 Training results for single leakage localization
The proposed analogy has undergone validation for various configurations, establish-
ing its reliability as a data generation tool. Once a sufficient amount of data has
been synthesized, a regression model can be trained as discussed in Section 3.7. The
training dataset consists of 554 samples generated from eight distinct configurations.
To assess the model’s generalizability, a new dataset containing 73 samples is gener-
ated from a completely novel configuration, to which the machine learning agent has
never been exposed.

Each data entry includes the flowrates of the six vacuum ports (features) and the
coordinates of the leaks (labels). To simplify implementation, the polar coordinate
system (r − ϕ) is employed. Port six (bottom left corner) serves as the origin of
this coordinate system, and each point on the breather can be described by two
components: r (in centimeters) and ϕ (in degrees) shown in Figure 4.10.

Figure 4.10: Coordinate system for describing the location of the leakages
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Regression model training and test errors are represented in the following.

4.2.1 Linear regression model

As shown in Table 4.2, the prediction error for the distance (r) is below 5 cm for both
validation and test datasets. The simplicity and low variance of the model contribute
to even lower test errors, with distances predicted within 4 cm. However, due to its
simplistic nature, the linear model falls short in accurately predicting the angle (ϕ)
with an acceptable level of error.

Table 4.2: Root-Mean-Square error for linear regression model
r(cm) RMS error ϕ(°) RMS error

Linear model Validation Test Validation Test
Linear 5.4 3.25 14.85 13.22
Interaction linear 4.2 2.5 11.15 14.38
Robust linear 5.4 2.39 19.19 20.21
Stepwise linear 4.3 2.39 11.36 13.50

4.2.2 Regression Tree

Three different regression trees with leaf sizes of 4 (fine), 12 (medium) and 36 (coarse)
are designed and trained for the problem. Results in Table 4.3 show as the leaf
size increases, the variance increases and leads to overfitting. Based on the results,
increasing the leaf size has a negative effect on the accuracy of the model.

Table 4.3: Root-Mean-Square error for regression tree
r(cm) RMS error ϕ(°) RMS error

Tree type Validation Test Validation Test
Fine tree 4.4 4.1 11.52 6.64
Medium tree 4.8 4.7 12.27 5.91
Coarse tree 7.1 5.1 13.76 9.67

The regression tree model is accurate in predicting the angle (ϕ) even in the unseen
test dataset. The model has an adequate level of generalization. This is supported
by the test error being lower than the validation set error.
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4.2.3 SVM Regression

Table 4.4 shows the training results for SVM model with different kernels. Based
on the results, the linear kernel has a high bias and is unsuitable for modelling the
problem, especially in the prediction of the angle. In contrast, the cubic kernel tends
to overfit to the data because it is too complicated and has a high test error. The
quadratic model, in essence, has a proper trade-off between adequately representing
the problem and not overfitting to the test data. This kernel has about 10° of test
error for the angles.

Table 4.4: Root-Mean-Square error for Support Vector Machine (SVM)
r(cm) RMS error ϕ(°) RMS error

SVM model Validation Test Validation Test
Linear 5.4 6.8 16.18 15.26
Quadratic 4.2 5.1 11.59 9.81
Cubic 3.1 4.3 9.09 17.61
Fine Gaussian 4.7 5.9 9.92 8.58
Medium Gaussian 3.3 3.8 10.11 10.64
Coarse Gaussian 4.5 5.3 13.81 11.90

The fine Gaussian kernel shows the best prediction over validation and test sets
among all of the SVM kernels. This kernel results in an error of less than 10° for
angle predictions. The medium Gaussian kernel has the best prediction over distance
(r). The coarse Gaussian kernel is prone to overfitting for this application because it
is too complicated for the current model and datasets.

4.2.4 Gaussian progress regression (GPR)

Table 4.5 shows the training results using Gaussian process regression (GPR) with
different kernels.

Table 4.5: Root-Mean-Square Error for Gaussian Progress Regression (GPR)
r(cm) RMS error ϕ(°) RMS error

GPR model Validation Test Validation Test
Rational quadratic 2.3 4.4 9.02 10.07
Squared exponen-
tial

2.3 4.6 9.03 12.12

Matern 5/2 2.3 4.3 8.45 11.42
Exponential 2.6 3.4 8.6 10.36
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Based on the results, almost all of the kernels converge towards similar error
results. The r validation error for GPR is the smallest among all other models tested.
Unfortunately, the model is overfitting, this is supported by the fact that the test
error is roughly two times that of the validation error. The GPR models work fine
on predicting angle because the angle response requires a more complicated model
than the model for predicting distance(r). The Exponential and Rational Quadratic
kernels, which are among the most simple kernels in GPR, perform better on the
angle predictions.

4.2.5 Neural network

The results of the neural network model are show in Table 4.6.

Table 4.6: Root-Mean-Square error for Neural Network(NN)
r(cm) RMS error ϕ(°) RMS error

NN model Validation Test Validation Test
Narrow 3.4 4.1 11.68 13.89
Medium 2.7 4.7 9.15 12.20
Wide 2.5 4.8 9.03 8.68
Bi-layered 2.8 5.5 10.06 10.48
Tri-layered 2.7 4.2 9.00 9.03

Almost all of the networks except the narrow one-hidden layered network are
susceptible to overfitting as they have quite low validation error and higher test
error. The narrow model which has the least neurons in the only existing hidden layer
performs best in predicting distance (r). However, this network performs poorly on
the angle prediction as this output is more complicated compared to distance. All
other designed networks especially the wide and tri-layered models perform well for
predicting the angle.

4.2.6 Localization performance on experimental setup

In all previous trainings, the synthesized data was used for training, validation and
test. Even though the test dataset was new never exposed to the model during the
training process, it is still required to test the localization method on experimental
case studies. In other words, the model must be put on test in the real world. Figure
4.11 shows the localization results on real-world data. The figure shows the actual
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location of leaks as well as the predicted locations on the 90cm×90cm layup. The
model has been trained using the GPR model with an exponential kernel which was
one the best performing models in this section.

Figure 4.11: Single leakage localization performance of a trained model using expo-
nential GPR for real-world data

The errors on r-ϕ components were added together to make one single average
error which is equal to 4.2cm of leakage location prediction error. This value is
dependent on the layup size and must always be expressed with the layup size. This
means that the user must search in a circle with a radius of 4.2cm for a potential
leakage instead of the whole layup area. This will reduce the search area by 97%
and user has to search for only 3% of the layup. We will call this by ”search area
shrinkage” throughout this thesis.

4.3 Single/multiple leakage classification training
results

This section discusses the findings from Section 3.8, where the system must accurately
determine the number of leaks present by interpreting flow rate inputs. We have fo-
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cused on cases where there are specifically two leaks in the system, excluding systems
with more leaks from our study. The simulation results in Section 4.1.3 confirmed
that the proposed approach is effective for cases with two simultaneous leaks and is
a viable method for generating the data needed for model training. Using this ap-
proach, 200 samples of the second class (two leaks) were synthesized, and these, along
with 554 previously generated samples from the first class (one leak), were used to
train various classification models. Model performance was then evaluated on a new,
unseen dataset containing 72 samples from class 1 and 50 samples from class 2. Ta-
ble 4.7 presents the classification results from different models, including SVM with
various kernels, three distinct neural networks, and a fine and weighted K-nearest
neighbors (KNN) model, which uses proximity to predict classifications [172]. The
models used for training are pretty much similar to the models introduced in Section
3.7.2, with the difference that the outputs are class labels instead of a continuous
response as we are dealing with classification in this part.

Table 4.7: Training results for single and multiple leakage classification
Accuracy (%)

Model Kernel/Type Validation Test
Cubic 87 44.3

SVM Quadratic 84.5 60.7
Fine Gaussian 82.6 68.9
Medium Gaussian 81.5 65.6
Narrow 84.5 55.7

NN Medium 85.1 54.1
Wide 85 58.2

KNN Fine 80.7 70.5
Weighted 81.3 72.1

The results in the table indicate that many of the trained models exhibit signs
of overfitting. SVM models with cubic and quadratic kernels, as well as all of the
neural networks, demonstrate high validation accuracy on the training dataset but
have limited generalizability, with substantially lower accuracy on the test dataset.
For models with only two output classes, achieving accuracy in the range of 40-
60% is inadequate. However, models with fewer features, such as SVMs with fine
and medium Gaussian kernels and KNN models, show more promise, achieving test
accuracy rates of 65-70%.

A primary reason for this overfitting and high test error may be the unbalanced
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dataset used for training, where class 1 contains more than twice the number of
samples as class 2. Due to this unbalanced dataset, it is better to measure the perfor-
mance of the trained models using the F-score factor. Table 4.8 shows the confusion
matrix for the wide neural network model on both validation and test datasets. A
confusion matrix is a table that is commonly used to evaluate the performance of
a classification algorithm. It compares the predicted classifications of a model with
the actual classifications from a dataset, giving insight into the accuracy and types
of errors the model is making. Each row of the matrix represents the instances of an
actual class, while each column represents the instances of a predicted class. Diago-
nal entries represent correct predictions for each class, while off-diagonal entries show
where the model misclassified instances as other classes.

Table 4.8: Wide neural network confusion matrix for validation and test datasets
Wide NN confusion matrix Predicted class Predicted class
Dataset True class 1 2 Dataset 1 2
Validation 1 496 57 Test 33 39

2 64 151 12 38
F-score 0.891 F-score 0.569

The wide neural network model achieves a high F-score on the validation set but
a low F-score on the test dataset, indicating poor generalizability. While the model
accurately predicted multiple leakage scenarios, it misclassified more than half of the
single-leakage instances as multiple leakage. Table 4.9 presents the confusion matrix
for the best-performing model, the weighted KNN.

Table 4.9: Weighted KNN confusion matrix for validation and test datasets
Weighted KNN confusion matrix Predicted class Predicted class
Dataset True class 1 2 Dataset 1 2
Validation 1 529 24 Test 64 8

2 107 108 26 24
F-score 0.890 F-score 0.788

The model shows a similar F-score on the validation set compared to the wide
neural network model, but it outperforms it on the test set, as expected. However, the
model misclassified half of the multiple leakage instances as single-leakage. The wide
neural network model is more likely to classify new data as double-leakage, while the
weighted KNN model tends to classify inputs as single-leakage. The misclassifications
in the tables reflect a systematic error in the training process.
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It is possible that imbalance of data hindered the training process. That could be
a reason that the model is tend to misclassify new data systematically. To address this
issue, additional samples with two leaks were synthesized, increasing the dataset size
for class 2 from 200 to 500. Table 4.10 presents the training results after balancing
the dataset to include 554 samples for class 1 and 500 for class 2. Since the dataset
is balanced in this stage, there is no need to use F-score for performance assessment.

Table 4.10: Training results for single and multiple leakage classification for a more
balanced dataset

Accuracy (%)
Model Validation Test
Fine Gaussian SVM 77.8 68
Fine KNN 79 73
Weighted KNN 78.8 71.3

The table results show that, while using a more balanced dataset for training
provided a slight improvement in accuracy, this adjustment did not significantly en-
hance model performance. This suggests that data size or balance is not the primary
source of error. Various machine learning models were tested, and although the best-
performing models were selected, none could achieve accuracy beyond 75%. The issue
likely stems from the nature of the problem itself. This aligns with findings in Sec-
tion 3.6.1, which demonstrated that ”as the distance between two leakages decreases,
the flow rates become more similar, resembling the pattern of a single leakage be-
tween them.” This similarity in flow rates can lead to overfitting and high variance
errors, particularly when the training data includes instances where leaks are very
close together.

In the class 2 dataset, where flow rate readings result from two simultaneous leaks,
the minimum distance between leaks is 10 cm—a relatively short distance that likely
contributes to prediction errors. The models were trained on data where leaks could
be as close as 10 cm, resulting in flow rates that closely mimic single-leak scenarios,
thereby reducing prediction accuracy. To test this hypothesis, the trained models
were evaluated on a customized test set with leakages spaced 40 cm apart, rather
than 10 cm. On this test set, model accuracy improved to 83%. Notably, the models
were still trained on a dataset without distance constraints, allowing leaks as close
as 10 cm. This suggests that to further enhance accuracy, it would be necessary to
impose a minimum distance constraint between leaks in the training dataset.
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4.3.1 Classification results with dataset constraint

Based on the previous findings, a minimum distance constraint of 35 cm between each
two leaks were applied to the dataset. This includes all of data in training, validation
and test sets. Table 4.11 shows the training results where a minimum distance exists
between the leaks in the data.

Table 4.11: Training results for single and multiple leakage classification with a 35
cm minimum distance of leaks constraint

Accuracy (%)
Model Kernel/Type Validation Test

Cubic 93.5 77
SVM Quadratic 82 66.5

Fine Gaussian 90.4 85.7
Medium Gaussian 81.6 74.5
Narrow 89.7 72.7

NN Bi-layered 93.4 89.4
Wide 95.1 85.7

KNN Fine 94.9 91.3
Weighted 93.4 90.1

The results show significant improvements. Although models like SVM with cubic
and quadratic kernels and narrow neural networks still suffer from overfitting, most
other models exhibit notable improvement, achieving accuracy in the 85-91% range.
The fine KNN model achieves the best validation and test accuracy with minimal
error.

These results suggest that, with the current features—six normalized flow rates—
it is nearly impossible to train a model capable of accurately classifying leaks that are
extremely close to one another. In addition to implementing a minimum distance con-
straint, increasing the amount or diversity of information (i.e., adding more features)
could also enhance accuracy. The next section introduces a method for augmenting
the system with additional features.

4.3.2 Increasing total features for improved accuracy

The objective is to introduce additional features to potentially improve prediction
accuracy. Although adding more vacuum ports and sensors to the layup could achieve
this, it is generally undesirable, as it reaches the system’s practical limits and users
typically prefer a consistent setup for their layups. The primary advantage of using
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flow rates for leak detection and localization is that it enables automation without
altering the layup configuration. Therefore, adding physical components to increase
features is not ideal.

An effective way to increase features without modifying the setup is to selectively
close some of the vacuum port valves. When a valve is closed, airflow through that
port is blocked, requiring the outbound air to exit through alternative ports, thus
generating new flow rate values independent of the original features. This is analogous
to removing one of the grounds in an electrical circuit: a new equivalent resistance is
created, resulting in new current distributions, as though the system’s geometry had
been altered.

We designed a simple experiment to validate this approach, conducting two sets of
trials in the setup shown in Figure 4.12. In the first set, two simultaneous leaks were
introduced at the locations indicated by green circles. The distance of these two leaks
is 20 cm. After starting the vacuum pump, the flow rates were recorded. Next, one of
the vacuum port valves was closed, and the flow rates from the five remaining ports
were recorded. This process was repeated twice more, each time closing a different
valve.

In the second set, the leaks were sealed, and the entire procedure was repeated
with a single leak positioned between the previous two leaks, marked in red. This
position was chosen as it would produce flow rates most similar to those from the
two-leak scenario. After completing both sets of experiments, the flow rates were
compared to assess the validity of the proposed feature enhancement method.

Figure 4.12: Single and multiple leakage test for feature increase hypothesis



112

Table 4.12 shows the comparison results for the scenarios. The columns F1

through F6 show the normalized flow rate values. Note that zero values in the table
represents cases where the ports are closed.

Table 4.12: Similarity check for single and multiple leakage scenarios after feature
increase

Scenario F1 F2 F3 F4 F5 F6 Sum
0.093 0.147 0.091 0.163 0.347 0.160

Two-leaks 0.107 0.175 0.116 0 0.423 0.180 1
0 0.245 0 0.188 0.383 0.184
0 0 0 0.258 0.488 0.253
0.092 0.147 0.090 0.154 0.366 0.151

One-leak 0.104 0.174 0.114 0 0.439 0.168 1
0 0.244 0 0.179 0.402 0.176
0 0 0 0.249 0.506 0.245
0.001 0.000 0.001 0.009 0.019 0.008 0.039

Difference 0.003 0.001 0.002 0 0.016 0.011 0.032
0 0.001 0 0.009 0.019 0.009 0.037
0 0 0 0.009 0.018 0.009 0.037

The last rows show the differences between the two scenarios with various valves
open. As indicated, the total flow rate difference between these two cases is 0.039,
with only a 4% difference between them. This example illustrates the challenge
of classification, particularly when leaks are close to each other, as their flow rates
closely resemble a single-leak scenario. The results also show that, when some vacuum
port valves are closed, flow rate differences persist. By altering the system structure
through valve closures, independent features with minimal variance are generated,
making them suitable for training purposes.

4.3.3 Training Results with Enhanced Feature Set

Table 4.13 presents the classification training results when using an enhanced feature
set. The table compares results between training with 6 features versus 15 features.
For the 6-feature setup, only the normalized flow rates from the six ports are used.
In the 15-feature setup, after recording the initial flow rates, the valve corresponding
to the highest flow rate is closed, and the flow rates from the remaining five ports
are recorded. This process is repeated by closing the next highest-flow-rate port and
recording the flow rates from the remaining four ports. The resulting 15 flow rate
measurements are then normalized and combined as a single feature set for training.
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The training dataset consists of 565 samples with approximately equal represen-
tation from each class. Around 20% of this set is set aside as a validation set. An
additional unseen dataset of 140 samples is used as a test set to assess generalizabil-
ity. Various SVM, KNN, and neural network models are employed for training. The
minimum distance between each pair of leaks is 27 cm, which is a stricter constraint
compared to the 35 cm minimum distance used previously, as shown in Table 4.11.

Table 4.13: Training results for single and multiple leakage classification with en-
hanced feature set

6 features accuracy (%) 15 features accuracy (%)
Model Kernel/Type Validation Test Validation Test
SVM Cubic 80.7 78.6 87.7 90

Quadratic 71.5 70.7 81.1 75.7
Narrow 80.6 70 85.1 83.6
Medium 81.4 78.6 86.8 87.9

NN Wide 83.3 83.6 85.1 85
Bi-layered 84.5 86.4 82.3 85.7
Tri-layered 81.8 82.1 81.9 85.7

KNN Fine 72 70 79.2 77.1
Weighted 71.4 73.6 77.4 74.3

In almost all models, using additional features significantly improves accuracy, as
expected, since more features provide richer information during training. More com-
plex models, such as Cubic SVM and bi-layered and tri-layered neural networks, show
substantial improvement, as these models are better suited to handle larger feature
sets. However, with the stricter minimum distance constraint, the KNN models do
not perform as well as before. Overall, the results demonstrate that with an increased
number of features, it is possible to accurately predict the number of leaks as high as
90 %, even when leak distances are as close as 27 cm. Table 4.14 shows the confusion
matrix for the cubic SVM model using the enhanced feature set.

Table 4.14: Cubic SVM confusion matrix for validation and test datasets
Cubic SVM confusion matrix Predicted class Predicted class
Dataset True class 1 2 Dataset 1 2
Validation 1 274 11 Test 69 1

2 60 231 13 57
F-score 0.885 F-score 0.908

Since the dataset is balanced between the classes, the F-score values are approx-
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imately equal to the accuracy shown in Table 4.13. The results indicate that most
of the misclassified examples are false positives, where the true class was the second
class (multiple leaks) but the predicted class was single-leak. This typically occurs
when two leaks are close to each other, and their flow rates are similar, making it
appear as if only one leak exists.

4.3.4 Classification results on experimental results

The next step is to test the trained models on experimental data. In the setup shown
in Figure 4.13, a total of 30 experiments were conducted, including 22 single-leak and
8 double-leak scenarios. Both models trained with the normal and enhanced feature
sets were used for leakage classification. The results indicate that the model achieved
correct predictions in 26 out of 30 experiments, yielding an accuracy of 87%. When
using the model trained with the enhanced feature set, accuracy improved further,
with two of the four initial misclassifications corrected. In Figure 4.13, correct pre-
dictions are marked with green circles, incorrect predictions with red, and improved
predictions with the enhanced feature set are highlighted in yellow.

Figure 4.13: Single/multiple leakage classification results on experimental data
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It is also notable that some leaks have appeared at the boundaries, where leaks
are more likely to occur. Across experiments, the average distance between leakage
pairs is 52 cm, while the average distance for misclassified cases is 34 cm. This further
supports the observation that as leakage distance decreases, flow rates resemble those
of single-leak scenarios.

In conclusion, the problem of classifying the number of leaks can be addressed
by generating sufficient, accurately labeled data. Achievable accuracy rates, verified
through simulations and experiments, are around 90%. Classifying the number of
leaks is the first step toward comprehensive leak localization. If the classification
algorithm identifies a single leak, the single-leak localization method introduced in
Section 3.7 is applied. For cases with two leaks, a different algorithm—discussed in
the following section—will be required to determine their locations.

4.4 Physics-informed grid neural network
The GNN framework was evaluated on a 90cm× 90cm breather, and its performance
was assessed. Three different frameworks were compared: the regression models from
Section 3.7.2, the GNN model, and the PIGNN model, all tested under the same
setup and using identical input data. To evaluate performance under data scarcity,
only a limited dataset of 11 samples was used for training. The results, summarized
in Table 4.15, demonstrate the models’ accuracy when even a portion of this small
dataset (about 55%) is used for training. The accuracy was estimated on unseen data
from different locations.

Table 4.15: GNN, PI-GNN and regression model performance comparison
Model Data

used (%)
Error (%) Classification

accuracy (%)
Average er-
ror (cm)

Probe area
shrinkage (%)

GNN 55 9.43 18.5 21.6 33.9
100 6.95 34.5 14.1 22.2

PI-GNN 55 1.81 86.4 6.5 10.2
100 1.20 95.1 5.5 8.6

Regression 55 NA NA 22.2 34.9
100 NA NA 17.9 28.2

The GNN and previous regression methods perform similarly when a small amount
of data is used, requiring the user to search within a relatively large area for the leak-
age. However, as the amount of training data increases, the GNN outperforms the
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regression model. The PI-GNN demonstrates significant superiority over both meth-
ods by integrating physical knowledge with data-driven learning. By incorporating
the geometry of the system, the GNN models surpass the regression model, which
relies solely on data to train a black-box function.

Figure 4.14 illustrates the prediction results for three different leakage experiments
using the PI-GNN model trained on a limited dataset. In the examples shown, the
system accurately identifies the actual leakage location with the highest probability.

Figure 4.14: Prediction results of PIGNN model for three different leakage locations

Using more data for training, especially diverse data from various locations, signifi-
cantly enhances the model’s performance. This not only improves prediction accuracy
but also increases the system’s reliability and confidence. Figure 4.15 presents the pre-
diction results for the same locations shown in Figure 4.14, this time with additional
training data. In this case, the system’s confidence in its predictions improves.

Figure 4.15: Prediction results of the PIGNN model trained on more data

The results further demonstrate the system’s efficiency in terms of data require-
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ments.

4.4.1 Results on more challenging layup with non-uniform
permeability

The flexibility of the system within the GNN framework surpasses that of the regres-
sion method. This superiority was demonstrated through a challenging case study
involving a non-uniform layup with angle irons. In this case, shown in Figure 3.13,
the regions parallel to the length of the angle irons exhibit identical flowrate values,
making accurate leakage localization particularly difficult. When applying regression
training to this scenario, the model would likely predict one of these regions as the
leakage location. However, due to the similarity in flowrates, such predictions are
prone to inaccuracy. Increasing the training data does not resolve this issue, as the
flowrates remain nearly identical along the angle iron length.

In contrast, the PIGNN model effectively addresses this challenge by predicting all
possible leakage regions rather than generating incorrect results. As depicted in Fig-
ure 4.16, the system successfully identifies all potential leakage locations, including
along the length of the angle iron. While the location with the highest probabil-
ity may not correspond to the true leakage site, the system ensures comprehensive
identification of all possible leakage areas.

Figure 4.16: PIGNN prediction results for challenging locations with similar flow
rates in a non-uniform layup

If a leakage occurs in a region sufficiently distant from the angle irons, the system
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accurately predicts the leakage location with high confidence. This is because areas
farther from the angle iron channels exhibit low variance in flow rates. An example
of this scenario is shown in Figure 4.17.

Figure 4.17: PIGNN prediction result for a sample location far from the angle irons

In many scenarios, accurately pinpointing the exact leakage location with high
confidence is challenging. However, this new design enables the system to predict
challenging leakages with lower confidence and probability while incorporating the
ability to update itself based on new evidence—an improvement that is not achievable
with conventional regression model training.

4.4.2 Results of applying Bayesian inference

Bayesian updating can be employed to leverage any evidence within the system.
For instance, users can begin their search in the regions with high probabilities as
depicted in Figure 4.16. If they are unable to locate the leakage, the probabilities
can be updated, allowing the system to predict new leakage locations. This iterative
process enables the system to adapt and refine its predictions based on the acquired
evidence.

Figure 4.18 illustrates the prediction results in a scenario where the user was
initially unable to locate the predicted leakage, as shown in the left-hand image
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of Figure 4.16. Initially, the user investigates the area with the highest predicted
probability but fails to find the leakage. This new evidence is then fed back into
the system, which updates the probability distribution using Bayesian inference to
incorporate the new information.

Figure 4.18: PIGNN prediction result after a Bayesian update with a new evidence

As discussed in Section 3.9.6, Bayesian inference can be utilized to increase the
probability of regions more susceptible to leakages, such as boundaries. This informa-
tion is incorporated into the system as prior knowledge. Figure 4.19 demonstrates how
including priors affects the probability of leakage at the boundaries, as expected. In
the single leakage localization results shown in Figure 4.11, leakages near the bound-
aries tend to be predicted closer to the center of the layup. Incorporating Bayesian
inference could enhance the accuracy of these predictions.

Figure 4.19: PIGNN prediction result for leakages close to the boundary
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4.4.3 Multiple leakage localization results

The method for localizing two leakages was presented in Section 3.9.5. This approach
minimizes the total error in flow rate combinations derived from node pairs in the
GNN model and assumes that both leaks are approximately the same size. The
model has been tested on approximately 30 experimental multi-leakage scenarios,
achieving an average prediction error of 13.8cm on a 90cm×90cm layup. Figure 4.20
illustrates the prediction results alongside the actual leak locations for a case with
two simultaneous leakages. It is noteworthy that this model uses a finer mesh and
a greater number of nodes compared to previous models. Additionally, the Softmax
function and Bayesian inference can also be applied to the multiple leakage case.

Figure 4.20: PIGNN prediction result for leakages close to the boundary

Although the system achieves acceptable predictions in the previous example,
there are cases where it fails to identify locations close to the leaks. As discussed in
Section 4.3.2, using an enhanced feature set was proposed to address this limitation.
By closing the vacuum valves, it is possible to generate more independent features.
This enhanced feature set has been shown to be effective in classifying the number
of leakages. Figure 4.21 compares the results obtained using the normal feature
set and the enhanced feature set for prediction. One of the leaks in this example,
is extremely close to one of the vacuum ports and to the boundary, making the
prediction challenging. The normal feature set uses six normalized flow rates as
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input, whereas the enhanced feature set incorporates 15 flow rates by closing the port
with the highest flow rate after measuring the initial flow rates for two times.

Figure 4.21: PIGNN prediction result for leakages close to the boundary

The results in the figure demonstrate that using the enhanced feature set improves
accuracy. However, it is not always necessary to use the enhanced feature set, as it
increases the time and effort required. The normal feature set can still provide reliable
predictions, as shown in Figure 4.20.

One of the most significant advantages of the GNN model is its ability to address
the problem of multiple leakage localization—a challenge that has not been solved
by any other method. Additionally, generating datasets for multiple leakages is only
required for the classification problem. Once the number of leaks is determined,
single-leakage examples are sufficient for constructing the model, and further to be
used for multiple leakage localization.

4.5 Vacuum port placement optimization results
The importance of using an optimal vacuum port placement was discussed in Section
3.10. In this section, the results of port optimization for the case study consisting of
81 nodes and six vacuum ports are shown in Figure 4.22. Four different configurations
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have been compared with each other in the terms of their score, optimization time
and prediction average error. Configuration (a) is the original setup where ports
were located in corners and middle of top and bottom rows. Configurations (b) and
(c) are the optimization results for simplified and precised solutions, respectively.
Configuration (d) shows a configuration when all vacuum ports are aligned in a row
as a sample for comparison purposes. In this particular configuration, vacuum ports
are close to each other and therefore flowrates will be less independent, resulting in
a more penalized cost function.

Figure 4.22: Optimization results for a 90cm×90cm layup consisting 81 nodes and
six vacuum ports; a) initial setup, b) results from the simplified solution, c) results
from the precise solution and d) a sample configuration placing vacuum ports in a
same row
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4.5.1 Performance evaluation of the optimized port place-
ments

The ultimate objective of the vacuum port placement optimization is to improve
the system on the terms of prediction accuracy. Therefore, system’s performance
must be evaluated. The model’s leakage location prediction accuracy for a particular
configuration could be assessed using these four steps:

Step 1 Synthesized data generation: generation of synthesized data for the particular
vacuum port placement using simulation or the precise flowrate calculation
method.

Step 2 Model training: a regression model will be trained using a proper regression
machine learning model such as exponential Gaussian process regression (GPR).

Step 3 Experimental data acquisition: An experimental setup with the same vacuum
port configuration will be made and manual leakages will be created in different
locations and the flowrates will be recorded. This experimental data will be used
as a test set that has been never seen by the trained model.

Step 4 Using experimental flowrates from step 3 as input to the trained model in step
2 and comparing the predicted location with the actual location of the leaks to
calculate the prediction error. The average error then will be calculated for the
system.

4.5.2 Comparison results

Using this procedure, prediction errors of all four configurations could be calculated
and compared. Table 4.16 shows the results of the four configurations. The score
for the optimized results outperform the original and sample configurations; case (a)
and (d) respectively. The optimized solution resulted from precise method slightly
outperform solution from simplified method with the price of more calculation time.
The score is calculated through the summation of flowrate variances. Higher score
means flowrates or the machine learning features are more independent and therefore
training will be less likely to suffer from overfitting. Configurations with higher scores
end up having a lower average error and higher accuracy; meaning that the user will
have to search for a smaller area for a possible leakage. This smaller area is shown in
the last column of the table as ”Search area”. Using a proper vacuum port placement
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can decrease the possible leakage area from 18 percent to 8 percent. Search area for
all four configurations are visualized in Figure 4.23.

Table 4.16: Results for four different configurations in Figure 4.22
Configuration Score Time Prediction error (cm) Search area (%)
Original 9.58 - 8.4 12
Simplified 14.13 1 sec 7.4 9.5
Precise 14.91 18 min 6.8 8
Sample 4.37 - 10.3 18.5

Case (d) where all vacuum ports are placed horizontally in a row has a good
accuracy for predicting leakages on the horizontal axis but the prediction has a high
error on the vertical axis perpendicular to the vacuum ports line. This is due to lacking
enough features and flowrate information among different vacuum ports as moving a
leakage across the vertical axis will not change flowrates measured on vacuum ports.

Figure 4.23: Search areas for a possible leakage after training the model with differ-
ent port configurations; Optimized port placements outperform other methods and
achieve a higher accuracy and require a smaller area for leakage search

In this section, the results of vacuum port placement were analyzed in terms
of efficient and accurate leakage localization. Two different flow rate calculation
methods—simplified and more precise—were introduced. The simplified method,
which is based on the distance between the leakage point and the vacuum port,
is effective when there is uniform permeability in the layup. This method is more
applicable in cases where the product thickness remains relatively constant and equal
layers of breather material are used throughout the layup. For scenarios where these
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conditions do not hold, such as the examples in Figure 3.11, a more precise method
based on Kirchhoff’s law was introduced. It was shown in Table 4.17 that assuming
uniform resistance in a nonuniform setup may cause errors to increase by 300% and
this significant error reduces the reliability of optimization results. Although the
precise method is more powerful, the improvement is negligible in uniform layups,
making the simplified method preferable due to its much lower computation time.

4.6 Results of physical model parameter training
This section presents the results of training the physical parameters of the model,
as discussed previously in Section 3.11. We begin with a detailed explanation of the
importance of training these physical parameters, using our case study as an example.

4.6.1 Significance of physical model parameter training: a
case study

In this section, we compare the physically designed model with the uniform model
to demonstrate the importance of using a valid electrical circuit model. The case
study is a 90cm×90cm layup with a more permeability in the bottom section shown
in Figure 3.32. The network of uniform electrical resistors previously shown in Figure
3.33 is compared with a network where the resistors below row six are reduced by 50
percent to represent the non-uniform layup. Afterwards, the flow rates are compared
with experimental results. Figure 4.24 shows the error distribution among different
leakage locations resulted from both models.

Higher error values are observed in the uniform setup shown in Figure 4.24 (a)
compared to the valid model results in Figure 4.24 (b). Using a model with lower
accuracy for data generation leads to an inadequate and inaccurate machine learning
model. Table 4.17 shows the comparison results of the two models. Using a uniform
layup increases flow rate errors by more than 50 percent compared to a properly
modeled system. This value was obtained by comparing simulation results with ex-
perimental flow rates using Eq. 3.6. Due to this higher flow rate error, the prediction
error also increases by approximately 50 percent. Prediction accuracy is improved
by training the model with synthesized data. This larger prediction error leads to
a wider area on the layup that the user must search for potential leakage, thereby
increasing leakage localization time. The table illustrates the importance of using
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an accurate physical model for simulation, and thus the significance of training the
model’s physical parameters.

Figure 4.24: Error distribution when (a) uniform setup (b) valid electrical circuit are
used for simulating a non-uniform layup

Table 4.17: Comparison of using a uniform or valid electrical circuit design on a layup
with non-uniform permeability

Model Flowrate
error (%)

Prediction
error (cm)

Area
shrinkage(%)

Uniform setup 3.57 14.1 35
Valid electrical circuit 2.30 7.5 10

The primary objective of this section is to utilize the available data to construct
a more accurate model for data generation.

4.6.2 Training results using synthesized data

The physical parameter training procedure and associated training parameters were
thoroughly discussed in Section 3.11. We trained the relative resistance of differ-
ent sections of the layup, or the training parameters, using various data subsets to
evaluate their sensitivity to the data. Figure 4.25 illustrates the cost function across
different iterations. The cost function, defined in Eq. 3.45, quantifies the error be-
tween the model’s output and the actual data.

In each iteration, the algorithm must go through the entire simulation multiple
times for each data point (leakage location). According to Eq. 3.47, the derivatives
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for all parameters need to be calculated individually and summed across all avail-
able leakage locations in the dataset. This process is time-consuming and could be
optimized using mini-batch training. The results in Figure 4.25 show that after ap-
proximately five iterations, further improvement in the cost function or simulation
outputs is minimal. The remaining error is attributed to other governing factors not
accounted for in the training parameters that influence the simulation and experi-
mental results.

Figure 4.25: Iterative cost function trained on different subsets of data

In Figure 4.25, although different subsets of data converge to similar cost function
values after sufficient iterations, this does not imply they have similar performance.
The cost function reflects the average error across the available data, and the al-
gorithm optimizes based on this metric. Models trained on smaller subsets of data
may still exhibit high error on unseen data, potentially suffering from high bias. To
assess each model’s performance, the trained parameters can be compared with the
objective parameters shown in Figure 3.35, which are based on prior knowledge from
experimental design. The RMS error between each model’s trained parameters and
the objective parameters is provided in Table 4.18.

Table 4.18: Comparison of using a uniform or valid electrical circuit design on a layup
with non-uniform permeability

Data usage No data 100% 50% 25% 11%
RMS error 0.289 0.105 0.111 0.110 0.134
Improvement (%) - 64 62 61 54



128

Five different models, utilizing 11%, 25%, 50%, 100%, and no data (the uni-
form model), are compared, with their RMS errors relative to the objective and
corresponding improvements shown in the table. As the amount of training data
decreases, the RMS error increases, leading to a reduction in improvement. As ex-
pected, the untrained model with no data exhibits the highest error. The results
indicate that reducing the data has a minimal impact on performance as long as it
is well-distributed across the layup to cover all sections. When data usage is reduced
by 50%, the model’s performance decreases by only about 2%. In a more significant
reduction, with approximately 90% less data, performance drops by only 10%. Data
scarcity is a common challenge in leakage localization, and these results demonstrate
that a data-driven, physics-informed model can enhance performance with limited
but valuable data.

Figure 4.26 shows the training outputs on the design parameters. Each element
of the matrix, shows the relative resistance of each region corresponding to Figure
3.34. The initial configuration was the uniform setup, and the synthesized data used
for training was generated by configuration shown in the ”objective” matrix. The
bottom matrices represent the trained parameters. The normalized trained matrix is
then compared with the objective matrix. The relative resistance parameters in the
middle and bottom rows are similar and the errors mostly come from the top row.

Figure 4.26: Uniform, objective and trained outcomes on synthesized data for the
physical parameter training of relative resistance
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4.6.3 Training results on experimental data

In Section 4.6.2, the models were trained using synthesized data derived from the
validated electrical circuit model. In this section, however, experimental data will
be utilized for training. Collecting experimental data, particularly on production
lines, is a more challenging and labor-intensive process. Nonetheless, without such
data, it is difficult to develop a reliable simulation model, as users may lack accurate
information regarding the relative permeability distribution of their layup and other
relevant settings. Therefore, experimental models will be employed to enhance the
simulation model, which can subsequently be used to generate synthetic data. This
approach addresses the typical insufficiency of experimental data for comprehensive
model training. Furthermore, a validated simulation model is necessary to cover
multiple leakage scenarios, as the volume of data required for these complex cases
cannot feasibly be obtained through experiments alone.

To test this methodology in our case study, a total of 10 experiments were con-
ducted to train the model on the relative resistance of various regions. The locations of
these leakages are indicated by red circles in Figure 4.27. The flow rates measured by
the sensors, along with the coordinates of each corresponding leakage, were recorded.
This data will then be used for training according to the proposed algorithm.

Figure 4.27: Non-uniform layup with data collected from intentionally created leaks
at the indicated locations
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After training the parameters, the normalized relative resistances were obtained
and are shown in Figure 4.28. The bottom rows display the lowest resistance values,
as expected. The data indicates a relatively lower resistance on the right side of the
layup, likely due to wrinkles in the bag. We refer to this model as the ”Physically
trained model”.

Figure 4.28: Normalized relative resistance of regions trained by experimental data
for a non-uniform layup

The performance of three models—the uniform layup model, the physically de-
signed model, and the physically trained model—in leak localization is compared in
Table 4.19. Each of these models was used for data synthesis, with the generated
data subsequently used to train a machine learning model. In the uniform model, the
relative resistance is equal across all regions and have been presented in the table for
comparison purpose. The physically designed model assumes that using two layers of
breather material halves the resistance, and its relative resistance matrix is presented
in Figure 4.26 as the objective matrix.

Table 4.19: Experimental comparison of three trained models on a layup with non-
uniform permeability

Model Flowrate
error (%)

Prediction
error (cm)

Area
shrinkage(%)

Uniform setup 4.25 15.0 39
Physically designed 2.67 10.5 19
Physically trained 1.91 7.5 7.5

It was previously shown using synthesized data that the uniform layup assumption
leads to significant errors in flow rate calculations, and similar results were observed
with experimental data. The average prediction error for a square-shaped layup with
the size of 90 cm is 15.0 cm. This error is considered substantial, requiring the user
to search over a large area for potential leaks. In contrast, the physically designed
model outperforms the uniform setup. By incorporating prior information from the
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user into the model, the flow rate error is reduced by 40%, and the prediction error
is decreased by 30%. achieving an average prediction error of 10.5 cm. With this
model, the user needs to search a smaller area, nearly half the size of the uniform
model.

However, it is important to note that the assumption made in the physically
designed model—specifically, that areas with two layers of breather experience a 50%
reduction in resistance—may not be entirely valid. This is why the physically trained
model performs better than the physically designed model. The physically trained
model achieves a flow rate error of 1.91%, which is considered low, given the non-
linearity of the layup. As a result, the prediction error is reduced to 7.5 cm, and the
user only needs to search a very small area compared to the previous models.

Finally, even the most accurate model will still have a minimum prediction error
of 5.0 cm, as leakages are sampled from small squares, similar in size to those shown
in Figure 4.27.

4.6.4 Training results on challenging layups

The challenges of using this framework were discussed previously in Section 3.11.5.
One particularly challenging layup involves the use of an extra diagonal breather, as
shown in Figure 3.37. The challenging part in this training is that each smaller region
in this case does not have uniform permeability and the trained relative permeability
of these regions will reflect a compromise between the lower and higher permeabilities.
The same algorithm described in the previous section was applied here, comparing
three models: the uniform setup, the physically designed model, and the physically
trained model. The results are presented in Table 4.20.

Table 4.20: Comparison of different trained models on a layup with non-uniform
diagonal permeability

Model Flowrate
error (%)

Prediction
error (cm)

Area
shrinkage(%)

Uniform setup 3.82 12.1 26
Physically designed 3.16 11.4 23
Physically trained 1.99 9.7 16

As in the previous case study, the physically designed model outperforms the
uniform setup, and the physically trained model outperforms both. Due to the limited
number of training parameters in this layup, higher errors are observed compared to
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the previous case study. Figure 4.29 illustrates the normalized relative resistance of
regions for each model, with lower resistance observed along the main diagonal in the
trained model.

Figure 4.29: Uniform, physically designed and physically trained outcomes on experi-
mental data for the physical parameter training of relative resistance for non-uniform
diagonal breather

One approach to address this issue is to increase the number of design parameters.
In the original design, there were a total of 9 training parameters. Figure 4.30 shows
a similar setup with 16 areas featuring trainable relative permeability. This increased
number of parameters provides greater flexibility for training, though it requires ad-
ditional computational time. However, the system may also become more susceptible
to overfitting.

Figure 4.30: Layup with diagonal non-uniform permeability, featuring an increased
number of training parameters for enhanced performance
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The system with 16 distinct areas was trained, and Figure 4.31 shows the nor-
malized relative resistance of regions based on experimental data. Lower resistance
is observed in regions close to the main diagonal.

Figure 4.31: Normalized relative resistance of regions trained by experimental data
for the layup with diagonal non-uniform permeability

The model exhibited a slightly higher flow rate error on experimental samples
that were not seen during the training process, with a flow rate error of 2.13%.
This could be due to greater discrepancies between some of the experiments and the
trained model. However, the new design achieved a lower prediction error of 8.4 cm,
outperforming the previous model with fewer parameters. This improved performance
was anticipated, as the newly defined regions demonstrate greater consistency with
the actual permeability.
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Chapter 5

Conclusions

The objective of this research was to develop a robust method for detecting and
localizing leakage in vacuum bags used in composite manufacturing through machine
learning-based approaches. The study encompassed experimental design, the creation
of a simulation model for data synthesis and validation, and the training of machine
learning models. This chapter summarizes the key findings, highlights the novelties
and contributions to the state of the art, and discusses the limitations of the study.
Recommendations for future work are also presented.

5.1 Recap of key findings
In the first stage, we proposed a simulation method for modeling gas flow rates in
VARTM systems, enabling the synthesis of large datasets. By introducing the concept
of using relative port contributions instead of absolute values, the simulations remain
valid regardless of leakage size. This approach was validated through a two-way
ANOVA performed on 64 different examples across four needle sizes.

The electric-based analogy was tested on various configurations and setups. Over-
all, the error in all experiments was generally less than 3%, except near the ports,
where it increased slightly but remained below 4.5%. Each simulation had a runtime
of under 2 minutes on a Core-i7 2.4 GHz CPU, demonstrating sufficient speed for
generating large synthetic datasets. The presented framework is capable of simulat-
ing multi-leakage scenarios, provided the leakages are of the same size. Since the
framework relies on an electrical circuit analogy, which adheres to the superposition
principle, multi-leakage scenarios can be recreated by introducing positive voltages
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at multiple nodes.
Here’s a revised version of your text for improved clarity and flow:
The synthesized data generated from various configurations was utilized for train-

ing regression models to predict leakage locations based on flow rate inputs. Among
the models tested, Gaussian SVM, exponential GPR, and decision trees performed
best for predicting leakage locations. Shallow neural networks also achieved a suit-
able bias-variance trade-off. The predictions were validated on real-world applica-
tions, yielding satisfactory results. However, despite the accuracy and some degree of
generalizability, the models may fail when faced with a new layup featuring signifi-
cant changes. This limitation arises because the regression models do not incorporate
the geometry and configurations of the layup and vacuum ports, omitting crucial
information.

To enhance generalizability and adaptability, a grid neural network (GNN) frame-
work was introduced. This approach significantly reduced the need for training data
while simultaneously improving model performance by integrating physical knowl-
edge. The GNN framework demonstrated exceptional accuracy in identifying po-
tential leakage locations and their associated probabilities, particularly in cases with
identical flow rates. Moreover, it enables dynamic updating of probabilities by in-
corporating new evidence provided by users or experts through Bayesian updating.
This capability allows the model to flexibly adapt to new information and refine its
predictions.

The challenge of addressing multiple leakages in the layup has been approached
under the assumption that the leakages are of the same size. Initially, a large dataset
comprising two labeled classes—scenarios with either one or two leaks—is generated.
A classification model is then trained to identify the number of leaks present on the
layup. However, the task of classifying the number of leaks becomes more complex
and prone to overfitting when the two leaks are very close to each other in multiple
leakage scenarios. To mitigate this issue, a minimum distance criterion between the
leaks is introduced.

Once the number of leaks is determined using the classification algorithm, the
corresponding leakage localization algorithm is applied to localize the leaks. The
localization approach for multiple leakages relies on minimizing combinations of flow
rates. Additionally, a method for enhancing the input feature set was introduced by
temporarily closing the vacuum port valve with the highest flow rate. This enhanced
feature set outperformed the standard feature set by leveraging additional information
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for improved predictions.
For complex layups with non-uniform permeability that are unknown to the user,

a novel method for training the physical parameters of the model was introduced.
This approach enables the system to infer permeability variations across different
regions using the available data. Remarkably, this method performs effectively even
with limited data. The physical parameter training algorithm provides a pathway to
achieving a more accurate and reliable model, which is essential for handling multiple
leakage scenarios.

Table 5.1 compared different algorithms and models and their ability to handle
different scenarios. Additionally, accuracy, generalizability, and training dataset size
for each of the models are compared. Models such as classification learner and physical
parameter training are required for handling some of the scenarios.

Table 5.1: Comparison of the developed model performance on different scenarios

Model Leakage Permeability Accuracy Gen Data size

Truth Table Single Uniform M VL H-VH

Regression Learner Single Uniform H M M

Single Non-uniform M L H

Single Uniform VH VH VL

PIGNN Single Non-uniform H M M

Multiple Uniform M-H L L-M

Physical Parameter Single Non-uniform VH VH L

Training Multiple Non-uniform H H L-M

Classification learner Multiple All H M Synthesized
Gen: Generalizability
VL: Very Low, L: Low, M: Medium, H: High, VH: Very High

The Truth Table model has been used as a baseline for comparison with the
developed models. The regression model is versatile and effective when sufficient
data is available for a specific layup. In such cases, a black-box model can be trained,
avoiding the limitations and potential errors associated with simulations. Figure 5.1
illustrates the average error of the regression model compared to the physical training
model for a non-uniform layup.

When data is limited, the physical training model outperforms the regression
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model, as it leverages additional information about the geometry and configuration
of vacuum ports and is initialized with physical knowledge. However, the performance
of the physically trained model is inherently capped, as achieving an ideal simulation
model is often infeasible. In contrast, the regression model has no theoretical per-
formance limit when sufficient data is available, allowing it to eventually surpass the
physical training model.

Despite these strengths, the regression model has notable limitations. It cannot
handle multiple leakage scenarios, even with ample data, and its generalizability is
inherently weaker compared to the PIGNN model.

Figure 5.1: Performance comparison of regression model and physical parameter
training based on training data availability

The qualities that truly illustrate the potential of this framework fall into three
main categories:

• Generalizability: Despite the experiments and training have been conducted
at a laboratory scale, the leakage prediction corresponds well with the exper-
imental results across all geometries tested. The statement is also valid when
dealing with layups with non-uniform permeabilities. Notably, the versatility
of the GNN framework allows its implementation across assemblies of various
sizes and shapes, as the network can be designed and customized to suit each
specific use case.

• Efficiency: There are a plethora of commercially available fluid flow analyti-
cal simulation software suites, but they are generally not well suited for data
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synthesis. The traditional numerical simulation methods are far too hardware
intensive to be of any value for the type of simulations required for data syn-
thesis. Instead of comprehensive flow simulations that would be required for
studying resin flow, the framework needed a simple, reliable, and reproducible
simulation method for computing flowrate values. Moreover, the proposed PI-
GNN network exhibits efficiency in terms of data requirements. It demonstrates
exceptional performance even when provided with a limited amount of data.

• Reliability: When comparing the outputs of the two systems, the error values
are typically less than 3%. This demonstrates a high level of correlation between
the experimental outputs and the results of the simulation. Thus, flowrate
values can be used interchangeably with the electrical current values for training
a machine learning agent. Additionally, the system excels in providing answers
along with their corresponding probabilities, ensuring a reliable mechanism for
avoiding incorrect outputs.

Hence, the output of the proposed framework has a satisfactory level of generaliz-
ability, efficiency, and reliability for future development of a data-dependent machine
learning-based leakage localization method for use in composite manufacturing when
dealing with real-size products with multiple leakages.

5.2 Contribution to knowledge
The main contributions to the knowledge could be categorized in four main aspects.

1. Introducing a reliable data synthesis tool

In previous studies, flow rate data from different locations were obtained ex-
perimentally and extended using symmetry. The newly proposed simulation
method, based on an electrical circuit analogy integrated with the physical
model, enables the rapid and efficient synthesis of large datasets. This method,
validated across diverse layups, serves as a viable alternative to the time-
consuming processes of conducting experiments, recording, and post-processing
data.

2. Addressing the problem for layups with non-uniform permeability
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Most previous studies focused on uniform, symmetrical, and regularly shaped
layup geometries due to the complexities introduced by elements with non-
uniform permeability. While this issue could theoretically be addressed through
experiments, such an approach lacks a generalizable solution. In our study, we
tackled various forms of non-linearity and non-uniform permeability within the
system, as well as non-symmetrical and irregular geometries. Furthermore, our
proposed framework for physical parameter training enables the model to learn
and adapt to non-uniform locations effectively.

3. Addressing the problem for multiple leakage scenarios

The possibility of multiple leakages on the layup has been acknowledged in
previous studies but has not been systematically addressed. In our research,
we have explored this problem by first classifying the number of leakages on
the layup. Subsequently, the system employs a tailored algorithm for precise
leakage localization. To enhance the accuracy of the approach, we have also
proposed and investigated the integration of additional input features, enabling
the model to better capture the complexities of multi-leakage scenarios. This
comprehensive framework offers a significant step forward in addressing multiple
leakage challenges in composite manufacturing setups.

4. Vacuum port optimal placement

Determining the optimal locations of vacuum ports on a layup is a problem
that has not been addressed in previous research. While several studies have
explored the placement and number of inlet ports, none have focused specifically
on vacuum ports. This question is particularly relevant for large-scale parts
manufactured using prepreg, where effective vacuum port placement is critical
for ensuring proper consolidation and minimizing defects.

In our study, we developed a generalizable solution for optimal vacuum port
placement, accommodating any number of ports on various layup geometries.
The primary objective was to achieve the most reliable leakage localization
while maintaining system efficiency. Given the high dimensionality and com-
plexity of this problem, we employed a hierarchical optimization approach to
systematically reduce the search space and identify the best configurations.
This methodology provides a robust framework for optimizing vacuum port
placement in practical manufacturing scenarios.
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5.3 Limitations of the study
Despite the contributions and innovations of this work, certain limitations remain.
Most of these stem from the constraints of the technology employed for leakage de-
tection and localization. Due to the inherent nature of the technology, pinpointing
the exact location of a leak is not feasible; instead, the system can only localize the
leakage. This limitation arises from the machine learning approach, as achieving high
accuracy while maintaining generalizability is challenging. Consequently, the results
are not entirely reliable, and errors may persist within the system. This unreliability
affects all stages, including single or double leakage localization, simulation methods,
and the classification of the number of leakages. While it may not be possible to
completely eliminate these errors, efforts have been made and can continue to be
made to minimize them.

The system also has limitations when detecting leaks in specific locations. For in-
stance, its reliability decreases for leaks near vacuum ports or close to the boundaries.
When leaks are extremely close to vacuum ports, the flow rate values may exceed the
sensor’s capacity. As the distance between the leak and the port decreases, modeling
2D viscous resistance with 1D resistors becomes more challenging. Consequently, a
finer mesh of electrical resistors is required to address this issue. Similar challenges
occur in regions near the boundaries, where accurate modeling becomes more difficult.

Various algorithms and methods, such as the electrical circuit analogy, GNN,
and physical parameter training, have been introduced to enhance generalizability
and reduce the amount of experimental data needed for training. However, when a
new layup is introduced, much of the process must be repeated from the beginning.
Although the framework is applicable to most layups, experimental data is still nec-
essary to build the model, meaning the system is not fully independent of data. New
simulations, data, and training are required for each new layup.

This research addresses the problem of leakage detection and localization for mul-
tiple leakages for the first time. However, it is based on the key assumption that two
leakages exist in the layup, both of roughly equal size. While the solutions remain
useful when one leakage is significantly larger than the other, they fall short when
the leakages are unequal and comparable in size. Our conclusion is that solving the
multiple leakage problem in its general form using the current method and technol-
ogy may not be feasible. To enhance the system’s analytical capabilities, additional
methods and technologies need to be integrated. The challenge of handling more than
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two leaks will be explored in future work.

5.4 Future work and recommendations
There are possible future improvements that are recommended in the following.

1. Even though multiple leakage scenarios were studied in this research, the results
and solutions are based on the assumption of having two leaks of the same size
on the layup. To enhance the generalizability of the findings, future studies
are recommended to address scenarios involving leaks of varying sizes and more
than two leaks on the layup. Furthermore, incorporating additional sensors or
devices for this purpose is also suggested.

2. The proposed method, based on flow rate measurement in evacuation lines,
can predict the approximate location of a leak but cannot pinpoint its exact
position. Addressing this limitation may require incorporating additional tech-
nologies, such as sensors with different detection mechanisms. For example,
while scanning the entire layup area with a thermo-camera may not be feasible,
using the camera to inspect a smaller, targeted region could help locate the
leak more precisely. Therefore, integrating complementary technologies with
the current method is recommended for future work to enhance leak detection
accuracy.

3. All subsystems of the existing framework, including the data synthesis tool,
system training, and prediction modules, have been thoroughly tested and vali-
dated in various real-world laboratory setups. This robust foundation positions
the system to potentially handle industrial-scale components. Additionally, the
number of vacuum channels can be increased to support larger-scale applica-
tions. A crucial future step is validating the system with large-scale components
to further enhance its reliability and applicability. A designed framework is also
required for technicians dealing with the industrial large-scale components.

4. The model’s accuracy and efficiency could be improved by incorporating addi-
tional dynamic components, such as inductors or capacitors, into the electrical
circuit. This approach would better emulate real-time data utilization, rather
than relying solely on averaged flow rates, thereby introducing more training
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features. However, due to the nature of the problem, improving accuracy can-
not rely solely on the current features, as adopting a more complex model with
additional parameters risks overfitting. Addressing this challenge may involve
exploring the inclusion of alternative features.

Additionally, investigating system features to enhance accuracy presents an av-
enue for further research. Another potential area of exploration is developing an
automatic mesh generator algorithm for regions requiring finer mesh resolution,
which could further improve system performance.

5. The data synthesis tool, based on the electrical circuit, is created by an expert
in the software. Currently, in the GNN design, users are required to manu-
ally input the layup size, geometry, and other settings. This process could be
automated by developing a system that generates simulations directly from an
image or a layup data sheet using image perception algorithms.
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