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Abstract

In the fourth industrial revolution context (Industry 4.0), The optimization of production
processes and quality assurance have become fundamental. This thesis explores the evo-
lution of automated optical inspection (AOI) methods for printed circuit board (PCB)
defect detection, which is of paramount importance in the electronics industry. First, this
work analyzes traditional automated optical inspection systems, examining the differences
between 2D and 3D acquisition technologies. Although these systems represent the estab-
lished industry standard, the analysis highlights the inherent limitations of approaches
based on rigid rules, which are often subject to high false positive rates and difficulties
in adapting to complex scenarios. To overcome these critical issues, the research shifts
towards the analysis of techniques based on artificial intelligence. First, Machine Learning
(ML) techniques are explored, comparing different algorithms and evaluating their advan-
tages and limitations in terms of accuracy and generalization capabilities. Finally, the
paper explores Deep Learning (DL) techniques, highlighting how neural networks have
revolutionized PCB inspection. Advanced techniques such as patch classification, seman-
tic segmentation and anomaly detection are analyzed, with particular emphasis on the
strategic role of dataset quality. In conclusion, the paper offers a critical overview of the
state of the art, highlighting how the transition from deterministic systems to data-driven
solutions is key to increasing production efficiency and drastically reducing the margin of
error in defect detection.

Keywords: PCB, Automated Optical Inspection (AOI), Industry 4.0, Machine Learning,
Deep Learning, Anomaly Detection.





Abstract in lingua italiana

Nel contesto della quarta rivoluzione industriale (Industria 4.0), l’ottimizzazione dei pro-
cessi produttivi e la garanzia della qualità sono diventati pilastri fondamentali. Questa
tesi esplora l’evoluzione dei metodi di ispezione automatica per il rilevamento di difetti
nei circuiti stampati (PCB), un componente critico per l’intera industria elettronica. Il
lavoro analizza inizialmente i sistemi di ispezione ottica automatizzata tradizionali, esam-
inando le differenze tra le tecnologie di acquisizione 2D e 3D. Sebbene tali sistemi rap-
presentino lo standard industriale consolidato, l’analisi evidenzia i limiti intrinseci degli
approcci basati su regole rigide, spesso soggetti a elevati tassi di falsi positivi e difficoltà
nell’adattarsi a scenari complessi. Per superare queste criticità, la ricerca si sposta verso
l’analisi di tecniche basate su intelligenza artificiale. Dapprima vengono esplorate tec-
niche di Machine Learning (ML), confrontando diversi algoritmi e valutandone vantaggi e
limiti in termini di accuratezza e capacità di generalizzazione. Infine, l’elaborato esplora
le frontiere del Deep Learning (DL), evidenziando come le reti neurali abbiano rivoluzion-
ato l’ispezione dei PCB. Vengono analizzate tecniche avanzate quali la classificazione di
patch, la segmentazione semantica e l’anomaly detection, ponendo particolare accento sul
ruolo strategico della qualità dei dataset. In conclusione, l’elaborato offre una panoram-
ica critica sullo stato dell’arte, evidenziando come la transizione da sistemi deterministici
a soluzioni data-driven rappresenti la chiave per incrementare l’efficienza produttiva e
ridurre drasticamente i margini di errore nella rilevazione dei difetti.

Parole chiave: PCB, Ispezione ottica automatizzata, industria 4.0, Machine Learning,
Deep Learning, Anomaly Detection.
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1| Introduction to image

inspection for fault detection

1.1. Industry 4.0

The manufacturing industry and process has been evolving since the 18th century with
the first industrial revolution. The second industrial revolution, driven by electrification
and mass production, and the third one, characterized by the advent of computers, the
internet and automation, carried this sector into the 2010s, when a new phase, the so-
called fourth industrial revolution, began [1].

Figure 1.1: Timeline of industrial revolutions [2].

The term ’Industry 4.0’ originated in Germany in 2011, with the label ’Industrie 4.0’,
within a project of the High-Tech Strategy as a policy initiative to accelerate manufac-
turing computerization and digitalization [3], representing, for the first time, a predicted
industrial revolution rather than an a-posteriori observed one [4]. This concept refers to
the "intelligent networking of machines and processes for industry with the help of infor-
mation and communication technology" [5] and is characterized by the advent and use
in the industry of technologies such as internet of things (IoT), virtual and augmented
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reality, cloud computing, big data analytics and, above all, artificial intelligence (AI) with
machine learning (ML) and deep larning (DL).

Figure 1.2: Main technologies of Industry 4.0 [2].

Liu et al. [6] analyzed the evolution of quality control, highlighting how it moved from
reactive inspections (Quality 1.0), to standards and quality assurance (2.0), Total Quality
Management (TQM, Quality 3.0) till Quality 4.0. At this stage, quality control becomes
digital, intelligent and predictive thanks to the integration with the already mentioned
characterizing technologies of Industry 4.0.

In this setting, among all other innovations, AI represents the key technology enabling ad-
vanced automation and autonomous real-time decisions, optimizing production, reducing
defects, and improving overall efficiency. Several fields have been influenced and improved
by its advent. In quality control, the integration of AI enables automatic in-line inspec-
tions with the ability to detect and classify defects in real time, increasing productivity
and efficiency compared to traditional systems. As highlighted by Sundaram and Zeid
[7], AI is increasingly employed in quality control for tasks such as visual inspection,
where deep learning models, such as Convolutional Neural Networks (CNNs), can achieve
near-perfect accuracy and outperform traditional inspection methods. In the design field,
generative design optimize materials and shapes, reducing costs and development times.
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It also contributes to sustainability by reducing energy consumption and production waste
and, as said, allowed to transform quality management from reactive to predictive and
data-driven [8].

Obviously, the industrial adoption of AI introduces additional challenges. Among the
most critical factors are the need for vast amounts of data and, even more importantly,
ensuring high data quality. This includes tasks such as accurate data annotation, thorough
data cleaning, safeguarding sensitive information and privacy, and ensuring the safety and
robustness of AI models [9].

1.2. Machine vision and image inspection for fault

detection

Machine vision (MV), a subfield of computer vision, is one of the fields which have been
highly impacted by the integration of AI in the industry [10]. Its primary goal is to
replicate the human sense of sight in machines through digital cameras, sensors and algo-
rithms and, by doing so, to enable machines to perceive and interpret their surroundings,
through the acquisition and automatic processing of images [11].

In Industry 4.0, machine vision plays a central role as an enabling technology, as it allows
for the automatic acquisition and interpretation of images to improve the efficiency, preci-
sion, and autonomy of industrial processes. Among the main industrial uses, summarized
in Figure 1.3 [12], the most relevant is quality control (29%), followed by process mon-
itoring (24%) and detection purposes (21%). These applications, which mainly concern
manufacturing and automotive industries, not only allow for the identification of defects
and anomalies in real time, but also enable the guidance of robots, inspection of surfaces,
reading of codes, and management of automatic product sorting [12].

As for fault and defect detection, Ren et al. [13] classify in three classes the main tasks
based on MV: classification, localization and segmentation. The first one refers to the
presence or absence of a defect in an image. The second one refers to the exact localization
of the defect in a given image, while segmentation can be used to retrieve important
information concerning the defect severity.

In this context, Automated Optical Inspection (AOI) represents the most mature ap-
plication of machine vision for quality control and defect detection in Industry 4.0. It
employs an hardware-software chain, described in detailed in chapter 2, which enables
non-destructive acquisition and automatic processing of images [8]. As shown in Fig-
ure 1.4 [12], AOI is deployed across many sectors: in automotive, for the automatic
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Figure 1.3: Use of Machine Vision in industry 4.0 [12].
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inspection of surface defects on car bodies (e.g., scratches and dents) [14]; in textiles,
where it replaces manual checks and detects defective weaves, pulled threads, and holes
directly at the loom, improving quality and throughput [15]; in the pharmaceutical indus-
try, to automate the quality control of tablets and blister packs and to identify damage,
color deviations, and other defects [16]; In the energy sector, to detect coating defects of
lithium-ion batteries electrodes [17] and to identify multiple defect types in photovoltaic
modules [18]; in display manufacturing (TFT-LCD), to rapidly find panel defects on the
line [19]; moreover, in glass containers, AOI checks chips in the mouth of glass bottles
and dimensional defects [20].

Figure 1.4: Application sectors of machine vision in industry 4.0 [12].

Among its great advantages, AOI addresses the well-known limits of manual visual checks.
Human inspectors are slow, their performance is variable, and accuracy declines on repet-
itive tasks. As it was already clear at the beginning of its development in the 1980s for
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Chin and Harlow [21], AOI offers the alternative: it eliminates human labor from routine
visual checks, provides speed and diagnostic capabilities, can operate in unfavorable en-
vironments, reduces the demand for highly skilled inspectors, enables statistical analysis
and record-keeping to support management decisions, and matches high-speed production
with high-speed inspection.

1.3. PCB defect detection

Among the fields in which AOI finds applications, one of the most important is represented
by the manufacturing and electronics industry and, in particular, by the defect detection
in Printed Circuit Board (PCB).

A PCB, Figure 1.5 [22], is a thin board that contains etched or printed conductive path-
ways. These pathways electrically connect various electronic components, such as tran-
sistors, resistors, and integrated circuits, which are soldered onto the board. The typical
structure (stack-up) consists of layers of copper separated by an insulating substrate
and covered with a protective solder mask, with silkscreen printing for text and refer-
ence symbols. There are single-sided, double-sided, and multilayer boards. The layers
are connected by vias (through-hole, blind, buried) and components are mounted using
through-hole technology (the pins pass through the board) or Surface Mount Technology
(SMT) [22].

Figure 1.5: PCB graphical representation [22].

PCB are the essential components in several electronic devices and, as a consequence,
detecting their defects is a capital task. Any non-detected faults can compromise their
functioning and cause the failure of entire electronic systems. Early detection of such
defects not only prevents catastrophic consequences, but also contributes to reducing
costs and increases product reliability [23].

The main PCB inspection techniques employed nowadays cover both superficial and hid-
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den defects. AOI is the key tool for detecting the first category of defects, while X-ray,
thermography and ultrasonic testing are employed to detect internal defects and other
problems not easily detectable with AOI. On the electrical front, ICT, flying-probe and
boundary-scan/JTAG are treated as high-coverage, low-time solutions for miniaturized
boards [23, 24].

This thesis focuses on AOI for PCB. First, chapter 2 deals both with traditional 2D AOI
systems, describing the hardware components, the key techniques and algorithms used
and the main detectable defects with such technologies, and with the more advanced 3D
AOI systems, highlighting the differences with traditional techniques and the limits that
made such an improvement necessary. Then, chapter 3 describes how machine learning
and deep learning have improved this field and the approaches based on those technologies.
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applied to PCB

In this section, it is presented the main technology employed to detect defects in PCB:
AOI. The different available systems and the phases of the process, with a particular
focus on how the images are acquired, are being carefully described. Lastly, they are
presented detection techniques and algorithms based on image processing and the main
defects detectable with these techniques.

2.1. AOI for PCB: an overview

The inspection process has existed since the beginning of industrial production and it
refers to the procedure of identifying defects of a product with respect to a certain model
or prototype [25]. This essential practice has evolved significantly over time and its au-
tomation is what we nowadays call AOI, a non-distructive quality assurance method rely-
ing on visual imaging techniques that is widely used in the electronics industry, especially
for PCBs inspection [26].

With the advent of new techniques and algorithms, machine learning and finally deep
learning, AOI systems have been significantly reshaped over time, but the core ideas and
principles, originating in the 1980s, are still valid. Among these are the main phases of this
process: image acquisition, image processing, and output [27]. While these stages have
been preserved, recent developments have refined them into a more structured workflow,
as described in [28], consisting of:

• Image acquisition: In this phase, high resolution images of the PCB under analysis
are captured. This topic will be discussed in much more detail in subsection 2.2.1.

• Image preprocessing: In this stage, images are enhanced, calibrated and trans-
formed, for example reducing noise and distortions, to allow faster processing.

• Image analysis and defect detection: The AOI system processes the images
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to discover potential defects in the PCB under inspection. Several techniques and
algorithms have been developed over time and will be examined in subsection 2.2.2.

• Decision making and classification: Potential PCB defects are classified accord-
ing to IPC-A-610 standard, the most widely adopted regulation in the electronics
industry, into three categories: acceptable condition, process indicator condition and
defect condition. Despite their extensive deployment, traditional AOI systems still
present notable limitations, discussed in section 3.1, leading to the continued need
for manual inspection and verification.

AOI systems can be classified into three main classes [28]:

• 2D AOI systems: They represent the most adopted and widely used category of
AOI systems. They rely on the acquisition of high-resolution bidimensional images,
typically using a single camera and a controlled illumination environment.

• 3D AOI systems: One of the primary problems of traditional 2D AOI systems
is their inability to acquire information related to the z-axis, thus making them
ineffective in detecting complex defects requiring volumetric analysis. This limita-
tion is overcome by 3D AOI systems employing the latest technology improvements
including data acquisition techniques using multiple cameras, laser triangulation or
structured light projection to capture height information. More about these two
classes of AOI systems is discussed in the following section 2.2 and section 2.3.

• AI-driven AOI systems: This class employs machine learning and deep learn-
ing techniques to enhance performance and overcome the limitations of traditional
optical inspection. A dedicated chapter 3 explores this category in detail.

2.2. Traditional 2D AOI systems

This section provides an analysis of the traditional 2D AOI systems with a focus on
the most important stages: image acquisition and traditional processing techniques and
algorithms. Lastly, it is presented a taxonomy of the main defects detectable with such
approaches.

2.2.1. Images and acquisition

The image acquisition process is the first and probably most important step in the defect
detection pipeline previously described, since the quality of the acquired images directly
and inevitably influences the subsequent stages.
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Traditional 2D AOI systems are based on a hardware configuration designed to capture
high-quality images for defect detection. At the core of this configuration are three essen-
tial elements: a camera for image acquisition, a lens and a dedicated illumination source
and scheme to provide controlled lighting conditions [29].

Camera

The industrial camera is the key hardware component of the configuration.

In traditional systems, it is typically a single unit operating in a top-view configuration,
placed at a 90° angle with respect to the PCB under inspection, employing Charge-Coupled
Device (CCD) or Complementary Metal–Oxide–Semiconductor (CMOS) as image sensor
[30].

In traditional PCB AOI systems, camera resolutions reported in the literature range from
XGA area-scan sensors (1024×768) to multi-megapixel area sensors (5 MP), and also
include line-scan sensors with several thousand pixels per line [31, 32]. However, that
does not correspond to the effective inspection precision.

As a matter of fact, beside the sensor resolution, it is also important to consider the
system resolution, which represents the minimum size of a defect or feature that the entire
acquisition system is able to distinguish. Among the other main factors that contribute
to this parameter, there is the working distance (WD), representing the distance between
the camera lens and the PCB, and the field of view (FOV), indicating the area of the
PCB that can be captured with a single image, which is in turn influenced by the sensor
size (SZ). A wide FOV increases coverage per shot but reduces the level of detail, whereas
a narrower FOV improves precision at the cost of requiring more acquisitions [33, 34]

Figure 2.1 [34] clearly visualizes the setup and parameters just described.

Lens

While the camera is the receptor of the image, in a machine vision system the lens acts
as the eye that produces such an image. The role of this component is similar to the
one the crystalline lens plays in the human eye: focus incoming light to produce a clear
image. An inappropriate lens choice can result in distortions, loss of detail, or insufficient
coverage, severely affecting the accuracy of defect detection [35].

The main parameter that defines the lens is the focal length (FL), which is defined as the
distance between the optical centre of a lens and the point where light rays converge to
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Figure 2.1: Fundamental Parameters of an Imaging System [34].



2| Automated optical inspection applied to PCB 13

form a sharp image. The FL [34] is defined as:

FL =
SZ × WD

FOV

Which highlights how, for a fixed sensor size, increasing the focal length reduces the FOV,
while decreasing the focal length expands the coverage at the cost of reduced detail.

Figure 2.2 [29] clearly shows what described.

Figure 2.2: Relation between focal length, field of view and working distance [29].

Illumination sources and scheme

The illumination sources and scheme, which refers to how they are organized with respect
to the object, play a crucial role in determining the quality of the captured image and,
hence, of the inspection process. The reason is that, although sensor and lens parameters
are fundamental, all camera sees is the light the PCB under inspection reflects. Therefore,
enhancing the contrast of the relevant features is essential. The main factors that influence
the choices concerning the illumination setup are the size and material of the object under
inspection, its geometry and the inspection environment [29, 36].

As for the illumination sources, nowadays the most widely adopted is light-emitting diodes
(LED) due to its versatility, lifespan and ease of integration. Beside that, various other
sources can and have been used in the past, such as fluorescent, fibre optic halogen,
incandescent and xenon lamps [33].

Illumination sources can have different physical shapes, each associated to different ap-
plications and illumination scheme. The main ones [36, 37] are:

• Ring light: Positioned around the lens, they provide a uniform illumination and
are usually adopted in the bright-field configuration.
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• Strip light: They are suited to illuminate wide areas and can be adopted both in
bright-field and dark-field configuration.

• Dome light: They generate omnidirectional diffused light, which is ideal to reduce
specular reflections from shiny surfaces. They are associated with diffuse lighting
schemes.

The second crucial factor is the illumination scheme, which defines how the illumination
source, the PCB and the camera are going to interact with each other. Zhou et al. [37]
report that the most adopted schemes are:

• Bright-field illumination: The light is directed towards the PCB with an angle
that allows most of the reflected light to enter the camera.

• Dark-field illumination: The light is directed towards the PCB with a low angle
and only some reflected light enters the camera.

• Backlight illumination: The source is placed behind the PCB.

• Coaxial illumination: The light is projected along the optical axis of the camera
through a semi-reflective mirror.

• Diffuse reflection illumination: Light gets diffused by a spherical surface before
hitting the PCB.

• Structured light illumination: It projects patterns on the object, allowing to
retrive 3D information. This is less common for traditional 2D AOI systems.

• Stroboscopic illumination: It involves emitting high-frequency light pulses onto
an object.

Figure 2.3 [37] clearly visualizes the different schemes.

2.2.2. Detection techniques and types of detectable defects

In classical literature, the detection techniques used in traditional 2D AOI systems are
divided into three main approaches: referential, non-referential and hybrid methods [38,
39]. Referential methods, also known as comparison-based, are based on the comparison
between the image of the PCB under inspection and a defect-free PCB image called golden
template. Non referential methods, also known as design-rule inspection methods, work
without using a reference image and directly verify the compliance of the PCB under
inspection to design specification standards. Hybrid methods try to combine these two
approaches.
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Figure 2.3: Different illumination schemes and their applications [37].
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Referential methods

As said before, referential methods, also called comparison-based, are based on the pixel
by pixel comparison against a golden sample, also called template image.

He et al. [40] describe the easiest implementation of this method, image subtraction, and
the two main ways in which it can be implemented:

• XOR operator: In this approach the images are converted to grayscale and then
binarized, which allows, after a precise alignment between them, the application of
the XOR operator to obtain a difference image which allows to find the defects.

• Direct subtraction: This method works by directly subtracting the pixel val-
ues of the two images, eliminating the need for any binarization step. Typically,
grayscale images are employed but RGB ones can be used as well to inspect the
color distributions in the difference image [41].

Despite being an effective method mainly due to its low computation cost, which is one
of the reasons it represents one of the main used methods, image subtraction has several
drawbacks. First, it works well when the inspected image is as identical as possible to
the golden template. Moreover, it can be used to inspect only PCB of the same type of
the template. Finally, it requires precise alignment, size matching and it is sensible to
noise and variation of the light conditions, which often require a preprocessing step like
Gaussian blurring which can increase the overall complexity.

The other main referential method described by He et al. [40] is template matching, which
evaluates the similarity between portions of the image and a golden template using metrics
like mean square error (MSE), Structural Similarity Index (SSIM) or Normalized Cross-
Correlation (NCC). The idea of this approach, which uses grayscale images to reduce
the computation overhead, is to let the template shift across the image to inspect and
compute, at each iteration, the similarity between the template and the corresponding
image region. When the template is expected to meet a specific feature of the PCB, the
similarity result should return a high value. When this value is below a threshold, it
means that a defect is present. Also this approach presents limitations, mainly being its
sensitivity to rotations, scale and illumination variations.

Beside the image comparison techniques just described, the other main branch of referen-
tial methods is represented by model-based inspection techniques, finding in the graph-
matching methods their main representative [38]. The core idea of these methods, which is
based on the geometrical and structural properties of the binary image and is implemented
with attributed graphs [42] and pattern attributed hypergraph [43], is to represent PCB
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layouts as sets of nodes and spatial relationships. The defects are exposed by comparing
the structure of the graph obtained by the PCB under inspection with the one taken as
reference [39].

Non-Referential methods

Non-referential methods base their detection on verification of PCB design rules without
direct comparison with a golden template. Different techniques have been proposed in the
literature. Morphological processing is one of the main non-referential approaches and it
is based on the iteration of the expansion-contraction process [39]. Ye e Danielsson [44]
proposed an algorithm belonging to this class called skeleton detection algorithm. The
core idea of this method is the following: if a trace has a width lower than a certain
threshold d, then it will disappear if a sequence of shrinking operation is applied to it.
More in detail:

1. A shrinking operation is applied to the binary PCB image (a) for d/2 iterations (b).

2. It is performed the Connectivity Preserving Shrinking (CPS) operation which, unlike
classic shrinking, does not eliminate those pixels that are essential for preserving
the continuity of a shape (c).

3. The two resulting images are compared using the AND logical operator. The emerg-
ing regions are the defect ones, because they are not respecting the minimum width
required.

Another approach belonging to the non-referential methods, extensively described by Mo-
ganti et al. [39], regards encoding techniques, which employ binary images to operate.
Among the two main encoding methods there are boundary analysis and run-length en-
coding.

The former is based on the simplified representation of traces borders in PCB, using
directional encodings such as the Freeman Chain Code, which describes borders using
sequences of oriented vectors. Once the boarder is encoded, the Euclidean distance and the
distance along the contour between pairs of points are compared: anomalous differences
indicate potential defects.

The latter analyses the continuous sequences of conductive pixels along the rows and
columns of the binary image. Histograms, which represent the frequency of the different
lengths of these sequences, called runs, are built for each direction. Very short runs
may indicate defects such as interruptions or abnormal narrowing of the tracks [45]. The
method thus allows verification of whether the width of the conductors meets the minimum
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Figure 2.4: Phases of the Skeleton Detection Algorithm [44].
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requirements by comparing the lengths of the runs with predefined thresholds.

Despite being effective methods for the detection of certain types of defects, mainly di-
mensional violations (like thin traces), the main drawback of non-referential methods is
that they can’t identify defects which are not violating PCB design rules [38, 39].

Hybrid methods

Hybrid methods are based on the idea of combining the referential approach, best suited
for certain classes of defects, such as missing components, with the non-referential one,
which mainly focuses on other categories of defects, such as traces width. By that, the lim-
its of classical referential and non-referential methods are overcome and a wider spectrum
of defects is identified [38, 39].

In this framework, Mandeville [46] proposed the generic method which combines the two
approaches by comparing not the whole images but a list of detected features on the PCB
board with a list of expected feature from the project [39]. This idea allows to overcome
a lot of false positive detected by the single approaches.

A second hybrid approach combines boundary analysis and ad-hoc measurements. First,
edges that might have defects are selected, and only on these are measurements of thick-
ness and spacing performed [39].

Indera Putera et al. [47] combined morphological processing (non-referential approach)
with image subtraction (referential approach) to detect 13 defects and also classify them
in 7 categories.

Detectable Defects

In AOI for PCB, defects are mainly divided into two categories: bare PCB (BPCB) and
assembled PCB (PCBA). The BPCB is the board made of insulation material with no
components, comprising only conductive tracks, microholes/pinholes, metallised holes and
solder pads. At this stage, topological, geometrical and process defects prevail. PCBA,
on the other hand, concerns the assembly stage, when the components are assembled and
soldered onto the board. At this stage, positioning and joining/soldering faults dominate
[48].

In Table 2.1, a taxonomy of the different defects and the techniques best suited to detect
them is presented.
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2D AOI Method Bare PCB /
PCBA

Main defects detectable Main refer-
ences

Referential methods Mainly Bare
PCB.

Missing tracks; missing ter-
mination; opens and shorts;
cuts; minimum width vi-
olations; pin holes; miss-
ing holes; wrong hole size;
misaligned hole; under/over
etch; mouse bites; spurs. In
addition, missing compo-
nents and misaligned parts
for PCBA.

[38–40]

Non-referential methods Bare PCB and
PCBA.

Opens/partial opens; mini-
mum trace spacing; scratches
and surface nonconformi-
ties; minimum land width
(MLW); minimum conduc-
tor spacing (MCS); mini-
mum conductor trace width
(MCTW); nicks and bumps;
angular errors; annular ring
violations. For PCBA: spu-
rious copper; solder paste
scooping; solder joint de-
fects; solder volume insuffi-
ciency/excess; tombstoning.

[38, 40, 49, 50]

Hybrid methods Both Bare
PCB and
PCBA.

Combine both strategies:
missing and extraneous fea-
tures; pads; trace-to-pad
connections; isolated blobs;
open circuits; excessive trace
width; cut solder joints; nar-
row traces; poor spacing.

[38, 39, 50]

Table 2.1: Main defects detectable with traditional 2D AOI techniques.

2.3. Advanced 3D AOI systems

As said in the previous sections, one of the primary problems of traditional 2D AOI
systems is their inability to acquire information related to the z-axis. In particular,
certain post-soldering anomalies, defects such as pins or components that are raised (lifted
leads/chips), or also particular solder joints defects, are difficult to detect with the simple
top view configuration employed in traditional 2D techniques [33].
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To overcome these problems, 3D AOI is being implemented in the industry, which em-
powers three-dimensional measurement to optical inspection.

Li et al. [51] classify 3D optical vision techniques in passive methods and active methods.
Passive methods do not project any addictive signal on the object but retrieve three-
dimensional information by analyzing ordinary images. A typical example is stereovision,
in which two or more cameras capture the PCB from different angles and, using image
matching algorithms, the 3D coordinates of the corresponding points are triangulated
[52].

On the other hand, active methods emit structured signals to facilitate 3D reconstruction.
This approach is way more employed in the industry because of the higher degree of
precision it can reach compared to the passive methods.

Among the active methods, one of the most important is the structured light method, in
which, as shown in Figure 2.5 [53], a projector sends known light patterns onto the object,
which, when deformed on the PCB, allow its topography to be calculated [54].

Figure 2.5: Structured light scheme representation [53].

Despite all the different patterns that have been discussed in the literature, fringe patterns,
which employ sinusoidal patterns, turned out to be among the most effective. Fringe
patterns used with the structured light method is called digital fringe projection (DFP)
[51]. In this system, better depicted in Figure 2.6 [55], vertical lines (fringes) are created
(left image) and projected on the object. Those fringes get deformed since they slide
over bumps and depressions in the surface (upper image) and the camera captures this
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deformed version (right image). A software, knowing the relative position between camera
and projector and where the fringes should have been, can elaborate the 3D map of the
object under inspection [51, 55].

Figure 2.6: Digital fringe projection system [55].

Another relevant active method is laser triangulation. In this technique, a thin laser
beam or line, generally placed perpendicular to the object under inspection as shown in
Figure 2.7 [56], is scanned across the PCB. The camera observes the deflected position of
the line and calculates the height point by point (optical triangulation principle) [51].

Lastly, one class of active methods employs controlled variations of illumination. For
example, Vitoriano and Amaral [57] describe a photometric system that reconstructs the
3D shape of the solder joints from 2D images acquired with multi-angle/colour LED ring,
which proves to be effective at assessing if the solder joint reaches at least 25% of the
component electrode height as requested from IPC-A-610, which 2D AOI systems can’t
verify.

3D AOI techniques have proved to be highly effective in detecting solder joint defects, as
well as inclined or lifted components and other issues that 2D AOI systems cannot reliably
identify. This technology is continuously evolving and, alongside X-ray inspection and
thermography used to detect internal defects [30], it represents one of the most promising
approaches in the field.

As discussed throughout the previous chapters, traditional AOI methods offer several key
advantages in industrial PCB quality control. They operate with high efficiency, deliv-



2| Automated optical inspection applied to PCB 23

Figure 2.7: Classical laser triangulation setup [56].
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ering rapid in-line inspection throughput while maintaining consistent, repeatable results
free from human variability. The architecture of classical AOI systems is inherently mod-
ular and scalable, allowing configurations to be adapted to different board types and
production speeds, a design that supports real-time inspection even in fast-paced, high-
volume manufacturing environments. Moreover, many fundamental AOI algorithms (e.g.,
simple image subtraction) are computationally lightweight, incurring very low processing
overhead and thus enabling defect detection with minimal hardware requirements. After
decades of development, AOI technology has matured into a reliable, widely adopted solu-
tion, with its core principles (originating in the 1980s) still valid and seamlessly integrated
into modern high-speed production lines. Each of these characteristics, efficiency, consis-
tency, modularity, low computational cost, and proven maturity, prove the suitability of
traditional AOI for real-time industrial inspection [58].
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for PCB defect detection

In the following chapters, different techniques with respect to traditional AOI systems are
being investigated. In particular, the focus will be on machine learning and deep learning
techniques and on both the advantages and disadvantages they bring with respect to the
techniques already explored.

3.1. Limitations of traditional AOI methods

Traditional 2D AOI systems, despite being extensively employed in the industry for defect
detection and quality inspection of PCB, present several limits and drawbacks which have
been widely discussed and faced in the industry.

The first and probably main limitation of this technology is the high false positive rate.
A false positive is a negative sample which is incorrectly classified as positive [59], which
means, in the quality inspection context under analysis, that a defect-free or compliant
PCB is classified as defective. As described in subsection 2.2.2, the most used detection
techniques belong to the referential methods. Among the downsides of this approach,
there’s the lack of flexibility: any unexpected variation, even if within acceptable toler-
ances, can lead to incorrect alerts. This rigidity, especially with the use of strict thresholds
to prevent errors, make inspection vulnerable to variations in lighting, shadows and slight
variations in placements, causing many compliant PCB to be labeled as defective [60, 61].
Comparison based techniques effectiveness critically depends on fine alignment indeed:
in its absence, subtraction and XOR operations highlight spurious differences that easily
result in false alarms [62], as shown in Figure 3.1.

Given the limitations just introduced, it’s clear that another important issue is that
traditional AOI systems can’t guarantee a fully autonomous inspection. It is essential a
manual revision of the defects found by the AOI systems in order to distinguish the real
defects and the false positives. Specialized operators must therefore visually verify the
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Figure 3.1: False positive example [63].

reported anomalies increasing the human workload despite the adoption of an automatic
system. This additional step not only slows down the production flow and partially
negates the benefits of automation, as the reliability of the final result still depends on
the judgment of a human inspector [60, 64], but it also introduces additional subjectivity
in the standards for judgment during the examination [65].

Lastly, as said in section 2.3, traditional 2D AOI systems present limitations also in
the spectrum of defects that they can recognize. To overcome this, in addition to the 3D
advancements already described, also machine learning and deep learning techniques have
been employed and integrated in this field and will be analyzed in the following chapters.

3.2. Machine learning based approaches

ML is a subfield of AI that focuses on enabling systems to learn from data and improve
their performance on specific tasks without being explicitly programmed [66]. Although
the terms AI, ML and DL are often used interchangeably, they represent different levels of
abstraction. In particular, ML and DL are subsets of AI. While AI refers to the broader
concept of machines being able to perform tasks that typically require human intelligence,
such as reasoning, problem-solving, and decision-making, ML concentrates on learning
from data. DL, in turn, is a specialized branch of ML that uses neural networks with
many layers to model complex patterns in large datasets [67].

In ML, the learning paradigms differ from each other mainly for the way the learning
dataset is built and, in particular, for the presence or absence of labels [68]. The classical
taxonomy identifies three broad categories: supervised learning, unsupervised learning,
and reinforcement learning [69]. In supervised learning, the algorithm is trained on la-
beled data, learning to make predictions based on the examples provided [70]. Typical
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Figure 3.2: AI, ML & DL [67].

applications include tasks such as classification, where each input is associated to one
class between two (binary classification) or many (multiclass classification) or to more
classes among the ones available (multilabel classification), and regression, where a real
and continuous value is predicted [71]. In unsupervised learning, the algorithm analyzes
unlabeled data to find intrinsic patterns and structures. Common approaches include
clustering, which groups similar items together [72]. Lastly, in reinforcement learning the
system learns through trial and error, receiving feedback in the form of rewards or punish-
ments for its actions. In the field of quality inspection and defect detection, the literature
emphasizes that supervised learning methods, which are going to be discussed later in
the chapter in details, are the most widely used, thanks to the frequent availability of
labeled data and their positive impact on quality control. In scenarios with limited data
or rare defects, unsupervised approaches and anomaly detection techniques are useful for
identifying deviations from normal operation. Reinforcement learning, on the other hand,
is still marginal in these contexts and is not a common choice [73].

3.3. Machine learning pipeline for PCB

As described in [74], a typical ML workflow generally includes several phases. First,
there is data collection and data cleaning, which is crucial to address typical issues in
real-world data such as incompleteness, noisiness, and inconsistency of data. Feature
engineering and selection generally follow since not every feature of the dataset may be
relevant for the specific use case. The next step concerns model training, which requires
the split of the dataset into training, validation and test set. The first two are used for the
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proper training phase, while the last one is used for the last stage of the process which is
the model evaluation. As for this last step, the traditional metrics employed to evaluate
a model are accuracy, precision, recall and F1-score, defined as follows [75]:

Precision =
TP

TP + FP
Accuracy =

TP + TN

TP + TN + FP + FN

Recall =
TP

TP + FN
F1 = 2

Precision · Recall
Precision + Recall

Where TP represent the true positives, TN the true negatives, FP the false positives and
FN the false negatives.

In the context of PCB inspection, the pipeline typically follows the general steps of the ma-
chine learning workflow adapted to the visual domain. The flow generally involves: image
acquisition, pre-processing, visual feature extraction, and defect classification/decision.

Figure 3.3: PCB defect detection workflow [76].

The starting point is the acquisition of high-resolution images of the PCB whose quality is
improved with pre-processing operations including noise filtering (e.g., median or Gaussian
filters) and binarization/thresholding to highlight the traces against the background [48].
The following phase, feature extraction, consists in extracting visual features from regions
of interest. The beginning of this step are raw pixels that are transformed into a smaller
set of descriptors that capture important information such as contours, textures, or shapes
present in the image. The goal is to represent the image with a vector of features that can
be understood by traditional ML algorithms while reducing noise and data dimensionality
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[77]. This process acts as a bridge between unstructured data (images) and the structured
inputs required by the models. Among two of the most famous and used feature extraction
techniques are Histogram of Oriented Gradients (HOG) and Local Binary Patterns (LBP).
HOG is used to detect shapes and objects and it operates by dividing an image into small
cells and counting the distribution of gradient directions (intensity variations) of the pixels
for each cell. The result is a histogram for each cell that describes how many edges there
are in each main direction. These histograms are then normalized and concatenated into
a final feature vector. In simple terms, HOG captures the shape of objects in the image
through the orientation of the contours [78, 79]. LBP is a simple method for extracting
local textures from an image. For each pixel, it looks at the intensity of the neighbouring
pixels and compares it to the value of the central pixel. An 8-bit binary code is constructed
indicating, for each neighbour, whether it is lighter (e.g., 1) or darker (0) than the central
pixel. Converting this code to decimal gives a “number” that represents the local texture
pattern around that pixel. Repeating the operation on all regions (cells) of an image and
making a histogram of these codes gives a feature vector that describes the texture of the
image. LBP is very fast to calculate and robust to changes in lighting because it is based
on relative comparisons between pixels (light/dark patterns) [80–82].

3.4. Employed machine learning techniques

One of the main ML algorithms employed for PCB defect detection is the support vector
machine (SVM). A SVM is a supervised ML algorithm that employs a line or, in general,
a hyperplane to separate, in principle, two classes, hence it is mainly used for classification
problems. The optimal line, or hyperplane, is the one that maximizes the margin, which
is the distance between the line, or hyperplane, itself and the support vectors, the extreme
points in the dataset, as shown in Figure 3.4. Once the optimal separator has been deter-
mined, classifying a new sample simply requires checking on which side of that separator
it lies [83, 84]. What if a dataset is not linearly separable in its original dimension? In
that case, as shown in Figure 3.5, it can be used a kernel function, which implicitly maps
the data from the original n-dimensional space into a higher-dimensional space, where
the classes may become separable [84].

In 2014, Hagi et al. [86] proposed an interesting work halfway between a referential
approach and a pure ML based one. The study shows how they started from a traditional
AOI paradigm based on image subtraction and then moved to automatic classification
using SVM to distinguish between real and false defects. In particular, the objective was
to distinguish between true defects, such as disconnection, connection, projection and
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Figure 3.4: Support vector machines [84]. Figure 3.5: Kernel function [85].

cracks, and false defects like oxidation and dust, which can easily generate false alarms
in traditional systems. The referential part of the pipeline, where the image of the PCB
under inspection is compared with a golden sample, is used to find and highlight areas
that might correspond to a defect. For each identified region, both color and shape
characteristics (such as area, perimeter, and roundness) are extracted. The classification
is dealt with using an ensemble of SVMs, each trained on balanced and random subsets
of the dataset, that are combined by weighted majority voting: if many SVMs agree that
an anomaly is a true defect, the final classification will follow this indication; Otherwise,
it will be labeled as a pseudo-defect. The weights serve to give greater importance to the
most reliable classifiers, improving the robustness of the overall system.

Figure 3.6: Ensemble SVM [86].

Tested on an industrial dataset with 634 defects, the proposed method achieves 93.45%
accuracy on color images, outperforming both a fixed threshold approach and a single
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SVM. Moreover, it reduces false negatives on true defects and introduces a more flexible
and adaptive classification thanks to machine learning.

Similarly to the approach proposed by Hagi et al. [86], Chen et al. [87] proposed a system
that uses the referential stage to detect where anomalies may be present, but relies on
SVM classifiers to decide whether they correspond to actual defects, such as open, short,
pinhole, under-etch, and mousebite. Compared to a traditional rule-based AOI method
based on XOR and handcrafted thresholds, this system achieves both higher accuracy and
significantly reduced processing time (124 ms vs. 530 ms), demonstrating the practical
advantages of this approach.

Another hybrid method combining a traditional referential stage—based on image sub-
traction and an SVM classifier for defect recognition was proposed by Zhang et al. [88].
After detecting candidate regions, a set of grayscale and geometric features is extracted
and used to train a single optimized SVM via grid search. The system reached 96.67% ac-
curacy on a test dataset of 60 images, confirming the effectiveness of integrating machine
learning in the decision stage.

Differently from the previous works that required a referential approach as first step, Wu et
al. [89] proposed a method entirely based on ML to classify solder joint defects, including
good solder, pseudo solder, solder insufficient, component shifted, wrong component and
tombstone. Solder joint images are acquired and, from each of them, simple features are
extracted and used to feed a two-stage classification pipeline. In the first stage, a Bayesian
classifier determines whether the joint is compliant; if it is not, a multi-class (one-vs-one)
SVM assigns it to one of the predefined defect classes.
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Model Dataset Main results References

Referential stage & En-
semble of SVM classi-
fiers

Industrial PCB
dataset: 634 defect
samples (203 true
defects: disconnection,
connection, projection,
crack; 431 pseudo
defects: oxidation,
dust) from color board
images

Achieves up to 93.45%
accuracy on color im-
ages, outperforming a
fixed-threshold referen-
tial method and a sin-
gle SVM, and reduc-
ing mis-classification of
true defect

[86]

Referential stage &
SVM classifier

Ad-hoc industrial PCB
dataset: 400 color im-
ages with five common
pattern defects (open,
short, pinhole, under-
etch, mousebite; 80 im-
ages per class) from
real or simulated faulty
boards, plus additional
boards with cosmetic
defects (skip plating,
copper exposure, oxi-
dation)

Achieves 100% detec-
tion rate for the five
pattern defects and
93% SVM classification
accuracy, while reduc-
ing total inspection
time to about 124 ms
per image (vs 530 ms
for a rule-based XOR
method)

[87]

Bayesian classifier &
SVM

Ad-hoc color solder
joint dataset: 280
chip components (type
0402) imaged with
RGB dome illumina-
tion and CCD color
camera; 6 classes (109
good, 48 pseudo, 30
insufficient, 44 shifted,
30 wrong component,
19 tombstone)

With seven selected
features, the two-stage
Bayes+SVM scheme
achieves 100% classi-
fication accuracy and
outperforms k-NN,
decision tree and BP
networks while using
fewer features and
shorter modeling time

[89]

Table 3.1: Summary of SVM approaches for PCB defect detection.
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Another supervised learning classifier discussed and used in the defect detection literature
is decision trees (DT). The name of this classifier comes from the tree structure repre-
senting a logical sequence of binary or multi-value decisions, constructed from input data
(features) to predict a target variable. The construction of the tree starts from the root
node which sets a first discriminating condition on the dataset. Each answer corresponds
to a branch that divides the data into subsets, giving rise to new decision nodes. This
process continues recursively until the leaf nodes, representing the final decisions, hence
the final class the sample under exam is assigned, are reached [90]. The main advantage
of this method is that it represents one of the most interpretable ML models, as shown
in Figure 3.7.

Figure 3.7: Decision tree [91].

In 2002, Jiang et al. [92] employed a DT to classify PCB golden finger defects, in particular
scuffing, blotted tin, exposed nickel and unplating. More in detail, it is described a logistic
regression tree (LRT) where each node in the tree does not perform a simple thresholding,
but applies logistic regression to separate classes based on linear combinations of RGB
values. The tree is built in a hierarchical manner and, at each step, the defects are
separated in pairs (e.g. scuffing vs others, then unplating vs. others ecc.) and the split
conditions that maximize the distinction between the groups are automatically learned.
This approach, which is entirely based on the raw RGB colours without the need to
extract complex features, achieved an accuracy of 89.83%, overcoming other supervised
ML models such as Bayes classifier.

Xi et al. [93] proposed a two-step classifier involving DT to classify solder joints, in
particular good solder (GS), missing (MS), shift (Sf), tombstone (TS), surplus solder
(SS), lack solder (LS) and pseudo joint (PJ), reported in Figure 3.9. Each acquired image
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Figure 3.8: Logistic regression tree [92].

Figure 3.9: Solder joint defects [93].
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is divided into sub-regions and, for each, a small but informative number of features is
extracted. Then, each sub-region is classified with an AdaBoost classifier that provides a
binary result, either "ok" or "ng". These local results are combined into a few patterns
(S1-S6) and represent the input for the final DT which provides the final classification. The
proposed classifier achieved a recognition rate of 97.2% which is a significant improvement
with respect to the 93.1% of traditional image comparison methods.

Figure 3.10: Decision tree classifier [93].

Despite all its advantages, a DT classifier also comes with downsides, the main one being
its tendency towards overfitting: the deeper the tree, the higher the chance it overfits. In
addition, it is a really unstable model, which means that little variations in the training
set can lead to very different trees.

To overcome these limitations, the random forest (RF) model has been conceived. RF
is an ensemble method which can be thought of as a forest of DT. The key idea is to fit
several DT classifiers on different sub-samples of the dataset and combine their output: a
majority vote among trees, for classification problems, or an average, for regression ones
[94], as shown in Figure 3.11.

Yuk et al. [96] proposed a method to detect scratches and improper etching that employs
the RF model. The starting point is the acquisition of the PCB image and, using the
Speeded Up Robust Features (SURF) algorithm, special points (corners, changes in bright-
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Figure 3.11: Random forest [95].

ness, distinctive points) are found. For each of those points, a descriptor is built, which
is a set of numbers that describes what happens around that point. These descriptors
represent the input vectors for the RF model. Each tree looks at various characteristics
of the point of interest and decides whether that point appears to be defective (part of
the scratch) or defect-free. Ultimately, the RF assigns each point a probability of being
a defect. After that, it is built a Weighted Kernel Density Estimation (WKDE) which
allows to see where clusters of points with high probability are located: a scratch, for
example, is likely to generate many “probably defective” points close to each other, and
this is useful since it allows noise to be separated from true defects: a single point with
a high probability, but isolated, may be an error or a false alarm. If, on the other hand,
many nearby points are labeled as defective, it is more likely to be a real defect.
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Model Dataset Main results References

Logistic regression tree
classifier

Ad-hoc color PCB
golden finger dataset:
4 defect types (scuffing,
blotted tin, exposed
nickel, unplating);
images acquired at
512×512 with a CCD
camera and LED
lighting; 2000 sampled
defect regions for train-
ing and 1200 defect
images (300 per class)
for testing

chieves 89.8% average
correct classification
rate, outperforming
Bayes, LDF, minimum
distance and K-NN,
while relying only on
RGB values without
complex feature ex-
traction

[92]

Sub-region classifica-
tion with AdaBoost,
followed by a deci-
sion tree for final
multi-class solder joint
diagnosis

Ad-hoc non-public
dataset built from
0402 chip solder joints
imaged with a CCD
camera under RGB
dome illumination;
color patches of size
42×118 px covering
7 classes (good, miss-
ing, shift, tombstone,
surplus, lack, pseudo
joints).

Cross-validation recog-
nition rate 97% (97.2%
online) versus 93.1%
for image comparison,
with competitive in-
spection time (8.6 ms),
showing a good ac-
curacy–speed trade-off
for industrial AOI.

[93]

SURF feature points
classified by a Random
Forest

Ad-hoc non-public set
of 10 high-resolution
color PCB images with
thin scratch faults
from a battery manu-
facturer;

Mean AUROC 0.91,
clearly better than RF
or KDE alone, and can
detect scratches with-
out any reference im-
age, robust to size,
rotation and position
changes

[96]

Table 3.2: Summary of DT & RF approaches for PCB defect detection.



38 3| Machine Learning techniques for PCB defect detection

Among the other traditional ML algorithms that can be used, we can cite k-nearest
neighbors (knn). Knn is a supervised learning classifier that uses proximity and the
concept of similarity to make classifications or predictions. The core idea to classify a
new sample is to select the k points in the training set that are “closest” to it and assign
the new sample the most frequent class among those of the k selected points [97].

Figure 3.12: Knn algorithm [30].

The key difference between this technique and the ones described previously is that knn
is part of the so-called lazy learning models, which means that there is actually no model
to train, such as a straight line in linear regression or a tree for decision trees. It only
stores a training dataset, and the model is the data themselves. This also means that
computation takes place entirely at the moment of classification or prediction [98]. Liu
et al [99] proposed an improved knn to detect solder joint defects. The system works
on images captured by an industrial camera: for each joint, a region of interest (ROI)
is extracted and geometric features such as area, circumference, roundness, and intensity
variance are calculated. Those features represent the input vector for the knn classifier
which, as described before, classify each joint based on the k closest examples in the
dataset. This method, used to address defects such as more solder, less solder, leakage
welding and connection welding, proved to be more efficient with respect to traditional
AOI systems. The results, obtained with 90 training solder joints and 209 testing solder
joints across the different categories, are reported in the Table 3.3 below.
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Detection method Type Precision rate

The improved knn method (k=3)

More solder 96.875%
Less solder 100%
Normal solder 99.286%
Comprehensive 99.043%

Knn method (k=3)

More solder 90.625%
Less solder 94.595%
Normal solder 97.857%
Comprehensive 96.172%

AOI system

More solder 93.75%
Less solder 94.595%
Normal solder 96.428%
Comprehensive 95.694%

Table 3.3: Comparison of precision rates by method [99].

3.5. Advantages and limits of machine learning tech-

niques

Based on the previous analyzed papers and beside the specific ML model employed, we
can highlight different common advantages of this approach. First, a benefit of this data-
driven approach is the reduction of false alarms [86]: models trained on real data are better
at distinguishing true defects from acceptable variations, resulting in lower false detection
rates compared to conventional optical inspections. In addition, the main advantage
is the possibility to overcome the performance of traditional 2D AOI systems. All the
analyzed works demonstrate not only high levels of accuracy, precision, and detection
rate on their own, but also a clear performance improvement when directly compared
with traditional AOI systems. A significant improvement in performance also concerns
the inspection time, which in most cases is noticeably shorter than that of traditional AOI
systems. This reduction in processing time has been clearly demonstrated, for instance,
by [87], where the proposed approach achieved faster inspections while maintaining high
levels of accuracy. Moreover, another key advantage is the absence of any requirement
for a golden sample or reference image during the inspection process. While a few of the
analyzed works [86–88] opted for a hybrid strategy, in which an initial referential step
is followed by a ML-based classification stage, the majority relied on a fully ML-driven
pipeline. In these cases, the defect detection and classification are carried out entirely
through learned models, eliminating the dependence on referential steps, hence avoiding
the constraints typically associated with template-based methods.
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Despite bringing many advantages, ML approaches also come with the general downsides
of ML techniques. First, the model’s performance depends heavily on the availability
of a large and representative training dataset: if defect data is scarce or unbalanced,
especially for rare anomalies, the classifier may struggle to recognize them reliably. In
other words, the system’s “knowledge” is linked to the defects seen during training [100].
Directly linked to that, the results of these techniques heavily depend on the quality
of the extracted features: classical (non–deep) ML pipelines typically require manually
defined descriptors (e.g., shape, color, histograms) to be provided to the classifier, and
performance may deteriorate if the selected characteristics do not effectively capture all
defects. Furthermore, some algorithms have inherent critical issues: for example, knn
is sensitive to noise and outliers, and the result may vary depending on the choice of
the optimal k hyperparameter [101]. Finally, even though some models (e.g., DT) are
easily interpretable, others often used in practice, such as SVMs or Random Forests, are
frequently regarded as black boxes, which can make it harder to explain a specific decision
after it is taken [102, 103].
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PCB defect detection

As already said in the previous chapter, DL is a specialized branch of ML that uses
neural networks (NN) with many layers to model complex patterns in large datasets. At
a high level, a NN is a human-brain-inspired computational model which is based on the
cooperation of neurons, also called perceptrons. Neurons are the fundamental and basic
processing units of NN and are arranged in layers (input layer, one or more hidden layers,
output layer) and linked by weighted connections, simply called weights, that are the
parameters whose values are adjusted during the training phase [104].

Figure 4.1: Neuron (up) and neural network (down) examples [105].

Being a direct subset of ML, DL can be employed to address both supervised tasks (e.g.,
classification, regression) and unsupervised ones (e.g., clustering or feature extraction)
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[106] and its models can be evaluated using many of the same metrics commonly adopted
in traditional ML, such as accuracy, precision, recall, and F1-score, beside additional
metrics (e.g. intersection-over-union in image segmentation tasks). The main difference
between ML and DL is that, in the former, the features to be used and learned by the
models must be manually defined based on the specific problem to solve, which requires a
significant effort in feature engineering, whereas in the latter, features are automatically
learned from data during training.

4.1. The dataset role and construction in deep learn-

ing pipelines

One of the main consequences of this distinction is that DL models typically require much
larger datasets than traditional ML approaches, as the automatic extraction of complex
features and patterns demands more data. Producing a high-quality dataset is a crucial
step to enable an efficient defect detection and it requires both gathering an important
amount of PCB images and labeling them accurately, indicating the presence of both the
different components and the localization of defects.

The first step in the dataset construction is represented by the gathering image step,
which can concern real data and artificially generated data. In the industrial setting,
images can directly be taken from AOI systems. For example, in a recent study 32,259
images have been taken from the quality management system of a PCB factory, using
high-resolution linear scanners integrated into AOI machines for the DsPCBSD+ dataset
[107].

Figure 4.2: Overview of the construction process for DsPCBSD+ [107].
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In the academic and research domain dedicated acquisition systems have been developed
as well. The SolDef_AI dataset, for example, has been built using an artificial vision
platform that captures each component from three angles (from above, at 45°, and axono-
metric view) under different lighting conditions, to ensure a complete view of the welded
joints [108]. Eventhough this acquisition process may appear easy to implement, it actu-
ally shows different limitations. First, defects are rare and acquiring thousand of images
of a certain defect can be difficult. In addition, companies are reluctant to share images of
their proprietary PCB designs. Given that, a lot of academic dataset are either created by
artificially inducing defects or employ extensively data augmentation, which refers to the
generation of different samples starting from the same image. For example, a single image
can be rotated and then cropped, providing two more and different images to the model.
This allows to only gather a relatively small number of images and rely on this technique
to complete the dataset. Example of that are the DeepPCB [109] and PKU-Market-PCB
datasets which comprise, respectively, 1,500 and 1,386 defect images covering missing
hole, mouse bite, open, short, spur, pinhole and spurious copper. In the first case, defects
have been artificially added to the defect-free samples resulting in images with 3 to 12
defects, while to the PKU-Market-PCB dataset an extensive data augmentation pipeline
has been applied and brought the dataset up to 10,668 images using geometric and image
transformations [107]. Also private datasets have been developed. Hu et al. [110] built
a dataset of originally 1,500 defect images, which then reached 12,000 samples thanks to
data augmentation, including, in addition to the just mentioned defects, also solder balls.
Liao et al. [111] developed a dataset including 19,029 defect images, 2,008 original and
the rest augmented ones, spanning different defects such as bumpy, clutter, scratch, line
repair damage, hole loss, or over oil-filling.

For a dataset to be truly useful for training DL models, it is essential that the annotations
are consistent with the type of task to be tackled. The construction of these datasets
involves careful labeling, which often turns into the bottleneck in AOI project because
transforming raw images into training data requires costly, human and prone to error
intervention. The literature shows mainly 4 labeling techniques: image-level, bounding
boxes, segmentation and keypoint annotation. The simplest labeling technique is the
image-level annotation, in which an image is simply assigned an OK/NG label, without
indicating where the defect is located. Obviously, labeling each image as defective or not
is quick but the clear limitation is the total absence of spatial localization of the defect
in the image, making this labeling technique only suitable for simple classification tasks
[112]. The bounding box (BBox) technique plans to enclose each defect in a rectangle
defined by coordinates, generally x,y,w,h. It is the most used labeling technique in PCB
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defect detection dataset for objection detection and it is supported by numerous studies,
for example the PCB-Defect dataset gathers 230 images with 1,704 defects annotated
with BBox and memorized in the COCO (Common Objects in Context) JSON format
with precise coordinates by category and location [113]. Figure 4.3 shows an example of
this labeling technique.

Figure 4.3: BBox labeling example [113].

Segmentation technique provides an exact outline of the defect in the form of a pixel
mask or polygon, offering greater granularity than BBoxes. For example, the MeiweiPCB
dataset [114] provide both bounding boxes and masks as shown in Figure 4.4. Mineo et
al. [115] built the PCB-SAID dataset with a two-stage labeling pipeline: first BBox for
localization and then polygonal masks for a more accurate outline.

Figure 4.4: Segmentation labeling example
[114].

Figure 4.5: Polygonal masks example [115].
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This approach makes it possible to obtain extremely accurate annotations, which are es-
sential for complex defects, but it requires much more time and expertise. The keypoint
labeling technique consists of marking specific coordinates (points) associated to defects
or components instead of identifying the whole area, which can be way faster and signif-
icantly reduces the effort of manual labeling. With respect to the previously mentioned
techniques, it is less employed but it still find place, for example Chung et al. [116] pro-
pose a keypoint-based inspection system: each component is supervised via a keypoint in
its centroid and an estimate of its size (width/height), avoiding the use of anchor boxes
and allowing the position and size of the component to be derived.

Figure 4.6: Keypoint labeling example [116].

4.2. Image and patch classification

Convolutional neural networks (CNN) are NN specifically developed to deal with images
as input and to solve tasks such as image classification, semantic segmentation, object
localization and detection, facial recognition, image generation and others. A CNN for
classification is composed of two main parts [117, 118]:

• Feature extraction network (FEN): It represents the first part of the architecture
and it is responsible for taking the image as input, extracting the key features,
through the convolution operation between the filters, also called kernels, and the
pixels in the image, and producing the latent representation vector. It is also called
convolutional block;

• Classifier NN: It takes as input the latent representation vector produced by the
FEN and perform the classification.
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Figure 4.7: CNN architecture [119].

Given the fact that they were designed to deal with images, CNN and derived architec-
tures represent the main tool used in deep learning approaches for PCB defect detection.
In the PCB Welding Defects data pipeline by Martiri et al. [120], a classical CNN plays
a central role in classifying defects using images of individual PCB components that have
been pre-localized via an automated inspection pipeline. The authors leverage AOI out-
put images (each containing multiple components) together with AOI result logs (CSV)
and PCB design diagrams (PDF) to define precise bounding boxes for each component,
extracting standardized single-component images with normalized lighting to reduce il-
lumination variability. The CNN architecture itself is relatively compact: it consists of
three sequential convolutional blocks (each convolution layer followed by max-pooling)
for feature extraction, and two dense (fully-connected) layers for the classification output.
This network is employed for both binary classification (PASS vs. FAIL for a component)
and multi-class classification, identifying the specific defect type when a fault is present.
In the multi-class mode the final layer was adjusted to output 13 classes (12 defect cat-
egories plus one non-defective class) to cover all defect types in the dataset. Notably,
although a classical RF was also implemented for comparison, the CNN demonstrated
superior robustness on noisy or degraded images. For example, under significant bright-
ness variation (when test images alone had altered brightness), the CNN maintained high
accuracy (83% vs. 70% for the RF).

Even if classical CNN, as just described, can be employed to perform classification tasks,



4| Deep Learning techniques for PCB defect detection 47

the current literature shows how two main classes of algorithms and architectures emerged
within the scope of PCB defect detection and classification: two-stage algorithms and
single-stage algorithms.

Figure 4.8: Two-stage vs one-stage architecture [37].

Two-stage algorithms divide the process into two sequential steps:

• A network identifies probable regions of interest (region proposals) containing pos-
sible defects;

• A classifier (often a CNN model) analyzes each cropped region to confirm the pres-
ence of the defect and determine its class.

Classic examples of this paradigm are the Region-CNN (R-CNN), Fast R-CNN and Faster
R-CNN, which introduces an integrated Region Proposal Network to generate proposals
in a learnable way. This two-stage strategy tends to be very accurate at locating minute
defects and distinguishing subtly different classes because the proposal stage can focus
on local details and small objects, but it involves greater computational complexity and
latency, making them difficult to operate in real time [121].

Beside two-stage detectors, they also emerged, and established as state of the art, one-
stage detectors that perform both localization and classification of defects in a single pass.
The progenitor of this family is the You Only Look Once (YOLO) architecture which is
based on the idea of reformulating detection as a direct regression problem: given the
entire image, the network simultaneously predicts the coordinates of the bounding boxes
and the categories of objects (defects) present, without an explicit region proposal phase.
This makes the process extremely fast and suitable for real-time applications. In PCB
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contexts, YOLO methods have been rapidly adopted because they allow optical inspec-
tion to be performed in-line during production at very high speeds. The main advantage
of one-stage approaches is therefore efficiency: the simplified pipeline avoids redundancies
and can be optimized for dedicated hardware. In addition, many recent one-stage models
are lightweight (low complexity) and well suited for deployment on embedded and edge
systems directly on the production line. Compared to Faster R-CNN, a YOLO model typ-
ically takes up less memory and performs fewer calculations per image, while maintaining
good accuracy [122, 123]. Indeed, a recent comparative study [124] on PCB inspection ex-
plicitly benchmarks Faster R-CNN against modern YOLO detectors for PCB component
localization and classification, showing that two-stage approaches can be penalized in this
domain by both accuracy and speed constraints. In that work, Faster R-CNN variants
are evaluated together with YOLOv8 and YOLO11 on structured PCB datasets, and the
authors report that one-stage detectors consistently provide a better trade-off between
detection performance and inference time for high-throughput AOI settings. Beyond
confirming the advantage of one-stage detectors, Martiri et al. [124] provide a concrete
example of how recent YOLO versions can be tailored to PCB inspection requirements.
Their best-performing configuration is a YOLO11 medium model equipped with Oriented
Bounding Boxes (OBB), which is explicitly motivated by the presence of non-axis-aligned
components and rotated board regions in real acquisition setups. Under a multi-class
setting (seven component types plus a dedicated MISS class for missing components), the
YOLO11m-OBB variant achieves up to 99.0% mAP@50 and 97.1% F1-score for multi-
class detection, and 98.8% F1-score specifically for missing component identification. The
same study also evaluates resilience to degraded images by varying brightness and intro-
ducing blur. Results indicate that the selected YOLO11m-OBB model remains stable
across broad luminance and focus variations, with sharp performance drops only under
extreme degradation—supporting its suitability for less controlled acquisition conditions.

In this technology advancement, a key turning point was the evolution from YOLOv5 to
YOLOv8, which brought significant benefits to PCB inspection. Indeed, YOLOv5 (2020-
2022) was based on predefined anchor boxes and showed limitations in detecting very
small objects (minute defects) due to the difficult calibration of anchors. YOLOv8 (2023)
has solved many structural limitations. The key difference is an anchor-free architecture:
the model directly predicts the normalized coordinates of the boxes from the feature map
points. This eliminates the need to manually design and calibrate anchors and improves
generalization on datasets with very different shape statistics, which, in the context of
PCBs, is advantageous because defects have highly variable shapes and aspect ratios (e.g.,
a long, thin scratch vs. a circular missing hole) [125, 126]. In addition, two strategies
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that have emerged in the literature are the use of lightweight backbones and efficient
convolution operators:

• Ghost convolutions: This convolution module is based on the observation that many
feature maps in CNNs are redundant and it generates part of the feature maps
with normal conv2D and the rest through simple linear transformations on the
first maps. By integrating GhostConv modules into YOLO (e.g., in variants called
Ghost-YOLOv8), a 50% reduction in parameters and FLOPs was achieved com-
pared to standard convs, without significantly degrading the accuracy in extracting
relevant PCB defect features [125, 127]. Similarly, Ji et al. [128] built a light version
of YOLOv8 called G-YOLOv8, where standard convolutions are replaced by Ghost-
Conv blocks. On the DeepPCB and PKU PCB datasets it runs at about 125 FPS
and even slightly improves MAP compared to the original YOLOv8, showing that
it is possible to push real-time speed very high without losing detection accuracy.

• Backbone MobileNet: Other studies have replaced YOLO’s backbone with lightweight
architectures such as MobileNetV3. For example, Wu et al. [129] created a YOLOv4-
MobileNet hybrid that reduced the model weight improving MAP and inference
speed [125].

Other important innovations that brought the YOLO architecture to be the state of art
concern new attention mechanisms:

• Convolutional Block Attention Module (CBAM): This module applies channel atten-
tion and spatial attention in sequence. Channel attention teaches the network what
to look at, identifying which feature maps contain useful information (e.g., those
highlighting contrast differences in copper or anomalous edges). Spatial attention,
on the other hand, indicates where to look, emphasizing regions in the image where
a defect is likely to be present. Integrating CBAM into YOLO’s downsampling
blocks has shown benefits in keeping track of small defects [125];

• Simple Attention Module (SimAM): It is a more recent attention mechanism, note-
worthy because it does not introduce additional parameters. It exploits an energy
theory of neurons: adjacent pixels with similar values receive higher weights (as-
suming they belong to the same structure), while isolated or anomalous ones are
attenuated. Although simple, SimAM improves the network’s ability to distinguish
defects from complex backgrounds [130]. For example, Zhang et al. [131] proposed
LPCB-YOLO, a lightweight version of YOLOv8 designed for PCBs which employs
GhostConv together with self-similarity weights inspired by SimAM. In practice,
the model, which is actually smaller than YOLOv8, learns to give more importance
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to small, truly informative regions and to better ignore the background without in-
creasing the model size. Tests on the industrial HDPCB dataset and on the public
DeepPCB dataset show that LPCB-YOLO maintains (or slightly improves) preci-
sion and recall compared to YOLOv8, while requiring fewer parameters and fewer
computations, which is useful for detecting subtle defects even on resource-limited
hardware.

4.3. Semantic segmentation for PCB inspection

Unlike the classical image classification task where a label is assigned to the whole image,
in a semantic segmentation task, a label is assigned to each pixel of an image, increasing
the granularity of the inspection. In this field, the U-Net architecture, and its derivations,
still represents the state of the art and it consists of two main parts: an encoder and a
decoder. The first downsamples the image through a series of convolutional layers like
in a classical CNN, while the second builds back the image features using deconvolutions
[132].

Among the first attempts to introduce semantic segmentation into PCB defect detec-
tion, they can be highlighted hybrid models that combined deep learning and referential
techniques. A representative example is the one carried out by Ling et al. [133] that
proposed a Deep Siamese Semantic Segmentation Network for the detection of soldering
defects, including missing solder, missing part, solder short, overturned direction and sol-
der ball. The proposed network takes two images as input, the one being examined and
the reference image, and uses a Siamese architecture to calculate the semantic differences,
highlighting the defective regions through a subsequent pixel-level segmentation phase
as visible, for example, in Figure 4.9 which shows, from left to right, input image to be
checked, template image, ground-truth mask and the detection mask.

As already seen with ML techniques, research has gradually moved from hybrid methods
towards end-to-end networks capable of operating on a single input image, without any
reference image. Li et al. [134] proposed a method based on an improved U-Net, in
which the classic VGG16 encoder is enhanced with a Dynamic Hybrid Attention Module
to handle background noise, which improved accuracy and mean intersection over union
with real-time processing at approximately 30 fps.

A pivotal work for the development of semantic segmentation in the PCB context is
represented by the one published in 2024 by Li et al. [135] in which defects such as solder
bridge, open connections, pin holes, pin missing and component missing are investigated.
The method employes semantic segmentation with rule-based analysis based on the PCB
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Figure 4.9: Detection results [133].

design diagram. In practice, as shown in Figure 4.10, the system uses a lightweight
segmentation neural network to label each pixel in the board image as belonging to certain
categories. This step generates a segmentation map of the entire board, highlighting
in different colors the regions corresponding to components. The system compares the
obtained feature map with an ideal map generated by the CAD design of the circuit. The
two images are aligned using reference points and analyzed with a rule-based algorithm,
which checks where elements are missing or where anomalies appear.

Figure 4.10: Adopted method in [135].

Among the novelties of the adopted approach described in the paper [135], one of the
key points consists in the intention to implement this solution on lightweight computing
devices (Edge Intelligent System) rather than industrial PCs. To make that possible, dif-
ferent improvements have been introduced, including group convolution and quantization.
Compared to conventional image comparison-based inspection algorithm, such as XOR
method on a “golden template” image, the experimental results, collected on real produc-
tion lines with boards containing known defects, show very significant improvements over
traditional AOI methods:

• Accuracy and missed defects: The new method achieves virtually 100% detection of
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known defects. The Missing Detection Rate (MDR) has gone from 0.5% with the
traditional system to 0% (no known defects escaped detection).

• False alarms: The percentage of false positives has fallen dramatically, from around
5% to around 0.04%. In practice, the old system generated several false alarms,
which the human operator then had to check. The new approach reduces false
alarms by two orders of magnitude, bringing the maximum number of false defects
per board from 10 to 2.

• Inspection speed and throughput: The processing time per card, including image
acquisition and inference, has been reduced from approximately 20 seconds to 6
seconds per PCB. This improvement makes the system widely compatible with
industrial production rates. Thanks to improved speed and automation, AOI line
productivity increases more than three times. In the case tested, the number of
boards inspected per hour increased from around 180 using the traditional method
to around 600 using the new system.
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Model & References Dataset Main results

G-YOLOv8 [128] DeepPCB dataset and the

open PKU PCB defect

dataset, both made of color

PCB images with labeled

bounding boxes for six com-

mon defects (missing hole,

mouse bite, open, short, spur,

spurious copper)

G-YOLOv8 reaches about

125 FPS and slightly im-

proves MAP over the baseline

YOLOv8 while using fewer

FLOPs, showing that real-

time detection of tiny PCB

defects is possible without

sacrificing accuracy

LPCB-YOLO [131] Open PKU PCB and Deep-

PCB datasets: PCB im-

ages/image pairs with six

common defect types (missing

hole, mouse bite, open, short,

spur, extra copper), all with

bounding-box annotations

On PKU PCB it reaches around

97% precision, 98% recall and

98.4% mAP with fewer pa-

rameters and GFLOPs than

YOLOv8s; on DeepPCB it keeps

accuracy close to YOLOv8 while

being smaller and faster, offer-

ing a good real-time trade-off for

tiny PCB defects

Deep Siamese semantic seg-
mentation network [133]

Public PCB welding defect

dataset: 340 registered color

image pairs (1280×1024) of

OK vs NG boards from an in-

dustrial line, with 5 annotated

welding defect types (miss-

ing solder/component, short,

overturned, solder ball)

Outperforms classic and

modern segmentation models

on weld defects, detecting

tiny flaws and staying robust

with limited data and bright-

ness/noise changes

Lightweight U-Net-like seg-
mentation plus rule-based
solder defect logic [135]

Ad-hoc industrial RGB

PCBA dataset: 980 images

(2448×2048) with five solder-

related defect types

Deployed on a low-power ARM-

based edge AI chip, cuts infer-

ence from 20s to 6s per im-

age and power from 200 W to

14 W, while sharply reducing

missed defects and false alarms

and raising line throughput to

600 PCBAs/h

Table 4.1: Summary of image classification and semantic segmentation models for PCB
defect detection.
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4.4. Reconstruction and anomaly detection for PCB

inspection

Anomaly detection refers to the set of techniques employed to find data or events that
behave or appear differently from the majority of data, which means to find exceptions
or, indeed, anomalies [136]. An autoencoder is a type of neural network used to learn a
compact representation of data, that is, to compress information, with an encoder, and
then reconstruct it with a decoder. The goal during training is to minimize the difference
between input and output so, in other terms, to have a reconstruction as faithful as
possible [137]. Autoencoders can be used to perform anomaly detection by being trained
on correct data without anomalies. When the network is fed with new data, it attempts
to reconstruct it. If the new data lacks anomalies, the reconstruction error will be low. If,
on the other hand, the data is significantly different from the data without anomalies the
network was trained on, the autoencoder will make a relatively high reconstruction error.
Autoencoders are particularly flexible models because their basic goal, reconstructing
an input, lends itself to different training schemes. In their most classic form, they are
trained in an unsupervised manner: the network is fed with an image as input and is
asked to reconstruct the same image without the need for external labels. In anomaly
detection applications, for example on PCBs, it is common to train the autoencoder only
on defect-free images and, during testing, parts that it cannot reconstruct are interpreted
as defects. But autoencoders can also be trained in a supervised/self-supervised manner
for denoising, providing a degraded version of the image with noise or synthetic defects
as input and using the corresponding clean version as the target. In this case, the model
explicitly learns to “clean” the input, and the loss is defined between the output and the
uncorrupted reference image.

A significant contribution concerning the employment of autoencoders has been made in
2023 by De Oliveira et al. [138] that studied the problem of tampered assembled PCBs
(addition/removal of components) in uncontrolled scenarios, for example illegally modified
gas pump cards for fraud. In such cases, photographs may have varying perspectives and
lighting, making direct comparison with a reference image difficult. The authors propose
tackling the task as one-class anomaly detection, training a deep convolutional autoen-
coder only on images of the original intact card, without the need to collect examples of
all possible fraudulent modifications, which represents one of the key advantages of the
autoencoder approach.

From an application perspective, this work highlights how autoencoders can be adapted
to challenging industrial and on-site scenarios. The system is flexible enough to operate in
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Figure 4.11: Autoencoder employment example for anomaly detection [138].

the field without a fixed camera or specialized lighting, and could assist human inspectors
in detecting suspicious changes where manual visual comparison would be slow and prone
to error.

Another relevant approach that employs autoencoders, and in particular variational au-
toencoders, in an unsupervised manner is the one proposed by Ulger et al. [139]. Using
an ad-hoc dataset, the authors propose a β-VAE system for inspecting solder joints on
assembled PCBs that overcomes many traditional constraints, highlighting the advan-
tage of this approach. Indeed, it requires no special lighting, no golden reference images,
and no large collections of labeled defects. The model is trained only on correct solder
joints under uncontrolled acquisition conditions. During detection, any abnormal joint
will produce a latent code that does not fall within the expected distribution, signaling
the presence of a defect without first needing to see that type of defect. Experiments
have shown that β-VAE detects defects with high accuracy despite being trained only on
normal samples, and does so without requiring specific hardware or feature engineering
for acquisition. This is a remarkable result because it means, for example, that in a real-
world setting, the system can be installed on an existing line and still detect defective
welds, overcoming the limitations of manual visual inspection or methods that require
expensive custom equipment.

An example of an enchanced autoencoder trained in a supervised manner instead is the
one proposed in 2021 by Kim et al. [140] that proposed a convolutional autoencoder
with skip connections, similar to those of U-Net, to avoid the loss of fine details typical
of deep autoencoders and improve the inspection of defects in PCBs. The model is
trained on pairs of defective patches and golden patches, learning to reconstruct the
perfect version of the card and highlighting the defect in the difference image. Thanks
to skip connections, accuracy increases from 95% to 98%, with TPR rising from 91%
to over 97% while maintaining high specificity and precision, meaning more defects are
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found without increasing false alarms. In addition, the architecture is lightweight (26.8
BFLOPs per image) and faster than YOLOv4, making it suitable for real-time use on
production lines.

In addition to traditional autoencoders, another possibility to perform anomaly detection
on PCBs concerns the use of generative adversarial networks (GAN). In 2021 Bougaham
et al. [141] proposed a GAN-based system for whole images of automotive PCBA, in
a real industrial context where the traditional referential methods with a golden image
produced many false alarms due to small tolerable visual variations (reflections, slight
printing differences, etc.). The GAN is trained in one-class mode, using only about 360
images of defect-free boards, so that the generator learns to reproduce only the “normal
case” without the need for defective samples or detailed labels. In practical terms, the
approach translates into a reduction of over 70% in manual inspection time per card (from
8s to approximately 2.24 s), even when working with a highly unbalanced dataset and
very few defective images (18 anomalies out of 68 test images). The work therefore shows
how a one-class GAN approach, integrated as an AOI post-filter module, can increase the
robustness of quality control: it filters out many false alarms due to harmless variability,
reports only truly suspicious anomalies to operators, and requires neither special hardware
nor a massive campaign of defect collection and annotation.

The discussed works, summarized in Table 4.2, clearly show the relevance of this DL
architecture thanks to the academic and industrial advantages they offer. Indeed, not
only they provide an increase in performance compared to traditional techniques, but
also allow the possibility to perform defect-detection without the actual need of images
with defects.
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Model Dataset Main results References

Autoencoder MPI-PCB (public): 1742
high-resolution color im-
ages (4096×2816) of one
unmodified gas-pump
PCB under varying illu-
mination/perspective +
55 modified images with
pixel-wise mask

Achieves state of the
art anomaly segmenta-
tion on assembled PCBs,
with accurate localiza-
tion of tampered compo-
nents and fewer false pos-
itives than existing one-
class methods. No need
to collect examples of all
possible fraudulent mod-
ifications

[138]

Variational autoencoder Ad-hoc private dataset of
color solder joints (IC
and non-IC): 2513 nor-
mal training samples, 567
normal validation sam-
ples, 150 test samples
(66 abnormal, 84 nor-
mal); joints cropped and
resized to 64×64

Detects solder joint
anomalies with high F1
(0.81) using only normal
samples; no special light-
ing, handcrafted features
or golden reference board
required, and a single
model handles both IC
and non-IC joints

[139]

Skip-connected convolu-
tional autoencoder

Public Huang & Wei
PCB defect dataset: 693
high-resolution PCB im-
ages (10 boards, 6 syn-
thetic defect types);

98% accuracy (TPR
>97%) without increas-
ing false alarms, in a
lightweight 26.8 BFLOPs
architecture faster than
YOLOv4, suitable for
real-time inline inspec-
tion

[140]

Wasserstein GAN Proprietary, 428 (410
normal and 18 abnormal)
high-resolution grayscale
images (4500×4340)
images

Reduced manual inspec-
tion time by > 70% (8s
→ 2.24 s per board)
on a highly unbalanced
dataset, by using a
one-class GAN as an
AOI post-filter that
suppresses many false
alarms. Requires no
special hardware or large
defect datasets

[141]

Table 4.2: Summary of autoencoder models for PCB defect detection.
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4.5. Advantages and limits of deep learning techniques

The adoption of deep learning techniques in automatic PCB inspection has marked a clear
advance over traditional AOI pipelines and methods based on hand-crafted features. A key
benefit is that through deep learning it is possible to learn discriminative representations
directly from image data, reducing the need for manual feature design and rigid rule
tuning (e.g., thresholds or golden-template comparisons). In practice, this end-to-end
learning tends to make models more robust to the variability typical of real production,
such as changes in lighting, background texture, camera settings, and the diverse visual
appearance of defects, where classical approaches often degrade.

Deep learning also enables multiple degrees of inspection within a unified, data-driven
framework: it can be configured for fast image-level OK/NG classification, for object
detection with bounding boxes to localize and categorize multiple defects on the same
board, or for pixel-level semantic segmentation to precisely delineate defect regions and
support quantitative measurements. Compared to traditional AOI, which typically relies
on task-specific rules (e.g., thresholds, template matching) and often requires re-tuning
when layouts or imaging conditions change, deep models can generalize better across
variability and scale more naturally to multi-class, irregular defect patterns. However,
these advantages come with well-known constraints: training usually requires large, high-
quality annotated datasets (often difficult because many defects are rare and imbalanced),
significant computational resources, and careful validation to ensure generalization when
layouts, cameras, or illumination change. Moreover, deep models can be hard to interpret,
behaving like black boxes unless complemented by explainability tools and systematic
monitoring. Despite these limitations, deep learning is now widely considered the state
of the art for PCB defect inspection and provides a strong basis for future developments
such as semi/self-supervised learning to reduce labeling effort, synthetic data to enrich
rare defect classes, and lightweight architectures for reliable deployment on edge devices.
[131, 142].
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5| Conclusions

The main objective of this thesis was to compare traditional AOI approaches with those
based on artificial intelligence, both machine learning and deep learning, for PCB defect
detection. This work highlighted differences, summarized in Table 5.1, between the dif-
ferent approaches. Traditional AOI systems are based on deterministic algorithms (rule
based and template matching) with the main downsides of having low adaptability, espe-
cially in presence of different lighting and orientation conditions, and a high false alarm
ratio. ML based approaches introduce trainable algorithms based on feature designed by
experts. This improves the adaptability and flexibility with respect to fixed rules but
efficiency and effectiveness still depend on the quality of the extracted features and the
available training data. The current state of the art DL based approaches overcome many
of these limitations. Features are no longer defined manually but they are automatically
learned by the network, which is also more robust to changing in lighting, orientations and
others with respect to the previous techniques. In addition, deep learning has expanded
the range of tasks that can be tackled: not only whole-image classification, but also object
detection and semantic segmentation of defective regions, allowing for more accurate and
detailed identification of anomalies compared to classic AOI. However, it is not always the
best choice in every industrial context: in situations with limited computational resources
or small training datasets, simpler solutions may be preferable. Traditional or lightweight
ML-based methods continue to play an important role when they can meet inspection
requirements with less complexity, or when factors such as result interpretability or ease
of implementation in the field are a priority.

The latest trends in PCB defect detection research include innovative approaches such as
self-supervised learning and multi-modal learning. Self-supervised learning is a learning
method that does not require human labels: the model learns to recognize patterns and
anomalies from unlabeled data. This approach is particularly useful in the PCB context,
where the availability of labeled images is often limited, especially for rare defects. Multi-
modal learning combines different types of information (such as images, audio signals and
text) to improve the model’s semantic understanding. Applied to PCB inspection, for
example, it allows images to be enriched with textual descriptions of defects, facilitating
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Characteristic Traditional
AOI

Machine
Learning
approaches

Deep
Learning
approaches

Feature extraction Manual
features/criteria
(rules,
templates,
image
processing)

Manual
(hand-crafted
descriptors)

Automatic
(end-to-end
representation
learning)

Robustness to noise / variations Low–medium
(depends on
controlled
conditions,
calibration, and
alignment)

Medium
(depends on the
descriptor and
pre-processing)

Medium–high
(if training
covers
variability;
sensitive to
domain shift)

Adaptability Limited
(re-tuning
rules/templates
for PCB and
setup
variations)

Limited (often
requires feature
redesign and
re-training)

High

False-positive handling Often critical
(tolerable
variations may
be flagged as
defects)

Improved but
still present

Often reduced

Types of defects Known,
well-modelled
defects; fragile
under
variability

Defects with
relatively
predictable
patterns (tied to
chosen features)

Complex and
variable defects;
better
generalization
to variants

Table 5.1: Comparative summary of classical AOI, traditional ML, and deep learning
approaches for PCB defect detection.

learning with few examples. Moreover, edge-oriented and edge–cloud architectures are
emerging. In these scenarios, lighter models are run directly on local devices to ensure
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real-time inference on the line, as previously seen describing the approach of Li et al.
[135], which aims to deploy a semantic segmentation pipeline on an Edge Intelligent
System through optimizations such as quantization and efficient convolutions, drastically
reducing inspection times and false alarms in production. In more comprehensive edge-
cloud systems, on the other hand, the cloud can complement the edge by handling storage,
historical analysis, and model retraining/updating. Overall, this direction enables rapid
and efficient inspections and facilitates progressive adaptation to new defects and process
variations [143].
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