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General Introduction

Printed Circuit Boards (PCBs) are crucial to modern electronics but their increasing com-

plexity makes them vulnerable to manufacturing defects. Traditional manual inspection is no

longer feasible for modern-day small boards, often leading to human error. This paper intro-

duces an automatic, deep learning-based PCB defect detection system. Our system utilizes

the YOLOv11 model, passing high-resolution images of PCBs through required preprocessing

steps like resizing and color space conversion. The model is trained with six common defect

types using data augmentation for improved generalization. Unseen testing data demonstrates

promising precision, recall, and mean Average Precision (mAP), revealing the model’s strength

even for faint defects. A mobile application has also been developed that allows users to capture

or upload PCB images, which are sent to a backend server for real-time YOLOv11 processing

and annotated results. This fusion provides realistic, on-line defect detection. Ultimately, this

study significantly enhances industrial quality control by reducing manual inspection require-

ments, enabling defect detection at an early phase, and enhancing product reliability. This deep

learning approach is a promising step towards accurate, high-speed, and automatic quality in-

spection in PCB manufacturing.
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Chapter 1

PCB Technology: Evolution, Challenges,

and the Rise of AI Inspection

1.1 Introduction

Printed Circuit boards (PCBs) play an essential role in today’s digital and electronic devices.

The proper functioning of these devices is directly related to the manufacturing of accurate and

defect-less PCBs. As noted by industry guides, the manufacturing process is complex, requiring

precision and attention to detail, as even minor oversights can lead to significant issues [17]. In

addition, there are many cases where all of the components used in making a PCB are correct

and there are no shorts, but the final product is defective and does not work properly. The fault

can be a problem in the PCB structure or circuit, necessitating post-manufacturing testing to

verify electrical connectivity and manufacturing quality [17].

Among all the manufacturing processes, PCB drilling and routing are among the most sig-

nificant stages in PCB production[25]. Drilling process includes making vias which are re-

quired to connect the components on different layers. PCB manufacturers drill the vias using

high-precision drilling machines. Even with the powerful drilling machines, there is a high

chance of breaking the drill, causing scratches, dimples, tears, and burrs. These types of de-

fects lead to consistent faults in the vias and can cause a short between the different layers.

Routing is done to remove excessive copper from the board and to create a path for electri-

cal signals. PCB router machines may have malfunctioning spindles which may lead to nicks,

2
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tears, and breakouts. Router processes make it even more complex to detect the created defects

as it is more complicated and the defects have a small scale. Hence, a high attention to the

detail is required

1.2 Defintion of PCB

printed circuit board (PCB) is a flat, rigid assembly used to mechanically support and elec-

trically interconnect electronic components. It typically consists of one or more layers of insu-

lating substrate most commonly fiberglass-reinforced epoxy (FR-4) onto which thin copper foil

is laminated. Electrical connections are formed by etching or otherwise patterning the copper

into conductive traces, pads, and vias, which route signals and power between surface-mounted

or through-hole components. Multi-layer PCBs stack alternating layers of copper and dielec-

tric, enabling higher circuit density and more complex interconnections. Overall, the PCB

serves as both the structural foundation and the electrical “backbone” of virtually all modern

electronic devices.

Figure 1.1: Printed Circuit Board.

3



Chapter 1. PCB Technology: Evolution, Challenges, and the Rise of AI Inspection

1.3 The development of electronic components and printed

circuit boards

1.3.1 Overview

Electronics are an important part of our daily lives. Where we use them in many fields

of housing, medical systems, travel, and communication, they almost entirely need electronic

devices. The electronic component is a separate core device or physical entity within an elec-

tronic system used to control electronics or corresponding fields. From the first vacuum valves

to the complex circuits of today’s smartphones, electronic components have undergone signif-

icant development, reflecting the course of human innovation and the impact of technology on

life, business, and economies.

1.3.2 Miniaturization of Components

As electronic devices continue to shrink in size owing to components miniaturization, man-

ufacturers alike have trouble adding all the necessary electronic functions within the compact

space. The company has initiated extensive research and development to tackle these chal-

lenges. One such area is the miniaturization of passive components since they are the second

most commonly used with an integrated system. An embedded capacitor system, along with

an LDO, was proposed to generate a power delivery network on the circuit board designed for

a low voltage microcontroller.

The second group of passive components routinely studied to shrink the size of printed

circuit boards (PCBs) is the resistor. Resistors are, on average, 20% of the length and 74%

of the width of comparable components. In modern electrical devices, consumer electronic

goods, and communications equipment, the requirement of high-density packaging is essen-

tial considering the area limitations. Embedded resistors increase the reliability and electrical

performance of the circuit. The integration of resistors as sheets reduces the problem of the

unreliable solder joints of SMT discrete resistors and also reduces the area requirement on the

PCB that a traditional chip-based technology mandates. Therefore, more passive devices that

are close to active components are suitable for advancing device functionality. The motivation

for this research is thus to design efficient embedded thin-film resistors and to produce them

with a cost-effective technique. The integrated devices are of the zero-resistance jump (ZRJ)

4
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type[18].

1.3.3 Improved PCB Design and Planning for Miniature Electronics

PCB Design Layout. The design and layout of the PCB are also critical technical needs

to consider when designing miniaturized PCBs. The PCB layout should also be optimized

for signal integrity, minimizing the impact of electromagnetic interference (EMI) and noise

on the board’s performance. Engineers should ensure that the PCB’s layout and design are

efficient and effective, minimizing the board’s size while maintaining its functionality.The PCB

layout should also be optimized for signal integrity, minimizing the impact of electromagnetic

interference (EMI) and noise of the board’s performance. [24].

1.4 Difficulties with PCB Inspection and Manufacturing

PCB manufacturing is by no means a one-step procedure. Etching, drilling, plating, solder-

ing, and testing are just a few of the many steps involved. Anything from a misplaced drill hole

to an undesirable scratch or even an imperceptible hairline fracture might go wrong at any one

of these processes.

The tendency toward miniaturization adds even more complexity to this. Components and

the distance between them shrink as devices grow smaller. This implies that flaws are not only

more difficult to find but also simpler to produce in the first place. For instance, high-density

interconnect (HDI) boards enable greater functionality but also raise the possibility of mistakes

occurring during layer alignment or drilling [32].

Sometimes the production tools themselves might contribute to the issue. Incomplete or

uneven vias might result from a slightly worn drill bit. Alternatively, a slight change in tem-

perature during the soldering process might result in problems such solder bridges or cold

connections [36]. Although these little flaws might not create issues right away, they might

subsequently lead to sporadic failures that are difficult to identify.

The inspection follows. Despite its speed and reliability, traditional Automated Optical In-

spection (AOI) systems still have problems with false positives and false negatives, particularly

in board layouts that are irregular or closely packed [11]. Although manual sampling and X-ray

5
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inspection are somewhat helpful, they are either too expensive or impracticable for extensive,

real-time inspection. Therefore, maintaining precision, speed, and cost-effectiveness in defect

detection is still a problem, even with high-tech equipment.

1.5 Human Visual Inspection’s Limitations

For years, humans have been relied upon to identify PCB flaws, but this approach is far

from ideal. The primary issue? People grow weary. It is only natural for someone’s attention

to wander while they are spending hours inspecting minute solder joints or surface traces, after

only 30 minutes of continuous inspection, even experienced inspectors begin to make more

mistakes[15].

Consistency is another problem. What is a defect to one person may not be to another. Par-

ticularly in large-scale production where standards must be consistent, this type of subjectivity

renders quality control uncertain [11].

Additionally, human inspection just cannot keep up with the speed of contemporary pro-

duction lines. Particularly in intricate, multi-layered boards, certain flaws are either too small

or too well concealed to be seen with the unaided eye [36]. Because of this, more manufac-

turers are depending on AI systems that are able to handle the speed without being distracted,

don’t get fatigued, and don’t miss anything [21].

1.6 Role of AI in Defect Detection

Artificial intelligence (AI) has been used for years now in many industrial areas for smart

manufacturing, and it is also being actively adopted in the field of printed circuit board (PCB)

defect detection. AI can overcome manual inspection speed limitations as well as the repeata-

bility and reliability of inspection tasks. PCBs are used in electronic products, and their per-

formance is directly related to defectiveness. Thus inspection is an irreplaceable process, but

traditional inspection methods, which rely on humans, are not good match for these tasks, so

automation of the defect detection process is crucial. AOI, automated inspection devices that

can analyze defects on PCBs using machine vision, have been commercialized and used since

the late 1980s.

6
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Defect detection tasks in the PCB domain are divided into the detection of metallic ma-

terial leftovers and soldering problems. The metallic leftovers category includes open, short,

thinning, and necking, while the solder problems category consists of solder bridge, missing,

excessive, and wrong problems. Due to the diverse types among the defects, the preparation

process for setting up a dataset that contains all of the necessary information is more compli-

cated than in other domains. In addition, for binary classification task it is necessary to create

and prepare two separate datasets of positives and negatives. But when a multi-class classifica-

tion task is performed in PCB defect detection, only that one dataset is needed. This work is a

study that can advance further in multi-class classification in PCB defect detection. Common

datasets for this studied work that will be used are teste1000 dataset, ECNUScripte672, and

HHiB4000, which consists of one class image that includes the mosaics of three mentioned

classes: open, short, and solder defects.[12]

1.6.1 Case Studies of AI in PCB Inspection

Various efforts are being made by domestic and global intelligent system companies and

PCB-related companies to apply AI technology to the PCB inspection site. There are four

general parts on the PCB: the chip components, the peripheral circuit parts, the board design

printing, and the soldering defects. In particular, discrete parts are widely used in peripheral

circuits. In the peripheral circuit parts, there are many sensor parts, and the sensor part design

is important because the same printed circuit board can produce different results depending

on the performance and the design usage environment. In this case, the performance of the

designed electronic product affects the sensor part. However, when designing the sensor part

of a printed circuit board, the same product is designed differently. This is not a problem at

the design stage, but an error has occurred in the final product of mass production and is likely

to fail. Therefore, the present invention provides a reliable defect recognition method and a

reliable manufacturing method for a printed circuit board or a printed circuit board assembly; it

is possible to produce a printed circuit board or a printed circuit board assembly to detect parts

with high reliability [7]. This can prevent contamination of the final product in the production

process by using the printed circuit board produced using this method. Efficient defect recog-

nition in printed board is provided. The use of electro beam camera dynamic information and

static image definition are combined. The dynamic phase definition in the same pixel set from

different viewing directions. A new Bayesian Bayes model is introduced estimating indepen-
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dent parameters by representing parameters as a set of small and larger scale factors. Defect

recognition provides better performance compared to alternative methods show. This approach

can be easily integrated into existing camera-based inspection systems. With the rise of indus-

trial automation, printed circuit board (PCB) inspection is influenced. An advanced stochastic

optimization-based Bayesian fusion approach is presented, which could be utilized to detect all

kinds of defects in a bare PCB image including some detailed situations. A safety indicator is

introduced to realize the inspection of the bare PCB. The surface inspection algorithm for the

bare PCB industry is considered to be lacking and single. This work antagonizes this paper’s

motivation of developing a robust open-global algorithm for the defect inspection of the bare

PCB.

1.6.2 Common Types of PCB Defects

1. Spurious Copper

• Definition: Copper that is not supposed to be there after the etch.

• Impact: : May result in undesired electrical connections or signal interruptions

ultimately resulting in failure or degradation of the circuit.

• Cause: There may be poor etching or insufficient cleaning during production.

Figure 1.2: An example of the Spurious Copper.

2. Short

• Definition: Unintended conduction between two or more conductive traces or pads.

• Impact: Generates wrong current paths and may damage the components or the

circuit.

• Cause: Wastage of print, errors in design or imperfections in production.
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Figure 1.3: An example of the Short defect.

3. Spur

• Definition: small, undesired copper projection from a trace It is small and often

sharp.

• Impact: Shorts or EMI(Electro Magnetic Interference) can be caused by adjacent

conductors.

• Cause: Bad photoresist develop or over-etch.

Figure 1.4: An Example of Spur defect.

4. Open Circuit

• Definition: Opens the electrical path of a trace so current will no longer flow.

• Impact: The circuit or component will not function properly as a result of the

damaged pathway.

• Cause: Scratches or poor connection of lead wire.

Figure 1.5: An Example of Open Circuit defect.

5. Mouse Bite

• Definition: Small, uneven holes or notches in the edge of a PCB, that look like a
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mouse bite.

• Impact: Could compromise the rigidity of the PCB, don’t fit in the case squarely

as a result.

• Cause: Bad breakaway tabs or depanelization.

Figure 1.6: An Example of Mouse Bite defect.

6. Missing Hole

• Definition: Via hole or plated through-hole which was not drilled, or was not

plated.

• Impact: May interfere with the connections between the layers, resulting in open

circuit.

• Cause: Drilling mistake or an error in the manufacturing.

Figure 1.7: An Example of Missing Hole defect.

1.7 Conclusion

In this chapter, we’ve walked through the journey of the printed circuit board—from its

simple beginnings as a flat panel of copper and insulating material to today’s multilayered,

high-density masterpieces that power everything from smartphones to medical devices. We

defined what a PCB is (Section 1.2), then examined how electronic components and board ar-

chitectures have evolved (Sections 1.3.1–1.3.3), focusing on the twin drives of miniaturization

and intelligent layout design that allow thousands of parts to coexist on ever-smaller footprints.
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Yet as boards grow more compact and complex, manufacturing and inspection become

significantly more difficult. Section 1.4 highlighted how each fabrication step—from etching

to soldering can introduce subtle defects, and Section 1.5 showed that even the most skilled

human inspectors face fatigue, inconsistency, and throughput limits. These challenges create

gaps in quality control that traditional methods struggle to close, especially when a single

microscopic flaw can render an entire device inoperative.

That gap is exactly where AI steps in. In Section 1.6 we introduced the principles of

machine-learning–driven inspection, and in Section 1.6.1 we saw real-world examples of how

neural networks can spot and classify PCB defects—opens, shorts, spurious copper, and more—with

pixel-level precision and relentless consistency. By blending speed, accuracy, and scalability,

AI-powered inspection is transforming PCB quality control from an occasional manual check

into a continuous, data-driven process.

With these foundations laid, the next chapters will dive deeper into the specific architec-

tures, training strategies, and optimization techniques that make automated defect detection not

only possible, but essential for reliable, high-volume electronics manufacturing.
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Chapter 2

PCB Defect Detection Using YOLO11

Deep Learning Model

2.1 Introduction

Printed Circuit Boards (PCBs) are the basis of modern electronic systems which, when

defective, negatively impact device reliability. Traditional inspections have not grown fast

enough to overcome the complexity of PCB layouts and thus, there is increasing openness to

utilizing intelligent systems based on computer vision and deep learning. The entire turn-key

approach to computer vision-based PCB defect detection begins with obtaining high-fidelity

images, which is done using robust industrial imaging systems. Following image acquisition,

the images are segmented and defects are identified by isolating the regions of interest. The

deep learning models can then be trained with annotated datasets that are de-identified, in a

manner consistent with the task of classifying the defects. After the models are trained, they

can be tested with unseen data and generalization performance can be measured. In the decision

phase, model predictions can then be translated into actionable insights that enable real-time

quality control while significantly improving industrial waste management.

As PCB designs become increasingly complex the need for rapid and accurate detection of

even subtle defects through inspection techniques becomes ever more desirable. Although deep

learning is a scalable and prodigious solution to implement automated defect detection, when

used alongside an industrial imaging system, the reliability and robustness of the system is fur-
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ther strengthened due to the characteristics of end-to-end architectures, and the known factors

that enhanced reliability when using annotated datasets (without identifying attributes). Re-

treating these methods will improve inspection reliability, decrease waste from PCB manufac-

turing, and facilitate a pathway towards smarter production environments through the adoption

of industrial imaging.

2.2 PCB Defect Detection Using Deep Learning Models

Printed Circuit Board (PCB) defect detection has evolved from manual inspection and clas-

sical image processing to advanced deep learning techniques. As Chen et al. (2023) note in

their comprehensive review, manual inspection methods are inherently vulnerable to external

environmental factors and can cause visual fatigue in inspectors, resulting in increased rates of

misclassification [4]. Modern deep learning models, especially convolutional neural networks

(CNNs), can automatically learn discriminative features from PCB images, leading to higher

accuracy and speed in detecting defects compared to traditional methods [35]. Object detection

CNNs are broadly categorized into two-stage detectors (e.g., R-CNN family) and one-stage

detectors (e.g., You Only Look Once or YOLO series). According to Du and Lv (2025), two-

stage methods (like Faster R-CNN) often achieve slightly higher localization precision by first

generating region proposals, but one-stage models like YOLO trade a bit of that precision for

much faster inference by predicting bounding boxes and classes in a single forward pass [5].

This speed advantage, combined with end-to-end simplicity, makes one-stage YOLO models

especially attractive for real-time PCB inspection on production lines. As Nguyen et al. (2025)

demonstrate in their experimental studies, deep learning-based PCB defect detection systems

can achieve accuracy rates of up to 97% while maintaining real-time performance of 12 frames

per second across varying lighting conditions [20]. YOLO models have become a cornerstone

in defect detection due to their balance of accuracy and real-time performance.

Starting from YOLOv1, the YOLO family has continuously improved with versions v2, v3,

up to recent iterations like YOLOv8 and beyond. The latest in this lineage, YOLO11, represents

the state-of-the-art in real-time object detection – it is the most efficient and accurate YOLO

model to date. According to Ultralytics (the creators of YOLOv8), YOLO11 achieves higher

mean Average Precision (mAP) on benchmarks with 22% fewer parameters than YOLOv8,

reflecting significant improvements in both accuracy and model efficiency [31]. Given these

13



Chapter 2. PCB Defect Detection Using YOLO11 Deep Learning Model

advantages, our work leverages YOLO11 as the core detection model for PCB defect inspec-

tion. By using a deep learning detector that can simultaneously localize and classify multiple

types of PCB defects in one pass, we can automate the inspection process with high speed and

accuracy, meeting the stringent requirements of industrial quality control.

Figure 2.1: Models Supported by Ultralytics [31].

2.3 PCB Defect Detection system

In industrial electronics manufacturing, detecting defects in Printed Circuit Boards (PCBs)

is crucial to ensure product quality and performance .YOLO (You Only Look Once) model, a

deep learning-based automated architecture for PCB flaw detection, is presented in this section

along with a comparison to more conventional image processing methods.

As illustrated in Figure 1, the proposed system consists of the following major components:

Automated Optical Inspection (AOI) Camera : A high-resolution AOI camera captures

images of PCBs directly from the production line. This non-contact method ensures rapid

image acquisition without interfering with the manufacturing process.

Image Acquisition and Preprocessing : Captured images are passed to a preprocessing

pipeline where:

• Resolution is standardized (e.g., 640×640 px).

• Images are converted to RGB.
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• Noise may be reduced (optional).

• Data is formatted to YOLO-compatible annotation files (bounding boxes + class labels).

Dataset Construction : The processed images, along with their annotations.

Model Training : YOLO deep learning model is trained on the annotated dataset. During

training:

• The model learns to identify spatial features related to six defect types.

• It optimizes bounding box prediction and classification accuracy.

• Validation is used to fine-tune parameters and avoid overfitting.

Testing & Deployment: Once trained, the model is evaluated on unseen images. The

predictions include:

• Bounding boxes around detected defects.

• Class labels and confidence scores.

• The model can then be deployed in a real-time inspection system.

Output & Defect Visualization : Detected defects are overlaid on the original PCB image

and either: Saved for quality control documentation.

Figure 2.2: PCB Defect Detection System.
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2.4 Image Acquisition in PCB Inspection

The foremost step in automation-based PCB (Printed Circuit Board) inspection is acquisi-

tion. Several examples of tools for acquisition are high-resolution camera systems. Images are

taken in hardness testing. Images are taken of PCB and then filtered through images there is

defects such as missing components, solder bridges, surface scratches, etc.. This automation-

based inspection can also generate information about defects based on the density of the pixels

with defect pixels based on brightness, contrast, and color. Machine vision systems will also

provide more centers of accuracy, consistency of device, and speed of inspection than a manual

inspection.

2.4.1 Types of Cameras:

Camera systems can be broken down into 2 main types - area-scan or line-scan cameras.

Area-scan cameras take a picture at once and is when the PCB is moving through a station-

ary inspection system. Line-scan cameras image each row at a time and are dispositioned for

production applications where limited time is available to inspect the PCB. 3D camera systems

will collect height information of component and solder joint profiles. For more sophisticated

inspection features, 3D and/or multiple camera systems can provide enhanced inspection capa-

bilities using structured light, 3D, and/or multiple cameras[26].

2.4.2 Lighting Options:

The lighting will play a crucial role in obtaining good images. The lighting can include the

following common methods:

Backlighting: employed when you want to illuminate edges and holes and have high con-

trast between lighting and the backlight to the object.

Bright-field lighting: used when you want to show surface information and will sometimes

have glare depend on the shiny surface/objects that is present.

Diffuse/dome lighting: used to reduce shadows/glare at object that has numerous sur-

faces/finishes.

Structured light: used when you want to show a profile of a 3D height and can seek to
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capture component height and measure solder joint heights.

LED light sources has become the standard method for providing steady light and can

provide light in different wavelengths. Polarizers and filters are also utilized to create polarized

images and reduce glare in order to see features in images[26].

2.4.3 Resolution and Field of View (FOV):

When determining an appropriate resolution and FOV, trade offs, will be involved. For

example, resolution can indicate smaller defects against which to check during inspection - a

higher resolution means that more resolution is required and the process will take longer. A

narrow FOV will lead to good detection, but will also result in a slower inspection. A good

target is to have 5 to 10 pixels across all small features present on a PCB, which will often lead

to good detection results.

2.4.4 Calibration & Set-Up:

Imagining has a full calibration sequence that has to be performed in order to obtain good

images (including lens adjustments (distortion), lighting calibration (including flat-field cali-

bration), table surface adjustments, etc. It is also important to shield from ambient light sources

and also control any table surface vibration - this is also important to control the environment -

to create a stable platform for the acquisition of images[26].

2.4.5 Challenges:

There are also additional challenges using machine vision systems: these include obtaining

good images of shiny reflection of shiny components, variations in board surfacing colors and

textures and maintaining a good focus while working with a board with a multi-topography.

The proper management of the described lighting methods, capturing images from different

angles and looking to use higher precision optics, will help address many of the challenges to

obtaining good images.
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Figure 2.3: Samples of the PCB with defects in the dataset, (a) is the defects image with the
same position as template, (b) is the image with random orientation.

2.5 Segmentation

Image segmentation can play a role in PCB defect detection both as a preprocessing step

and as an output of the YOLO11 model. In traditional PCB inspection algorithms (prior to deep

learning), a common approach was reference image comparison: the image of a PCB under test

is subtracted from a "golden board" image to segment out the differences, which correspond

to potential defects. As Bhattacharya and Cloutier (2022) explain, these reference comparison

methods determine defect types by comparing the difference between the PCB to be inspected

and a PCB stencil, but they are significantly affected by external factors such as lighting condi-

tions [3]. Such classical segmentation-by-difference methods can pinpoint defect regions with

high precision, but they require a perfectly aligned reference image and can be sensitive to noise

or lighting variations. By contrast, deep learning methods like YOLO do implicit segmentation
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by learning to localize defects without needing a separate reference image. According to Xiao

et al. (2024), deep learning-based PCB defect detection methods have gradually dominated the

field due to their high accuracy and speed compared to traditional machine learning approaches

[33]. In our YOLO11-based pipeline, explicit segmentation of the image before detection is

generally not required, since the model’s convolutional layers themselves learn to highlight

defect regions. As Lim et al. (2023) demonstrate in their research, deep contextual learning

feature pyramids can accurately detect tiny PCB defects by enhancing the semantic values of

features, eliminating the need for separate segmentation algorithms [14]. This eliminates the

need for crafting separate segmentation algorithms for each defect type, as the network essen-

tially segments (localizes) defects as part of detection. However, we can leverage segmentation

in two ways in the YOLO11 workflow. First, some minor preprocessing segmentation might

be used to isolate the PCB from its background (for example, removing the workbench back-

ground if present, so that the model only processes the board area). Second, and more impor-

tantly, YOLO11 supports an instance segmentation mode in addition to standard bounding-box

detection. According to Ultralytics documentation, instance segmentation goes a step further

than object detection by identifying individual objects and segmenting them from the rest of

the image, providing a set of masks or contours that outline each object along with class labels

and confidence scores [29]. In instance segmentation, the model outputs a pixel-wise mask for

each detected defect. This means YOLO11 can not only draw a bounding box around a flaw

like a spurious copper splatter, but also delineate the exact shape of that copper excess on the

board. In our system, after YOLO11 detects a defect, we can use its mask output (if trained for

segmentation) to precisely measure defect size or area. For example, a solder bridge between

pins might be segmented to estimate the gap and area of solder, which could be relevant for

deciding rework strategies. Thus, segmentation is naturally integrated: YOLO11’s one-stage

network both localizes the defect (akin to segmentation of the defect region) and classifies it,

without needing a separate segmentation algorithm. This approach streamlines the pipeline and

focuses computation on the deep model. In summary, while classical PCB inspection treated

segmentation as a distinct step, our YOLO11-based approach handles defect segmentation and

detection jointly, greatly simplifying the defect identification process and improving robustness

to imaging variances.
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2.6 Training

Training involves teaching the YOLO11 model to recognize PCB defects through a large

number of labelled examples.

The training phase starts with a training set of PCB images that have had every defect of

interest labelled (typically the defect will have a bounding box along with a label that denotes

the defect type, as well as a segmentation mask if working in instance segmentation mode). As

Xiao et al. (2024) emphasize, it is important that the set of PCB images is large enough and

covers the diversity of defects (e.g. missing hole, short circuit, mouse-bite, open circuit, solder

splash) and normal variants, and it should be taken under different imaging conditions [33].

Each annotated defect in the image gives the model a training target. Because deep learning

models are data hungry, we use data augmentation to increase the effective size and diversity

of our dataset. According to Ultralytics documentation, in our training pipeline we apply aug-

mentations like Mosaic augmentation, random rotation, flipping, and random brightness [27].

Mosaic augmentation is particularly helpful in YOLO training by merging random parts of four

images into one image. This augmentation process exposes the objects to varied reinforcing

layouts and scales while making the most out of randomized training samples. As Jang et

al. (2024) demonstrate in their research on PCB defect classification, data augmentation tech-

niques can significantly improve model performance, increasing accuracy from 81% to 89%

in real-world PCB datasets [10]. This gives YOLO11 the ability to learn to detect small PCB

defects that are rare in only a few images.

We initialize YOLO11 with pre-trained weights (for example, weights from training on a

large dataset like MS-COCO) and then fine-tune on the PCB defect dataset. Using a COCO-

pretrained YOLO11 model as a starting point transfers general object features (edges, textures)

to our task, accelerating convergence. During training, the model optimizes a multi-component

loss function that balances localization accuracy and classification accuracy. Specifically, as

demonstrated by Xiao et al. (2024), YOLO11 uses an advanced bounding box regression loss

(such as Complete IoU, CIoU) to better fit defect bounding, a classification loss (often with

techniques like focal loss to handle class imbalance), and if applicable, a mask segmentation

loss [33]. These loss terms measure the error between the model’s predictions (boxes, classes,

masks) and the ground truth annotations. The training process iteratively adjusts the YOLO11

network weights via backpropagation to minimize these losses. We train for a sufficient num-
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ber of epochs (e.g. until validation mAP plateaus) while monitoring performance on a held-out

validation set of PCB images. To prevent overfitting, techniques like early stopping or learning

rate scheduling are applied. By the end of training, the YOLO11 model should have learned a

robust representation of PCB defects, capable of detecting them under various conditions. No-

tably, prior studies have achieved over 98–99% detection accuracy on PCB defect benchmarks

using YOLO-based models [33], which sets an expectation that our YOLO11 (with its superior

architecture) can perform at or above this level given sufficient training data and proper tuning.

2.7 Testing

In the testing (deployment) phase, the trained YOLO11 model is used to inspect new PCB

images and identify defects in real time. For each unseen PCB image (or live camera feed

frame) passed into the model, YOLO11 produces a set of predictions: each prediction includes

a bounding box (with coordinates on the image), a predicted defect class (or "no defect"), and a

confidence score. As highlighted by Du and Lv (2025), the model’s inference speed is a critical

factor in industrial applications, where replacing time-consuming manual inspections with ef-

ficient and accurate defect detection algorithms remains a significant challenge [5]. Thanks to

YOLO11’s optimized architecture and lighter model size, it achieves very fast processing – Ul-

tralytics reports that YOLO11 can run inference with improved throughput compared to earlier

YOLO versions, even on edge hardware. According to Li et al. (2025), this means PCBs can

be inspected on the production line without slowing down assembly: the model can analyze

frames at dozens of frames per second, meeting the requirements of high-speed manufactur-

ing [13]. In our experiments, YOLO11’s detection engine is deployed on a GPU for maximal

throughput, but it can also be executed on CPU or specialized AI accelerators if needed, given

its efficient design.

When a test image is run through YOLO11, the raw outputs (many candidate boxes) are fil-

tered by confidence thresholding and Non-Maximum Suppression (NMS) to produce the final

set of defect detections. For example, the model might initially produce multiple overlapping

boxes around a scratch on a PCB trace; NMS will suppress all but the one with highest con-

fidence, resulting in one definitive detection of that scratch. Each reported detection is then

compared to ground truth (if evaluating on a test dataset) to compute performance metrics. As

detailed in the Ultralytics documentation, we evaluate the model using standard object detec-
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tion metrics: Precision, Recall, and mean Average Precision (mAP) [30]. A high mAP@0.5

(mean AP at 50% IoU threshold) or mAP@[.5:.95] across defect classes indicates the model

is accurately localizing defects. According to Li et al. (2025), the main advantages of YOLO-

based PCB defect detection models lie in their high recall rate, lightweight design, and fast

processing speed [13]. We also pay attention to the false positive rate – in a practical PCB

inspection setting, a low false alarm rate is important so that we do not flag good boards as

defective unnecessarily. During testing on the held-out dataset, YOLO11 demonstrated high

recall (catching the vast majority of true defects) while maintaining real-time inference speeds

(on the order of 10-20 milliseconds per image for 640×640 input). These outcomes validate

that the model generalizes well from training and can be trusted to perform in a production

environment. Overall, the testing phase confirms that the YOLO11-based system can reliably

detect the target PCB defects on new data, and quantifies its performance against the project

requirements. References

2.8 Decision Phase

The decision phase uses the output detections from YOLO11 to make a final quality clas-

sification for the PCB. At this point of the analysis, the system interprets the findings of the

model and performs some business logic. This means, it will give an accept status to a board if

there are no critical issues, or reject/flag the board if it did identify any problems. The decision

rules are very simple - if YOLO11 detects one or more defects on the PCB (greater than an

acceptable confidence level), the PCB is treated as defective; and it is treated as good PCB if

no defects are detected. This turns the object detection output into a binary decision regarding

the PCB’s quality. For example, Adibhatla et al. (2018) used a YOLO-based model in exactly

this way - their system only distinguished between defect-free and defective PCBs based on

whether the detector found any defects. In our approach, we are treating any defect identified

as a failure condition for the board, since, for example, even one defect (e.g. open or short)

means the PCB will not function as intended[1].

However, the decision phase can be extended to include additional nuance, as appropriate.

Because YOLO11 provides a classification for which type of defect is present, the system has

the potential to log the defect types and their locations for post-analysis or rework. For exam-

ple, if a PCB is found to have a minor aesthetic defect it might simply be marked for rework,
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whereas if it was a major defect (e.g. short circuit), it would be sent for rejection. The con-

fidence scores that YOLO11 provides could also be used - e.g. only defects assigned a high

confidence would be included in the pass/fail decision to avoid false alarms. In addition, if

multiple images or views of the same PCB came into inspection (say top and bottom sides, or

viewed from multiple cameras), then the decision phase aggregates the detections across views.

In this case, if any one of the images or views showed a defect, it was marked defective. If all

inspected views did not show defects, the decision was a pass. At this point, the system is able

to create a report or alert: for each board that failed, the defect type(s) and location(s) assigned

by YOLO11 would be recorded. This information could be sent to a human inspector, or sent

to mechanisms that would automatically sort/remove the bad board from the line. In conclu-

sion, the decision phase converts YOLO11’s deep learning technical outputs, detections and

classifications, into a final decision, with respect to the quality of the PCB. Using YOLO11’s

accurate detection, classification, and logging in the decision phase, it can be ensured that only

PCBs that met quality requirements in the decision phase were passed, thus closing the loop

in the automated deep learning inspection process. The decision phase can back its decision

based on the careful and valid assessments made by the automated quality control system from

the model, that have all been shown to be very reliable during the testing phase.
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2.9 Conclusion

This chapter has provided a detailed overview of the deep learning approaches used for

detecting defects in printed circuit boards (PCBs), and the possibilities provided by YOLO11

as our main detection architecture. As the physical and functional backbone of nearly all

electronic devices, it must be understood that maintaining the absolute integrity of a PCB is not

only a technical issue but also an industrial one. Fortunately, the world of artificial intelligence

(AI) has enabled us particularly in deep learning to enter a new phase of automated visual

inspection that can be completed with greater accuracy, efficiency, and adaptation.

We have described the entire defect detection pipeline, starting with the high resolution

image acquisition processes that provided visual information, the various segmentation models

that isolated identifiable features and potential defect areas, training and testing (realizing that

this indicates the importance of a good dataset, and that models such as YOLO11 are capable

of identifying a defect down to a pixel, and training through repetition for improved learning),

and finally the decision phase to process and rigorously assess the outcomes for implications

for quality control and manufacturing process.

YOLO11 signifies the most recent advancement in the YOLO series of models, and shows

great potential for use in object detection in real-time applications in industry. YOLO11’s

ability for faster speed, lighter footprint, and detection capabilities indicates its fit within the

PCB inspection category where speed and accuracy are required to translate defect character-

istics as a contextualized viewable concept, learnable visual attributes that would allow future

work in inspection to scale and transition to an automated end-to-end solution with trained

models capable of variations in the conditions required to assess and interact with complexity

in electronics manufacturing.
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BoardCheck AI mobile Application

3.1 Introduction

BoardCheck AI is a comprehensive PCB defect detection system consisting of a Flutter

mobile application and a Flask-based backend API. The system leverages a YOLO TensorFlow

Lite model to identify six common PCB defects with high accuracy and real-time processing

capabilities.

3.2 System Architecture

3.2.1 Backend API (Flask)

• Framework: Flask with SQLAlchemy for database management

• ML Model: YOLO TensorFlow Lite (80MB model file)

• Hosting: Self-hosted using Coolify on Azure VM (52.178.110.198:5001)

• Database: PostgreSQL for detection history and analytics

• Features:

– Lazy model loading for optimized startup

– RESTful API endpoints for detection, history, and statistics
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– Image processing with OpenCV and PIL

– Non-Maximum Suppression for accurate detection

– Comprehensive logging and error handling

3.2.2 Mobile Application (Flutter)

• Platform: Cross-platform Flutter application

• Features: Image capture, gallery selection, real-time detection, and local history storage

• Integration: Direct API communication with the Flask backend

3.3 Technical Specifications

3.3.1 Defect Detection Capabilities

The system detects six critical PCB defect types:

• Missing Holes - Absent drill holes where required

• Mouse Bites - Partial cutouts or incomplete holes

• Open Circuits - Breaks in traces that should be continuous

• Short Circuits - Unintended connections between components

• Spurs - Unwanted copper extensions from traces

• Spurious Copper - Excess copper that should be etched away

3.3.2 Model Performance

• Input Size: 640×640 pixels (normalized RGB)

• Output Format: YOLO format with confidence scores and bounding boxes

• Confidence Threshold: 0.25 (configurable)

• Processing Time: ∼3-5 seconds per image on standard hardware
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3.3.3 API Endpoints

• GET /health - System health check and model status

• POST /detect - Main defect detection endpoint

• GET /history - Detection history with pagination

• GET /statistics - Detection analytics and statistics

• GET /uploads/<file> - Serve processed images

3.4 Deployment Infrastructure

3.4.1 Hosting Setup

• Platform: Coolify (self-hosted Docker orchestration)

• Server: Azure Virtual Machine

• Environment: Production-ready with Gunicorn WSGI server

• Database: External PostgreSQL instance

• Storage: Local file system for uploaded images

3.4.2 Configuration

• Workers: 2 Gunicorn workers for concurrent processing

• Memory: ∼550MB per worker (model loading)

• Timeout: 120 seconds for large image processing

• CORS: Configured for cross-origin mobile app requests
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3.5 Key Features & Improvements

Enhanced Model Management

• Git LFS Integration: Proper handling of large model files

• Lazy Loading: Model loads only when first requested

• Error Recovery: Graceful handling of model loading failures

• Validation: File integrity checks and size verification

Production Optimizations

• Database Persistence: Full detection history with metadata

• Image Management: Secure file handling with UUID naming

• Performance Monitoring: Processing time tracking and logging

• Scalability: Multi-worker deployment ready

Quality Assurance

• NMS Algorithm: Eliminates duplicate detections

• Confidence Scoring: Reliable defect identification

• Visual Output: Annotated images with color-coded defect types

• Comprehensive Logging: Full audit trail for debugging

3.6 Current Status

✓ Fully Operational: API successfully deployed and tested

✓ Model Loaded: YOLO TFLite model functioning correctly

✓ Database Connected: PostgreSQL integration working

✓ External Access: API accessible from internet
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✓ Production Ready: Stable deployment with proper error handling

3.7 Usage Statistics

• Deployment Date: June 2025

• Model Size: 80.5MB TensorFlow Lite

• API Response Time: <5 seconds average

• Supported Formats: JPEG, PNG images up to 16MB

• Current Uptime: 99%+ availability

3.8 Future Enhancements

• Batch Processing: Multiple image detection in single request

• Model Versioning: Support for model updates without downtime

• Cloud Storage: Integration with cloud providers for scalability

• Real-time Monitoring: Enhanced metrics and alerting

• API Rate Limiting: Protection against abuse

3.9 Technical Stack Summary

• Backend: Flask + SQLAlchemy + TensorFlow Lite

• Database: PostgreSQL

• Deployment: Coolify + Docker + Azure VM

• ML Framework: YOLO object detection

• Image Processing: OpenCV + PIL

• Web Server: Gunicorn WSGI
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3.10 UML Diagrams for PCB Defect Detection Application

3.10.1 Class Diagram

The class diagram shows the arrangement of frontend and backend parts:

• Frontend (Flutter):

– ApiService: Handles communication with the backend system.

– HomeScreen: Main screen for image selection/capture

– ResultsScreen: Shows detection results

– Defect and BoundingBox: Defect-related data models with surrounding informa-

tion.

• Backend (Flask):

– FlaskApp: Main app class with API endpoints

– ModelUtils: Utility classes for TFLite model operations

– YoloUtils: Utilities to execute YOLO models

– TFLiteModel: TensorFlow Lite model wrapper
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Figure 3.1: Class Diagram.
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3.10.2 Use Case Diagram

The use case diagram shows the users and the interactions of the users with the system. The

primary activities are capturing or uploading the PCB images, defect detection, and verification

of results. The role of the artificial intelligence model is shown as an external entity that aids

in defect detection.
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3.10.3 Sequence Diagram

The sequence diagram shows the structure of interactions taking place among different

components:

1. User selects or captures a PCB image

2. The photo is temporarily stored and then passed on to the Flask backend.

3. The backend, with Flask, incorporates TFLite for classifying images.

4. Detection results are processed and passed back to the Flutter app

5. The program displays the results to the user.
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3.11 Mobile App Presentation

3.11.1 Home Screen

Figure 3.4: Home Screen.
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3.11.2 Results Screen

Figure 3.5: Results Screen.
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3.11.3 History Screen

Figure 3.6: History Screen.
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Implementation and Results

4.1 Introduction

Printed Circuit Boards (PCBs) are the cornerstone of modern electronic systems, enabling

the integration of dense, efficient, and reliable interconnections of electronic components. With

a steady increase in technology, PCBs are becoming increasingly complex and miniaturized,

rendering traditional manual inspection methods insufficient, time-consuming, and prone to

errors.

4.2 Tools and Frameworks Used

The following is a list of different platforms and tools used to implement our system:

The programming language used (Python): Python is the most widely used open source

programming language by computer scientists. This language has taken the lead in infrastruc-

ture management, data analysis or software development. Indeed, among its qualities, Python

allows developers to focus on what they do rather than how they do it. It freed developers from

the constraints of forms that occupied their time with older languages. Thus, developing code

with Python is faster than with other languages.

Implementation and results It is also accessible for beginners, as long as you give it a little

time to learn. Many tutorials are also available to study it on specialized websites or YouTube

accounts. On the computer forums, it is always possible to find answers to his questions, since
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many professionals use it[23].

Kaggle: Kaggle is a Google LLC-owned machine learning and data science competition

website and online community of data scientists and machine learning practitioners. It allows

users to discover and share datasets, utilize and build models in a web-based data science envi-

ronment, collaborate with and learn from other machine learning engineers and data scientists,

as well as compete against them to solve data science challenges[19].

Figure 4.1: Interface de Kaggle.

Google Colab: Google Colab, also known as Google Colaboratory, is a free cloud service

from Google to write and execute Python in a Jupyter notebook setup directly from the web

browser. Google Colab is an excellent Python development tool, especially for machine learn-

ing, offering an interactive environment, access to computing resources, Google Drive storage,

real-time collaboration and many more features[16].
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Figure 4.2: Interface de Google Colab.

We used Google Colab in our implementation, because This platform allows to train models

of deep learning.

LaTex (Overleaf): LaTeX is a sophisticated typesetting system commonly used in creating

scientific and technical publications. Its value is most evident in documents with complicated

mathematical equations, data tables, graphical illustrations, and citations.

The main objective of this study is to create a deep learning-based detection model that is

able to automatically identify PCB defects from images with high accuracy and efficiency. The

system adopted in this work based on the YOLO model is intended to handle images of PCBs

in real time and identify various defects such as mouse bites, spurs, open circuits, and other

surface defects.

4.3 Methodology and Techniques

The approach taken in this project is to employ deep learning, specifically the YOLOv11

model, in an attempt to facilitate automatic analysis of PCB faults. Our pipeline approach

is structured into data preparation, training of the model, and performance testing with an

emphasis on speed over accuracy.

We begin with downloading and pre-processing a sample of labeled PCB images. The im-

ages are passed through several iterations of pre-processing like resizing images to a uniform

size, normalizing the pixel values, and image augmentation (flip, rotation, and brightness ad-

justment). All these augmentation steps play a very critical role in rendering the model strong
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and generalize over different types of boards and patterns of faults, as highlighted by Ultralytics

(2025d)[27][31].

The core of our solution lies in the YOLOv11 model, one of the latest updates of the heavily

praised "You Only Look Once" object detection algorithm. YOLOv11 boasts drastic improve-

ments in detection accuracy, processing speed, and weak and tiny defect detection—everything

one desires for PCB checking [8]. Unlike regular models that first perform object proposal and

then run classification sequentially, YOLOv11 achieves both in one pass, an attribute perfectly

attuned to real-time industrial usages.

During the training process, the data is split into a training set, a validation set, and a

test set. The model is trained using a portion of the data, and the validation set is utilized

to carry out hyperparameter tuning in order to prevent overfitting. The test set is utilized to

estimate performance at the final mile. Supervised learning is utilized for model training where

bounding box annotations per image as well as corresponding defect labels are provided.

Object detection-specific loss functions such as classification loss, localization loss, and

confidence score loss are learned. Non-maximum suppression (NMS) is applied at the predic-

tion phase to eliminate duplicate detections and position bounding boxes appropriately.

The performance of the technique is evaluated using standard object detection benchmarks

like precision, recall, F1-score, and mean Average Precision (mAP). These metrics allow us to

analyze how well the model discriminates between the faulty and the fault-free areas in various

scenarios [30].

4.4 Data Collection for PCB Defect Detection

Data collection and preprocessing are fundamental steps in building deep learning systems,

especially in computer vision tasks. In the context of Printed Circuit Board (PCB) defect detec-

tion, the quality and accuracy of the dataset play a critical role in improving model performance

and generalization in real-world scenarios.
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Figure 4.3: Collection of PCBs data.

4.4.1 Dataset Source

The dataset used in this work is the publicly available PCB Defects Dataset, hosted on

Kaggle [2], and consists of 1,386 color images generated to simulate realistic industrial PCB

defects. The dataset includes six common defect types such as missing holes, open circuits,

shorts, and similar errors.

Each image is annotated with precise bounding boxes indicating the locations and cate-

gories of the defects, formatted according to the YOLO annotation structure.

4.5 Training, validation and test datasets

In Defect detection in PCBs, data splitting into training, validation and test sets is necessary

for the development and evaluation of stable and effective models. The following splits are

common in this situation:
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Training Set: This is the set where the model is trained to identify defects in PCB images.

Here, the model is taught to differentiate between the features of defective areas (for example,

mouse bites, spurs, open circuits) and non-defective areas.

Validation Set: Validation set is utilized post the initial training for tuning the model’s

hyperparameters and to continue assessing the model’s performance on new data. This enables

us to pick the best-performing model.

Test Set: The test set is utilized to give the final performance of the model an objective

evaluation after it has been trained. These images are excluded from the training and validation

process entirely, providing an unbiased evaluation of the model’s performance in accurately

classifying PCB defects.

By appropriately dividing the dataset and utilizing the resulting subsets in succession, stable

and consistent models for PCB defect detection can be created, with the additional confidence

that the model performs well at generalizing to new and unseen data.

The dataset was split as follows :

Table 4.1: Data Split for Model Development

Set Approx. Percentage Purpose
Train 76% of the data Used to train the model
Validation 19% of the data Used to fine-tune performance and adjust pa-

rameters
Test 5% of the data Used for final evaluation, completely unseen

during training
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Figure 4.4: pie chart dataset.

4.6 Preprocessing of PCBs data

Preparing PCB images for YOLO-based defect detection begins with a standardization

pipeline that ensures consistent, high-quality inputs. In practice, raw PCB photographs of-

ten exhibit variations in size, format, lighting, and noise. Preprocessing mitigates these issues

by resizing images to a common dimension (often matching the model’s fixed input size) and

standardizing pixel intensities. Resizing “makes them uniform and reduces computational com-

plexity”, enabling faster training and inference. Likewise, intensity normalization (e.g. scaling

8-bit pixels to [0,1]) places all images on the same scale, which promotes stable gradients and

faster convergence during training. In practice, modern YOLO pipelines automatically convert

images to a consistent color format (RGB) and scale pixel values, ensuring that brightness or

color disparities do not skew the learning process. Overall, these steps reduce the variabil-

ity of the dataset and help the network more reliably converge to an accurate defect-detection

model[28].

Resizing Images All input images were resized to a fixed resolution of 640×640 pixels,

which is the recommended input size for most YOLO models. This step of resizing:

• guarantees uniform spatial dimensions throughout the dataset.

• Helps maintain a uniform input pipeline during training and inference.

• Reduces memory consumption and speeds up training while preserving defect-level vi-
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sual features.

Conversion to RGB Format Since some of the original dataset images may be in grayscale

or non-RGB formats, all images were converted to the standard 3 channel RGB format. YOLO

models require images in RGB as they rely on color-based features in convolutional layers.

This step guarantees compatibility with the model’s input expectations.

Annotation Files

• Every image has an accompanying XML annotation file, which contains the following:

– The defect class name (e.g., missing_hole, spur, etc.).

– The bounding box coordinates (xmin, ymin, xmax, ymax) defined in absolute pixel

values.

– Additional metadata such as image size and defect difficulty

This format is popular and simple to interpret.

• The annotations were then transformed into the necessary YOLO format for YOLO train-

ing, which included:

– Class ID

– Normalized center coordinates (x, y)

– Normalized width and height

Data Cleaning To guarantee data quality and prevent training inconsistencies, data was

cleaned by the following:

1. Deletion of faulty or unreadable

2. Excluding images which don’t have

3. Verifying that each image was supported by a matching and properly formatted annota-

tion file.

4. Verifying whether bounding boxes lay within image limits and were not empty.

46



Chapter 4. Implementation and Results

This was done as a way of guaranteeing that the model was being trained using high quality,

properly labeled data, to prevent overfitting or labeling mismatch issues.

4.7 Data Augmentation

The most widely talked-about data preprocessing technique is data augmentation. Data

augmentation is where you artificially add to the size of the dataset by generating transformed

copies of images. Augmenting your data can assist in combating overfitting and improving

model generalization[28].

Here are some other benefits of data augmentation:

Creates a More Robust Dataset: Data augmentation can make the model more robust to

variations and distortions in the input data. This includes changes in lighting, orientation, and

scale.

Cost-Effective: Data augmentation is a cost-effective way to increase the amount of train-

ing data without collecting and labeling new data.

Better Use of Data: Every available data point is used to its maximum potential by creating

new variations.

4.7.1 Data augmentation techniques

For YOLO11, dataset augmentation can be directly configured through the respective.yaml

file. Users can configure a wide range of augmentation parameters, ranging from random

cropping, horizontal and vertical flipping, and angle rotation, to image distortion. All of which

help enhance model generalization as a whole, thus achieving higher accuracy for PCB defect

detection across different production conditions. Rotational augmentation is applicable for

PCBs, as boards can be oriented differently for inspection. For each class of defects, e.g.,

missing hole, spur, or short circuit, originals are rotated by varying angles, generating new

training samples and not changing the structural properties of the defects. Synthetic samples

balance underrepresented classes and introduce spatial variation, avoiding overfitting.
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Figure 4.5: Dataset after rotation.

4.8 Proposed model architecture

4.8.1 Overview

YOLO11 is the latest in the Ultralytics YOLO series of real-time object detectors, contin-

uing to push the boundaries of state-of-the-art accuracy, speed, and efficiency. Building on the

already impressive advancements in previous versions of YOLO, YOLO11 continues to im-

prove the architecture and training techniques, providing a very effective tool for a wide range

of computer vision tasks.

4.8.2 YOLO11 Architecture

YOLO11 Architecture is an upgrade over YOLOv8 architecture with some new integrations

and parameter tuning[6].
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Figure 4.6: YOLO11 Architecture (Adapted from [9]).

More importantly, YOLO11 contains some of the advanced components, a SPPF (Spatial

Pyramid Pooling – Fast) layer to aggregate context across multiple scales reliably, and a C2PSA

(Cross-Convolutional Parallel Spatial Attention) that helps to concentrate on the informative

locations in the feature maps. They improve feature extraction that enables to detect small PCB

defects, and are particularly advantageous for small and subtle defects that can only be detected

by experts.

Figure 4.6: Example YOLO-based PCB defect detection architecture, divided into back-

bone, neck, and head components. The backbone (left) extracts multi-scale features from the

input image. The neck (center) fuses features of different resolutions to provide rich, multi-

scale representations. The head (right) comprises convolutional layers that produce the final

detection feature maps at multiple scales (e.g., for small, medium, large objects), with each

predicting bounding boxes and class probabilities for defects.

Above the backbone, YOLO11 utilizes a neck network to combine feature maps and ensure
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that meaningful information at different scales is preserved for detection. In YOLO-series

models a Path Aggregation Network (PAN) or similar Feature Pyramid Network is commonly

used; YOLO11 continues this approach by aggregating features from deep (low-resolution)

layers up to shallow (high-resolution) layers.

This bi-directional fusion allows the detector to use both the coarse context-rich features

(helpful for identifying a region as defective) and high-resolution detailed features (for locating

the locations of small defects). The neck produces a set of fused feature maps at multiple

scales, and the detection head in YOLO11 creates the output predictions. The YOLO11 head is

a one-stage dense predictor that applies sets of convolutional layers to each feature map scale

(large, medium, small receptive fields) and directly predicts bounding boxes, defect classes,

and confidence scores for any object (defect) in those cells.

The head has some partially decoupled classification and localization subtasks which allows

better accuracy (similar to YOLOv8 and YOLOX). Each scale has several prediction layers that

detect defects of multiple sizes, which is important when manufacturing PCBs that may contain

both relatively large defects and very little defects. The predicted output is a set of bounding

boxes and each one is associated with a defect category and score probability that indicates

the potential for a true defect. One of several reasons that YOLO11 is suitable for PCB defect

detection is its ability to detect small objects with great accuracy. Some PCB defects like

micro solder shorts or hairline open circuits are small in pixel size; YOLO11 has multi-scale

feature maps and attention mechanisms that seek to include such details. Moreover, because

YOLO is designated as a one-stage architecture, inference is fast–an important characteristic

in PCB manufacturing, where hundreds of boards may need inspecting per hour. The model

is measured not only by its accuracy but also by its inference speed (frames per second) and

computational cost (GFLOPs) and YOLO models are well suited for speed-accuracy trade-

offs[34].

4.8.3 Evaluation Phase

The YOLOv11 model was trained on an annotated image dataset of PCB images to test and

evaluate the PCB defect detection model. Training took 200 epochs and adopted a systematic

data split approach. That is, 95% of data was employed for training and validation purposes and

5% for final testing purposes. In the training part, 80% of the images were used for training,
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and 20% for validation. This division method prevents the model from overfitting and ensures

good generalization.

The model was trained on Google Colab with GPU to achieve the highest convergence

speed and performance. The model was then validated on the unseen test set after training

to test its potential to correctly identify PCB defects. The performance was measured using

standard deep learning metrics[22], including:

1. The Precision: Precision is calculated as the proportion of accurate positive predictions

to all positive predictions. Precision expresses how the model can minimize errors in

positive observation classification.

Precision(P) = TP/ (TP +FP)

2. Accuracy: Estimates how often a classification model correctly predicts positively or

negatively. Accuracy provides a general measure of the performance of the model taking

true positives and true negatives into account.

Accuracy = TP +TN /(TN+TP +FP +FN)

3. Recall: the ability of a model to classify positive images in the proper way. It is the

proportion of true positive tumour images to all the tumour images. Due to its sensitivity,

the model performs well to classify tumour images since it reduces false negatives, i.e.

tumorous.

Recall = TP / (TP +FN)

4. F1 score: It is calculated by finding the harmonic mean of precision and recall. Accuracy

finds the percentage of right outcomes over anticipated outcomes, while recall finds the

percentage of right outcomes over total actual outcomes.

F-Score = 2(Precision * Recall) / (Precision+ Recall)

Where:

TP (True Positive): Defects that are correctly identified by the model.

TN (True Negative): Non-defective cases correctly classified as normal.

FP (False Positive): Normal cases wrongly identified as defective.

FN (False Negative): Defective cases not detected by the model.
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These metrics allow for a general evaluation of the performance of the model, reflecting its

capacity to distinguish faulty and non-faulty PCB images. The interpretation of these results is

crucial to the assurance of the reliability of the model for practical quality control use.

4.9 Results and discussion

The results and discussion phase seeks to assess the extent to which the model can detect

and classify defects on PCB images (printed circuit boards). Important metrics such as preci-

sion, recall, and loss will provide clarity with some plots, and confusion matrices. The results

displayed will show the model’s ability to generalize and perform to detect defects on PCB

images with different conditions. Below are the most important evaluation visualizations from

the training and testing phases.

4.9.1 Confusion Matrix Analysis

The confusion matrix reflects the performance of the YOLOv11 model for seven classes of

defects: mouse_bite, spur, open_circuit, short, missing_hole, spurious_copper, and one class

of background. Every cell includes the number of predictions that were made by the model for

a specific true label (rows) versus predicted label (columns).
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Figure 4.7: Confusion matrix.

4.9.1.1 Observations

High diagonal values: The matrix has high diagonal dominance, indicating high accuracy

in the classification of most defect types:

1. Missing_hole : 104 correct

2. Short : 93 correct

3. Open_circuit : 90 correct

4. Spur : 80 correct

5. Mouse_bite : 77 correct

6. Spurious_copper : 82 correct
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4.9.1.2 Low misclassification rate

• A number of the testing samples were incorrectly assigned in each of the categories

(primarily ≤ 4). For example, mouse_bite was wrongly classified as spur, 2 occasions,

and as background, 2 occasions.

• Background class produced minor confusion, with 6, 7, and 7 false positives for mouse_bite,

spur, and open_circuit, respectively.

4.9.1.3 Notable Misclassifications

• Background class is the most frequent cause of false positives. This type of error suggests

that the model is prone to detect too many defects in clean regions in certain cases.

• There is minor confusion among closely linked categories of defects like spur and mouse_bite,

which may be structurally similar.

4.9.1.4 Overall Impression

• It is linked with high classification power as it classifies the majority of the real labels

appropriately.

• Few and localized misclassifications indicate that the model is well trained and general-

izes well.

• Each class’s precision and recall would be greater than 90%, missing hole scoring nearly

perfectly.

4.9.2 Training and Validation Loss Analysis

The train and/validation loss of the three main components of the YOLOv11 loss function

over 200 epochs is shown above :

1. Box Loss (Localization loss)

2. Classification Loss (cls_loss)

3. Focal Distribution Loss (dfl_loss)
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Figure 4.8: Loss Function Convergence Analysis During Training.

All graphs show how the model learns over time by watching the curves of the training and

validation losses.

4.9.2.1 Box Loss (Left plot)

• Observation: Both the training and validation losses in the box decrease gradually in the

first 50 epochs.

• After 50 epochs, train loss decreases smoothly, and it dips below 1.0 in epoch 200.

• The validation loss is leveling out around 1.5 with slight fluctuations.

• The model is learning object localization well. The small difference in training and

validation loss is a sign of little overfitting, but overall performance is consistent.

4.9.2.2 Classification Loss (Middle plot)

• Observation: Sudden dip in training and validation classification loss from >25 to <1.0

during the first 10–20 epochs, with stabilization afterwards.

• That implies the model is learning the defect types correctly in the initial stages of train-

ing. Convergence and closeness between train and val curve indicate there is a good

generalization.

4.9.2.3 DFL Loss (Right plot)

• Observation: DFL is decreasing systematically both in training and in validation.
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• Lower-training curve graphs below validation from epoch 50

• DFL means refined localization (no anchors), and the model’s learning curve is good.

There is clothoidation leveling out around 0.9, and that is sufficient.

4.9.3 Overall Evaluation

No indication of severe overfitting or underfitting. All loss terms exhibit significant conver-

gence. The performance saturates around epoch 150, which shows the model is well trained

and generalizes well for unseen validation data.

4.9.4 Analysis of Precision, Recall, and Confidence Metrics

The metrics plotted here are useful for gauging the performance of the YOLOv11 model

trained on all six classes of PCB faults, namely, mouse_bite, spur, open_circuit, short, miss-

ing_hole, and spurious_copper. In every plot, the potential of the model for accurate predictions

with respect to confidence thresholds and class discrimination is evident.

4.9.4.1 Precision-Confidence Curve

• Field of plots in terms of prediction confidence.

• A very high precision of (≈1.0) is observed for all classes up to the cutoff confidence of

0.88, beyond that there are slight fluctuations.

• The curve shows that the model rarely produces false positives when its confidence is

high, it reaffirms the reliability of the detections.
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Figure 4.9: Precision-Confidence Curve.

4.9.4.2 Recall-Confidence Curve

• Recall (sensitivity) curve plot with respect to confidence

• Recall is over 0.9 until the confidence is higher than 0.8, when there is a drop.

• This means that the model captures most of the true positives for modest confidence but

starts missing out on some as the threshold increases.
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Figure 4.10: Recall-Confidence Curve.

4.9.4.3 Precision-Recall (PR) Curve

Shows the precision and recall trade-off for each class. Overall, each class performs well,

according to the area under the curve (AUC) values:

• Missing hole: 0.995

• Open circuit: 0.985

• Short: 0.978

• Spurious copper: 0.961

• Spur: 0.947

• Mouse bite: 0.943

Overall mean Average Precision (mAP@0.5) for each class is 0.968, which indicates very high

quality detections.
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Figure 4.11: Precision-Recall (PR) Curve.

4.10 Prediction

The prediction stage is an essential step in measuring the actual performance of the trained

deep learning model. In this research, the YOLOv11-based model was employed in detecting

six common types of PCB faults, namely, missing hole, open circuit, short, mouse bite, spur,

and spurious copper.

In this stage, the model was tested on new, previously unseen images from both the valida-

tion and the test set, that were not part of the training set. It was accurately localizing the faults

by predicting closely bounding boxes around faulty regions and classifying the objects with the

proper class labels. Visual outcomes demonstrate the capacity of the model in detecting multi-

ple faults in one PCB image, vouching for its reliability in handling complex and overlapping

fault patterns in real industrial applications.

In addition, the model also maintains high discrimination capacity between the different

classes of defects, i.e., fine-grained or visually analogous, in accordance with the learned visual

representation’s fidelity. Predictions also have high categorical and spatial consistency between

actual and predicted defects, indicating stable localization and classifying performance.
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Figure 4.12: Labeled PCB Defect Samples for Model Validation.

60



Chapter 4. Implementation and Results

4.11 Conclusion

Our study developed a model based on deep learning focused on automated defect detection

in printed circuit boards (PCBs). By following a systematic process, and by bringing together

quality data collection, reliable pre-processing, and a strong YOLO11 architecture, we achieved

a model that produced very high quality defect detection on many varieties of PCB defects.

Through exemplars of machine learning principles, the model was trained and validated

through rigorous structured partitioning of the dataset, monitoring for loss function, and by

tracking accuracy, recall and mAP metrics as indicators of how well it was performing. In

the overall results, the model was able to correctly identify and classify defects accurately,

including on previously unmet samples, suggesting it could represent an effective tool for real-

time industrial inspection.

This project illustrates the application of contemporary deep learning methods in the elec-

tronics manufacturing industry to improve reliability, minimize human error, and enhance au-

tomated quality control systems.
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The quick evolution of the microelectronics and the increase of the complexity of PCBs

makes it necessary to apply smart and automated procedures to produce high-quality pieces and

a fast defect identification. This dissertation aims to build a YOLOv11-based defect detection

system using deep learning for real-time PCB, implemented into a realistic application working

within an industrial environment.

The system demonstrated high accuracy in the detection and classification of various types

of defects and is a tangible move towards the automation of quality control processes. Its flex-

ibility and extensibility also render it an easily scalable solution that can evolve with evolving

industrial requirements.

Strengths:

1. High accuracy in detecting six primary PCB defect types.

2. Employment of YOLOv11, which is acclaimed for real-time detection efficacy.

3. Scalability for future improvements and industrial integration.

4. Compatibility with both desktop and mobile deployment for flexible use.

Limitations and Criticisms:

• The system performance depends on the nature of input images that may be compromised

in poor lighting or visual noise.

• The current model can suffer from delays when handling large numbers of images in

high-speed environments.
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General Conclusion

• The model requires intensive testing using real-world industrial production data to make

it robust and reliable.

Future Directions:

• Development of integration with high-speed cameras and sensors for real-time produc-

tion line inspection.

• Enlargement of the system to support other defect types or other electronic component

inspections.

• Development of visual analytics tools to provide engineers the capability to investigate

root causes and take data-driven corrective action.

• Application of the system as an input source for AI-driven quality optimization in indus-

trial processes.

• Development of integration of mechanism for ongoing learning to enable automated up-

date based on new observed defect patterns.
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Abstract

Printed Circuit Boards (PCBs) are basic to today’s electronic system and as result, their

defect-free production is essential for the function and reliability of electronic devices. Tradi-

tional manual inspection methods are no longer enough due to the complexity and reduced size

of the boards. In the context of the project, deep learning is applied to the automated recog-

nition of the defects, where YOLOv11 object detection architecture is the algorithm used to

find the six most frequent defects in the PCB images. The data acquisition is the main stage of

the project, and it is followed by the preprocessing, annotation transformation, and data aug-

mentation, the processes which contribute to increasing the training diversity. The model has

been presented, using a carefully selected dataset, as a good candidate to have high precision,

recall, and mean Average Precision (mAP) metrics. Additionally, the mobile application was

launched with the model proving its feasibility and being ready for server-side inference in real-

time defect detection. The experimental results validate the prototype system as a solution to

the defect detection problem in electronics. The system is also a scalable and practical quality

control mean in electronics production besides being accurate and reliable.
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Résumé

Les circuits imprimés (PCB) sont essentiels au système électronique actuel et, par con-

séquent, leur production sans défaut est essentielle pour le fonctionnement et la fiabilité des

appareils électroniques. Les méthodes traditionnelles d’inspection manuelle ne suffisent plus en

raison de la complexité et de la taille réduite des planches. Dans le cadre du projet, l’apprentissage

profond est appliqué à la reconnaissance automatisée des défauts, où l’architecture de détec-

tion d’objets YOLOv11 est l’algorithme utilisé pour trouver les six défauts les plus fréquents

dans les images PCB. L’acquisition de données est la principale étape du projet, suivie par le

prétraitement, la transformation des annotations et l’augmentation des données, processus qui

contribuent à accroître la diversité de la formation. Le modèle a été présenté, à l’aide d’un

ensemble de données soigneusement sélectionnées, comme un bon candidat pour avoir des

mesures de précision élevée, de rappel et de précision moyenne (mAP). De plus, l’application

mobile a été lancée avec le modèle prouvant sa faisabilité et étant prêt pour l’inférence côté

serveur dans la détection des défauts en temps réel. Les résultats expérimentaux valident le

système prototype comme solution au problème de détection des défauts en électronique. Le

système est également un moyen de contrôle de qualité évolutif et pratique dans la production

électronique, en plus d’être précis et fiable.
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