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Abstract

Printed Circuit Boards (PCBs) are the backbone of modern electronic devices and

quality of PCB is paramount for reliability of the system. Traditional inspection tech-

niques for PCB defects by human hand are generally slow, laborious and not very pre-

cise in the case of defects which are very small and intricate.This paper provides a

framework for automated inspection system for PCBs based on a YOLO (You Only

Look Once) architecture which is coupled with a Single Head Self-Attention (SHSA)

mechanism to boost the feature representation and inspection ability. The aim is to

detect various type of PCB defects using the combination of real-time detection by

YOLO and attention based reasoning provided by SHSA to enhance the importance

of feature regions and minimize redundancy from backgrounds. Attention mechanism

learns the feature space of defect categories by paying special attention to the signif-

icant features while disregarding backgrounds in image thereby making the detection

of defects, with different sizes, shapes, and intensity variations, robust. The system

analyzes PCB image, extracts distinctive features and predicts bounding box for defect

regions. This framework is composed of stages such as data preprocessing, feature

extraction, multi scale feature fusion, attention enhancement, and detection of defects.

These defect classes in PCBs are annotated to train and test the deep learning based

object detection system. The experimental validation has been done by reporting vari-

ous object detection metrics like Precision, Recall, mean Average Precision (mAP) and

inference speed. From the empirical results, it is evident that attention mechanisms are

beneficial for capturing intricate features and enhancing defect detection accuracy in

PCBs. The present work highlights the significance of attention based feature enrich-

ment along with real time object detection technique for industrial automation. The

proposed system is extensible and feasible for automating the industrial inspection.
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CHAPTER 1

INTRODUCTION

1.1 Overview

Printed Circuit Board (PCB) is a fundamental block of building for our modern elec-
tronics. They provide a mechanical support to our components along with a platform
inorder to have an electrical connection via the copper tracks present on them. The PCB
is a non-conductive substrate which is made up of FR4 fibereglass epoxy laminate. On
this non conductive part the copper layers are being etched so that they form the con-
ductive tracks, conductive pads and vias used for the connection of components. This
PCB helps us to have an single compact and planar structure used for the connection
of components without any need for the hardwire wiring, increasing the reliability and
performance of the system. The PCB can be classified into different categories based
on the number of conductive layers which they are having along with the mechanical
behavior of them. The different kinds of PCB are Single Sided PCB or Single Layered
PCB, Double sided PCB or Double layered PCB and Multilayer PCB. Single layered
PCB are the PCB where we have the conductive part only on one side of the PCB. On
this single side, we would be having our copper traces along with the pads which are
being used for the connectivity ofo the compnents. These single sided ones are the
best suitable for the low cost and simple circuits which have less power supplies and
control boards being present on them. Then comes the Double sided PCB, these are
the PCB where we have conductive copper on both sides of the PCB. As there are cop-
per layers on both sides we would be having large copper tracks and pads availability,
these copper tracks present on the two different sides are being connected using the
plated through holes called as the vias. This double layered PCB would help for the
higher density of component mounting with a complex routing, making it suitable for
the complex circuits. These are being mostly being used in the consumer electronics
and industrial controls because of their ability to handle complex systems compared
to the single layered PCB. Then comes the Multilayer PCB, these are the PCB which
have more than two copper layers present in them. Here the multiple copper layers are
being stacked upon each other and an insulating material is being used between each
of these layers providing a insulation between them to avoid any short circuit paths
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to be formed internally. As there are multiple layers of copper we would have larger
number of tracks compared to the previous PCB types, increasing the availability of
the copper tracks and vias by a great extend making these PCB highly suitable for the
high speed digital system, telecommunication system equipment and advance comput-
ing platforms. Here the mulpile layers are being connected using the vias itself, just
like the double layered PCB but the only difference is that these are highly complex
and need a very high precision while manufacturing. Each type of the PCB has a trade
off between the mechanical stability, routing density, speed, complexity and cost. Like
in case of the single layered PCB we have high mechanical stability with less routing
density making it suitable for least cost and low speed systems. In case of the Double
layered PCB we have the good mechanical stability with increase in routing density,
which would increasing the cost and speed of the systems for which we are using them.
Coming to the multi layered PCB based on the number of the layers we are using , the
routing density increasing significantly which increases the speed and cost of the PCB,
but also has the issues of congestion and cross talk which should be handled carefully
while manufacturing them.

The PCB has conductive paths inorder to have a physical connectivity among all
the components which are being mounted on the PCB, so it is important to see that there
are no defects present on the PCB as these defects could lead to the malfunctioning of
our system causing us a huge loss. Here in the PCB we have multiple surface levels of
defects such as the Open circuit, Short circuit, Spur, Spurious copper, Missing hole and
Mouse bite. In the Open circuit defect we are having a discontinuity or the breakage on
the copper tracks or pads or the vias in our PCBwhichwould lead to a defective conduc-
tive path where the conduction doesn’t occur and lead to blockage of the current flow.
The Open circuit can occur because of no proper completion of etching, mechanical
damages which would occurring during the handing of a PCB, because of partial re-
moval of the copper layer during the manufacturing. This causes of an non operational
track or part in our circuit lead to no proper availability of the power to all the compo-
nents which are being connected to that conductive part or section. Then comes Short
circuit which is an opposite of the Open circuit, here there is an unwanted path being
formed between two copper tracks unintentionally which would lead to overheating,
abnormal behaviour along with a latch up condition occurring if we are using a digital
circuit and even sometimes cause a permanent damage to our circuit. The Short circuit
occurs because of excess copper left during the tracks formation or during the solder-
ing of two closely spaced traced or pads or vias, these can also be caused because of
the incomplete etching of the tracks making a bridge between different tracks. Spur
is another kind of the surface level defect in the PCB which is being formed because
of the unwanted small extension of the copper from the copper tracks or pads. These
Spur could lead to formation of the short circuit paths under high voltages or high cur-
rent situations which is dangerous. These occur because of the over etching during the
tracks formation or because of some irregularities occuring in lithography during the
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manufacturing of PCB or chemical etching. Then we have the Spurious Copper where
we have a small part of the unintended track being laid in between the two different
tracks in a completely unwanted area and this track is also not being connected to any
other track. The would create a parasitic conductive path leading to unwanted linkage
of unrelated nets and cause huge leakage current specially in the high impedance ana-
log or the mixed signal circuits. The spurious copper is being formed because of under
etching or contamination with a poor mask alignment during the manufacture of the
PCB. Then we have the Mouse bite defect which is exact opposite of the spur, where
in the spur we have an outward growth of the copper on the tracks which is unwanted
in the mousebite we have an inwards reduction in the copper track. These are being
caused because of some imperfect depanelization or the routing operations when they
are being made to separate boards, these are also being caused during the handling of
the PCB when the PCB are being damaged while using them. The mousebite weak-
ens the mechanical integrity of the board which will cause the internal copper layers to
be exposed and will even lead to the performance issues, because when we use them
in the high voltage or current systems where more head is produced could deplete the
copper layer even further and lead to the formation of the open or cause an heat as the
copper layer is suddenly being made narrow where there is an mousebite occuring.The
next kind of the defect is the defect is the Missing hole where on the connectivity holes
where the attachment or the vias are to be formed is partially or fully not present be-
cause of the over etching or misalignment or damage caused during the utilization of
the PCB. The missing hole would lead to breakage of the vertical connection between
the different layers of the PCB especially in the multilayer PCB which is being used for
the high speed circuits, causing a great issue as they form open vias, incomplete nets
which is not suitable for the systems and lead to the system failure or reduction in the
reliability of our PCB.

The PCB forms a crucial component for the connectivity of the electronic circuits
in the industries. It becomes important to maintain the reliability, durability and func-
tionality of circuit on the PCB. This can be achieved when we the PCB used is defect
free. As, the defects are small and not generally visible to the human eye at an easy
way, it is crucial to detect these small defects present on our PCB. To ensure There is
a defect free PCB circuit, proposing a deep learning model which would help us in the
detection of the PCB surface level defects at an faster and easier rate. This would lead
to the utilization of the PCB in a effective way in industry and identify the defects at a
faster rate and reduce the number of issues occuring in the PCB at a much faster and
easier rate. In order to achieve this I am using Your Only Look Once (YOLO) model
which is a deep learning model. The YOLO is being further modified in order to have
an much more efficient model for the detection of the PCB defects. The main aim over
here is to have the defects being detected at an efficient and effective manner, which is
being acieved by our model.
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Figure 1.1: Different PCB defects : a) Open circuit b) Short circuit c) Mousebite d)
Missing hole e) Spurious copper f) Spur

1.2 Literature Review

The PCB defect detection has become a crucial element for the visual inspection of
the PCB for the manufacturing or replacement. This is being done inorder to have an
accuracy, consistency along with throughput. To detect these defects some of the au-
thors have developed detection using the RCNN which is a base deep learning model
before the usage of the YOLO in order to provide an effective an efficient defect de-
tection model. Faster RCNN is an upgraded version of the RCNN, used by one of the
author [1] [2] [3] have introduced a regional proposal networks which is an ened to
end trainable two stage detection which has shown a significantly better localization
and classification. This has provided a improvement in accuracy and provided a strong
baseline. The authors have also implemented a cascade RCNN [4] where they have
further refined the two stage detection by introducing a multi stage refinement for the
regional defect identification, yielding a high quality of the predictions. As, these CNN
models were being used, YOLO has gained the popularity in the industries because of
its real time inference with a relatively low computation overhead. There has been
multiple versions of the YOLO being developed with time such as the YOLOv5 [5]
[6], YOLOv8 [7] [?], and YOLOv9 [8] [9] which have been kept on improving the
backbone design, its neck architecture and the head for the optimization along with
high speed of detection while having the accuracy. These have made YOLO as a good
option for the PCB defects inspection where the combination of small scale defects and
strict latency requirements is to be maintained.
par In the context of PCBs, many of the authors have adapted the YOLO to handle a
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specific challenges for the small scale defects on the PCB. Authors have analyzed a
detailed view of how the YOLOv5, YOLOv8 and YOLOv9 would be working giving
us an great clarity on the architecture and the improvements which have been occuring
with the update of the YOLO. They have clearly demonstrated how the multi resolu-
tion has been improved with a lightweight normalization which would help in the PCB
defect detection tasks. This has given has a great clarity on how each of these YOLO
model is being working helping us have a clear idea on the baseline YOLO models.
par Specialized PCB oriented YOLOmodels have been made, such at in [?] [10] would
integrate theYOLOv8with the automated PCBdefect detection pipeliningwhichwould
demonstrate us the YOLO based detection is efficient on themultiple defect types while
having a good throughput which is suitable for our the production line. In [11] [12]
[13], the authors have proposed as YOLO-WWBi which is an optimized YOLO based
model for the PCB defect detection in order to enhance the backone, so that there is
feature fusion module for better capture of small defects against the complex back-
grounds. Here the authors has made a high state of arth model with better mAP for
the PCB defect detection. In [12] [2], the authors have made a novel YOLO model
called as the YOLO CDMS which is explicitly designed only for the PCB defect detec-
tion with a huge emphasis on enhancing the small defect localization with a improved
feature extraction and multi scale fusioning. In YOLO DefXpert [13] [14] an other
updated YOLO model where the defect detector is enhanced for the better detection of
the defects which are being present on the PCB. The authors from [9] [15] [14] have
developed TDDNet which is a tiny defect detection network for the PCBwhere it focus
to have a low parameterized design which is suitable for the edge deployment where
it clearly shows us the trade off between the model size and defect detection accuracy.
The authors from [14] [15] have developed a model known as the DS YOLO which is
a small object detection dense model where we would be using an inverted bottle neck
with a multi scale fusion network which would share the design principles required
for the PCB defect detection. From the [15] [16] where the authors have developed a
YOLO model called as the BGF YOLO for the small defect detection in order to have
an unmanned aerial vehicle perscpective, through it is for the vehicle it can be seen that
it works well for the small object detection so can be even used for the PCB small de-
fect detection if trained properly on the defects. Beyond the pure YOLOmodels, in the
recent times it can be seen that even the CNN transformer models have been combined
with the YOLO models and even the attention mechanisms have been used along with
the YOLO in order to improve the capturing of better range dependencies and contex-
tual relation between the different parts of the image. The swin transformer by [17] [6]
[2] have intoduced a hierarchical transformer design using the shifted windows which
would enable the high resolution image understanding without the memory being used
much as in case of the full image self attention, this has motivated many of them to
work on integrating the transformer based backbones into the YOLO framework. The
[18] [19] have even started to use the coordinate attention module into the YOLO as
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its backbone component where the information is being sent to channels to guide the
feature for selection in lightweight networks, this method has been used in the similar
method for the PCB defect inspection to show the relevance of the defect regions while
reducing the background noise. The authors from [16] [5] [8] have used the C3TB
YOLO where they have integrated a transformer module into the YOLO backbone to
improve the feature representation for high resolution remote sensing of the images.
In [19] [17] [18] PPLA transformer is being combined along with a YOLO as it is a
lightweight transformer which could be used for the linear attention and the pyramidal
pooling of the defects which are present. These have clearly shown us a clear trend
towards the hybrid CNN transformer based designs where the local feature extraction
has been enhanced with global context modeling from the attention mechanisms for the
improvement of sensitivity of subtle defects.
par From these it is being clear that YOLO is being actively used in the industry for the
small defects detection or the small objects detection and many of them have worked
in order to improve the YOLO model into a better and efficient one so that it can be
used in a more effective way. It is clear how they have progressively improved the
backbone design, neck architecture and the head optimization which would enable the
higher detection speed with a god accuracy on the small and densely kept together ob-
jects which is similar the the PCB defects. Here I have also developed a new module
known as the Shuffle Head Self Attention (SHSA) module. This module is being de-
veloped in order to have a lightweight model with self attention present at the neck of
the YOLO which would enhance the feature extraction and classification of the defects
with a much higher accuracy and precision.
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CHAPTER 2

METHODOLOGY

2.1 YOLO Overview

Here wewould discuss in detail about the different versions of the YOLOmodel.YOLO
stands for You Only Look Once which is a real time object detection algorithm. Un-
like the general detection methods where they perform the localization on a object and
would then classify them into the seperate stages, here in YOLO the whole this is being
passed through a single forward pass of deep neural networks which would make it sig-
nificantly faster and a highly effective one for the real time detection and application.
The YOLO would generally have three main parts, they are backbone for the feature
extraction, neck to have a multi scale level fusion of feature and head for the detection
and prediction of bounding boxes. Because of its speed and accuracy the YOLO has
emerged as a popular choice for multiple applications like the autonomous driving, for
surveillance, industrial inspection and others. Over time the YOLO kept on improving
and different versions of the YOLO have been introduced and about them we are going
to discuss further in this section.

2.1.1 YOLOv5

YOLOv5 is a fast and efficient real time object detection mechanism which is being
developed by ultralytics for the accurate detection and localization of the objects. This
is the base for the advances YOLO models. Here in the YOLOv5 from the above
Figure we can see that, the left vertical stack is the backbone of the YOLOv5 which
extracts features from the input images we would be giving with less resolution and
good semantics. Here in the backbone we have Convolution blocks which would do
combination of convolution along with batch normalization with the help of activation
such as SiLU. Here as we go down the spatial size would keep on shrinking and the
number of channels would be growing for deep layers to help them in easier extraction
and capturing of the patterns. The C3modules over here play a key role, these are being
derived from the Cross Stage Partial (CSP) network. These blocks would imrpove the
feature learning efficiency by dividing the feature maps into two paths, one path would
pass through the bottle neck layers while the other path is not being passed through the
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Figure 2.1: YOLOv5 Block diagram

bottle neck and later merges with the other path which would reduce the overall com-
putational redundancy while having a strong gradient flow during the training. This
would help in improvement of the stability and detection accuracy without increas-
ing the complexity. At the end of the backbone we use Spatial Pyramid Pooling Fast
(SPFF) which is being used for the expansion of receptive field of network, allowing us
to capture the information conceptually at different scales. This would help the model
to learn both local details as well as the broader details of the images through the two
different paths being merged over here, making it learn the different sizes of objects
and their values. The middle vertical stack is the neck part of the model, where we do
concatenation, convolution and use the C3 modules. Here we combine the different
levels of information being obtained from the deeper bottleneck layers which would
allow us to have a fine grained spatial information helping us have a better detection
of small, medium and large objects present in the image. The Upsampling over here
would increase the resolution of deeper feature maps while merging the different fea-
ture maps from the backbone. These fused maps from the backbone are being further
refined through the C3 modules which would improve the representation quality and
reduce noise. Here we have even used PANet based feature aggregation method which
would improve the information flow across different values and feature levels which
would help in increasing the detection robustness. The detection head is the final stage
which is responsible for the generation of the object predictions. Here it would receive
the refined features from the multiple scales of neck which is being used for the predic-
tion of bounding box coordinates, confidence score and class probabilities. The multi
scale prediction is a crucial feature in this model as it would allow the model to detect
objects with different sizes for more effective and high resolution feature maps. The
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final convolutional layers will convert the information learned from the features into
numerical predictions which would correspond to object locations and classification.
The features are being further processed using the Non Maximum Suppression (NMS)
method to remove the duplicate or low confidence detections, ensuring accuracy.[5]

Thus the YOLOv5 achieves an effective results with a balance between speed ac-
curacy and computational efficiency through its great architecture, making it a widely
used solution for the real time object detection tasks.

2.1.2 YOLOv8

Figure 2.2: YOLOv8 Block diagram

YOLOv8 is a advanced real time object detection model which is being build on
the basics of the YOLOv5, designed by Ultralytics. Here in the YOLOv8 we have
the same three main parts called as Backbone, Neck and Head for detection. First we
would be giving the input to the backbone which is responsible for extracting correct
and meaningful information from the input with the help for the Convolution layers,
C2f modules athe SPFF. The convolution layers perform feature extraction by apply-
ing filters to the input and captuing its edges, textures and shapes, which are used to
identify a object. A major upgrade in the YOLOv8 is the usage of Cross Stage Par-
tial Two Convolution Feature Extraction (C2f) which improved the gradient flow with
enhancement in feature reuse, reducing the computational overhead compared to pre-
vious designs. Unlike YOLOv5 where we use C3 module the C2f allows for a greater
information passage by splitting and reusing the features more effectively which would
help in improving the learning efficiency and detection accuracy. At the bottom of the
backbone we would be using a SPFF just as in the YOLOv5 which is used to increase
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the receptive aggregation of contextual information at multiple scales, helping us en-
able the model to better understanding of different sizes without having a increasing in
the computational cost. After the backbone we have the Neck part where we would be
using Feature Pyramid Network (FPN) along with Path Aggregation Network (PANet)
to combine different feature maps, which are being obtained from the different levels of
the backbone. Then we would be Upsampling and concatenating them, the upsampling
would increase the spatial resolution of deeper features while allowing us to have a fine
grained localization details that would have been lost during downsampling. The con-
catenation would merge high level features from deep layers with a detailed low level
features of shallow layers, allowing the model to effectively detect the small and large
objects. There are some additional C2f blocks over here which would help in refine-
ment of the fused features, helping in reduction of noise and improvement of quality.
This multi scale fusion would significantly improve the object detection performance
for small and densely packed objects. Then comes the final part of the model which
is the head, used for detection. Here in the YOLOv8 we would be using a achor free
detection head which is a major upgrade from the previous YOLOv5 version. The
main difference over here is that in the previous version, there was predefined bound-
ing box templates called as anchors used for the prediction while in the YOLOv8 the
prediction of the locations id done directly without the usage of the anchors, helping
us have a simple training with improved accuracy and efficiency. Here it operates at
three different levels for multi scale object detection. Each of the detection layer would
predict the bounding box coordinates, confidence scores which indicate the likelihood
of object presence and help in class probabilities for the object classification. These
raw predictions ar then being sent through the NMS which would remove duplicate
overlapping of predictions and retain the most confident detections.[7]

Overall, YOLOv8 is a significant imrpovement for the real time object detection
where we have combined different feature extraction with strong gradient propagation
along with anchor free detection which enhance the multi scale feature fusion. The
optimized architecture gave us an great balance between speed, accuracy and com-
putational efficiency, making it highly effective for the real time applications such as
automation, industrial inspection and others.

2.1.3 YOLOv9

YOLOv9 is the next upated version of the YOLOv8. It has introduced several architec-
tural innovation which are being aimed at improving the feature extraction, improving
the flow of information and strengthening the multi scale object detection performance,
particularly for complex and small scale object detection tasks. Here, similar to the
earlier YOLO architectures we have the backbone, neck and head. Here we first use
a layer which is used to place hold the tensor operation for managing the input flow
without modifying any feature content. This is being followed by a convolution layer
which performs the fundamental extraction of feature by applying filters to capture the
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Figure 2.3: YOLOv9 Block diagram

low level visual characteristics like the edges, corners, texture which are used for the
pattern or object detection.These convolutional layers also reduce the spatial dimen-
sions while increasing the channel depth, allowing for a deeper semantic representa-
tions to be learned. Here in the YOLOv9, usage of the Re parameterized Neural Cross
Stage Partial Efficient Layer Aggregation Network (RepNCSPELAN4) is done. This
module combines Cross Stage Partial Network (CSPNet) with Efficient Layer Aggre-
gation Network (ELAN) inorder to improve the feature for learning while maintain-
ing the computational efficiency. Here RepNCSPELAN4 enhances gradient propaga-
tion, helping in promoting feature reuse and strengthening of representation learning.
This helps in getting richer information flow across multiple branches compared to
the traditional convolution blocks and this would help in learning depth parameters
without causing any instability. Here even we use Average Downsampling (ADown)
which performs downsampling while preserving all the important features in an effec-
tive way than the conventional convolutional downsampling. The backbone at the end
uses the Spatial Pyramid Pooling Efficient Layer Aggregation Network (SPPELAN)
which combines multi scale contextual feature extraction with an efficient feature ag-
gregation. This would expand the receptive field of the network which would allwo
the neurons to capture both the local and global contextual information and improve
the detection of objects while having a varying scales and appearances. Then comes
the neck section where we do the multi scale integration of the features for the fusion
and refinement. Here we would be using the upsampling, concatenation, ADown and
RepNCSPELAN4 modules. the upsamplin would increase the spatial resolution for
deeper feature maps and improve the localization of the details without a loss in the
information. The concatenation would merge high level information with the low level
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information for having a rich representation. This fusion would allow the model to
detect all kinds of the objects. The usage of the RepNCSPELAN4 in the neck further
increases the information by having a refinement and increase in robustness with reduc-
tion in redundant information. Then in the final stage which is the head, Programmable
Gradient Information (PGI) is being used, this introduces a training oriented strategy
to reduce the information bottlenecks and help in improvising optimization. The raw
predictions over here are being sent through the NMS in order to eliminate the dupli-
cate overlapping of the detections occuring and retain only the most confident object
predictions.[8]

Overall, in YOLOv9 a significant advancement has been made by integrating effi-
cient feature aggregation with improved gradient flow and optimized downsampling,
giving us an enhanced multi scale contextual learning. These make it highly effective
for real object detection tasks.

2.2 Proposed Methodology

After analyzing theYOLOmodels, developed a novel called as theYOLOSHSAwhere
SHSA stands for Shuffle Head Self Attention. This model is being being built on the
YOLOv8 as base. This is because of the robust model of YOLOv8 which makes it
one of the popular choice for all the defect detection in the PCB defects. YOLOv8
can be divided into three main parts, backbone, neck and head part and the details
regarding how the YOLOv8 works and functions and works is being explained in the
above. SHSA stands for Shuffle Head Self Attention, it is an upgraded form of standard
self attention mechanism. It is being designed to enhance the power of representation
which is being achieved by using the convolutional networks such as YOLOv8. In
a general detection module, the backbone features are being generated by staking of
the convolutional blocks that will primarily capture local patterns using their receptive
fields. But in Self Attention we will allow each spatial position in the feature map
to have a direct interaction with all the other positions, helping us have an long range
dependencies and global context. In case of the general convolutional detectionmodule
the head structure will split its channel dimensions into multiple subspace inorder to
have different subsets of channels, this will help them learn and focus on different types
of patterns and the relationship present in between them. The Shuffle Head comes into
picture over here, it mixes outputs of these heads on the channel dimensions so that
they capture the information of distinct heads and redistribute those back so that they
can be jointly exploited by all the subsequent layers.

To clearly understand how the Shuffle Head Self Attention would work, let us take a
input Feature map X of size NxC, where N indicates the number of the spatial locations
and C is the number of the channels present. The Shuffle Head Self Attention would
first dive the C channels into H heads of equal size, such that C=Hxd, where d is the
channel dimension for each head. For a head h, the corresponding slice of the input is
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Figure 2.4: YOLO-SHSA Block diagram

denoted by formula. From this we would we obtaining the Query(Qh), key (Kh) and
value(Vh) for each of the h. These query, key and value are being calculated using the
below equations 1,2 and 3

Qh = XhWQ (2.1)

Kh = XhWK (2.2)

Vh = XhWV (2.3)

In the above equations,WQ,WK andWV represent the weights which are being associ-
ated with the matrices. The Self Attention response of head his is then being computed
using the scaled dot product formulation as shown in equation 4

Ah = softmax

(
QhK

⊤
h√

d

)
(2.4)

From the above we have calculated Ah,the attention matrix for that head whose entries
represent how strongly each position would attend to the other positions available. The
division by root d stabilizes the magnitude of the dot products and softmax function is
being applied row wise so that Ah forms a probability of distribution. The output Oh

is an weighted combination of value vectors where the learned attention scores would
be giving us the weights. Once the Oh is being calculated for all the heads they are all
being concatenated to reconstruct a full feature map as shown in equation 5

Oh = AhVh (2.5)
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O = [O1, O2, . . . , OH ] ∈ RN×C (2.6)

From Equation 6 above it is clear that O is a group of heads which is combination of all
the Oh, meaning that the channels occupying contiguous ranges would correspond to
the same attention subspace. The Shuffle operation is being implemented over here in
order to break the grouping and see that there is good interaction among the different
heads so that the information learned by the different heads is being shared with each
other and the shuffling can be represented in equqtion 7.

Õ = Shuffle(O) (2.7)

Because of the shuffling the subsequent convolutional or feed forward layers would
receive feature vectors in which each local neighborhood of channels would combine
the information from different attention heads rather than focusing only on a single head
features. Finally giving rise to final output of Shuffle Head Self Attention with WO

being the learned weight matrix and Y being final output as shown below in equation
8

Y = ÕWO (2.8)

So, the above is being integrated into the YOLOv8 as this will serve as a great com-
plementary part to our convolutional backbone and decoupled detection head present
in YOLOv8. The YOLOv8 which has convolution and C2f blocks present in its back-
bone is an effective one for extracting the local and hierarchical features but is limited
in capturing the long-range dependencies which the object appearance and context are
far apart spatially. By the usage of the Shuffle Head Self Attention in the deeper stages
of the backbone or neck where we will be having a lower spatial resolution with high
features being available, we will be able to have a good information accumulation from
all the different positions of the feature map. The multi head design will make different
heads to focus on different features across the data and during the shuffling step, we
will be exchanging the information from all of the heads and get higher feature val-
ues. This ensures that the contextual information modeled by different heads are being
available to all of the convolutional heads which will help in the detection task where
we have subtle defects which must be recognized and help in easy classification with
localization performance. As the attention is being computed on an reduced per head
dimension and we are applying the shuffling which is a simple permutation, the addi-
tion of Shuffle Head Self Attention will not add a lot of overhead computation for our
YOLOv8making it a great choice for the improvement of the detection of classification
in YOLOv8.
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CHAPTER 3

RESULTS AND DISCUSSION

3.1 Training and Experimental Setup

The experiment is conducted using PCB defect dataset which is available to us in a open
manner[9]. Here the different PCB defects have been given to us, which are Open cir-
cuit, Missing hole, short circuit, Spurious copper, Mousebite and spur. Each defect
type is a manufacturing issue that will cause significant effect on the functionality and
reliability of the PCB. Here in the dataset we have 10,668 annotated images where we
have the annotation present in the yaml file with respect to each of the image high-
lighting to us where the different defects are being present, which would be used for
the training of the model. To have an unbiased evaluation, the dataset is being divided
into train, test and validation in the ratio of 80:10:10. So, there are total of 8,534 im-
ages in the train, 1,066 images for validation and 10,068 images for test. The training
set is being used to optimize the model, validation is used to monitor how the model
is being performing after learning the parameters and test is used to finally evaluate a
unbiased assessment of trained model. This whole experimental setup is being imple-
mented on the Google colab which provides a access to cloud based GPU, suitable for
intense and deep learning experiments. The model training is being performed on the
T4 GPU which is a NVIDIA tuning architecture and provides us with an 16GB of GPU
memory. The Tesla T4 is widely being used to adopt the macchine learning due to its
balance of computational efficiency with inference capability. Here we used the Auto-
matic Mixed Precision (AMP) training to improve the computational performance and
reduce memory consumption. The AMP combine half precision and single precision
floating point operation, accelerating matrix computations while having the numerical
stability. This is beneficial for object detection models involving large convolutional
architectures as it would allow faster training without substantial degradation in model
accuracy. The AdamW optimizer is used to prevent overfitting while having a sta-
ble parameter updates during optimization. The learning rate over here is being 0.01
which provides us with a balance between convergence speed and training stability.
With all these we have trained the YOLO SHSA for 50 epochs allowing for a suffi-
cient information for learning meaningful defect representation from the training data.
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The total training for YOLO SHSA has taken 4 hours of times which demonstrates the
computational efficiency of proposed approach considering the dataset size and model
complexity. This training duration was influenced by factors such as dataset size, GPU
performance, image resolution, optimization strategy andmixed precision acceleration.
For the training I have used the COCO model with the pretrained weights. Here to im-
prove the robustness of defect detection the training is using augmentation strategies
integrated with Ultralytics for the training framework. These would assist in improv-
ing the generalization by giving the model to have varying spatial transformations and
image distributions for training. For the Performance evaluation, used Precision, Re-
call and Mean Average Precision(mAP). Precision is calculated using confusion matrix
of the given model as shown the equation 9, it is to measure the accuracy with which
objects are being detected by our model.

Precision =
TruePositive

TruePositive+ FalsePositive
(3.1)

Recall is another standard measurement used to give us information about the ground
truth of images, which indicates how many number of actual images are being detected
accurately, it is also being calculated using the confusion matrix using the equation 10

Recall =
TruePositive

TruePositive+ FalseNegative
(3.2)

Mean Average Precision (mAP) is used to let us know the trade off between the preci-
sion and recall values. We have even calculated mAP50 which is used to report average
precision of detection, here it shows us how many detections boxes are present with
atleast 50 percent of overlap with the actual defects. These are being represented in
equation 11 and equation 12.

AP =
∫ 1

0
Pi(R) dR (3.3)

mAP@50 =
1

N

N∑
i=1

∫ 1

0
Pi(R) dR (3.4)

The other metric used over here is the mAP50:95 which is being shown in equation 13,
it is being used to tell us how the detection would be working under the different levels
of strictness.

mAP50–95 =
1

10Nc

∑
t∈{0.50,0.55,...,0.95}

Nc∑
c=1

APc(t) (3.5)
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3.2 Result

The obtained confusion matrices of the baseline YOLO and proposed YOLO-SHSA
model after training are illustrated in Figure 3.2. The confusion matrices provide a
class-wise visualization of the accuracy and misclassification behaviors of prediction
results of all PCB defect classes. The Precision-Recall curves of all the evaluated mod-
els are illustrated in Figure 3.3. This chart is used to determine the performance of
mAP@50. It plots the values for Precision vs. Recall for every value of the confidence
threshold from 0.0 to 1.0 and shows the variance of the F1-score to the confidence
threshold is represented in Figure 3.4. This analysis is very helpful to understand the
consistency of all models under varying required certainty of detection, and in order to
determine the required certainty value of prediction for a certain task. The measured
performance of precision, recall, mAP@50 and mAP@50:95 of all the compared mod-
els is tabulated in Table 3.1. From Table 3.1, it is clearly observed that all the models
performed well for PCB defect detection dataset, which indicates high detection preci-
sion and recall for all models. The YOLOv5s yields a precision of 0.9433 and recall
of 0.9898, which indicates that defects are correctly identified with a small amount of
missed detections but the precision is low when the number of false positive is high.
TheYOLOv8s gives a precision of 0.9563 and the highest recall among the baselines (at
0.9918) for defect detection which shows a high detection sensitivity. The YOLOv9s
also yields a high precision (at 0.9533) and the highest recall (at 0.995) which im-
plies that defects are almost completely identified by the model. Comparing with the
baseline models, the proposed YOLO-SHSA yields the highest precision (at 0.9686)
which is more accurate in terms of prediction reliability compared to other models and
also gives an acceptable recall value (at 0.9881). This means that, though the missing
detection rate is slightly higher than that of the YOLOv8s and YOLOv9s, the detec-
tion accuracy for those detected bounding boxes is higher. In real industrial detection
process, missing false positive result is quite important for the sake of reducing the re-
jection rate. Moreover, the proposed model acquires the highest mAP@50:95 score (at
0.634) which means that the localization accuracy of the predicted boxes under lower
IoU thresholds are more superior. It can be inferred that the SHSA enhanced model is
better in detecting defects and bounding box prediction.

Table 3.1: Performance comparison of different YOLO models on PCB defects
Model Precision Recall mAP@50 mAP@50:95
YOLOv5s 0.9433 0.9898 0.989 0.5771
YOLOv8s 0.9563 0.9918 0.988 0.613
YOLOv9s 0.9533 0.995 0.982 0.630
YOLO-SHSA 0.9686 0.9881 0.988 0.634

As we observe in Figure 3.2, YOLOv5s and YOLOv8s demonstrate acceptable
classification accuracy, but high confusion happens when detecting similar defects (e.g.
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Figure 3.1: YOLO-SHSA predictions

Spur and Spurious Copper). Those defects differ subtly, so they become hard to distin-
guish. YOLOv9s improves on classification results by reducing some confusion cases
between Spur and Spurious Copper, yet there is still some miss classifications of the
spurious copper part. YOLO-SHSA, on the other hand, results in less incorrect classifi-
cations between different defect types. These improvements of feature discrimination
capability with the integration of SHSA could be attributed to its performance on subtle
distinction of the defect types with small and different structures. As we see in Figure
3.3, all the models perform well on the task since their PR curves are at the top left.
However, the PR curve of YOLO-SHSA for most defects demonstrates more robust-
ness by keeping the precision constant while increasing the recall rate. The constant PR
curves are very useful when selecting an operating point. By looking at Figure 3.4, we
observe that YOLOv5s and YOLOv8s obtain a high peak of the F1 score but drop fast
when confidence threshold increases, which is a sign that they are not robust enough
when stricter filtering condition applies. YOLOv9s show a comparatively smoothly
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Figure 3.2: Confusion matrices of YOLO models: (a) YOLOv5, (b) YOLOv8, (c)
YOLOv9, (d) YOLO-SHSA.

changing F1 curve than the former two, while the proposed YOLO-SHSA has the most
robust F1 curve for most cases. The smooth F1 curve illustrates that the proposed
model could be more robust under varied confidence threshold settings, indicating that
with SHSA added, feature selection is improved in terms of its strength. The detection
capability of the proposed model can be seen in Figure 3.1. We can find that almost all
the defects on the PCB surface are correctly identified, with clear detection bounding
boxes and high detection confidence values (most of them are larger than 0.70). The
reasons for improved detection ability are that SHSA can focus more on discriminative
feature regions and it is able to extract the finer structural features of defects that are
hard to extract with traditional YOLO models, as defects are mostly small and subtle
features.
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Figure 3.3: Precision vs Recall graph of YOLO models: (a) YOLOv5, (b) YOLOv8,
(c) YOLOv9, (d) YOLO-SHSA.

Figure 3.4: F1-curve of YOLO models: (a) YOLOv5, (b) YOLOv8, (c) YOLOv9, (d)
YOLO-SHSA.
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CHAPTER 4

CONCLUSION AND FUTURE SCOPE

4.1 Conclusion

In this work, a deep learning method for automatic PCB surface defect detection with
enhanced YOLO network with Single Head Self Attention (SHSA) is presented. In-
spection of printed circuit boards is very important in the modern electronic production
where small surface defects can have severe influence on the product reliability, work-
ing performance and safety. Manual inspections are slow, inconsistent, error-prone and
lack the precision required for identification of fine details of smaller defects. To ad-
dress these issues this paper aims at developing a rapid and accurate automated defect
detection system for identification of various surface defects in printed circuit boards
with higher reliability. The system has employed a public PCB defect dataset which
contains six main types of defect which are ’Open Circuit’, ’Short Circuit’, ’Spur’,
’Spurious Copper’, ’Missing Hole’ and ’Mouse Bite’. To evaluate the system perfor-
mance, this dataset is segregated into training, validation and test subsets. YOLO based
object detection architectures i.e. YOLOv5s, YOLOv8s, YOLOv9s and the proposed
YOLO-SHSA architecture were implemented and tested on same experimental condi-
tions. The detection performance is analyzed on the basis of standard object detection
evaluation parameters i.e. Precision, recall, mAP@50 and mAP@50:95. From the
experimental results it is clear that the base YOLO models also exhibit quite a high
accuracy in defect detection which confirms the effectiveness of modern object detec-
tion models for industrial inspection tasks. However, the YOLO-SHSAmodel exhibits
highest general consistency across all detection metrics. The addition of SHSA atten-
tion module in YOLO helps to focus on relevant defect regions effectively, enriching
the feature representation of small and complicated defects. In this regard, the proposed
model shows the highest precision as compared to all the base YOLO models that can
infer that there are fewer number of wrong predictions from the model. Though few
base models obtain higher values for recall, the YOLO-SHSA model has a more prac-
tical trade-off. In a typical quality control inspection environment, false alarm rate is
as important as recall since high rate of false alarms can lead to unnecessary discarding
of acceptable components and increased production cost. Improved mAP@50:95 indi-
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cates better localization accuracy on tougher threshold. The integrated attention mech-
anism in feature extraction helps in enhancing this feature and that is why the proposed
YOLO-SHSA performs better in case of mAP@50:95. Through the use of confusion
matrix, precision-recall curves and F1-confidence curves it is confirmed that the pro-
posed method is efficient enough. It can be seen from both, the confusion matrix of the
proposed model and its neighbors, that the class confusion is significantly reduced in
the proposed method compared to base models, similarly both precision-recall curves
and F1-confidence curves show that the proposed YOLO-SHSA performs significantly
better for the detection of PCB defects with lower threshold. Moreover the qualitative
results of the detection show accurate localization of many defects on a printed circuit
board. In this work, it is demonstrated that integrating lightweight attention modules
like SHSA into state-of-the-art real-time object detection architectures enhances their
performance for PCB defect detection with a significant reduction in computational
complexity. The proposed system provides a practical and effective solution for au-
tomated quality inspection in manufacturing by achieving higher detection accuracy,
precise localization, and robustness. The results of this work clearly show the potential
of attention based deep learning architectures for improved quality control systems in
manufacturing industry and for reduction in reliance on manual inspection techniques.

4.2 Future scope

While the proposed YOLO-SHSA model shows promising results in detecting surface
defects of PCB boards, there are still many rooms for improvement and extension for
this work: improving detection accuracy, computational efficiency, generalization abil-
ity, and industrial application, etc. One direction is to study on larger and more diverse
PCB defects datasets. The current work only considered one public dataset which con-
tains six types of defects under controllable lighting. But real industrial environments
are far more complex, with lighting, noise, variety of design structure, fabrication vari-
ations and defects appearance difference, so it should be evaluated on larger industrial-
scale datasets that have more diverse defect categories to increase the generalization
ability. Another direction to study is exploring different advanced attention mecha-
nisms and feature enhancement methods, though SHSA has obtained improvements of
defect representation and localization performance. Some possiblemechanisms includ-
ing Triplet Attention, CBAM, Coordinate Attention, Transformer based self-attention,
hybrid spatial-channel attention and so on, should be discussed or a comparison ex-
periment on several lightweight attention modules should be implemented to find a
better one for the PCB inspection application. For the PCB inspection task, it often in-
volves detecting very tiny structural abnormality which occupied a small image region,
so optimizing small defect detection may be another worthy research direction. Some
approaches such as super-resolution preprocess, multi-scale feature fusion, adaptive an-
chor optimization and small object detection network could be used to improve the per-
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formance for small defect inspection. Computation efficiency can be improved as well
to achieve practical industrial application. The proposed work had achieved a practical
performance on GPU which is suitable for cloud environment. In real manufacturing
environments, some resource-limited edge devices such as embedded hardware may be
required for real-time inspection. The model can be further optimized through methods
like model pruning, quantization and knowledge distillation to reduce memory require-
ments and inference latency while maintaining high accuracy. Combining the proposed
defect detection framework with real-time industrial inspection systems is another sig-
nificant aspect to be studied in the future. This would allow continuous monitoring of
PCBs using live camera feeds, automated conveyor inspection machines and manufac-
turing quality control pipeline. The combined system can be used for real-time PCB
inspection, instantaneous identification of defects and automatic rejection of defective
components which could improve production efficiency. Additionally, multi-modal
inspection that combines RGB image-based defect detection with thermal imaging,
X-ray imaging or infrared detection methods can be utilized to enhance detection per-
formance for invisible structural defects. Furthermore, investigating beyond detection
toward defect severity assessment and prioritizing defect detection can extend the ap-
plication scope of the proposed framework and provide more useful information for
decision making in industry. In conclusion, YOLO-SHSA framework showed great
promise on PCB surface defects detection; however, more efforts are needed for better
generalization, efficiency, scalability, industrial applicability and expandability.
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1. Conference Paper Accepted for Presentation

Title: AUTOMATED PCB DEFECT DETECTION USING YOLO BASED DEEP
LEARNING ARCHITECTURES

Paper ID: 1569

Conference: 2nd International Conference on Cognitive Computing in Engineering,
Communications, Sciences and Biomedical Health Informatics (IC3ECSBHI’2026)

Organized by: Gautam Buddha University, Greater Noida, India

Conference Dates: February 12–14, 2026

Status: Accepted and Published
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Paper ID: ICSCSS-1285

Authors: Narendra Varma Gadiraju, Om Prakash Verma

Conference: 4th International Conference on Sustainable Computing and Smart Sys-
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GADIRAJU NARENDRA VARMA
Roll No.: 2K24/SPD/02
Email-id : gadirajunarendra_24spd02@dtu.ac.in
Mobile No.: 9491316073
LinkedIn Profile

EDUCATION

Year Degree Institute CGPA/%

2024 - 2026 M.Tech Delhi Technological University (DTU), New Delhi 8.08 CGPA

2020 - 2024 B.Tech (ECE) Sreenidhi Institute of Science and Technology(SNIST), Hyderabad 8.23 CGPA

2018 - 2020 Intermediate FIITJEE Junior College, Hyderabad 89.4%

2018 10th CBSE Takshasila Public School, Hyderabad 83%

PROJECTS

• Implementing PicoRV32a on SkyWater 130nm PDK using OpenLane

– This project demonstrates a complete digital SoC implementation of the PicoRV32a RISC-V processor on the SkyWater
130nm open-source PDK using OpenLane. Floorplanning, placement, and routing were performed with physical
design rules and tap cell insertion governed by the Sky130 standard cell library.

• FIFO and LIFO Implementation

– Successfully implemented the First In First Out(FIFO) and Last In Last Out(LIFO) using verilog and verified their
functionality using testbench.

• Pipelined ALU with Register Bank Interface

– Designed and simulated a pipelined ALU in Verilog that interfaces with a register bank. The system reads two
operands from the register bank, performs arithmetic/logical operations in a pipelined manner, and writes the result
back. Verified functionality using waveform simulation on EDA Playground with testbenches.

POSITION OF RESPONSIBILITIES

• Technical and Marketing Head - The Electronix Club (April 2022 - April 2024).

– Led the technical team in organizing workshops, competitions, and tech-related events.

COURSES AND CERTIFICATIONS

• NPTEL:Digital Logic and Circuits Simulations: Certificate

• Udemy: Verilog Hardware Description Language : Certificate

• VSD and nasscom program: Digital VLSI SoC Design and Planning:Certificate

TECHNICAL SKILLS

• Hardware Description Languages: Verilog

• EDA Tools: OpenLane, EDA Playground

• Programming Languages: C Programming

EXTRA CURRICULAR ACTIVITIES AND ACHIEVEMENTS

• Basketball (Used to play for inter school and inter college tournaments)

• Swimming
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