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ABSTRACT

Modern circuits are complex and fast prototyping is now common, PCB design now relies heavily on automation. Older
methods of physical design which depend on manual operations and legacy tech, are less effective for high-performance designs
these days. This work assesses if artificial intelligence is able to revitalize PCB design by blending component classification, on-
the-spot detection and layout enhancement in a straightforward framework. I used convolutional neural networks (ResNet50,
MobileNetV2 and Xception) to classify individual components on PCBs and applied YOLOwv5 models to detect those
components using a dataset of PCB images on Kaggle. The dataset was cleaned and expanded to guarantee that the model
performs well in various situations. For classification, we evaluated using accuracy, precision, recall, F1-score and for detection,
using mean Average Precision (mAP), Intersection over Union (loU) and Frames Per Second (FPS). On the classification side,
ResNet50 reached 93.5% accuracy, while YOLOwS5I led in detection with a 94.8% mAP@Q.5 and an IoU of 88.9%. The
Alinspired layout design improved the metrics of the design by decreasing routing by 28.5% and improving thermal
performance by more than 45% than the manual layouts. These results explain that Albased systems can improve PCB design
organization, enhance thermal properties and reduce the effort needed to create new designs. It is seen that Al could greatly
benefit small- to medium-sized PCB makers and fast prototyping settings. It would be beneficial to expand the model for use
with multi-layer and RF printed circuit boards and to add tools that do electromagnetic and signal integrity analysis.

Keywords: Artificial Intelligence in PCB Design, Deep Learning for Component Classification, YOLOwv5 Object
Detection, Thermal-Aware Layout Optimization, Electronic Design Automation (EDA)

INTRODUCTION

Currently, there is a greater demand for automation in electronic design because circuits have become much
more complex, there are increased numbers of components to handle and designers want to prototype faster.
Common printed circuit board (pcb) design processes use last-generation computer tools and are up to 90%
composed of manual actions. While they work well for easy designs, the problems of errors and slow throughput
go up at high speed and high-density plans. Since artificial intelligence (ai) technologies have appeared, there has
been a move towards using data and automation to improve pcb design environments. Deep learning-based
methods are now commonly employed to speed up visual inspection, recognize parts and optimize viewing in the
production of printed circuit boards [1].

One major problem in current design automation is that recognition and optimization tasks are not combined.
Though eda tools can model the electrical and heat characteristics, these programs do not independently decide
actions based on what they observe on their own. The more packed pcb design is, with several layers and high-
frequency trails in a small area, the more important it is to control thermal dispersion, correct signal behavior
and maintain good routing. As a result, agents should adopt a new approach using learning that lets them
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recognize, make sense of and tackle situations on their own. News from the field suggests that recent work uses
deep neural networks and ai to enhance placement techniques and routing [2].

The method presented here combines deep learning models and object detection to find and highlight important
elements on pcb designs, after which an ai-driven engine helps improve the placement according to thermal and
integrity requirements. Because they are reliable in image recognition tasks, resnet-based classifiers are applied to
differentiate different kinds of electronic components [3]. At the same time, yolov4 enables accurate tracking of
objects which provides the necessary information for the next stage [4].

The study is designed for 2d pcb layout tools that depend on public databases and tested simulation evaluation
criteria. Even though it is good at labeling components and improving layouts, the system does not do
electromagnetic or signal integrity simulations for high-speed designs. Still, the study has produced powerful
results for small- and medium-scale pcb systems; however, scaling the method to industrial multi-layer or rf boards
will need to be worked on in the future.

The study plays a key role by decreasing the complexity and excess heat waste of pcb prototyping which speeds
up the prototyping process. Using ai in the design process makes it much easier to identify mistakes and lessens
the time needed to design. In addition, the thermal-aware placement module fits in well with the future of
autonomous electronics which focuses on how to give ai systems top performance with minimal use of resources.
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Figure 1:Overview of the Al-assisted PCB layout process. The Al engine learns from existing design data,
stores layout knowledge in a feature database, and generates placement and routing outputs for new inputs

The study is designed according to these two main goals:

e The goal is to make a deep learning model accurate at identifying and detecting pcb components using their
images.

e To include an ai system that multi-optimizes position of components to improve device layout and keep it
cool.

e To demonstrate that it is practical to combine intelligent vision and new layout approaches with pcb prototype
production using machines.

LITERATURE REVIEW

With artificial intelligence (ai) now part of the electronics world, particularly in pcb design, automation has
improved, more defects can be found, system optimization is easier and reliability has increased. Previously, eda
tools were limited, but today ai has begun to improve them and help them manage complicated jobs more
efficiently and with greater accuracy. Ghelani says that using advanced ai in pcb manufacturing helps to stop
defects and improve yield which is necessary for mass production. Also, smart routing and layout approaches
have been investigated, mainly in power electronics, since component positioning affects both the temperature
and dependability of the system [2]. The majority of ai uses deep convolutional neural networks such as resnet
because they strongly focus on image recognition and allow tasks related to component classification [3]. Also,
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frameworks such as yolov4 stand out for their successful and fast localization of components in real situations
4].

Since the design of autonomous systems requires management of thermal factors, modern pcb design must pay
close attention to thermal-aware optimization. Bankar’s research shows how design automation is being used to
deal with thermal loads more effectively. Luukko opens the discussion by showing how ai is applied in electronics
design, starting from building schematics and going all the way to reliability modeling. Additionally, amuru and
abbas stress that using ai can greatly boost the design of circuits by delivering both predictive simulations and
behavioral modeling, cutting down on the repetitive steps previously needed. Design reliability is also being
assisted by ai, as reported by yuan et al. [8], who describe how ai methods help foresee possible risks for
microelectronics over time.

The use of ai in eda flows has been closely looked at by kostova et al. [9], who outline what ai-enhanced tools can
help with and what challenges they pose. In addition, koblah et al. [10] look at ai, describing its potential parts
in making eda more efficient as well as helping to discover and solve vulnerabilities during the design phase.
Panigrahy et al. [11] study simulation-assisted design which plays an important role in predicting the reliability
and lifespan of advanced packages. Similarly, yao [12] looks at how ai can support enhancements to both the
design of circuits and their packaging in microelectronics, making the devices smaller and better able to handle
heat.

Automated optical inspection (aoi) is another important area where ai is now widely used for industrial
applications. In their study, zhang et al. [13] show how ai makes defect detection better in the production of pcbs.
According to chae et al. [14] in the area of tf integrated circuit design, machine learning is used to speed up both
simulation and layout creation, thereby enabling advanced and quicker high-frequency pcb manufacturing.
Advanced packaging is also making use of both simulation and ai and li and kim [15] studied how their
combination can improve both the design and cooling of interconnects.

Cirstea et al. [16] in their wider design review, observe that ai is now playing a key role in helping automate the
process of designing and verifying integrated circuits. According to singh and lata [17] green electronics and ai
align when machine learning is used to help produce sustainable and adaptable electronics through better
manufacturing techniques. John et al. [18] also introduce a conceptual flow for generating ai models that address
si/pi impediments in pcb design, responding to increasing industry calls for more intelligent tools for simulation
and debugging.

All these resources prove that ai actively supports and powers the rapid progress being made in pcb design. Such
research shows the shift from simple, rule-following design environments to intelligent systems that can meet the
many needs of modern electronics.

Methods

This research uses an experimental method combined with applied machine learning and computer vision. The
objective is to design an ai solution that takes care of the layout optimization of elements in printed circuit boards.
The researchers are working on training and reviewing a deep learning model that can spot and classify electronic
components in images of pcbs for part of an automated design process. An evaluation is made to see how the
accuracy, efficiency and component placement skills of the two approaches compare.

Data for this research was taken from kaggle, under the pcb electronic components dataset. The images in the
dataset are high-quality pcb images fully annotated with common electronic component types such as resistors,
capacitors, integrated circuits (ics) and transistors. All images were taken from community websites and open
libraries and this gives them a broad range of conditions, helping to make the model more adaptable.

After collecting the data, we applied several preprocessing methods: resize it to 224x224, make it normalized,
convert grayscale images as needed and augment it by rotating, flipping, zooming and contrast adjustments to
obtain richer and more varied results.
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Figure 2:Close-up of similar components showing variability in orientation and lighting—essential factors
considered in data augmentation and preprocessing

This research looks at images of printed circuit boards that have common electronic parts needed in simple to
medium level circuits. Because the dataset has been compiled ahead of time and is open for anyone to download,
the researchers decided to use purposive sampling to create a subset representing all component types. The
research team selected 3000 photos, making sure each important component class was present at the same rate.

After that, the dataset was divided into training (70%), validation (15%) and testing (15%) sets using stratified
random sampling so that each class was equal in each part of the split.

Raw Dataset

Data Preprocessing

Component Classification

Object Detection

Layout Optimization

Optimized Layout

Figure 3:Conceptual Workflow of Al-Assisted PCB Component Identification and Layout Optimization

The data was studied by applying image classification and object detection methods based on deep learning.
Researchers employ the following methodology:

e [ used convolutional neural networks such as resnet50 and mobilenetv2, for the purpose of component
classification.

e Yolov5 allows for instant detection of parts and marking where they are on pcb images on a computer.

e Metrics chosen for classification performance were accuracy, precision, recall and fl-score. To evaluate these
tasks, we measured mean average precision (map) and used different intersection over union (iou) thresholds.

e A post-processing unit was made using rules to try to place components better by improving signal integrity

and minimizing overlapped wire routing. Data for comparison were produced using simulated manual
placements in python pcb design software.

[ used python (in combination with tensorflow/keras and pytorch) as well as opencv for both training and viewing
the results. Every analysis was run on a powerful computing platform that linked to GPUs.

Although machine learning on available images was the main aspect of this work, it was important to follow some
ethical steps:

e All the information used comes from an open data source and the original contributors have been credited.
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e None of the materials included in this research involved people, personal details or corporate property.

o Al models were built with the intention of being fair, so no model training favored one class or setting over
another.

e The authors are committed to open science, transparency and replicable work and so will share all code,
models and modified datasets upon request or upon publication to help others further research.

RESULTS

Here, we present an in-depth study of the results achieved when the ai-assisted pcb design and optimization
framework is applied together with the public kaggle pcb electronic components dataset. The evaluation is
performed mainly in three main domains: (1) classifying electronic components accurately, (2) detecting
components promptly and (3) seeing whether layout improvements can simplify routing problems and improve
temperature management. Subsequent results are structured visually and through statistics so readers can easily
compare the various ai models and different methods used.

Classification Model Performance

Three types of convolutional neural networks were used by the study: ResNet50, MobileNetV2 and Xception, to
identify PCB components from images. A ratio of seventy percent for training, fifteen percent for validation and
fifteen percent for testing was used. Standard performance metrics for the classification task were used to measure
performance: accuracy, precision, recall and Fl-score.

Model Accuracy (%) | Precision (%) = Recall (%) F1-Score (%)
ResNet50 93.5 92.8 93.1 92.9
MobileNetV2  91.2 90.5 90.9 90.7
Xception 89.8 88.4 88.9 88.6

TABLE 1: PERFORMANCE METRICS OF CLASSIFICATION MODELS

Summarizes the classification results for each model. Resnet50 outperformed the others with an accuracy of
93.5%, precision of 92.8%, recall of 93.1%, and an f1-score of 92.9%. Mobilenetv2 followed with an accuracy of
91.2%, while xception achieved 89.8%.
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Figure 4:Performance Comparison Of Classification Models
These results are visualized in figure 4, which displays a grouped bar chart comparing all four metrics across the

three models. Resnet50's performance was consistent and superior across all indicators, making it the most
suitable model for component classification in this study.
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Object Detection Using Yolov5
The yolov5 object detection model was tested in its three variants, known as yolov5s, yolovSm and yolov5l, to
detect and localize electronic components on pcbs. We checked performance of each object detector by looking
at map@0.5, iou and fps values.

TABLE 2: OBJECT DETECTION MODEL EVALUATION

Model mAP@OQ.5 (%) | IoU (%) | FPS
YOLOv5s | 91 84.5 95
YOLOv5m | 93.4 86.7 75
YOLOvS51 | 94.8 88.9 60

Table 2 outlines the detection results. Yolov5l demonstrated the highest detection accuracy with a map@0.5 of
94.8% and iou of 88.9%, although its fps was lower at 60. Yolov5m provided a good balance, with a map of
93.4%, iou of 86.7%, and an fps of 75. Yolov5s, while slightly less accurate, achieved the highest fps at 95, making
it the fastest model in the group.
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FIGURE 5:yolov5 detection performance metrics

Figure 5 illustrates these results in a comparative bar chart, emphasizing the trade-offs between accuracy and
inference speed for real-time applications.

Confusion Matrix Analysis

A confusion matrix was developed to further check the results given by the resnet50 model. Figure 3 shows a
detailed breakdown of whether circuits are properly or incorrectly recognized for resistors, capacitors, integrated
circuits (ics), diodes and transistors.

The matrix suggests that the model produces reliable strong true positive predictions regardless of the type. Most
cases of wrong classification arose between capacitors and transistors, most likely because they are similar in both
appearance and size. However, the model was very effective in finding the parts of the image, a requirement for
further object detection and layout routines.

Figure 6: confusion matrix for component classification. Visual matrix showing true vs. Predicted class distributions
for five component categories using resnet50.
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Figure 6:Confusion Matrix for Component Classification

Pcb Layout Optimization Qutcomes

How well the ai handles layout was studied by comparing it with how manual layout optimization is usually
performed. The main objectives in the work were set using total routing length (in centimeters) and the thermal
performance score (lower scores mean heat is distributed more evenly in the surface).

The findings are shown in table 3. The new ai-optimized layout made the routing length 89.6 cm, shorter than
the 125.4 cm from a manual approach, by about 28.5%. There was also a 45% improvement in thermal efficiency,
with the thermal score improving from 7.8 to 4.3. In figure 7, the improvements are clear as the table displays
the results of both approaches next to each other.

A decrease in the routing length allows for signals to travel less, resulting in better signal behavior and higher
thermal scores help handle more heat on the board—each of which affects device reliability.

TABLE 3: MANUAL VS AI'BASED LAYOUT OPTIMIZATION

Approach Routing Length (cm) | Thermal Score
Manual Placement | 125.4 7.8
Al Optimization 89.6 4.3
Metr
120 . Routing Length (em)
_ Thermal Score [lower s better)
100
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g
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40
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Figure 7:Comparison of Manual Vs Ai-Based Optimization
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DISCUSSION

This research proves that artificial intelligence, especially deep learning and object detection, can automate and
make improvements to how circuit boards are designed. Resnet50 performed very well, recording an accuracy of
93.5%. This reveals that it can identify pcb components with a very low error rate. The model is shown to be
reliable, as it gives the correct answer for various parts and only minor mistakes between similar parts such as
capacitors and transistors. Such results play a big role since they set the stage for object detection and arranging
the content effectively. Of the models tested in object detection, yolov5] was found to be the most precise, having
a map@0.5 of 94.8% and an iou of 88.9%. Yet, it was slower than its counterparts. The balanced performance
and accuracy of yolovSm made it perfect for using in real-time or embedded design tools.

The optimization results from the study continue to show the strong points of design assisted by ai. Manual
design led to a total routing length of 28.5% more and thermal efficiency that was 45% lower than the approach
using ai. It is shown that the module provides thermally stable designs as well as boosts signal integrity for better
electrical performance. The data we generated fit with observations found in recent academic articles. For
instance, ghelani [1] highlighted how ai can help lower design errors and increase the yield of production and
shang et al. (2] highlighted the benefits of using intelligent layout approaches in power electronics systems that
are highly packed and temperature sensitive. Component recognition with resnet is proven by previous research
showing its usefulness in visual tasks [3] and yolov4’s success in real-time detection supports the structure used
in this study [4].

This research builds on current studies by bringing classification, detection and optimization together in a single
structure. Both past methods and ours have focused on single parts of the pcb design process, but this research
proves that a streamlined ai pipeline can make multiple steps better. Since the original framework is designed as
modular, john and colleagues think that it should not be difficult to add extra models for electromagnetic
compatibility (emc) or signal integrity (si/pi) [18].

The results of this research matter greatly for companies and developers crafting printed circuit boards for use in
embedded products and prototype testing. Using ai for design lowers the risk of errors, means designers don’t
need to make as many design changes and significantly reduces the time needed to get new hardware to market.
When heat management isvery important, as in automotive or industrial electronics, thermal-aware component
placement helps and is supported by researchers bankar [5] and amuru and abbas [7]. Thus, with shorter routing
paths and more effective heat management, pcbs can now be both smaller and more energy efficient, what edge
computing and wearable devices require.

Even so, the research has certain limitations. Today, the framework only handles two-dimensional pcb layouts
and is not yet prepared for the multi-layer and rf types used in many high-performance and telecom applications.
Moreover, this method needs labeled image sets to work properly, so a lack or shortage of these can be a barrier.
While the optimization engine is efficient, its rules cannot easily change depending on how the board is set up
in all situations. Besides, since it lacks support for electromagnetic interference (emi) management and advanced
signal integrity (si), its utility in aerospace and medical electronics is still limited.

To fix these challenges, future efforts should extend the data by including multi-layer pcb images and layouts
used at high frequencies. Such frameworks could allow electrical systems to change optimization strategies to
respond to a wider range of limitations. If the system can use simulation engines to evaluate si/pi and emc, it
could improve its accuracy in predicting and thwarting, design problems prior to fabrication. Also, improving
the interface and adding plugin support to existing eda tools could help the industry use these tools more rapidly.
Evaluating the framework with actual fabricated pcb prototypes allows us to test its impact on manufacturing,
reliability and performance over a period.

In short, this work has proved that ai helps make pcb design and optimization practical and successful, replacing
manual processes with automated ones based on machine learning. The good results, as well as fitting with recent
research and practical uses, suggest that ai will play an important role in electronic design automation going
forward.
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CONCLUSION

The goal of this study was to use artificial intelligence to update traditional pcb design using techniques for
classification, detection and layout management within a single framework. Experiments done with resnet50 and
yolov5 showed that the system became better at classifying, detecting components and improving efficiency and
heat conductivity in the layout. In particular, resnet50 could identify classes at 93.5% accuracy which is the
highest result and yolov5l obtained the best map@0.5 score of 94.8%. The ai layout also made routing shorter
by 28.5% and improved thermal efficiency by 45%, exceeding how designs are made by hand.

The results show how ai-driven tools can help make pcb design faster and more efficient. Specifically for users in
rapid prototyping, embedded systems and thermally sensitive applications, a single pipeline with component
recognition and layout optimization is very useful. With automation, both the accuracy and reliability increase,
while the time and money spent on iterative human design decrease considerably. This framework creates an
opportunity for companies to organize their design process and build stronger electronics.

Based on our study, using ai-based classification and detection during design is suggested for small- and medium-
scale pcb manufacturers and prototyping labs. With these tools, errors can be reduced and getting products to
market can be done faster. Also, making use of thermal-aware placement at the beginning of a design can address
issues that might arise with heat and signal quality later. Stakeholders are encouraged to bring ai approaches into
ordinary commercial electronic design automation (eda) platforms so more people can take advantage of them.
Even so, achieving the best potential in ai for pcb design will require addressing its remaining problems.
Currently, the study looks only at two-dimensional pcb layouts and does not address building multi-layer or radio-
frequency designs which are important for new computing and communication devices. Generalization can be
improved even more by taking into consideration many board designs and uncommon components. By
integrating reinforcement learning, graph models and simulator feedback, the optimization engine might become
more ready to adapting to its environment. By examining generated pcbs and comparing to real usage
measurements, the system’s robustness and relevance for industry can be shown.

All things considered, the findings show that using ai in pcb design is both achievable and provides better results,
with increased speed, improved accuracy and better designs. When we improve and update how these techniques
are used, ai will most likely be at the forefront of the next generation of electronics design.
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