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Abstract

The objective of this project is to develop and implement advanced regression and classi-

fication models to analyze and predict the performance of high-speed digital circuits, with

a focus on transient responses and eye diagrams of differential and single-ended pairs. The

project encompasses several key areas, including literature research, tool installation and

setup, data generation, and the application of machine learning models.

Initially, a comprehensive literature review was conducted to understand the state-of-

the-art techniques in regression analysis and artificial neural networks (ANNs) for sig-

nal integrity analysis. This review provided a foundational understanding of the current

methodologies and identified gaps that this project aims to address.

To facilitate the implementation of these models, various software tools and simulation

environments were installed and configured. These tools were essential for generating ac-

curate and reliable data for both transient responses and eye diagrams. Data generation

involved simulating the transient responses of single-ended and differential pairs under

various conditions to create a robust dataset. Similarly, eye diagrams were generated to

capture the signal integrity of the circuits, providing critical data for model training and

evaluation.

For the transient response analysis, a regression model was developed to predict the be-

havior of single-ended signals. This model was trained using the generated dataset and

rigorously validated to ensure its accuracy and reliability. The regression model demon-

strated a high degree of precision in predicting transient responses, making it a valuable

tool for circuit designers.

In parallel, a convolutional neural network (CNN) model was designed and trained to

classify eye diagrams. The CNN model aimed to predict whether the eye diagram meets

predefined performance thresholds, thus offering a rapid and automated assessment tool

for signal integrity. The CNN was trained on a diverse dataset of eye diagrams, enabling

it to generalize well across different signal conditions.



The results of this project highlight the effectiveness of using regression and CNN mod-

els in the context of high-speed digital circuits. The regression model provides precise

predictions of transient responses, facilitating the design and optimization of circuits.

Meanwhile, the CNN model offers reliable classification of eye diagrams, enabling quick

and accurate assessments of signal integrity. This dual approach enhances the efficiency

and accuracy of circuit design and verification processes.

Overall, this project contributes significantly to the advancement of automated signal in-

tegrity analysis. By leveraging machine learning techniques, it provides tools that can

greatly enhance the efficiency and accuracy of high-speed digital circuit design and val-

idation. The integration of these models into the design workflow has the potential to

streamline the development process, reduce time-to-market, and improve the performance

and reliability of digital systems.
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1 Objective and Introduction

Due to several factors the interference-resistant design of today’s microelectronic systems

is becoming more and more challenging in all fields of industrial applications (automo-

tive/robotics/telecommunication/. . . ).

At first there is the ever-increasing complexity of the systems being designed as the number

of PCB layers and its transistor density continue to grow. This development is accom-

panied by increasing electrical requirements regarding IC current needs, clock rates, rise-

and fall times and voltage levels, which are not least driven by technological progress.

However, while these high-speed advancements may enable improved integrability and

enhanced computational capability they also entail numerous interacting electromagnetic

effects, which may cause severe problems, if not resolved.

Finally, complicating matters is the fact that design cycles during the PCB development

process are getting shorter and shorter and are being performed by smaller and smaller

teams. This is exactly the connecting factor for ML/AI methods, which have already

found their way into various engineering domains and are therefore promising to effectively

support the IC/PCB design.

1.1 Objective

The focus lies on the application of existing already established AI/ML methods and

toolkit on the domain of microelectronic system design to ensure an interference-free PCB

design.

Therefore, the interdisciplinary application of knowledge from two different fields is en-

couraged. Furthermore, to reach the desired objectives, practical and theoretical work is

equally important.

On the one hand, the participants of the project group are to be taught the currently

common practice and industry relevant working methods in electronics design from the

knowledge domain of interference-free PCB design.

On the other hand, the participants are empowered to expand and sharpen their scientific

working methods.
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1.2 Introduction

Assuring signal integrity (SI) on a PCB network is crucial to comply with electromagnetic

compatibility (EMC) constraints.

In today’s microelectronic component design, it is becoming increasingly challenging to

comply with these constraints requiring multiple design cycles for the PCB developer,

which results in a very nerve-wracking, time-consuming and costly process.

Therefore, AI or in particular methods from the machine learning (ML) subdomain have

received growing attention in the field of electronic design automation (EDA) and PCB

design under SI constraints.

Based on these considerations an AI framework to support SI design was established at

our institute. Moreover, a graphical user interface in form of a Streamlit application

(https://streamlit.io/) was developed.
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2.1 Task Definition

In a modern-day world, we aspire to use and design systems that do not take up a lot of

time to complete their job. This is mainly due to the advancements in processor design

technology, high number of incoming tasks for the processor and an aim to conserve

electrical power and increase efficiency. Hence, we usually resort to digital components

which have very fast edge rates and therefore, take up less computation time.

However, these ‘high-speed’ components use standard PCB materials, and they end up

causing signal degradation with time. Some signal integrity problems are:

• Excessive insertion loss in long channels.

• Dominant reflection loss in short channels.

• Dispersion, leading to spreading of digital signals and phase distortion.

• Strong crosstalk, or ground bounce that mimics crosstalk.

• Skew and jitter can only be identified with power integrity analysis.

• Reflection at a receiver due to impedance mismatch.

Hence, signal integrity is crucial for ensuring that data can be passed conveniently be-

tween the components on a PCB. It is also necessary to comply with electromagnetic

compatibility constraints.

Simulation is extremely important to study the effects of varying transmission line lengths,

impedance and noise on the signals. In today’s microelectronic component design, it is

becoming increasingly challenging to comply with these constraints requiring multiple

design cycles for the PCB developer, which results in an extremely nerve-wracking, time-

consuming and costly process. Therefore, AI or in particular methods from the Machine

Learning subdomain have received growing attention in the field of electronic design au-

tomation (EDA) and PCB design under SI constraints.
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Figure 2.1: An Example of Daisy Chain

Machine Learning reduces the time and complexity associated with designing all kinds of

circuits. The main aim of applying Machine Learning in circuit design is to automate the

design process, which reduces the design cycle time. Machine learning-based EDA accel-

erates the physical circuit design process without requiring a human. Machine learning

algorithms shorten the design time in EDA, thus minimizing the design to market time.

We consider a daisy chain for our implementation. A daisy chain refers to an electrical

circuit wiring scheme where multiple components/devices are wired together in a ring

fashion. It resembles a garland of daisy flowers, hence the name.

We also resort to two types of signalling applications: single-ended and differential sig-

nalling. We implement the following steps:

• Get used to the data generation process with the Zuken eCADSTAR simulation soft-

ware, the feature extraction tool chain (python-libraries: pandas, numpy, scipy, etc.) and

the AI models (python-libraries: tensorflow, keras, scikit-learn, pymoo, stable-baselines3)

using the example of a basic single-ended PCB topology. Perform some initial analyses/-

comparisons regarding different feature constellations and ML algorithms.

• Specification/development of a suitable differential pair topology and parameter space

as well as necessary adjustments with respect to the feature space and finally the selection

of suitable ML algorithms.

• Implementation and subsequent evaluation of the specified/modified process for the

application to differential signals.

• Adjustment and improvement of the Python-based Streamlit dashboard application.

• Summarization and presentation of the results and insights.
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2.2 Literature Research

The concept of Artificial Neural Networks (ANNs) and Classification in Machine Learning

is fairly old, but only finds consistent use in research and development in the modern

years. However, maintaining Signal Integrity in an electrical system, whether simple or

complex is quite an ancient problem.

According to [2], ML methods such as DNNs, Linear Regression and SVMs are used

to predict the eye-diagram metrics, using massive amounts of data gathered from prior

simulations. The regression-based learning process has three components: a generator,

a supervisor and a regressor. The generator produces one set of predictors as a vector

X. The supervisor, returns the eye height or width ‘y’ corresponding to X. The learning

process is essentially the selection of the right regression function f(X, THETA), where

THETA contains the parameters to be learned. The three methods of regression used

are also compared with respect to handling non-linearities, accuracy and performance.

Finally, it is proven that DNN regression methods have good accuracy, good capability

to handle non-linearities and good overall performance. Hence, we use it to predict Eye

Diagram and Transient measurements based on data simulated in eCADSTAR.

In [3], an inverse design method has been proposed to reduce the time and effort spent on

unnecessary amounts of data simulations. A desired Eye Diagram model with predefined

characteristics is chosen and a novel ML architecture called Lifelong Learning is proposed.

The desired characteristics are fed as input and the resulting output is the ideal/desired

transmission line and impedance parameters for circuit design. The resulting system has

been shown to demonstrate approximately the same results as going in the Layman’s way.

This is a breakthrough in the field of ML, as it reduces the usual amount of time and

efforts by a significant margin, whilst still ensuring desired results. This method could be

used for training a system that relies on higher amounts of data for learning.

According to [4], another algorithm named Deep Genetic Algorithm is used to optimize

the high-speed channel for signal integrity. To reduce the time consumed for the whole

process, a DNN algorithm was further embedded into a GA algorithm to directly predict

eye diagram information from design parameters of the high-speed channel. The GA

algorithm consists of the following stages:

• Initialize the Chromosomes - Suppose that the design parameters are limited in a given

search space. A set of design parameters are chosen randomly in the search space. Then

they are coded to form a set of chromosomes.
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Figure 2.2: An Illustration of Deep Neural Network Implemented in SI Analysis

• Evaluation - A fitness score is given to each chromosome according to the eye height

and eye width of the eye diagram. A deep feed-forward neural network is constructed to

characterize the fitness function.

• Selection - Chromosomes are selected based on the scores by using the roulette wheel

method. The chromosomes with good fitness scores have a high probability to be chosen.

• Crossover - After two chromosomes are selected, crossover sites are chosen randomly.

The genes of the two chromosomes at the crossover sites are exchanged to create two new

chromosomes.

• Mutation - The genes of the chromosomes have a small probability to change to other

genes.

The DNN is utilized to characterize the fitness function, which can avoid full wave simu-

lation and significantly reduce the computational cost. The proposed method provides a

universal and powerful tool for the optimization of high-speed channels for signal integrity.

Finally, in [1], we can analyse the procedures of creating ML modules for SI analysis in

PCB design. ML modules such as kNN regression, Support Vector Regression and Neural

Network(keras) are analysed. The data was obtained through simulation of various val-

ues of resistances and transmission line lengths in a PCB net 1.7 circuit. The simplest

algorithm to be implemented was the k Nearest Neighbour(kNN) as a method of unsu-

pervised learning. The generalization of NN model was well-adjusted based on the plots

of training and validation loss. For the SVR implementation, two scenarios were analysed

for the star point net. For the worst-case scenario, inadequate slew rate was achieved and

for the best-case scenario, a high slew rate with negligible overshoot was obtained. The

multi-output SVR provided reasonable predictions. The above methods were analysed for

other networks as well and were analysed for the worst and best-case scenarios.
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In this chapter, we will discuss in detail about the software used in the project, providing

the outline of the software, followed by detailed explanation of the installation process.

We briefly discuss the initial examples used to familiarize with the software’s interface

and get better understanding. These steps helps to proceed forward with the project in a

hassle free manner.

3.1 eCadstar – Overview of the Electrical Design Software

eCADSTAR created by Zuken is an tool used to design and create schematic diagrams and

printed circuit boards. A number of features help to facilitate the design and evaluation

process with this tool. The software assists in Signal integrity (SI) analysis which helps in

examining the functionalities of electrical signals in the circuit, enabling the stability and

reliability.This helps to find and eliminate the potential issues such as signal interference

of distortion. The software provides a user friendly interface that increases the efficiency

in the design process. The software makes it is easy to draw schematic, place components

and alter the values of each component with minimal effort.

Figure 3.1: Logo of Zuken eCadstar

After successful completion of literature review and task definition, eCADSTAR was cho-

sen as the software to work for the project. For SI performance, monitoring the eye

diagrams and transient responses plays a major role which is met by using the above tool.
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3.2 Installation Procedure for eCADSTAR

The steps involved in installing the software is explained below. The installation procedure

started with downloading the necessary files, gaining access to the VPN, network license

configuration and installation of the software.

3.2.1 VPN Setup:

To work on the software, VPN (Virtual Private Network) was needed. The VPN was

provided and installed to get a secure connection to the network.

Figure 3.2: OpenVPN window

3.2.2 Access to Network and License Installation

After proper VPN connection, the network access for hosting the software was obtained.

A network licensed installation was chosen to provide access for multiple users at the same

time. The IP address for the network license server provided was 129.217.163.36.

Figure 3.3: License Borrower



3.2 Installation Procedure for eCADSTAR 9

3.2.3 Software Download and Installation:

Upon successful access to the network and license, the .exe file for eCADSTAR was down-

loaded. Followed by, the installation process began by running the downloaded file and

following the instructions to install the file.

The initial instructuions involved were the agreement of the license and providing the

license information.

Figure 3.4: Installation steps

Followed by, the destination folder for the installation was chosen and the setup type was

selected.Finally the overview of the installation settings were shown and proceeded with

installing the software.

Figure 3.5: Installation steps

Hence,the procedure for installation was briefly explained.After installation , the electri-

cal editor was launched. The basic functions and tools were checked to ensure proper

installation. eCADSTAR can now be used for circuit design and simulations.
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3.3 Initial Testing and Tool Overview of eCADSTAR

After successful installation of eCADSTAR, tried working on the software to familiarize

with the tool’s functionalities and workflow. On launching eCADSTAR, a user-friendly

interface provided proper navigation and easy access to main features.

The schematic editor had tools for designing and editing schematic diagrams. The com-

ponents can be easily added and wire connections can also be given quickly assisting a

complete circuit diagram.The schematic can be simulated and analysed using the simula-

tion tools which helps in signal integrity evaluation. The initial testing helped in better

understanding of the interface, the features and its uses.

Figure 3.6: Tool interface

3.4 Hands-On Experience with Circuit Examples in eCADSTAR

For better understanding of the software, few examples were provided. The hands on

experience of the examples , the learning outcomes and the insights understood through

this process is given below.

First,with the help of the designed fundamental circuits (single-ended and differential pair

topologies) ,we attempted possible simulations.We used eCADSTAR’s schematic editor to

view the circuits, followed by signal integrity analysis to evaluate how they responded over

time. We employed simulation techniques to evaluate signal integrity and improve circuit

performance.
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During our practical instruction, we used examples to change the input values on circuit

diagrams. This interactive technique allows us to explore the circuits’ activity under

various conditions and evaluate their responses to parameter changes. We investigated

how input values such as impedance, transmission line length, and resistance affect circuit

performance. This practical experimentation deepened our understanding of electronic

circuits and also increased the ability to troubleshoot and optimize designs.

3.4.1 Single ended Topology

The first example involved was about single ended topology. Single ended signal trans-

mission is the standard way of transmitting data on a PCB. One transmission line is

referenced to the ground. The single ended ML applications have been considered for

different topology.Using this circuit, we changed the input parameters and learned how

eye diagram performs based on the values changed.

Figure 3.7: Single ended topology Example

3.4.2 Differential Pair Topology

The second example involved was about differential pair topology.In contrast to single-

ended signaling, differential pair is not referenced to ground. Instead a second transmission

line is used and the differential-mode voltage is the difference between the two signals,

which ideally have opposite polarity.With this circuit, we again got to know how differential

impacts the eye diagram respectively.
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Figure 3.8: Differential Pair topology Example

Overall, these examples were really useful in strengthening theoretical knowledge and

improving our ability in using eCADSTAR for electronic design jobs. We learned about

eCADSTAR’s schematic editor, simulation, and analysis tools through practical experience

with circuit examples. We learned how to access the software interface and use its functions

properly.

3.5 Lessons Learned and Upcoming Objectives

Following successful installation, the hands-on experience with circuit examples in eCAD-

STAR proved to be an excellent learning opportunity. Simulating and analyzing circuits

helped us get real knowledge with electronic design principles, eCADSTAR capabilities,

and simulation techniques.

In the subsequent phase of our project, we will use eCADSTAR to construct single-ended

and differential pair architectures for our circuit designs. We will use eCADSTAR’s sim-

ulation capabilities to investigate the eye diagrams and transient responses of different

topologies in order to assess signal integrity and performance. The following chapter will

cover the design processes, simulation outcomes, and insights acquired from analyzing

single-ended and differential pair circuits with eCADSTAR.
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4.1 Data Generation for Eye Diagram

4.1.1 Circuit Configuration

In order to better understand signal integrity in PCB design, our study explores the

behaviour of single-ended and differential pair circuits, highlighting each circuit’s unique

properties and performance under a range of conditions.

Single Ended Circuit

Figure 4.1: Schematic of Single Ended Circuit

The single-ended circuit is a fundamental component in a PCB design. Its common ar-

rangement involves signal reference to a single ground point. By methodically varying

parameters like Transmission line Length and Impedance, our study seeks to analyze
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the complexities of signal flow in this circuit. We gain knowledge about possible signal

deterioration or distortions by examining metrics such as amplitude, timing, and noise

characteristics that come from simulations. This information helps us enhance design

parameters for the desired performance of the circuit.

Differential Pair Circuit

Figure 4.2: Schematic of Differential Pair Circuit

An essential step in PCB design signal integrity is the differential pair circuit. Because it

consists of two conductors with equal and opposing signals, this design offers unmatched

noise suppression, especially in high-speed data transmission scenarios. To optimise differ-

ential signalling for optimal performance, we analyse the intricate relationships between

variables such as transmission line length, impedance, and resistances (R1 and R2).We

seek to assess the circuit’s ability to withstand external disturbances and common-mode

noise in order to achieve optimal signal integrity and dependability in crucial electronic

systems by carefully examining eye diagrams and probe sets generated by simulations.

4.1.2 Parameter Alterations

A circuit’s fundamental characteristics determine how well it can function. The behaviour

of the circuit can be affected by modifications to any of the parameters, which can affect
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anything from geometric dimensions to electrical properties. This topic explores the signif-

icance of parameter changes in PCB design by analysing the effects of transmission length,

impedance, and resistance variations on overall circuit dependability, power consumption,

and signal integrity. Engineers can tailor PCB layouts for particular applications and per-

formance needs by having a thorough understanding of the impacts of changing parameters

and making well-informed design decisions.

Transmission Line Length (TL)

Transmission line length (TL) is an essential element that controls the propagation delays

of signals inside the circuit as well as time. Timing issues and signal distortion can

result from variations in TL, which can also add resistance and capacitance. By carefully

controlling TL variations and ensuring that trace lengths are uniform throughout the PCB

layout, engineers may lower signal distortion and enhance circuit performance. To prevent

signal deterioration and preserve signal integrity, consistent trace lengths are essential.

Impedance

Impedance is an important factor in PCB design that impacts signal integrity. Signals

may decline in quality and reliability due to impedance mismatches, leading to reflections

and attenuation. The impedance of the PCB layout should be consistent to keep reflec-

tions minimal, and this is critical for rapid data transfer. Impedance variations should

be carefully regulated to decrease signal deterioration and enhance circuit performance,

ensuring that the impedance of the components and transmission line matches.

Resistance

Resistance characteristics are important in PCB design for power dissipation, energy con-

servation, and circuit dependability. Voltage drop, power losses, and circuit dependability

are all affected by variations in the level of resistance. Power losses and energy consump-

tion are reduced by resistance tuning. This is especially true in the case of battery-powered

devices. If circuit dependability is a requirement, then engineers must pay special attention

to variations and resistor selection. By proper design and variability reduction, engineers

may minimize the effects of resistance alterations while optimizing for their application-

specific requirements.
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4.1.3 Simulation

Loading the necessary circuit into ECADSTAR Electrical Editor is the first step in the

signal integrity analysis process. Transmission line length (TL), impedance, and resistance

are varied using the given circuit configuration to see how they affect signal behavior.

Following that, corresponding icon in the software interface must be clicked to launch the

eye diagram simulation.

Figure 4.3: Stimulus setting

According to the instructions in figure 4.3, the stimulus is configured to run at a frequency

of 133MHz in order to produce proper simulation results. This methodical approach

guarantees accurate simulation results, which makes it easier to create comprehensive eye

diagrams. This approach helps to optimize circuit performance and reliability by providing

important insights into signal integrity.
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Output overview

The Analysis Result Viewer Tab displays the analysis results in ECADSTAR Electrical

Editor after the simulation procedure. Here, eye diagrams for each of the ICs provide an

extensive visual depiction of the circuit’s behavior to the users. These eye diagrams, which

show variables including the amplitude, timing, and noise characteristics, provide insights

into signal quality. Additionally, users have access to the probe set, which includes critical

metrics for both ICs, such as Zero level (V), One level (V), Mean level (V), Amplitude

(V), Height (V), Width (ns), Opening Factor, Signal to Noise, Crossing Percentage, and

Rise time (ps/ns) and Fall time (ps/ns). Users are able to assess circuit performance and

pinpoint areas that require optimization due to this thorough study.

4.1.4 Output Analysis

Probeset

By systematically varying inputs over 400 iterations, a comprehensive analysis is conducted

to provide a detailed understanding of signal integrity in PCB design. This comprehensive

approach yields 400 datasets with two different sets of output values for each IC that are

analysed. The datasets offer a wide range of crucial metrics that are essential for eval-

uating circuit performance, including timing, amplitude, noise characteristics, and other

pertinent elements. In order to ensure comprehensive documentation and facilitate addi-

tional analysis, every generated data is meticulously categorised and stored in a designated

Excel sheet. This enormous data storage is a helpful tool for identifying patterns, spotting

trends, and improving design strategies to increase the dependability and performance of

circuits.

Image

In addition to the data stored in Excel sheets, an image is produced for each of the 400

models, for a total of 800 photos. An example of an Eye diagram is displayed in picture

4.4. Every photograph is labelled with the relevant probe set number from the Excel sheet,

and it is meticulously organised and stored in a dedicated folder. This structure ensures

quick and easy access to the circuit performance visual representations for examination

and future reference. By means of the image-to-dataset correlation process, users can gain

a deeper comprehension of fluctuations in signal integrity and make informed decisions

targeted at optimising both circuit performance and reliability.
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Figure 4.4: Example of an Eye diagram

4.2 Transient Response

As for the Data generation of the transient response, we took advantage of the ”Parameter

Sweeping” option provided by the eCADSTAR tool to generate many data points in one

simulation. The goal was to generate 600 different data points for each of the Single-ended

and Differential pair.

However, the maximum number of tasks that can be executed to generate data in 1 param-

eter sweep simulation is limited to 300. Therefore generating the data had to be done over

2 simulations for each of the Single-Ended and the Differential Pair topologies. Running

the simulations for the differential pair in particular was relatively time-consuming and

heavy from the computational POV.

In order to match the values generated in the eye-diagram and ensure consistency, the

lower boundary of the simulation values was always 50 and the upper bound was 200.

This applies to the transmission-line lengths, impedance’s values and resistance values.



4.2 Transient Response 19

Figure 4.5: Parameter Sweep of e-CADSTAR

The 2 parameter sweep simulations in the Single-ended topology resulted in 1200 data

points (600 for IC1 and 600 for IC2). While for the Differential pair, it resulted in 2400

data points (600 for IC1(1), 600 for IC1(2), 600 for IC2(1), and 600 for IC2(2)).

The big challenge was then to organize all these huge amount for data in a way that makes

it usable for machine learning purposes. And that what is going to be discussed in the

next chapter ”Data Preprocessing”.

Figure 4.6: Results of a Simulation



5 Data Preprocessing

An essential step in getting datasets ready for machine learning models is data preparation.

Preprocessing guarantees that the data is clear, consistent, and prepared for additional

analysis in the context of signal integrity analysis for PCB design.

5.1 Preprocessing for Eye Diagram

Adequate preprocessing of the parameter inputs is essential to obtain relevant insights in

the pursuit of proper Eye Diagram generation.

5.1.1 Standardization of Units

Parameters like width are recorded in the dataset derived from the simulation results

utilising different units, such as picoseconds (ps) and nanoseconds (ns). Consistent analysis

is complicated by this unit disparity. One important preprocessing step to address this

is to standardise all units to guarantee consistency throughout the dataset. The dataset

is made uniform and comprehensible by uniting all width measurements to a single unit,

usually nanoseconds (ns). This creates the foundation for more thorough analysis and

modelling.

5.1.2 Handling Missing Values

Addressing absent or blank entries in the dataset is a crucial component of data prepro-

cessing. It is not unusual to find eye diagrams in our collection without the height and

width variables. But missing data is something that predictive models cannot handle,

therefore there needs to be a plan in place for when this happens. Zeros are assigned to

missing values in order to fix this problem. This methodology guarantees the dataset’s

continued completion and suitability for analysis, reducing biases and safeguarding the

accuracy of ensuing modelling attempts.
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5.1.3 Data Transformation

The dataset for each IC is organised into a single Excel page where related outputs and

input parameters are arranged in a deliberate manner next to each other. Every simulation

iteration may easily refer to and retrieve the input and output data points thanks to

this organised format. When all pertinent data is gathered into a single Excel sheet, it

becomes easier to search through the dataset and facilitates a more efficient workflow

for further analysis and machine learning modelling. The data feeding procedure into

machine learning models is made simpler when input parameters and outputs are aligned

within the same Excel page. We can easily extract and feed the dataset straight into

ML algorithms without requiring any data modification or restructure because inputs and

outputs are combined in adjacent columns. This simplified method ensures the integrity

and correctness of the ML analysis by reducing the possibility of data mismatch or errors

during the phase of preprocessing.

In conclusion, in order to prepare datasets for predictive models , data preprocessing

is essential. We make sure the dataset is clean, consistent, and prepared for additional

research by standardising units, managing missing values, and using data transformation

tools. In order to maximise PCB design and improve our knowledge of signal integrity,

these preprocessing processes are crucial for improving model performance and enabling

more precise predictions.

5.2 Transient Response

After generating 1200 data points for single-endend and 2400 for differential pair, orga-

nizing the data was done on multiple steps.

The first step was to copy the values from the e-CADSTAR tool and paste in in our excel

file. The second step was to divide the excel feels properly into sheets, and assign each pin

to a sheet (e.g. Sheet for IC1, sheet for IC2). The third step was to drop the unnecessary

measurements (according to the supervisor’s instructions).

Afterwards, the measurements units of all data points needed to be unified (e.g. some

were V/ns and some were V/s). Last but not least, rows (data points) with an empty

column (measurement) were dropped. As for (IC2)s there were rarely any empty columns,

but for (IC1)s there were often some missing measurements here and there.
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Figure 5.1: Overview of the Input Data

Figure 5.2: Overview of the Output Data
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The last step before starting with the ML part was to combine the inputs values (of the

simulation) and the output values (obtained) in one sheet for each pin (IC1, IC2). The

motivation behind that was to facilitate the loading of data into our ML code (which will

be discussed in depth later).

Figure 5.3: Overview of final data after preprocessing
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6.1 ANN Regression for Eye Diagram Measurements

Neural network, in simple terms, is a Machine Learning technique or algorithm that tries

to mimic the working of neurons in the human brain for learning. A neural network

with more than one hidden layer is a Deep Neural Network and the learning method is

called deep learning. Each layers have an arbitrary number of nodes. The inputs are

multiplied with weights in the network and biases are added in each layer in every node.

An activation function f(z) such as sigmoid, linear, tan hyperbolic etc., is added before

transferring it to any further layer. Initially, the model has the wrong values of biases and

weights, resulting in high losses/errors. So, we train the model by finding a suitable cost

function and update the weights and biases and try to minimise the errors. Some common

methods for this are backpropagation and gradient descent.

Figure 6.1: A Single Node in a Neural Network

There are many libraries available on Python to implement a ML network and they can

be easily imported and accessed in Google Colab. Some of these are Keras, TensorFlow,

NumPy, Pandas etc. For our implementation, we mainly require the following libraries:

• numPy for handling numerical values and float data.

• matplotlib for plotting scatter plots and graphs.



6.1 ANN Regression for Eye Diagram Measurements 25

• pandas for handling data analysis and reading the dataset.

• tensorflow to implement and access the neural network.

The very first step is to upload the data set. There are many ways to do this: we can

either mount Google Drive and provide the link to access the corresponding data, or we

can manually upload it to Google Colab by importing the library known as files. The data

set that is used can be in either .csv format or .xlsx(excel) format. In our implementation

of SI Analysis, eye diagram data was generated using Zuken eCADSTAR software. The

obtained values of Eye diagram measurements are stored in a .xlsx file. The data is

generated for both Differential pair and Single-ended configurations.

The data used for training and testing contains the following information:

• DL1/TL1 Length (mm)

• DL1/TL1 Impedance (Ohm)

• DL2/TL2 Length (mm)

• DL2/TL2 Impedance (Ohm)

• R9 and R8/R1 (Ohm)

The above parameters are considered as predictors or input parameters. The output pa-

rameters or target values are: Zero level(V), One level(V), Mean level(V), Amplitude(V),

Height(V), Width(ns), Opening Factor, Signal-to-noise ratio and Crossing Percentage.

The data set also contains Rise Time and Fall Time values in nanoseconds. Since our

aim is to purely focus on eye opening and train the model to predict the same, we do not

consider the rise times and fall times. All of the above-mentioned parameters are recorded

for two points in the circuit: IC1 and IC2.

Figure 6.2: Data set for Eye Measurements

An algorithm as shown in Figure 6.3 was created defining the complete procedure of the

code for easier interpretation.
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Figure 6.3: Algorithm for ANN Regression

Firstly, the dataset is loaded into a data frame. It is then read by using the pandas library.

Since IC1 and IC2 values are contained in different sheets in the excel file, they can be

accessed simply by entering the corresponding sheet name. We then split the columns as

inputs and outputs and load them into separate variables X and Y.

The next step is to split the data into training and testing data. The standard norm that

is followed is to split the data into 70% training data and 30% testing data. It can also be

80% training and 20% testing. However, it has to be noted that the training data must

always be significantly more. Therefore, we import train test split library. In addition

to this, we will also need to normalize the data. So, we import another library called

StandardScaler. We convert the data to a matrix format and then denormalize it by using

inverse transform. This results in the original scale of the values. This step is performed

to reduce losses.

Figure 6.4: Normalization and Data Split

The above steps are for data handling and preparation for the neural network. The next

step is to define the layers of the model, compile it and fit it accordingly. From the keras

library under tensorflow, we import Sequential and Dense, which are well-suited to handle

deep learning architectures. Then we add the number of units, dimensions, activation and

kernel initializer accordingly. The same is done for the other layers as well. Finally, we
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add the output layer and then compile the model by choosing a suitable optimizer and loss

function. Typically, we can go for mean squared error loss and AdaM (Adaptive Moment)

optimizer. We can even resort to Gradient Descent optimizer. Then we fit the ANN model

to the training data by choosing a suitable number of epochs and batch size. 1 Epoch =

Full forward data propagation along with back propagation.

Figure 6.5: Model Construction

After this, we can predict the data and denormalize it to plot the graphs using matplotlib.

The graphs can be analysed and we can infer how well the model fitting process has been

carried out. Then we can run the model by using only the testing data and it gives a list

of possible outputs. These can be plotted on scatter plots or regular 2D plots to analyse

them better. The model is further evaluated by calculating the r-squared and mean square

error value.

Figure 6.6: Scatter plot for eye diagram results

• R-squared (R2 score): 0.8118504959874896

• Mean Squared Error (MSE): 3.2143073
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6.2 ANN Regression for Transient Measurements

6.2.1 Single Ended

As for the single ended, it was decided to built two separate ML models, one for IC1 and

the other for IC2. Since both models are almost identical, only the IC2 model will be

discussed as an example here in depth.

Implementation

Importing Libraries First, we import the necessary libraries. These libraries provide

functionalities for data manipulation, preprocessing, model building, training, and evalu-

ation.

import numpy as np

import pandas as pd

from sklearn.model_selection import train_test_split

from sklearn.preprocessing import StandardScaler

from tensorflow.keras.models import Sequential

from tensorflow.keras.layers import Dense

Loading the Data We load the dataset from a CSV file. This file contains the input

features and output labels necessary for training and testing the ANN model.

data = pd.read_csv('/content/Single IC2 test.csv')

Data Preparation We separate the input features (X) and output labels (y) from the

dataset. Then, we split the data into training and testing sets. The training set is used

to train the model, while the testing set is used to evaluate its performance.

X = data.iloc[:, :5].values # First 5 columns as input features

y = data.iloc[:, 5:].values # Last 6 columns as output labels

# Split the data into training and testing sets

X_train, X_test, y_train, y_test = train_test_split(X, y, test_size=0.2,

random_state=42)

Data Preprocessing To improve the performance of the neural network, we scale the

input and output data. Scaling ensures that the data has a mean of zero and a standard

deviation of one, which helps the neural network converge faster during training.
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scaler_X = StandardScaler()

scaler_y = StandardScaler()

X_train_scaled = scaler_X.fit_transform(X_train)

y_train_scaled = scaler_y.fit_transform(y_train)

X_test_scaled = scaler_X.transform(X_test)

y_test_scaled = scaler_y.transform(y_test)

Building the ANN Model We construct the ANN model using the Sequential API from

Keras. The model consists of two hidden layers with 64 neurons each and ReLU activation

functions. The output layer has 6 neurons, corresponding to the 6 output values.

model = Sequential([

Dense(64, activation='relu', input_shape=(X_train_scaled.shape[1],)),

Dense(64, activation='relu'),

Dense(6) # Output layer with 6 neurons for 6 output values

])

model.compile(optimizer='adam', loss='mse', metrics=['mae'])

Training the Model Train the model using the training data. The training process runs

for 300 epochs with a batch size of 32. A validation split is used to monitor the model’s

performance on a subset of the training data that is not used for training. The Training-

Testing split was the standard 80-20 ratio.

history = model.fit(X_train_scaled, y_train_scaled, epochs=300, batch_size=32,

validation_split=0.2)

Model Evaluation Evaluate the model’s performance on the test data using Mean Squared

Error (MSE) and Mean Absolute Error (MAE) as metrics.

mse, mae = model.evaluate(X_test_scaled, y_test_scaled)

Making Predictions Use the trained model to make predictions on the test data. The

predicted values are then inverse transformed to their original scale.

predictions_scaled = model.predict(X_test_scaled)

predictions = scaler_y.inverse_transform(predictions_scaled)
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Visualizing the Results Plot the training and validation loss to visualize the model’s

performance over the epochs.

import matplotlib.pyplot as plt

# Extract the training and validation loss from the history

train_loss = history.history['loss']

val_loss = history.history['val_loss']

# Plot the training and validation loss

epochs = range(1, len(train_loss) + 1)

plt.plot(epochs, train_loss, 'b', label='Training Loss')

plt.plot(epochs, val_loss, 'r', label='Validation Loss')

plt.title('Training and Validation Loss')

plt.xlabel('Epochs')

plt.ylabel('Loss')

plt.legend()

plt.show()

Plot the predicted and actual values for each output variable to visualize the model’s

performance:

# Example for a scatter plot

plt.scatter(y_test[:, 0], predictions[:, 0], label='Maximum (V)')

plt.scatter(y_test[:, 1], predictions[:, 1], label='Minimum (V)')

plt.scatter(y_test[:, 2], predictions[:, 2], label='Overshoot 1st Rising (V)')

plt.scatter(y_test[:, 3], predictions[:, 3], label='Rise Time 20/80 (ns)')

plt.scatter(y_test[:, 4], predictions[:, 4], label='Fall Time 20/80 (ns)')

plt.scatter(y_test[:, 5], predictions[:, 5], label='Slew Rate Setup Rising (V/ns)

')

plt.xlabel('Ground Truth')

plt.ylabel('Predicted')

plt.legend()

plt.show()

Evaluation Metrics Calculate and print evaluation metrics, including Mean Squared

Error (MSE), Mean Absolute Error (MAE), and the R-squared score (R2) to quantitatively

assess the model’s performance.

from sklearn.metrics import mean_squared_error, mean_absolute_error, r2_score

# Calculate the evaluation metrics

mse = mean_squared_error(y_test, predictions)

mae = mean_absolute_error(y_test, predictions)
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r2 = r2_score(y_test, predictions)

# Print the metrics

print("Mean Squared Error:", mse)

print("Mean Absolute Error:", mae)

print("R2 Score:", r2)

Results

The performance of the Artificial Neural Network (ANN) model was evaluated using sev-

eral metrics, including Loss, Mean Absolute Error (MAE), Mean Squared Error (MSE),

and R-squared (R2) score. Below are the results and their interpretations:

• Training Metrics:

– Training Loss: 0.0378

– Training MAE: 0.0653

These values indicate that the model has a reasonably good fit on the training data,

with the predictions closely matching the actual values.

• Validation Metrics:

– Validation Loss: 0.0608

– Validation MAE: 0.0798

The validation metrics are slightly higher than the training metrics, suggesting some

level of overfitting. However, the model’s performance on the validation data is still

acceptable.

• Test Metrics:

– Test Loss: 0.0168

– Test MAE: 0.0631

The lower test loss and comparable test MAE indicate that the model generalizes

well to unseen data, performing better on the test set than on the training and

validation sets.

• Additional Evaluation Metrics:

– Mean Squared Error (MSE): 0.004322
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– Mean Absolute Error (MAE): 0.0200

– R2 Score: 0.9781

The low MSE and MAE values confirm that the model’s predictions are very close to

the true values. The high R2 score of approximately 0.978 indicates that the model

explains a significant proportion of the variance in the test data.

Overall, the evaluation metrics suggest that the ANN model is effective in predicting the

output variables, demonstrating good performance and generalization capabilities.

Figure 6.7: Overview of the Output Data Figure 6.8: Model Evaluation 2

Figure 6.9: Model Performance

6.2.2 Differential Pair

Regression analysis is an essential component of predictive modelling since it offers valu-

able insights into the correlations between various variables. Specifically for regression

problems, we build, train, assess, and demonstrate a neural network model, and we ex-

plore deeply into its details. Our goal is to build a model that accurately predicts output

variables from input attributes, with the trustworthy TensorFlow and Keras frameworks

at.

The first step in our procedure is importing the libraries necessary for data processing,

mathematical operations, model construction, and visualisation. Pandas is used to process

the data after it has been extracted from an Excel file. After that, the data is normalised

and the input and output features are extracted using StandardScaler. The neural network

model built with Keras is composed of an input layer with six neurons and four hidden

layers, each with 64 neurons that are activated by ReLU , as illustrated in fig 6.10. The

model is compiled using the Adam optimizer and the MSE loss function.
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Figure 6.10: Model Architecture

After that, the dataset is split into training (80%) and testing (20%) sets to allow for

a comprehensive evaluation of the algorithm’s generalisation abilities. Validation data is

used for monitoring while an extensive training regimen spanning 200 epochs is employed

to create the model on the training set. After training, the model’s efficiency on testing

data is evaluated using indicators like MSE, MAE, and R2 score, which provide important

insights into expected accuracy. The model’s behaviour can be better understood using

graphical aids, such as the comparison of actual and expected values for each output

variable in fig. 6.11.

Evaluation metrics, in fig. 6.12, offer valuable insights into the model’s effectiveness and

serve as reliable gauges of both empirical integrity and prediction accuracy. Visualisa-

tions provide a greater understanding of the algorithm’s predictive power by elucidating

discrepancies between expected and actual values for a variety of output variables. The

model can be considered to be a good fit because the MAE and MSE are too low and the

R-squared value is almost equal to 1. Applying the developed neural network model to

regression analysis tasks yields promising results. Regression model creation and evalu-

ation now has a strong framework due to our systematic method, which combines data

preprocessing, training, evaluation, and visualisation.
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Figure 6.11: Scatter Plot Example (Maximum Voltage for IC2(1))

Figure 6.12: Evaluation Metrics - MSE, MAE and R2 Scores for IC1(2)

6.3 Classification for Eye Diagram Images

In this section, we present the development and implementation of a Convolutional Neu-

ral Network (CNN) designed for the binary classification of eye-diagram images. The

objective of this model is to classify eye diagrams based on whether they meet predefined

performance thresholds, specifically a height threshold of 0.5V and a width threshold of

1.88 ns.

6.3.1 Model Architecture

The CNN architecture comprises multiple layers designed to capture and analyze the

intricate patterns within eye-diagram images. The architecture includes:

1. Input Layer: Accepts eye-diagram images of a fixed size.
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2. Convolutional Layers: Extract feature maps using a series of convolutional opera-

tions with ReLU activation functions.

3. Pooling Layers: Downsample the feature maps to reduce dimensionality and com-

putation, while retaining critical features.

4. Fully Connected Layers: Flatten the pooled feature maps and pass them through

dense layers to learn higher-level representations.

5. Output Layer: A sigmoid activation function is applied to produce a binary classi-

fication output indicating whether the eye diagram meets the set thresholds.

Total number of layers: 17

6.3.2 Model Training

The model was initially trained without early stopping. However, the validation loss

did not decrease, indicating potential overfitting. To address this, we introduced the

EarlyStopping callback to halt training when the validation accuracy did not improve for

15 consecutive epochs.
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Figure 6.13: Model Architecture

Figure 6.14: Introduction of Callback function
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6.3.3 Data Preparations

The dataset for training and validation was generated through simulation, comprising eye-

diagram images labeled according to the specified thresholds. Images that met both the

height and width thresholds were labeled as ’1’ (acceptable), while those that did not were

labeled as ’0’ (unacceptable).

Figure 6.15: Data preparation for 1 and 0

6.3.4 Layers in Model

1. Conv2D Layer: Convolutional layer with 32 filters and a 3x3 kernel size.

2. BatchNormalization Layer: Normalizes the output of the previous layer.

3. MaxPooling2D Layer: Pooling layer with a 2x2 pool size.

4. Dropout Layer: Dropout layer with a dropout rate of 0.25.

5. Conv2D Layer: Convolutional layer with 64 filters and a 3x3 kernel size.

6. BatchNormalization Layer: Normalizes the output of the previous layer.

7. MaxPooling2D Layer: Pooling layer with a 2x2 pool size.

8. Dropout Layer: Dropout layer with a dropout rate of 0.25.

9. Conv2D Layer: Convolutional layer with 128 filters and a 3x3 kernel size.

10. BatchNormalization Layer: Normalizes the output of the previous layer.

11. MaxPooling2D Layer: Pooling layer with a 2x2 pool size.

12. Dropout Layer: Dropout layer with a dropout rate of 0.25.

13. Flatten Layer: Flattens the input.

14. Dense Layer: Fully connected layer with 512 units and ReLU activation.

15. BatchNormalization Layer: Normalizes the output of the previous layer.

16. Dropout Layer: Dropout layer with a dropout rate of 0.5.
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17. Dense Layer: Fully connected layer with 1 unit and sigmoid activation (output layer).

6.3.5 Hidden Layers

Hidden layers are those layers that are neither input nor output layers. They process the

data between input and output layers.

• Input Layer: Implicitly defined by the input_shape in the first Conv2D layer.

• Hidden Layers: Layers 1 to 16 (all layers except the last Dense layer).

• Output Layer: The last Dense layer (Dense(1, activation=’sigmoid’)).

Hidden Layers Breakdown

• Conv2D Layers: 3

• BatchNormalization Layers: 3

• MaxPooling2D Layers: 3

• Dropout Layers: 3

• Flatten Layer: 1

• Dense Layer: 1 (the first Dense layer before the output layer)

• Additional BatchNormalization and Dropout layers within the fully connected part:

1 each

Total Hidden Layers: 15

Summary

• Total Layers: 17

• Hidden Layers: 15

6.3.6 Training and Validation

The model was trained using a labeled dataset, with a portion of the data set aside for

validation. The training process involved optimizing the CNN parameters to minimize

binary cross-entropy loss, a suitable metric for binary classification tasks. Additionally,
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various data augmentation techniques were employed to enhance the robustness of the

model.

The training was conducted under three different scenarios:

1. Single-Ended Pair Images: Training exclusively on eye-diagram images from single-

ended pairs.

2. Differential Pair Images: Training exclusively on eye-diagram images from differen-

tial pairs.

3. Combined Images: Training on a combined dataset of both single-ended and differ-

ential pair images.

Figure 6.16: Data set per each model

6.3.7 Results

Upon completion of the training process, the performance of the CNN model was evaluated

based on its accuracy and loss metrics on both the training and validation datasets for

each of the three scenarios. The results are as follows:

• Training Accuracy (Combined): 0.9708

• Validation Accuracy (Combined): 0.9667

• Training Loss (Combined): 0.0795

• Validation Loss (Combined): 0.1012
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Figure 6.17: Evaluation Metrics - Training loss/acc. and Val. loss/acc

Figure 6.18: Training over 30 Epoch
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Figure 6.19: Training Over 85 epoch

The model’s performance was evaluated based on training and validation accuracy and

loss. The EarlyStopping callback significantly improved the model’s generalization by

preventing overfitting. The results are as follows:

• Training Accuracy (Combined): 0.9509

• Validation Accuracy (Combined): 0.9667

• Training Loss (Combined): 0.1357

• Validation Loss (Combined): 0.1048
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Figure 6.20: Evaluation Metrics - Training loss/acc. and Val. loss/acc (with callback)

Figure 6.21: Training over 30 epoch and 15 patience
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Figure 6.22: Training over 30 epoch and 5 patience

6.3.8 Conclusion

The implemented CNN model demonstrates a high level of accuracy in classifying eye-

diagram images according to the specified thresholds. This tool provides a rapid and

automated method for assessing the signal integrity of high-speed digital circuits, thereby

aiding in the efficient design and validation of these systems. The integration of this CNN

model into the design workflow has the potential to significantly streamline the evaluation

process, ensuring that circuits meet the necessary performance standards. Training the

model under different scenarios (single-ended, differential, and combined) allows for a

comprehensive analysis of its performance across various types of signals, ensuring its

robustness and versatility in real-world applications. The use of the EarlyStopping callback

proved to be effective in preventing overfitting and ensuring the model generalizes well on

unseen data. This approach can be extended to other image classification tasks, providing

a robust method for automated diagnostics in various fields.



7 Conclusion

The results of this project highlight the effectiveness of using regression and CNNmodels in

the context of high-speed digital circuits. The regression model provides precise predictions

of transient responses, facilitating the design and optimization of circuits. Meanwhile, the

CNN model offers reliable classification of eye diagrams, enabling quick and accurate

assessments of signal integrity. Training the CNN model under different scenarios allowed

for a thorough evaluation of its performance, ensuring it can handle a variety of signal

types.

Overall, this project contributes significantly to the advancement of automated signal in-

tegrity analysis. By leveraging machine learning techniques, it provides tools that can

greatly enhance the efficiency and accuracy of high-speed digital circuit design and val-

idation. The integration of these models into the design workflow has the potential to

streamline the development process, reduce time-to-market, and improve the performance

and reliability of digital systems.
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