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Sammanfattning

Tillverkningen av fler-lagers mönsterkort kräver en precis upplinjering
mellan olika lager för att undvika overlayfel i den fotolitografiska pro-
cessen. Allteftersom kraven på minskade dimensioner för strukturerna
ständigt ökar samtidigt med högre krav på produktionstakt, innebär
detta att stora krav ställs på linjeringssystemet. Detta examensarbete
presenterar en analys av ett tänkt system för realtids-linjering, med
fokus på framtida applikationer inom direktritning (LDI). Med start-
punkt i valet av mönster för linjerings-algoritmen diskuteras den signal-
behandling som skulle behövas tillsammans med de relevanta parame-
trarna i termer av signal-brusförhållande och kontrast, uppmätta i ett
verkligt scenario. Simuleringar som utförts av de föreslagna algorit-
merna, applicerade på verkliga signaler, visar på att det är möjligt
att använda optiska korrelations-tekniker för positionering och linjer-
ing i realtid. Det är också påvisat att det mönster som för närvarande
används i LDI är icke-optimalt och att ett föreslaget bättre mönster
ökar signal-bakgrundsförhållandet med 20% i scenariot med realtids-
linjering.

Nyckelord: Mönstergenerator, fotolitografi, direktritning, mönster-
registrering, realtidslinjering, optisk korrelation, reflexsignal, kontrast,
signal-brusförhållande, reflektans, Barker.
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Abstract

The production of multi-layer PCBs requires accurate alignment sys-
tems in order to reduce the overlay errors in the photolithography
process. With the requirements for minimum feature size ever de-
creasing and the ones for machine throughput ever increasing, a huge
burden is placed on the alignment system. The task to design an
alignment system that is both accurate and fast is clearly non-trivial.
This Master Thesis presents the analysis and operational principle of a
real-time alignment system, with focus on future applications of laser
direct imaging (LDI). Starting from the choice of the pattern to be used
in the alignment algorithm, continuing with the corresponding signal
processing and further estimating the relevant signal parameters from
real-case scenarios, the simulations of the suggested alignment methods
show on the feasibility of using direct optical correlation techniques for
read-out of the positions of structures of resist directly on copper. The
currently used patterns are also shown to be non-optimal, with better
correlation patterns presented that yield an improvement of 20% in
the signal-to-background ratio and that show enhanced robustness to
noise in a real-time alignment scenario.

Keywords: Pattern generators, photolithography, laser direct imag-
ing, overlay, pattern registration, real-time alignment, optical correla-
tion, reflex signal, contrast, signal-to-noise ratio, reflectivity, Barker.
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Nomenclature

Notations
r Resolution (m)
u Uncertainty (m)
p Pitch (m)
by Length of the y-position block (m)
bx Length of the x-position block (m)
vp Panel speed (m/s)
fs Sampling frequency (Hz)
C Contrast (%)
SNR Signal-to-noise ratio (dB)
R Reflectivity (%)

Abbreviations
PCB Printed Circuit Board
CSP Chip Scale Package
SLM Spatial Light Modulator
LDI Laser Direct Imaging
CCD Charge-Coupled-Device
COG Center of Gravity
TDM Trajectory Distortion Map
SNR Signal-to-Noise Ratio
DFR Dry Film Resist
FWHM Full Width at Half Maximum
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Chapter 1

Introduction

This chapter describes the basic processes required for photolithography, the
current technology developed by Micronic Mydata for direct imaging and the
purpose of the present research.

1.1 The Photolithography Process

In the manufacturing of printed circuit boards (PCBs), chip scale packages
(CSPs) and other complex circuitry, lithography techniques are used exten-
sively nowadays. These allow for the creation of extremely small features
with high accuracy. During a long time period, the trend in the industry
has been towards reducing the feature size while increasing the accuracy of
placement. For feature sizes in the order of micrometers, mask photolithog-
raphy using optical steppers is widely used [1]. In this technique, optical
radiation is used to image the pattern from a predefined transparent plate
with a pattern (mask or artwork) created on the substrate using photoresist
layers which cause a spatially selective etching. The photoresist is a light-
sensitive material that, when exposed, will either lose its resistance when
attacked by an etchant or solvent (positive photoresist) or strengthen its
structure and leave the unexposed portions soluble (negative photoresist).
The general process for mask photolithography using a positive photoresist
is shown in Fig. 1.1.

The mask has here the role to allow for the photoresist to be exposed
only in the selected areas needed to create the desired pattern. However,
with the development of the spatial light modulator (SLM), the possibility
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CHAPTER 1. INTRODUCTION

Figure 1.1. Steps in the production process of single-layer copper PCBs
using mask photolithography.

to accurately project the pattern directly (without the need of a mask) has
emerged. The one-dimensional SLM developed by the Fraunhofer Institute
for Photonic Microsystems (IPMS) [2] is a micro-mirror array arranged in
a rectangular shape. Since each mirror can be tilted individually along one
axis, the overall system can project any desired pattern with high accuracy.
Fig. 1.2 [3] shows the SLM and the individual mirrors that compose it,
together with the indication of a single logical ”pixel” in the one-dimensional
addressing scheme.

Figure 1.2. Left: The layout of a part of a one-dimensional light modulator,
where one logical pixel is indicated in blue; Right: The wire-bonded light
modulator. (Ref. [3].)

Using the capabilities of the SLM, Micronic Mydata has developed the
laser direct imaging (LDI) technology, eliminating the need for the mask
when exposing the pattern. The writing principle using the SLM is exem-

2



1.1. THE PHOTOLITHOGRAPHY PROCESS

plified in Fig. 1.3 [2].

Figure 1.3. The writing principle using the one-dimensional SLM, illus-
trated with the SLM image sweeping from left to right. Top: Current content
of the SLM; Middle: already written pattern, together with the content of
the SLM just writing out the ”e” (compare with the top figure); Bottom:
completed pattern.

As a result, with the SLM approach one has a considerably higher flex-
ibility when writing patterns, any pattern being possible without the need
of a corresponding mask. Fig. 1.4 shows the photolithography process us-
ing the LDI technology with the commonly used negative photoresist. The
process is somewhat simplified when compared to the one required for mask
photolithography.

The processes described so far refers to the creation of a single layer of
circuitry, while the need from the market usually is for multi-layered circuits.
The idea is that each layer of the circuit can be created individually using
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CHAPTER 1. INTRODUCTION

Figure 1.4. Steps in the production process of copper PCBs using LDI
technology.

the steps described in Fig. 1.1 or 1.4, with an intermediate step where the
voids between the copper lines are filled with some solid dielectric. Thus,
each layer can have a pattern different from the previous layers underneath.
However, with the minimum feature size in each pattern being in the order
of micrometers, the problem of accurate alignment of the layers emerges. A
general discussion of the alignment required in photolithography processes
can be found in [4]. The alignment errors between consecutive layers are
called overlay errors, and represent the most important measure for a writ-
ing engine providing multi-layer circuitry. The basic overlay errors and an
example of perfectly aligned patterns are illustrated in Fig. 1.5.

While large overlay errors may cause the electric circuitry to malfunction,
small errors may also result in inadequate functioning, especially since the
errors in consecutive layers can add up during the process of manufacturing.
Thus, the requirements for overlay errors are very strict (in the order of
micrometers), and the major task at hand in the present report is to show
how the real-time alignment applied to the LDI technology copes with the
requirements.

4



1.2. STATE OF THE ART

Figure 1.5. Overlay errors and perfectly aligned patterns. Top left: Over-
lay error with offset in both x and y as well as with a rotational error; Top
right: Overlay error with offset in both x and y but no rotational error;
Bottom left: Overlay error with offset only in y; Bottom right: Perfectly
aligned.

1.2 State of the Art

The LDI technology requires and provides highly accurate and fast pattern
generators (for specifications, please see Appendix A). A schematic example
of the principle of such an LDI machine (as currently provided by Micronic
Mydata) is illustrated in Fig. 1.6.

Referring to Fig. 1.6, the general photolithography process in the LDI
machine is as follows:

5



CHAPTER 1. INTRODUCTION

Figure 1.6. Schematic overview of the LDI machine as currently provided
by Micronic Mydata AB.

a) The panel is automatically loaded on the movable table (1).
b) An alignment bridge (3) comprising three fixed or moving cameras scans
the panel for specifically designed alignment marks and supplies the infor-
mation of their position to the process handling the alignment system.
c) The rotor (4) sweeps over the calibration plate (2) and sends information
on the trajectory of each of the rotating arms to the calibration system.
d) The spatially modulated light (6) in form of the projected image of the
SLM follows the rotor arm and generates a pattern on the panel.
e) The finalized panel (5) is unloaded from the machine.

1.2.1 Alignment

The alignment process consists of (1) acquiring information from alignment
marks (photoresist patterns printed on previous layers or holes drilled in
the substrate) using charged-coupled-device (CCD) cameras, and (2) relat-
ing the positions of these marks to calibrated reference marks on a separate
calibration plate, linking the measurement of the coordinates of the align-
ment marks to the coordinate system of the writer. After the alignment,
the pattern to be exposed on the resist is resampled so that the layers of a
multiple-layered PCB line up correctly. The alignment marks as such are

6



1.2. STATE OF THE ART

usually circles which have the same nominal position of the center through
the stack of layers, as shown in Fig. 1.7.

Figure 1.7. Example of alignment marks on different layers.

The images of the alignment marks are segmented and the center of
gravity (COG) of the circle on the last layer is computed. Along the panel
there are a set of pre-defined positions where alignment marks are placed,
usually in a rectangular grid. When all the COGs of the alignment marks
have been computed, the resulting (distorted) grid is generated, and the
corresponding transformation matrix to the ideal grid is calculated. Fig.
1.8 shows the result of such a transformation using either the global (upper
right) or local (lower right) information on the distortion.

The possible transformations in the alignment system of the LDI machine
are shown in Fig. 1.9.
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CHAPTER 1. INTRODUCTION

Figure 1.8. Left: Ideal (nominal) positions of the alignment marks in the
rectangular grid; Center: The computed positions of the alignment marks in
the deformed grid; Right: The results of different transformations to yield
the connection between the positions in the nominal and the distorted grid.

Figure 1.9. The five basic types of transformations between the nominal
and deformed grid.

8



1.2. STATE OF THE ART

The transformations work differently and the way they filter out the
noise in the measurement is radically different. There is no absolute way
of deciding which the optimal transformation is, but their results can be
evaluated from case to case in order to decide on the proper transformation
to be used in a specific case. At the end of the alignment process, the system
sends the transformation details to the writing process (data channel) in
order to employ the same transformation while writing in order to reduce
the overlay errors. This alignment process is a separate step in the LDI
machines and is currently not performed in real-time. The present accuracy
of the alignment process in LDI is summarized in Appendix A.

1.2.2 Calibration

The main purpose of the calibration is to link the coordinate system of the
stage (on which the plate to be written is located) to the coordinate system
of the writing head. In the current LDI system, this is done by extracting the
actual deviations of the projected positions of the spatial light modulator
(SLM) on stage from the ideal (circular) trajectory of the rotor arms, as
schematically illustrated in Fig. 1.10.

Figure 1.10. The actual trajectory of the rotor arms (solid curve) vs. the
ideal (nominally circular) trajectory (dashed curve).

9



CHAPTER 1. INTRODUCTION

For this purpose a specially designed calibration plate (a chrome mask
with a highly accurate calibration pattern [5]) is used. The pattern on the
calibration plate consists of a series of vertical bars and slanted Barker-like
codes [5] [6], as shown in Fig. 1.11.

Figure 1.11. Representation of the calibration plate and its pattern.

The SLM is lit to form a corresponding Barker-like pattern (correspond-
ing to the one found in the slanted pattern on the calibration plate), and
projected onto the calibration plate as shown in Fig. 1.12.

The reflected signal, which essentially is given as the mathematical corre-
lation between the projected pattern and the chromium pattern on the cali-
bration plate, is picked up by a scalar detector and digitally signal-processed
to provide an accurate estimate of the actual trajectory for a certain segment
of the SLM. The difference between the actual and the ideal trajectory is
computed and subsequently stored in the trajectory distortion map (TDM).
This calibration is performed for a set of SLM segments, in order to find
any changes in scaling or inhomogeneous deviations within the SLM image.
At the end of the calibration step, the system has the complete information
on the actual trajectory of the rotating arms, adjusting the writing accord-
ingly. In addition to the calibration of the beam trajectory, the calibration
plate also serves to link the coordinate system of the stage to the coordinate

10



1.2. STATE OF THE ART

Figure 1.12. The corresponding SLM image (red) for the Barker-like pat-
tern on the calibration plate (white). As the SLM image moves across the
Barker-like chromium pattern (indicated by the arrow), the resulting re-
flected signal will be the mathematical correlation between the SLM image
and the pattern as such. If the illuminating pattern and the chromium
pattern are of the same shape, the reflected signal will simply be the auto-
correlation of the Barker-like pattern.

system of the alignment subsystem. This is done by sampling images of
alignment marks on the calibration plate, similar to the ones to be written
in the resist on the plate. This way, it is achieved the link between the
coordinate system of the panel to be written to the coordinate system of the
calibration plate (stage coordinate system) and, finally, to the coordinate
system of the writer. The alignment and calibration processes together are
essential to achieve the necessary high fidelity during the writing process.

1.2.3 Writing
The final step in the writing process is the actual projection of the pattern
on the substrate, exposing the photoresist in the desired pattern. This
involves the actual resampling of the nominal pattern to incorporate the
deviations of the beam trajectory from the nominal one, as well as linking
in the alignment of the panel to the coordinate system of the writer. After
this, the panels are ready for the subsequent processes such as developing,
etching, etc.

11



CHAPTER 1. INTRODUCTION

1.3 Purpose of the Present Study
The LDI technology of today comprises an alignment system that requires
the pre-registration of the panel and the pre-computation of the panel’s po-
sition. This is performed as a step prior to the actual writing, and is thus not
performed on the fly. Since the calibration process in the LDI is of a real-
time character, a real-time alignment system could improve the throughput
of the machine. Currently, in order to handle these parameters, the LDI ma-
chine simultaneously handles two panels at the same time. While one panel
is being written, the position of the other one is registered (aligned). This
way, virtually no time is lost for registration measurements except for the
transient state, when writing the first panel. However, since there is a slight
delay between measuring a panel and writing it, some distortions may appear
during that time that will not be accounted for. Having a real-time align-
ment system would imply measuring the position of the panel continuously
during writing, resulting in a more agile and responsive system. As a result,
the accuracy of the machine would be improved. With the potential of an
improved throughput, it is natural to pursue the development of a real-time
(on the fly) alignment system to be implemented in the LDI machine. The
purpose of the present thesis is to establish the feasibility of such a real-time
alignment system and the possibility for it to be employed as an upgrade to
the current LDI technology. The result is a suggested real-time alignment
for the future, a well improved version of the current alignment system of
the LDI machine. A general real-time alignment method is discussed and
tested and a few alternative alignment patterns are briefly outlined. A case
study on the reflectivity of the materials involved in the PCB manufacturing
process is presented to provide the necessary information on the expected
parameters and quality of the signal used for alignment. Also, a closer look
is taken into Barker-like patterns and associated optimization techniques.

12



Chapter 2

Concept for Real-Time Alignment

In this chapter, a possible method for real-time alignment is presented and
evaluated. Simulations of the method are performed, to test its accuracy,
robustness and real-time potential. Alternative alignment patterns are also
briefly discussed.

2.1 Description of the Alignment Method

For single-pass extraction of absolute Cartesian x- and y-positions of the
reference pattern along the moving panel, a sequence of vertical bar codes
(y-positions) and slanted Barker-like patterns (x-positions) could be used.
A corresponding Barker-like pickup pattern could be created in the SLM
and projected over the panel, as shown in Fig. 2.1.

The resulting reflected signal would represent the optical correlation be-
tween the projected pickup pattern and the reflective pattern of codes. Note
that this method is highly inspired by the current calibration process of the
LDI machine. The y-position blocks are a set of vertical bar codes that
binary encode nominal y-positions, just as a mean to keep track of the abso-
lute position of the pattern within a possibly long path of alignment marks.
For the y-positions, the sampled correlation signal will yield a stream with
sharp transitions between low and high signal that can be digitally pro-
cessed with the help of a flank detector. Using a predefined look-up table
for the y-positions, meanwhile roughly knowing the sampling rate of the
pick-up system (though this is not essential for the method to work, as it
is the positions of the flanks relative the clock of the writing engine that is

13



CHAPTER 2. CONCEPT FOR REAL-TIME ALIGNMENT

Figure 2.1. Schematic illustration of a possible method of extracting abso-
lute x- and y-positions of the features of a reference pattern along the moving
panel, with a linear motion of the optical pickup pattern relative the panel.
The pattern consists of a set of interwoven vertical bar codes (representing
a standard binary encoding) and slanted Barker-like patterns (for which the
resulting reflected signal corresponds to the optical correlation between the
pickup pattern and the reflective pattern).

important), there is enough information for determining and interpolating
the y-coordinates of the alignment features on the panel. In order to de-
termine the x-coordinates, the peak of the optical correlation signal from
the slanted Barker-like patterns can be registered relative to the closest
neighboring flanks of the adjacent y-positions, either by linear or non-linear
interpolation. The process of extracting y- and x-coordinates will be an-
alyzed in more detail further in the present chapter. A sequence of two
vertical bar codes and one slanted Barker-like pattern is shown in Fig. 2.2
along with the corresponding (Barker-like) SLM pickup pattern. This is
the basis for the ulterior simulations. The optical correlation between the
SLM pattern and the sequence of vertical and slanted Barker-like codes is
computed and the corresponding reflex signal is processed, hence yielding a
single-pass extraction of x- and y-positions. A simulated optical correlation
between the SLM pattern and the pattern of codes is shown in Fig. 2.3.

14



2.1. DESCRIPTION OF THE ALIGNMENT METHOD

Figure 2.2. Schematic figure showing (1) a Barker-like SLM pickup pattern
(where white represents lit pixels and black unlit pixels), moving linearly
from the left to the right, (2) the vertical bar codes (each wide white bar
corresponds to a ”1”, each narrow white bar corresponds to a ”0”), and (3)
the slanted Barker-like reflective pattern (here corresponding to the SLM
pattern).

Figure 2.3. Simulation of the optical correlation between the Barker-
like pick-up pattern and the sequence of vertical bar codes and the slanted
Barker-like pattern. In this simulation, a correlation peak reaching as high
as the top signal levels of the surrounding y-positions is an ideal case in
which there is an infinitely good match between the illuminating and the
reflective pattern; in a real case, any imperfections in focusing or contrast
in the illuminating pattern will naturally decrease the signal level of the
correlation peak. However, the graph clearly illustrates the desired prop-
erty of the Barker-like pattern, namely to provide a unique and (against the
background) well-defined peak.

15



CHAPTER 2. CONCEPT FOR REAL-TIME ALIGNMENT

2.1.1 Extracting the y-positions

For the extraction of y-positions (see Fig. 2.3, blue box) the steep flanks
between high and low signal indicate that the use of a flank detector is
suitable. The number of bits used to encode the y-positions depends on the
number of y-positions that need to be encoded:

n = dlog2(ny)e

where n is the number of bits and ny the number of y-positions to be en-
coded. Here dxe denotes the ceiling function, mapping to the smallest integer
greater than or equal to x. When decoding the y-positions, as soon as n
bits are read, information on a certain absolute y-position is available. This
gives the following maximum block size by of the y-positions as

by = np

where n is the number of bits and p is the pitch (distance between ver-
tical bars). Since the minimum feature size that can be created is in the
order of 5µm, there is a lower boundary for the width of the narrow bars
of about 5µm. Using a width of 10µm for the wide bars and 10µm re-
spectively 5µm for the gap between the bars, this would result in a lower
boundary of about 15µm for the pitch. The minimum feature size that can
be resolved is 5µm; however, the Gaussian beam profile may cause some
exposure of the photoresist around the edges that can leave the alignment
bars with bent edges after developing. For more robust alignment features,
10µm and 20µm line widths should be used for the narrow and the wide
bars respectively, resulting in a 30µm pitch. Using 11 bits to encode the y
positions (for which a maximum of 2048 positions can be encoded) and a
30µm pitch, yields a block size of 330µm for the y-positions. As a result,
whenever a 330µm block of y-positions is read, accurate information about
the respective y-position is obtained. As the panel is moving at an approx-
imately constant and known speed, the information on any intermediary
y-positions may be interpolated. However, in order to obtain the y-position
information from a specific block of features, the respective bar code should
be correctly decoded. The contrast (C) and signal-to-noise ratio (SNR) are
the main key parameters that influence this decoding, as discussed in the
”Accuracy” section later on.

16



2.1. DESCRIPTION OF THE ALIGNMENT METHOD

2.1.2 Extracting the x-positions
For the extraction of x-positions, the relative distance from the x-mark
(being the peak of the correlation signal; see Fig. 2.2 red) to the closest
flanks of the neighboring y-positions is calculated. At the x = 0 position,
the x-mark (peak) should be centered between the closest flanks of the
neighboring y-positions, as shown in Fig. 2.3. Any shift of the position of
the x-mark (peak) indicates a drift of the panel in the x-direction, as shown
in Fig. 2.4.

Figure 2.4. Since the SLM pattern (in the nominal path of traveling)
always is projected in the same position, a shift along the x-axis (top) causes
a shift in the position of the x-mark (red) relative to the closest flanks of the
neighboring y-positions (bottom).

The length in the y-direction of a Barker-like code block is given by the
maximum misalignment in the x-direction that needs to be detected (or,
in other words, required precision in spatial resolution). Assuming that the
strip can drift at most ∆x in each direction transverse to the relative motion
of the panel to the illuminating pickup-pattern, and having the Barker-like

17



CHAPTER 2. CONCEPT FOR REAL-TIME ALIGNMENT

code slanted at 45◦, the length of the barker code block along the y-direction
is given by

bx = 2∆x

A maximum drift of ∆x = 1000µm gives bx = 2000µm.The resolution in
the x-direction is strictly related to the speed of the panel and the sampling
rate of the pickup system, as

r = 2vp
fs

Where vp is the speed of the panel and fs is the sampling rate. For example,
using a sampling frequency of fs = 1MHz and a panel speed of vp = 8 cm/s,
the resolution will be roughly r = 0.16µm. Again, just as in the case of
extraction of the y-positions of the alignment marks, the contrast and SNR
are key parameters that influence the accuracy in detecting the x-marks, as
discussed in the ”Accuracy” section.

2.2 Accuracy

The accuracy in determining the x- and y-positions is greatly influenced by
the contrast and the noise present in the signal. In order to be able to decode
the binary sequence for the y-positions, the signal should provide clear flank
data to be fed to a flank detector. A possible implementation of a flank
detector (further referred to as Flank Detector 1) and the parameters that
describe it are shown in Fig. 2.5 [7].

The basic idea behind this (rather crude) flank detector is to find sam-
ples where the signal value changes significantly (Flank Swing) over a short
period of time (Flank Length). Commonly, the flank swing is set at 50% of
the peak-to-peak value of the signal. In order to avoid the same flank be-
ing counted more than once, a certain period (Flank Holdoff) is set, within
which there will be no further searching for flanks. Fig. 2.5 shows a rep-
resentation of the parameters on a real sampled signal. The red line is the
analog value (where the sample points are marked with black dots). The
blue line is the flank detector’s (binary) interpretation of the signal.

18



2.2. ACCURACY

Figure 2.5. Example of a straight-forward working principle of a flank
detector and its parameters.

In a noise-free setup, any non-zero contrast signal should provide enough
information for flank detection. For each of the signals involved in the
simulation, the contrast C is defined as

C = Shigh − Slow
Shigh + Slow

(2.1)

where Shigh and Slow are the high respectively the low levels of the signal.
Figure 2.6 shows such a noise free signal with 33% contrast, picked up over
a y-position pattern. The SNR of a signal is defined as

SNR = 10 log10

(
Psignal
Pnoise

)
(2.2)

where Psignal and Pnoise are the signal respectively the noise powers.

By using the information of the width designed for the y-bars (optically
limited in the writing engine, to a minimum of 5µm) and of the sampling
rate of the pick-up system, the flank length and flank holdoff parameters can
be chosen. The flank length and flank holdoff could be chosen as large as
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Figure 2.6. A noise-free (SNR=∞) signal of 33% contrast, picked-up over
a y-position pattern; the wide high-signal regions correspond to symbol ”1”
while the narrow high-signal regions correspond to symbol ”0”.

possible, but these should not exceed the number of samples captured from
the reflex over the smallest feature in the pattern. This information together
with the flank data is sufficient to decode the y-position. The results of the
flank detector are showed in Fig. 2.7.

Figure 2.7. Detected flanks in the noise free signal (”1” = ”a detected
flank”). These flanks correspond to the transitions of the signal shown in
Fig. 2.6.

However, in a real situation with noise present, the resulting finite SNR
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can seriously affect the flank detection, giving erroneous results as will now
be discussed. The main noise sources in the system are:
- Scattering effects (diffuse reflection): assumed to be random and isotropi-
cally spread in all directions (from the copper as well as the photoresist, as
a diffuse component of the reflection exists also for the photoresist surfaces).
- Machine vibrations.
- Surface contamination with impurities.
- Photons from the ambient light being picked-up by the photodetectors.
- Electrical noise in the sampling system (e.g. shot noise), as well as elec-
trical noise added from other subsystems due to imperfect electromagnetic
shielding.

The noise sources can be modeled as random, meaning that their effect
can be simulated by adding white Gaussian noise in the system.

By keeping the 33% contrast and adding white Gaussian noise such that
the SNR is 15 dB, the resulting signal is shown in Fig. 2.8.

Figure 2.8. An artificially generated noisy signal of 33% contrast and 15 dB
SNR. The noise in the signal was obtained by the addition of white Gaussian
noise. The magenta-colored level indication shows on a noise artifact that
could be processed as a ”fake” flank.
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The noise effects can introduce ”fake” flanks (see Fig. 2.8) which will
disturb the ulterior decoding of the signal unless proper precaution is taken.
It is expected that a signal with an increased contrast can accommodate
more noise (or, equivalently, a lower SNR) without compromising the flank
data. The minimum acceptable SNR (equivalent to the highest acceptable
noise) that allows for a correct identification of the signal flanks (and con-
sequently a correct decoding of the y-position patterns) can be estimated
for different contrast levels, as shown in Fig. 2.9. The basic algorithm for
this estimation starts with a noise-free signal of a certain contrast whose
flank data is known. Noise is added, decrementing the SNR until the flank
data is no longer the correct one. That particular last value of the minimum
SNR for which the flank data is still correct is recorded. Since the noise
is random by its nature, this process needs to be repeated over a certain
number of iterations in order to obtain a statistically secured evaluation of
the estimates for the minimum SNR; In Fig. 2.9, the standard deviation of
the simulations is indicated by the error bars.

As intuitively expected, an increased contrast can accommodate an in-
creased noise level present in the signal. The actual behavior shows an
exponential decrease of the required minimum SNR vs. signal contrast.
Note that the minimum SNR was estimated for a finite number of iterations
(100) in which white Gaussian noise was added. The error bars indicate the
±3σ levels, covering for 99.7% of the normal distribution. Thus, for a ”safe”
lower boundary of the SNR, the maximum value (mean + 3σ) should be
considered. This implementation of a flank detector has the potential to be
executed in real-time, as the complexity of the algorithm is in O(n), where n
is the number of samples in the signal. However, as this method requires the
setting of a threshold (flank swing), this implies that a certain information
on the expected signal levels is required. As variations in the signal levels
are expected (due to changes in the dose level, differences between exposed
and unexposed resist, dirt on the surfaces, loss of focus, etc.), a state-level
estimation for bi-level signals has to be performed. The states capture the
predominant values in the signal, in case of rectangular signals referring to
the high and low logical levels. In order to address this issue, a ”sweep win-
dow” of a certain length may be chosen, with a subsequent sampling of the
signal within the window to provide statistical data from which the signal
levels can be extracted, for example by means of histogram analysis.

Starting from the signal in Fig. 2.6 and adding white Gaussian noise
to yield an SNR of 20 dB, one obtains the signal as shown in Fig. 2.10.
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Figure 2.9. The minimum SNR required for the correct decoding of the
y-positions of the features in the alignment pattern vs. contrast using Flank
Detector 1. The points of the graph were obtained by 100 simulations for
each point, with the 3σ deviations (three standard deviations) of the esti-
mated minimum SNR indicated by the error bars.

The sweep window will traverse the signal and a histogram of the values
within the window will be computed for each position. The two modes of
the histogram will be the estimates for the low and high levels of the signal
covered by the sweep window, as shown in Fig. 2.11. The two peaks in the
histogram (modes) give the estimates for the low- (red) and high- (black)
signal levels. In this case, the low-level estimate is 8.4 and the high-level
estimate is 16.5. As shown in Fig. 2.6, the low-level of the noise free signal
is 8.5, while the high-level is 17. As a result, it can be observed that the
estimates are rather accurate, with their accuracy depending on the level
and nature of the noise. Also, the signal used had a low sampling rate, while
higher sampling rates should give more pronounced modes in the histogram.
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Figure 2.10. A bi-level (binary) signal of 33% contrast and 20 dB SNR.
In the graph, a ”sweep window” is indicated by the blue box, within which
the signal levels are statistically extracted by means of histogram analysis
to find the dominant peaks.

Figure 2.11. The resulting histogram of the signal values covered by the
sweep window as indicated in Fig. 2.10. The peaks indicated by the red and
black circles correspond to the low and high signal levels, respectively.
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A state level estimation using the method presented above was performed
on signal data obtained from the reflex over the calibration plate. The
resulting level estimates are shown in Fig. 2.12.

Figure 2.12. Reflex signal over the calibration plate (blue), low-level esti-
mate (red) and high-level estimate (black).

In Fig. 2.12, it can be observed that even though the signal levels are
drifting slightly upwards, the dynamical state-level estimation can rather
accurately track the signal levels. The state-level estimation has the po-
tential to be performed in real-time, as the complexity of the algorithm is
given by the complexity of the histogram computing algorithm, for which a
straight forward implementations is running in O(nb), where n is the num-
ber of samples in the signal and b is the number of bins considered for the
histogram, as shown in Ref. [8]. However, in [9] a faster method to compute
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the histogram based on a sliding window is presented, being the preferable
implementation for a real-time application. The method in Ref. [9] is based
on the idea that while the window is swept, only a few samples of the sig-
nal are different from one window position to the next, so the histograms
should be updated in a continuous fashion and by reusing information from
previously computed histograms. From each window position to the next
only 2 samples differ (one added sample and one removed sample), so the
complexity should be at most in O(2n), as shown in Ref. [9]. As a result,
doing the state-level estimation and subsequently implementing the flank
detector shown above will run in O(2n). A more robust flank detector can
be implemented, but with impact on the processing speed. Further referred
to as Flank Detector 2, it involves the use of a generic ”flank kernel” to be
mathematically convolved with the signal. The peaks in the resulting signal
contain the flank information. The convolution of two discrete signals f and
g is computed as follows:

f ∗ g[n] = ∑∞
m=−∞ f [m]g[n−m]

The generic kernel that describes the flanks is a [−1 1] array. By using
the information on the width of the thin bars, the distance between the bars
and the sampling rate of the pick-up system, the optimal widths of the -1
and 1 regions of the kernel can be selected. In principle, the kernel should
be as wide as possible to average out as much noise as possible, without
exceeding the smallest width between two consecutive flanks, otherwise the
respective consecutive flanks would be interpreted as a single flank. A signal
with 33% contrast and 15 dB SNR and the corresponding kernel are shown
in Fig. 2.13. The resulting convolution between the signal and the flank-
detecting kernel is computed and shown in Fig. 2.14. In the convolution
signal, the flank information is contained in the peaks (local maxima and
minima). The robustness in the detection of these peaks determines the
robustness of this method for the flank detection. Low amounts of noise
can introduce ”fake” peaks that may disturb the flank detection; however,
the effect of the convolution kernel in reducing the noise is obvious when
comparing the signal in Fig. 2.13 with the convolution result in Fig. 2.14.
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Figure 2.13. A signal with 33% contrast and 15 dB SNR (blue) and the
flank kernel of Flank Detector 2 (red). The kernel has a length of 16 samples
(the first 8 equal to −1 and the last 8 to +1). These lengths have been chosen
as the thinnest features in the bar codes are contained within 8 samples.

Figure 2.14. Result of the convolution between the signal as shown in Fig.
2.13 and the flank kernel of Flank Detector 2. The flank information is now
contained in the peaks (local maxima and minima of the convolution signal).

27



CHAPTER 2. CONCEPT FOR REAL-TIME ALIGNMENT

The minimum required SNR vs. contrast for correct identification of the
signal flanks is estimated for Flank Detector 2, in similar to the analysis
previously performed for Flank Detector 1, as shown in Fig. 2.15.

Figure 2.15. The minimum required SNR for correctly decoding the y-
position patterns vs. contrast using Flank Detector 2. A drop of approx-
imately 3.5 dB in the required SNR can be observed when comparing this
graph to the one for Flank Detector 1 shown in Fig. 2.9. This indicates the
increased robustness of Flank Detector 2.

By convolving the signal with a Gaussian kernel, a standard procedure
in digital signal processing, we expect to filter out some of the noise. The
subsequent application of the flank-detecting kernel should then provide
improved results. However, by using the associativity property of the con-
volution, one may first compute the convolution between the Gaussian and
the flank-detecting kernel and finally convolve this result with the signal, as
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Fk ∗ (Gk ∗ S) = (Fk ∗Gk) ∗ S

where Fk is the flank kernel, Gk is the Gaussian kernel and S is the
signal, the ”∗” in this case being the convolution operator. The result of the
convolution between the flank kernel and the Gaussian kernel is shown in
Fig. 2.16.

Figure 2.16. Signal with 33% contrast and 15 dB SNR (blue) and the
kernel (red) obtained from the convolution between a flank-detecting kernel
and a Gaussian kernel. The kernel has a length of 16 samples (the first 8
equal to −1 and the last 8 to +1). These lengths have been chosen as the
thinnest features in the bar codes are contained within 8 samples.

Using this kernel (Fig. 2.16 red), Flank Detector 3 will be implemented.
The convolution between the signal and the kernel is computed and the
results are shown in Fig. 2.17.

In the convoluted signal, the flank information is contained in the po-
sitions of the peaks (local maxima and minima). It can be observed that
the convolution signal in this case has less ”ripples” when compared to the
convolution signal of Flank Detector 2, shown in Fig. 2.14. Thus, any ”fake”
peaks which may disturb the flank detection are less likely to occur. The
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Figure 2.17. Result of the convolution between the signal and the kernel
of Flank Detector 3, composed by the prior convolution between the flank-
detecting kernel and the Gaussian kernel. The flank information is now
contained in the peaks (local maxima and minima of the convolution signal).

minimum required SNR vs. contrast for the correct identification of the
signal flanks is estimated for Flank Detector 3, as shown in Fig. 2.18.

Both Flank Detector 2 and Flank Detector 3 are more computationally
intensive than Flank Detector 1, as the fastest algorithm for computing the
convolution runs in O(nk), where n is the size of the signal and k is the size of
the kernel. The results for the three detectors presented above are compared
in Fig. 2.19. The graph shows the mean estimates and the ±3σ levels for
the implemented detectors. The estimates for all three detectors have been
made for the same number of iterations in which noise was added (100), thus
no bias towards a certain detector exists. For all the detectors the mean +
3σ value is the one that can be considered as a ”safe” lower margin for the
SNR in order for that respective detector to function properly. Because the
smallest mean + 3σ values are given by Flank Detector 3, this particular
detector is the most robust.

All the estimates for the minimum required SNR have been made as-
suming that all flanks of the signal should be correctly detected in order
to be able to decode the signal. However, by using linear error-correcting
algorithms (for example Hamming coding), erroneous flanks can be present
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Figure 2.18. The minimum required SNR for correctly decoding the y-
position patterns vs. contrast using Flank Detector 3. In this case, the
advantage is a decrease of the required SNR with 3 dB when compared to
Flank Detector 2 and with 6.5 dB when compared to Flank Detector 1.

in the signal without affecting the decoding. The drawback is that more
bits are needed to encode the same amount of information. For the present
case of 11 data bits, an additional 4 bits (called ”parity bits”) have to be
added using the procedure described in Ref. [10]. It can be shown that
the minimum distance between two code words (defined as the number of
positions at which the corresponding bits are different) is 3. Thus, even if
one erroneous bit is present, the decoding is still possible. As a result, for
encoding the 11 bits of information, 15 bits are needed, as shown in the
relation between the number of parity bits, the length of the message and
the total length of the block:
Number of parity bits: q
Message length: 2q − q − 1
Block length: 2q − 1
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Figure 2.19. The minimum required SNR for the correct decoding of the
y-position patterns vs. contrast for the three flank detectors (green - Flank
Detector 1, red - Flank Detector 2, blue - Flank Detector 3). The pursuit
for robustness enabled the development of more and more robust detectors,
culminating with the most robust one, Flank Detector 3.

This implies that by using 15 bits instead of 11 to encode the same number
of y-positions, the flank data can contain ±1 erroneous flank without affect-
ing the decoding of the y-positions. A +1 erroneous flank refers to the case
when the noise introduces exactly one ”fake” flank. A −1 erroneous flank
refers to the case when exactly one flank is not detected due to the effects
of the noise. These two cases would result in exactly one error bit in the
process of decoding the y-positions, situation that can be resolved thanks
to the Hamming encoding scheme. This would make the system even more
robust in case an error occurs in the flank data. For the x-positions, the
accuracy with which the x-marks (peaks) are detected is crucial. In an ideal
noise-free environment the x-mark is clearly distinguishable for any non-zero
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contrast level. In Fig. 2.20 a noise free signal at 33% contrast is shown.

Figure 2.20. Noise free signal at 33% contrast picked-up over an x-position
pattern; the red peak is the x-mark.

The uncertainty in detecting the x-marks is determined by the system’s
parameters:

u = ± vp
2fs

Where vp is the panel speed and fs the sampling frequency. Using a
sampling frequency of fs = 1MHz and a panel speed of vp = 8 cm/s, the
corresponding uncertainty is ±0.04µm. Adding white Gaussian noise to the
signal can seriously disturb the detection of the x-marks, as shown in Fig.
2.21.

Figure 2.21. Signal at 33% contrast and 10 dB SNR; red: x-mark; magenta:
a ”fake” detected peak due to noise.
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It is expected that a signal with an increased contrast also can accom-
modate more noise (thus a lower minimum required SNR) without affecting
the x-mark detection. Estimates of minimum required SNR vs. contrast
level for the accurate detection of the x-marks are shown in Fig. 2.22. As
expected, increased contrast can accommodate increased noise in the signal.
Note that the minimum SNR was estimated for a finite number of iterations
(100) in which random noise was added. The error bars indicate the ±3σ
levels, covering for 99.7% of the normal distribution. Thus, for a ”safe” lower
boundary of the SNR, the maximum value (mean+3σ) should be considered.

Figure 2.22. The minimum required SNR for accurately detecting the x-
marks vs. contrast. The approach to determine the minimum required SNR
for accurately detecting the x-marks is similar to the one used in the case
of the flank detectors. In the case of the x-marks, the procedure starts with
the noise free signal shown in Fig. 2.20 and noise is added until the position
of the Barker peak is disturbed. The value of the SNR at that moment is
recorded.

34



2.3. ALTERNATIVE ALIGNMENT METHODS

2.3 Alternative Alignment Methods
The disadvantage of the general alignment method described previously is
its lack of robustness when it comes to incorrect flank detection over the
y-position bar code. Although reinforcing the method with error correcting
algorithms will bring some improvements, the vulnerability to errors in the
flank data remains. An alternative would be to eliminate the bar coding
for the y-positions and replace it with a slanted Barker-like pattern, a mir-
rored version of the one for the x-positions, resulting in a zigzag pattern, as
schematically shown in Fig. 2.23.

Figure 2.23. Zigzag alignment pattern based on slanted Barker-like codes.

The resulting correlation signal over such a pattern will consist of con-
secutive Barker peaks, as shown in Fig. 2.24.
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Figure 2.24. The resulting correlation signal as the illuminating pickup
pattern traverses the zigzag Barker-like pattern.

Each kth pair (k > 0) of two consecutive different peaks provides infor-
mation of the misalignment in both x and y, as

∆x = P
[2]
k −P

[1]
k −kp

2 , ∆y = P
[2]
k +P [1]

k −(k+1)p
2

where p is the pitch in the zigzag pattern, i.e. the distance between two
consecutive peaks in a perfectly aligned pattern.

As a result, the information of the pitch in the pattern is required in
this case. So, a calibration step is necessary before the alignment process
to start, in order to get an accurate estimate for the pitch. Any error in
estimating the pitch will propagate as an alignment error. For increased
accuracy, a dynamical estimation of the pitch could be done throughout the
alignment process, statistically evaluating the dominant frequency in the
pattern, obtaining information on the pitch. Another important aspect of
this pattern is that it should have lower resolution, as the slanted barker
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codes occupy physically more space on the panel. Last but not least, this
type of pattern has reduced robustness, as any ”missed” peak will disturb the
two-peak pairing. To solve this problem and increase the robustness, wide
and narrow vertical bars could be interposed between the slanted patterns,
as shown in Fig. 2.25.

Figure 2.25. A similar zigzag alignment pattern of Barker-like codes, with
interposed bars for keeping track of the absolute y-position and any possibly
missing segments of the alignment pattern.

The result will contain also flanks (from the vertical bars) that will help
differentiate between the peak pairs even if some peaks are ”missed”. This
will increase the pattern’s robustness, but will meanwhile also further reduce
the resolution, as space for interposing of the vertical bars is required. In
principle, the ideal pattern should have as many alignment sites as possible
per unit of length. The accuracy of the alignment between two layers con-
sidering three degrees of freedom (x- and y- translations and rotation in the
xy plane) is given by the equation derived in Ref. [11].

DS ≈ 2
[
(σa)2 + (σb)2

] 1 +
( 1

2m −
1

2S

)2 +

R2NA

R2A


µb

− 3
2S

 (2.3)

where DS is the variance in the alignment of layers a and b on a pop-
ulation of S sites (statistical sampling of the continuous pattern), m is the
number of alignment marks (usually m << S), σa and σb represent the
intrinsic variance in the processes of writing layer a respectively layer b (it
is assumed that this variance is uniformly distributed among all sites S),
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R2A is a measure of the distance from the center of the pattern to the align-
ment sites and R2NA is a measure of the total size of the pattern. Eq. 2.3
confirms the intuitive claim that the accuracy is increasing with the number
of alignment sites (increasing m results in lower variance). Also, the larger
R2A is compared to R2NA, the smaller the variance, resulting in increased
accuracy. This shows quantitatively why alignment sites should be placed
on the outside of large patterns rather than in toward the middle. The size
of the alignment sites is limited by the smallest features that can be created,
so there is a limitation to the number of alignment sites one can have per
unit of length. As derived from Eq. 2.3, the alignment sites should be placed
on the outside the large patterns rather than towards the middle, in order
to achieve a more accurate alignment. This implies that the alignment sites
should be placed towards the lateral sides of the panels. The ideal pattern
should also be robust to missing data. This would imply that the alignment
pattern should give an optical correlation signal that has a pattern in itself,
which is robust against any corrupt data. For this reason, vertical bars were
interposed in the pattern shown in Fig. 2.25. However, usually there is a
trade-off between the resolution, the number of alignment sites and the ro-
bustness of the correlation signal, and hence, depending on the application,
some compromises have to be made in one aspect to favor the others.
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Chapter 3

Case Study

This chapter describes an analysis of the properties of reflection from the
types of surfaces commonly encountered in the PCB manufacturing process
and the feasibility of using them in a real-time alignment process intended
for direct writing.

3.1 Copper

There are several factors that influence the amount of light and the direction
in which this light propagates after encountering a surface in its path. The
surface’s material properties are the key elements that describe the phe-
nomenon. In order to have a simple model for the behavior of light after
encountering a surface, only the reflectivity and the roughness of the sur-
face will be considered. The graph in Fig. 3.1 (after Ref. [12]) shows the
reflectivity of perfectly polished copper as a function of the wavelength in
vacuum.

At 355 nm (UV exposure wavelength) the reflectivity of copper is roughly
30%, meaning that about 30% of the incident light will be reflected. How-
ever, also the direction of the reflected light has to be considered. A mi-
crostructure analysis of the copper surfaces laminated (or plated) on the
panels shows on a relatively high roughness that will scatter the light, a
phenomenon illustrated in Fig. 3.2.
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Figure 3.1. Copper reflectivity vs. vacuum wavelength.

Figure 3.2. Light scattered from a rough surface.

Although the copper has been polished, the surface is still rough in a
micro-scale. As a result, the copper surface is expected to reflect the light
in many directions, resulting in a very diffuse reflection. This even further
reduces the reflected light that will be picked up by the reflex detector (that
is to say, the portion of the light that is reflected in the direction of the
detector). As a result, the copper surface is expected to give a very weak
reflex signal, close to the one of any matte material.
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3.2 Photoresist

The graph in Fig. 3.3 (after Ref. [13]) shows the reflectivity of the Hitachi
PHT-862AF-40 photoresist as a function of the wavelength.

Figure 3.3. Reflectivity of the Hitachi PHT-862AF-40 photoresist vs.
wavelength. a) before exposure; b) after exposure.

For the photoresist, the reflectivity at 355 nm is roughly 65% before ex-
posure and drops to about 55% after exposure. That is two times larger
than the reflectivity of copper at the same wavelength. Also, a microstruc-
ture analysis of the photoresist shows on a significantly smoother surface
that will scatter light considerably less. The photoresist is glossy and will
give a strong specular reflection that should easily be picked up by the re-
flex detector. As a result, it is expected that more light will reach the reflex
detector, giving a high reflected signal.

3.2.1 Specular vs. Diffuse Reflection

The main difference between specular and diffuse reflection can be observed
in Fig. 3.4.
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Figure 3.4. Left: specular reflection; Right: diffuse reflection.

The qualitative properties of scattering from the photoresist and from
the copper surfaces were analyzed in a simple experiment, using a 532 nm
green laser pointer, as shown in Fig. 3.5.

Figure 3.5. Left: reflection from photoresist (specular); Right: reflection
from copper (diffuse).

It can be observed that while the photoresist gives a strong specular
reflection, the copper gives a very diffuse reflection. The scattering effects
are different for different incident angles, with a maximum of scattering
occurring at 90◦ angle (the real case scenario), as shown in Ref. [14]. Also,
the scattering has a strong wavelength dependence, with increasing effects
as the wavelength is decreasing. As a result, for the 355 nm wavelength,
significantly higher scattering effects are expected than in the case of the
532 nm wavelength (green laser). Since the reflex detector has a rather small
numerical aperture and since it is positioned to pick up specular reflection,
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it is expected that the photoresist regions will give a much stronger reflex
signal than the copper ones.

3.3 Photoresist on Copper

In order to verify the different behavior of the photoresist and copper sur-
faces, the reflex signal from a printed panel with features in dry film resist
(DFR, the commonly used photoresist in the industry) on a copper back-
ground was investigated. The panel was placed in the LDI machine, the
SLM was fully lit and swept over it at the speed of 6 rad/s, and the signal
provided by the reflex detector of the calibration system was measured using
a digital oscilloscope. Fig. 3.6 shows the surface over which the SLM was
swept, while the resulting reflex signal is shown in Fig. 3.7.

Figure 3.6. Swept surface in the experiment sampling the reflection from
photoresist and copper surfaces. 1,3,5,7,9,11 - copper; 2,6,10 - DFR; 4,8,12
- both copper and DFR.
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Figure 3.7. Resulting reflex signal with numbers indicating the correspond-
ing surfaces from Fig. 3.6.

The areas of interest that were further investigated were the areas only
with copper (1,3,5,7,9,11) and the areas only with DFR (2,6,10). The oscil-
loscope cursors were used to determine the signal level for the copper areas
and for the DFR areas, as shown in Fig. 3.8 and Fig. 3.9.

Figure 3.8. Cursor line set on the copper level, giving a 900mV (weak)
signal.
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Figure 3.9. Cursor line set on the DFR level, giving a 7.55V high signal.

Figure 3.10 shows the transition between low (copper) and high (pho-
toresist) signal and an approximate threshold value between the signal levels.

Figure 3.10. Transition between low and high signal and 4.18V threshold
level indicated by the oscilloscope cursor.

A possible explanation for the decay in the high signal region could come
from the effect of the impedance introduced by the oscilloscope, resulting
in an exponential decay with a certain time constant. This will not be an
issue during the alignment as the vertical bars would be much thinner than
the DFR features shown in Fig. 3.6, causing a much smaller, virtually in-
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significant decay. Another possible explanation could come from the DFR
structure itself, a lack of uniformity in the structure or some sort of contam-
ination could explain such a behavior. However, a definitive explanation has
not been found and further investigation of this aspect would be required.
The preliminary results (using the information obtained using the cursors
on the oscilloscope screen) give a contrast estimation of 78%, using Eq. 2.1.

For more accurate estimates of the different parameters of the signal,
the data from the oscilloscope was analyzed using MATLAB. The resulting
signal is shown in Fig. 3.11.

Figure 3.11. Reflex signal read in MATLAB.

The regions containing both copper and DFR (4, 8, 12) were removed
from the signal and the following estimates were made:
- Mean level for the copper regions: 0.92V
- Mean level for the DFR regions: 7.91V
- Contrast between the regions: 79.11%
- Threshold value between the two regions: 4.41V
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The contrast information was used to estimate the amount of light that
is picked up by the reflex detector over the DFR and copper surfaces. As
shown in Fig. 3.3 for the case of exposed DFR, the total reflectivity at
355 nm is roughly 55%. Since the reflection over the DFR is mostly specular
(see Fig. 3.5), it can be assumed that at least 50% of the light (considering
some losses from the diffuse component of the reflection) will be picked up
by the reflex detector. This along with information of the estimated con-
trast is enough to estimate the amount of light picked-up over the copper
surfaces, using the relation:

RDFR−RCu
RDFR+RCu

= C ⇒ RCu = RDFR(1−C)
(1+C)

where RDFR and RCu represent the percentage of light picked up by the
reflex detector over the DFR and copper surfaces respectively, and C is
the contrast. Using typical values of RDFR = 50% and a recorded contrast
of C = 79%, results in an effective reflectance of the copper surface as
RCu ≈ 6%. Thus, while in total about 30% of the light is reflected by
the copper surface, only 6% will be transmitted back within the numerical
aperture of the reflex detector.

3.3.1 Barker Signature

In order to check if a Barker-like signature can be obtained from a panel with
DFR features on copper background, a special panel was exposed using the
LDI machine and subsequently developed (courtesy of Anders Svensson). It
contains a set of slanted Barker-like patterns identical to the ones present
on the calibration plate, as shown in Fig. 3.12.

Figure 3.12. Left: schematic representation of the slanted Barker-like
patterns; Right: the resulting written panel showing the pattern.
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The panel was placed over the calibration plate of the LDI machine
and a calibration process was initiated with the SLM set up to match the
Barker-like marks from the panel, after which the resulting reflex signal was
recorded, as shown in Fig. 3.13.

Figure 3.13. The reflex signal picked up over the panel for the case of
Barker-like DFR features on a copper background. Each of the slanted
Barker-like patterns on the panel over which the SLM was swept gives the
distinctive Barker signature in the correlation signal.

The right- and left-hand side peaks are decreasing in intensity due to the
circular movement of the rotor (and correspondingly the SLM projection)
over the panel, projection that does not cover all the slanted Barker-like
patterns. The projection partially correlates with the slanted Barker-like
patterns towards the exterior of the pattern and is not projected at all over
the ones at the extreme left and right positions. Zooming into one of the
central peaks, one can observe the distinct barker-like signature, shown in
detail in Fig. 3.14.
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Figure 3.14. Barker-like signature in the reflex signal over the panel. The
correlation of the SLM with the slanted Barker-like pattern on the panel
gives the expected Barker-like signature with high fidelity.

In Fig. 3.15 the reflex signal over the panel (DFR on copper) is com-
pared to the Barker-like signature in the reflex signal over the calibration
plate (chromium on glass) in the current LDI machine, a signal that is
demonstrated to give accurate results in the calibration step.

Figure 3.15. Left: Barker-like signature over the panel; right: Barker-like
signature over the calibration plate. The quality (in terms of contrast and
SNR) of the signature over the panel is comparable to the one obtained from
the calibration plate.
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The signal over the panel is slightly noisier when compared to the signal
over the calibration plate. Nevertheless, the Barker-like peak is still clear
and distinct, making it easy identifiable. In order to estimate the SNR of
such a signal, comparisons with a simulated Barker-like signature of known
SNR were made. This resulted in an estimate of 33 dB for the SNR. The
signature over the panel and a 33 dB simulated signature are shown in Fig.
3.16.

Figure 3.16. Left: Barker-like signature over the panel (DFR on copper);
Right: Simulated Barker-like signature (SNR=33dB). The level of noise in
the two signatures is approximately the same, indicating that a 33 dB SNR
should be used in the simulation later on.

Thus, for the case of DFR on copper background, we have obtained
estimates for the contrast and SNR, the main parameters of interest. These
parameters were used further for simulation and tests in the next chapter.
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Chapter 4

Simulation and Tests

In this chapter, the optical correlation between the SLM pattern and the
alignment pattern created as DFR features on a copper background is simu-
lated using the parameters estimated in the experimental case study. Also,
the implemented flank detectors described in section 2.2 are tested on the
actual signals gathered in the case study. Other important aspects that are
addressed are the Barker and Barker-like patterns and the systematic opti-
mization of the current Barker-like pattern as used in the present calibration
plate.

4.1 Optical Correlation Simulation

Using the estimates for SNR and contrast from the case study presented
in Chapter 3, a simulation was performed. These indicated that 50% of
the light incident to the DFR surfaces and that 6% of the light incident to
the copper surfaces will be picked-up by the reflex detector. This results in
about 79% in contrast, as shown in Figs. 4.1 and 4.2.

Also, it is not possible to completely turn off the intensity of pixels in the
SLM, as the dark pixels may get as high as 2% of the power in the lit pixels.
Accordingly, in the simulation model the lit pixels were set with a gray value
of 100% and the ”unlit” ones with 2%, corresponding to a contrast of 50:1.
This causes the contrast in the reflex signal to be different for the y- and
x-positions in the alignment pattern, as shown in Fig. 4.2. As a result,
while the contrast in the reflected signal over the y-position patterns is 79%,
the contrast over the x-position pattern drops to 71%. Subsequently, white
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Figure 4.1. Estimated difference in effective reflectance between the DFR
surfaces (light gray) and the copper surfaces (dark gray). The DFR features
are at gray level 0.5 (50%) and the copper ones at gray level 0.06 (6%).

Gaussian noise was added to make the signal yield an SNR of 33 dB, as
shown in Fig. 4.3.

Figure 4.2. The contrast difference in the reflex signal between the y-
position and the x-position patterns (the x-position peak (red) is lower than
the high level of the signal over the y-position patterns (blue)). This artificial
signal describes the correlation when virtually no noise is present (SNR=∞).

From Fig. 4.3, it is rather obvious that both the y-position blocks could
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Figure 4.3. Optical Correlation Signal with 33 dB SNR. This simulated
signal is similar to what would be expected from the real DFR on copper
case, in terms of contrast and SNR.

be correctly decoded and that the x-mark stands out as a clear and distinct
peak. As shown in Figs. 2.9, 2.15 and 2.18, at 79% contrast the 33 dB SNR
is safely over the minimum required SNR for a correct decoding of the y-
position patterns using any of the three presented flank detectors. As shown
in Fig. 2.22, at 71% contrast the 33 dB SNR is safely over the minimum
acceptable SNR for an accurate detection of the x-marks. As a result, such
a signal could be successfully used for real-time alignment purposes.

4.2 Flank Detectors Tests

In section 2.2, the flank detectors were applied to simulated (computer gen-
erated) signals. In the present section the algorithms will be applied to the
real signal obtained in the case study, shown in Fig. 4.4. A close-up view on
the transition between low and high-levels of the signal under test is shown
in Fig. 4.5.
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Figure 4.4. Signal obtained in the case study, used further to test the
flank detectors. This is the same signal as the one shown in Fig. 3.11
obtained from the panel shown in Fig. 3.6, containing DFR features on
copper background.

Figure 4.5. Transitions between low (copper level, orange) and high (DFR
level, blue) signal levels with the threshold value (red). These transitions
occur when the SLM projection passes from a copper surface to a DFR one
and back.
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4.2.1 Flank Detector 1

Using the state-level estimation and setting the flank swing, flank length and
flank holdoff parameters accordingly (see Section 2.2), the detector outputs
the six flanks in the signal under test, as shown in Fig. 4.6.

Figure 4.6. Detected flanks in the signal (1=”flank”). The six detected
flanks correspond to the six transitions in the signal shown in Fig. 4.4.

4.2.2 Flank Detector 2

This flank detector computes the convolution between a ”flank” kernel (see
Section 2.2) and the signal under test, the result being shown in Fig. 4.7.
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Figure 4.7. Result of the convolution between the signal and the kernel. In
this graph the peaks contain now the flank information. A lot of the noise in
the signal has been filtered and the detection of the peaks should be eased.

The flank information is found in the peaks of the convolution signal as
shown in Fig. 4.7. Extracting this, one obtains the same flank positions
as shown in Fig. 4.6. In this case there is no obvious advantage in using
Flank Detector 2 rather than Flank Detector 1, but in case higher levels of
noise will appear in the reflex signal, the more robust choice would be Flank
Detector 2.

4.2.3 Flank Detector 3

This flank detector will compute the convolution between a kernel obtained
from the convolution between a Gaussian and a ”flank” kernel (see section
2.2) and the signal under test, the result being shown in Fig. 4.8.

The flank information is now found in the peaks of the convolution signal
and extracting it will give the same flank data shown in Fig. 4.6. In this
case there is no obvious advantage in using Flank Detector 3 rather than
Flank Detector 2 or Flank Detector 1, but in case higher levels of noise will
appear in the reflex signal, the more robust choice would be Flank Detector
3. As a result, the flank detectors work accurately on the real signal data
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Figure 4.8. Result of the convolution between the signal and the kernel.
The peaks contain the flank information. The noise is even more filtered in
this case, the graph showing slightly less ”ripples” when compared to the
one in Fig. 4.7.

obtained from the DFR on copper background case. However, this test has
been conducted only on the reflex signal obtained from one panel. It might
be possible that in other cases the SNR drops and some of the detectors
might not cope with this decrease.

4.3 On Long Barker-like Sequences

The longest known Barker sequence has length 13 and it is conjectured that
no longer Barker sequences exist. The original idea of the Barker code is to
have a binary sequence (+1 and −1 symbols) that has the strict condition
that all off-peak autocorrelation coefficients have the absolute value smaller
than 1. However, for most applications, patterns with a reasonably good
contrast between the peak and the highest off-peak autocorrelation coeffi-
cients should work just as well. There is a continuous search for alternatives
to the Barker pattern, with examples of different approaches shown in Refs.
[15] and [16]. A straight-forward approach would imply exhausting all pos-

57



CHAPTER 4. SIMULATION AND TESTS

sible binary combinations for a sequence of given length, and finding the one
that has the best contrast between the peak and the side-lobes. Another
approach is to deploy a greedy algorithm that should output a ”reasonably
good” pattern, if one is not aiming for the optimal one. The basic idea is to
define a merit factor for a binary sequence as the ratio between the peak and
the highest off-peak autocorrelation coefficients, i.e. side lobes. Essentially,
this is the signal-to-background ratio of the ideal auto-correlation of the
pattern. In [16] the merit factor also accounts for the distance between the
position of the side lobes and the position of the peak, possibly accepting
higher side-lobes as long as these are further away from the peak. As this
condition is not relevant for the alignment application, the merit factor for
the patterns that will be further determined is defined only as the ratio be-
tween the peak and the side lobes. The procedure to obtain long sequences
with high merit factors is based on a greedy strategy. Starting with an initial
sequence of a given length and a known merit factor (for example, all bits
in the sequence equal to one), a random position is selected and that corre-
sponding bit is flipped. If the flip improves the merit factor, the sequence is
further used, if not, the system flips back the respective bit. If this procedure
is repeated over a long number of iterations, the resulting sequences have
improved merit factors. As mentioned, determining the optimal sequence,
i.e. with the highest merit factor, is computationally intensive, requiring
exhausting all possible bit combinations for a sequence of a given length,
say n. This is equivalent to computing the merit factor for all numbers from
1 to 2n − 1 in a binary representation. Since the algorithm has exponential
complexity, the range of patterns possible to target is limited. This partic-
ular direct approach can be applied effectively for n < 40, while a larger n
requires a huge time of program execution. The experimental technique de-
scribed in [16] is mainly aimed towards finding a Barker-like pattern with a
reasonably high merit factor, using the greedy approach. Implementing the
greedy method, it was in the present case aimed towards finding a Barker-
like pattern with a higher merit factor than the pattern which today is used
in the calibration plate of the LDI system. The resulting pattern is shown
in Fig. 4.9 (right), and is compared to the current pattern in the calibration
plate, as shown in Fig. 4.9 (left).
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Figure 4.9. Left: The Barker-like pattern as currently in the calibration
plate; Right: the improved Barker-like pattern (with higher merit factor).

Figure 4.10 shows the resulting simulated reflex signal obtained when
a corresponding pattern created in the SLM is swept over each of the two
patterns above.

Figure 4.10. Left: signal from the pattern in the calibration plate; Right:
signal from the pattern with a higher merit factor.

The merit factor, i.e. the ratio between the peak and the side-lobes is
2.0 in the case of the current pattern in the calibration plate. The pattern
identified using the greedy approach has a significantly higher merit factor of
2.4, implying an improvement of 20% in the signal-to-background ratio. As
shown in Fig. 4.10, the side-lobes of the signal from the improved Barker-
like pattern are more suppressed than the ones from the Barker-like pattern
in the calibration plate. Although the improved pattern has a higher merit
factor, it is likely that even this is not the optimal one. The greedy approach
tends to end up in local optimums (by pure chance in the global optimum)
and, because of the way the algorithm was implemented, it is not possible
to move out from a local optimum state. The minimum required SNR
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for the accurate detection of the Barker peaks vs. contrast was estimated
for the improved pattern, using the method described in Section 2.2. The
comparison to the graph obtained similar for the pattern in the calibration
plate is shown in Fig. 4.11. The graphs show the mean values and the
±3σ levels. Again, the mean+3σ values can be considered as a ’safe’ lower
margin for the required SNR. This gives an indication of the performance
of the patterns with respect to their robustness.

Figure 4.11. The minimum required SNR vs. contrast for the accurate
detection of the Barker peaks; Red: for the pattern in the calibration plate,
Blue: for the determined pattern. Approximately 2 dB increase in robustness
(decrease in the required SNR) for the determined pattern can be observed.

It can be observed that the improved Barker-like pattern can accommo-
date a higher level of noise (thus a lower SNR) without affecting the accurate
detection of the Barker peak.
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4.3.1 Two-Dimensional Barker-like Patterns
With the one-dimensional Barker and Barker-like sequences having been
applied in various areas (including alignment), the possibility to extend the
same properties to n-dimensional structures has also been investigated. The
two-dimensional case is particularly interesting for alignment purposes, as
a pattern with the Barker property (suppression of side lobes) in the au-
tocorrelation would be easily constrainable in both the x- and y-directions.
Thus, by using the correlation method to identify the position of such a
pattern, one should obtain an accurate relative positioning. Unfortunately
there are no such Barker arrays having more than two dimensions, as proven
in Ref. [17]. However, the search for two-dimensional patterns with off-peak
autocorrelation coefficients as small as possible continues. In Ref. [18], the
authors apply products of one-dimensional binary codes, further suggesting
the 11×13 bit pattern as shown in Fig. 4.12 (left). The pattern’s autocor-
relation is computed and shown in Fig. 4.12 (right).

Figure 4.12. Left: pattern; Right: autocorrelation function. Being a two-
dimensional pattern, the autocorrelation is two-dimensional also, with the
peak corresponding to the (0,0) coefficient. The ratio between the peak and
the side lobes is 2.2, giving the merit factor of this pattern.

The pattern gives a 2.2:1 ratio between the peak and the highest side-
lobes in the autocorrelation. Determining the optimal m × n bit pattern
would require testing all the 2mn combinations, which gives huge runtime
for mn higher than 40. The greedy approach however seems to output
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patterns with higher ratios, one particular example with a 2.9:1 ratio being
shown in Fig. 4.13, the result of the algorithm that has been implemented.

Figure 4.13. Left: pattern; Right: autocorrelation function. In the case of
this pattern it can be observed that the peak of the autocorrelation function
is more pronounced, the side-lobes being more suppressed than in the case
of the autocorrelation function shown in Fig. 4.12 (right).

As a result, such a pattern could be successfully used in a correlation-
based real-time alignment method using two-dimensional sensors (e.g., a
CCD camera) and, if necessary, two-dimensional SLMs that are already
available on the market. The search for structures with interesting correla-
tion properties is ongoing, as they play a major role in alignment systems,
coding theory, communications, etc.
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Chapter 5

Conclusions and Future Work

This section presents the conclusions drawn during the conducted research,
the case study, the simulations and testing, with connection to the purpose
of the present work. Suggestions on how this work can be continued are also
presented.

5.1 Conclusions

The production of multi-layer PCBs requires accurate alignment systems
in order to reduce the overlay errors. As the complexity of the circuitry
increases, so does the minimum feature size to be created by pattern gen-
erators. This in turn tightens the requirements for overlay, putting the
burden on the alignment system. Another aspect that adds to the bur-
den on the alignment system is the speed, as faster pattern generators are
required by the market, larger throughput and shorter lead times being
sought after by the manufacturers. As a result, one is left with the problem
to do accurate alignment in real-time, being a non-trivial task. The pur-
pose of the presented research has been to establish the feasibility of such
real-time alignment systems intended for future pattern generators. Differ-
ent alignment methods based on optical correlation have been analyzed and
the corresponding requirements for correlation signal parameters to obtain
certain accuracy levels have been derived. It has been shown that the con-
trast and SNR of the correlation signal are the key parameters than govern
the precision in the alignment. Under the assumption of white Gaussian
noise, the relation between the SNR, contrast and accuracy has been ob-
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tained by means of simulation. Also being highly intuitive, it was shown
that higher contrast signals can accommodate more noise without the ac-
curacy being affected. The involved signal processing has been analyzed in
terms of algorithm complexity that is strictly linked to the run-time aspect.
An obvious trade-off between speed and robustness has been observed, and,
depending on the exact real-time constraints, a choice for one of the algo-
rithms can be made. Another important aspect that has been addressed is
the actual pattern chosen for alignment. Several properties that an ideal
alignment pattern should have were described and a few alignment methods
presented. The resolution, number of alignment sites, pattern placement
and robustness of the correlation signal was shown to have a large influence
on the quality of the alignment. Another important section of the thesis is
the case study of the reflection properties of the materials involved in the
manufacturing process. The common DFR on copper background case has
been carefully analyzed and brief experiments on projecting SLM patterns
on corresponding patterns on panels have been carried out. The results
show that the contrast and SNR of the reflex signal are within boundaries
to allow for accurate digital signal processing, in line with the alignment
methods presented. The literature indicates that the reflection properties
of the DFR don’t change considerably after exposure, so a DFR pattern on
copper background could be used for multi-layer alignment. The fact that a
high SNR (33 dB) Barker-like signature can be obtained from having DFR
features on copper background has been checked experimentally. As a result,
the suggested alignment method can be implemented by exploiting the re-
flection properties of DFR and copper. This way, alignment versus features
previously written on the panel can be easily done. The implemented flank
detector algorithms were tested with accurate results using actual data ob-
tained from the panels, showing the alignment methods presented could be
implemented. Last but not least, a more in-depth investigation into Barker
and Barker-like arrays was performed. While the Barker condition is rather
strict, arrays that fulfill more relaxed conditions have proven useful for many
applications. Looking for a large ratio (merit factor) between the peak and
the highest side lobes, using a greedy approach, long Barker-like arrays with
high merit factors were identified. As this is strictly linked to the robustness,
it has been proven that more robust alternatives to the slanted Barker-like
pattern currently deployed in the calibration plate exist. Also, the greedy
algorithm has been adapted for finding two-dimensional patterns with high
merit factors and a pattern determined this way is shown to surpass exist-
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ing patterns in the literature. All in all, the problem of accurate alignment
subject to real-time constraints has been addressed, with an investigation of
alignment patterns using optical correlation, corresponding data processing
algorithms, and reflectivity properties of the materials involved.

5.2 Suggestions for Future Work

In terms of deciding on the proper alignment pattern to be used, a thorough
analysis of the different patterns suggested along with more alternatives
should be conducted. This should provide an insight into the intricacies
of designing optimal patterns in terms of accuracy and robustness. When
it comes to the data processing algorithms, the study so far addressed the
real-time problem in terms of the complexity of algorithms. Although this
is highly related to the runtime, required to meet the real-time constraints,
information on the actual runtime for each of the algorithms should be ex-
tracted. This investigation has to cope with the panel speed needed to obtain
a certain throughput. As a result, the algorithms should be implemented
in a commonly used programming language and compiled to optimize the
runtime (memory consumption is not considered to be an issue). Only then,
the actual runtime performance will be available. In order to see if the case
of DFR on copper background is the one that is expected to give the sig-
nal with the highest contrast and SNR parameters, an analysis of the other
materials involved has to be performed. An interesting material remaining
unstudied is the substrate, whose reflectivity could be analyzed in future
experiments. This should open new possibilities of deploying the alignment
marks. Also, in order to use the DFR features for the alignment of multiple
layers, the behavior of the photoresist during long exposure times should be
analyzed. Although the literature indicates a small decrease in the reflectiv-
ity after exposure, there is not clear information on the exposure time for
which the data was obtained. Also, the cause of the decay that was observed
in the signal over the DFR surfaces should be determined. When it comes
to the Barker-like patterns, the implemented greedy algorithm seems to give
good results rather fast even for large arrays. However, the problem with
the algorithm is that it usually ends up in local optimums which may or may
not be satisfactory. In order to search for the global optimum, a simulated
annealing approach could be taken. This will increase the probability that
the global optimum will be obtained even in the case of large arrays. Going
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further, only implementing a real-time alignment system in a future pattern
generator could give the ultimate verdict of its performance.
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Appendix A

LDI Machine Specifications

• Minimum feature width: 5µm

• Alignment accuracy:
Overlay: ∆R(mean + 4σ) = 5µm
Registration: ∆R(mean + 4σ) = 3.5µm

• Maximum panel size: 510× 510mm2

• Throughput rate: 100 panels/h

• Exposed area: 7225mm2/s

• Rotor speed: 6 rad/s

• Beam profile: FWHM : 4µm

• Exposure dose : 40 mJ/cm2

• SLM resolution: 1024× 8 pixels

• SLM length: 80mm, de-magnified to 14mm on panel
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