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Component Segmentation in SEM Images of Chip Wafers using Discrete Shape
Descriptors in SE(2).

Problem

Chips are built in layers, up to a hundred for modern complicated ICs. The presence of defects in any of
those layers can cause the chip to malfunction. Figure 1 illustrates some possible defects. Chips can be
tested when they are finished, i.e., after all the layers have been laid down. But defects can occur at any
point during the manufacturing process. Being able to discard a chip earlier would result in large time and
cost savings. This can be accomplished by scanning the chip for defects as the different layers are being
laid throughout the manufacturing process.

Figure 1: Example of SEM images of semi-conductors with and without defects (credit: ASML)

While ASML is mainly known for its lithography machines, they also manufacture Scanning Electron
Microscopes (SEMs). A SEM can be used to image chip wafers during the manufacturing process and could
allow for the early detection of defects.

An intermediate step towards the detection of defects is the segmentation of the components on the
chip wafer. The goal of this project is to automatically segment these components quickly and accurately.
As the components often cross each other on the wafer, the segmentation method must be able to
separate objects even when they partially obstruct each other on the SEM image. See Figure 2.



Figure 2: Top row: from left to right, inspection of a silicon wafer with a Scanning Electron Microscope, SEM image of one
transistor printed on the silicon wafer, result of edge-detection in R2, that cannot deal with overlapping structures. Bottom row:
from left to right, the orientation score of the SEM image of a transistor and the result of edge-detection and grouping of edges
In SE(2), [4]. The key of this project PWI-1 is to establish more efficient data-representations (with localized moments) that do
not tamper data-evidence and preserve the good results, without doing memory-consuming computations in between the green
arrows. Such efficient lifted data-representations also come at hand at other metrology tasks in future work, e.g. PWI-2 below,

Proposed Method

Given a digital image, we propose to lift it to SE(2) by first multiplying it with a window function centered
at a variable point t in the plane, subsequently projecting the image on a unit length vector u center at t,
and finally computing the moments mn(u,t) of the projected image. The lifted image is defined as the
one parameterized by the moments; it can be viewed as a multi-dimensional complex-valued function on
the Special Euclidean group SE(2). Edge detection will be performed on the lifted image so to separate
objects that were crossed in the original space, in a similar fashion as in [1,2,4]. See Figure 3. The lifted
image will be sparsified by observing that, for a fixed t, mi,(u,t) is a periodic function on the circle that
can be represented by a finite number of Fourier series coefficients via - a to be developed localized
version of the Radon transform [3] — for efficient data-representation. We anticipate being able to
segment the components present on the SEM image using few of these coefficients thus keeping the
memory requirements lower than the approach in [4].

The localized version of the Radon transform [3] will be a practical and sparse version of an orientation
score [9] and its invertibility and stability will be mathematically analyzed, as we want to guarantee that
we do not a priori tamper data-evidence in the lifting prior to classification, as we need to ensure that
memory reduction does not cause ‘ghost classifications’.
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Figure 3: Left to right: image with straight bars in image domain R?, lifted image in the homogeneous space of positions and
orientations M, = SE(2). SEM image in image domain R2, SEM image lifted to space of positions and orientations M.

Project

The student is expected to explore the viability of the proposed method as a partial solution to ASML’s
problem. Starting from a dataset of intended designs and corresponding SEM images with and without
defects provided by ASML they will adapt the image processing methods discussed in ([2,3,4]) and see if
they can be made to work as a connectivity defect detector. The student will be jointly supervised by
ASML to ensure the investigation stays relevant for their problems and for possible integration with
existing machine learning methods used at ASML, such as (Verschuren et al., 2023) where we can
investigate integration of PDE-G-CNNs [6,7].

The student is expected to have a background in PDEs and scientific computing, it is recommended they
have followed the course 2MMA70 Differential Geometry for Image Processing taught by R.Duits .

Expected Output: Report + Presentation + well-documented Code.

Requirements. This project requires background in differential geometry and scientific computing.
Having taken the course Differential Geometry for Image Processing 2MMAZ70 is highly recommended.

For more information: contact Remco Duits R.Duits@tue.nl

Proposed supervisors:
ASML: Alexandru Onose — Jacek Kustra, TU/e: Mireille Boutin & Remco Duits
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Component Identification for Defect Detection in SEM images of Chip Wafers using
Discrete Shape Descriptors

Problem

Chips are built in layers, up to a hundred for modern complicated ICs. The presence of defects in any of
those layers can cause the chip to malfunction. Chips can be tested when they are finished, i.e., after all
the layers have been laid down. But defects can occur at any point during the manufacturing process.
Being able to discard a chip earlier would result in large time and cost savings. This can be accomplished
by scanning the chip for defects as the different layers are being laid throughout the manufacturing
process.

Figure 2: Example of SEM images of semi-conductors with and without defects. Left: missing hole, Middle: bridged lines, Right:
interrupted line (credit: ASML)

While ASML is mainly known for its lithography machines, they also manufacture Scanning Electron
Microscopes (SEMs). A SEM can be used to image chip wafers during the manufacturing process and could
allow for the early detection of defects.

Different types of defects can occur in different components. For example, a hole can be missing, two
lines can be bridged, and a line can be interrupted (See Figure 1). An intermediate step towards the
detection of defects is the identification of the components present on the SEM image of a chip wafer. A
subsequent step is to test whether a defect specific to the type of component at hand is presentinit. The
goal of this project is to develop an automatic method to perform both steps quickly and accurately.

Proposed Method

We propose to use discrete shape descriptors to identify the components. More specifically, we propose
to use complex-valued moments of a gray-scale image [8]. These are related to the Radon transform of
the image and encapsulate the geometry of the components it contains in an intuitive fashion. The value
of the shape descriptors will be used as input in a classifier; the parameters of the classifiers will be trained



using labeled data. The localization of the Radon transform [8] will be a sparse version of an orientation
score [9].

Defect detection methods will be developed for the defects affecting each type of component: areas of
the chip containing holes will be checked for missing holes; areas of the chip containing lines will be
checked for breaks that would interrupt the electric current; these same areas will also be checked for
bridges that would create short-circuits on the chip.

In order to check for breaks or short-circuits, we propose to do use a modification of the approach of [2],
which involves the placement of seed points within the image from which distance maps are constructed.
(See Figure 2.) The distance maps are constructed following geodesics defined by a carefully chosen
metric. This step may require lifting the SEM image to SE(2) following the approach of [9].

By following the path of the geodesics, the chip area is divided into regions. Defects will be identified by
comparing the regions identified with those of a template. One previously identified challenge was the
placement of the seeds; we anticipate being able to place the seeds in a canonical fashion on the chip
image after having identified the placements of its various elements.

FIUEYEIP

Figure 3: SE(2) distance map for a floorplan (left) taken from [2], a similar process can be applied to semi-conductor images after
a careful placement of seeds and endpoints (right)

Project

The student is expected to explore the viability of the proposed method as a partial solution to ASML’s
problem, in terms of speed and accuracy. A dataset of intended designs and corresponding SEM images
with and without defects will be provided by ASML. The student will be jointly supervised by ASML to
ensure the investigation stays relevant for their problems and for possible integration with other existing
methods used by ASML.

The student is expected to have a background in PDEs and scientific computing, it is recommended they
have followed the course 2MMAZ70 Differential Geometry for Image Processing taught by R.Duits
CANVAS.

Expected Output: Report + Presentation + well-documented Code.


https://canvas.tue.nl/courses/15220

Requirements. This project requires background in differential geometry and scientific computing.
Having taken the course Differential Geometry for Image Processing 2MMA70 is highly recommended.

For more information:

Contact: Remco Duits R.Duits@tue.nl and Mireille Boutin m.boutin@tue.nl

Proposed supervisors:

ASML: Alexandru Onose — Jacek Kustra, TU/e: Mireille Boutin & Remco Duits
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Master Project Proposal in the Geometric Learning and Differential Geometry group (CASA), link, in
collaboration with ASML

Connectivity Defect Detection in Electron Microscope Images of Semi-conductors

Problem

Chips are built in layers, up to a hundred for modern complicated ICs. Manufacturing defects in any of
those layers can cause the chip to not work as intended. However, chips can only be tested when they are
finished, i.e., after all the layers have been laid down. If we could detect defects during the manufacturing
process, then we could stop the manufacturing of a chip as soon as it becomes apparent the chip will not
end up functioning. This early termination of work on defective chips could lead to large cost savings.

Figure 4: Example of SEM images of semi-conductors with and without defects (credit: ASML)

While ASML is mainly known for its lithography machines, they also manufacture Scanning Electron
Microscopes (SEMs). A SEM allows chip wafers to be imaged during the manufacturing process and could
allow for the early detection of defects. Naturally this detection would need to be automated to be viable
and cost-effective.

Proposed Method

We propose that certain connectivity defects (think interruptions or short-circuits in conductors) could be
detected by means of SE(2)-based distance maps [1,2] and geodesics [1,2]. The idea is to lift the acquired
SEM images to SE(2) by means of an Orientation Score Transform [5,1], this allows us to identify structures
based on their orientation. Crossing structures such as those on the right in Figure 1 can then be
disentangled. Starting from this lifted image we can construct a distance map that indicates how well
certain endpoint can be reached from certain seed points. This process is illustrated in Figure 2 (left) for a
pathfinding problem in a building [2], where changes in the topology of the walls will have a large effect
on the value of the distance map in certain locations. The idea is to modify this technique for SEM images:
an appropriate placement of seeds (red arrows in Figure 2 (right)) would allow us to quickly check for


https://casa.win.tue.nl/the-geometric-learning-and-differential-geometry-group-in-casa/

breaks and short-circuits by checking the distance values at specific endpoints (green crosses in Figure 2
(right)). Figure 3 illustrates how this method forms the core of an automated testing procedure.

As an extension of this method, geodesic tracks can be computed on these distance maps to allow for
more fine-grained follow up analysis of the connectivity of the structures.
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Figure 5: SE(2) distance map for a floorplan (left) taken from [2], a similar process can be applied to semi-conductor images after
a careful placement of seeds and endpoints (right)
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Figure 6: Proposed connectivity defect detection method, blue: provided by ASML, red: provided by TU/e

Project

The student is expected to explore the viability of the proposed method as a partial solution to ASML'’s
problem. Starting from a dataset of intended designs and corresponding SEM images with and without
defects provided by ASML they will adapt the image processing methods discussed in ([2],[3],[4]) and see
if they can be made to work as a connectivity defect detector. The student will be jointly supervised by
ASML to ensure the investigation stays relevant for their problems and for possible integration with
existing machine learning methods used at ASML, such as (Verschuren et al., 2023) where we can
investigate integration of PDE-G-CNNs [6,7].

The student is expected to have a background in PDEs and scientific computing, it is recommended they
have followed the course 2MMAZ70 Differential Geometry for Image Processing taught by R.Duits
CANVAS.

Proposed supervisors:
ASML: Maxim Pisarenco — Jacek Kustra, TU/e: Nicky van den Berg, Bart Smets, Remco Duits

For more information:



https://canvas.tue.nl/courses/15220

contact Remco Duits R.Duits@tue.nl

and Bart Smets B.M.N.Smets@tue.nl
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Academic Projects

Project A
Mathematics: ****x Creativity: ¥****  |mpact: **x*** Programming: ****

Master/BEP Project in the Geometric Learning and Differential Geometry group (CASA), link.

Tracking of Vascular Trees with Vessel Boundaries and Artery-Vein Classification via Equivariant Deep
Learning in Orientation Scores.

Background and problem formulation: Automatic Tracking of the vascular tree in retinal images is
important for screening and early diagnosis of diseases such as diabetes, Alzheimer’s disease and
glaucoma. We closely collaborate with University of Maastricht (ophthalmology department, Tos
Berendschot) on this application. We have achieved full vascular tree trackings link, with recent major
breakthroughs in link.

Figure 7a. complete vascular tree tracking link.

Figure 1b. Full vascular tree tracking with vessel boundaries/widths.
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Figure 1c. artery vein segmentations (left: our output of quick test, right: ground truth)

2 things are still missing in our vascular tree tracking (Fig. 1a) for which we have very well-documented
Mathematica code see link:

1. Besides extraction of vessel centerlines via geodesic models we need extraction of vessel
boundaries. First investigations (Fig. 1b) show that is again possible with geodesic models.

2. We need classifications of arteries and veins, for that we can use PDE-G-CNNs link
and morphological components in the space of positions and orientations. First investigations
show that this possible (Fig. 1c), but further analysis, development and improvement (as there
are still some cases with too many failures) is required.

Expected Output: Report + Presentation+ well-documented Code.

Requirements. This project requires background in PDEs and scientific computing. (It is highly beneficial
if the student follows the course Differential Geometry for Image Processing 2MMA70 CANVAS).

For more information on the underlying mathematics:

contact Remco Duits R.Duits@tue.nl and/or Nicky van den Berg.
Daily supervisors:
Nicky van den Berg.

Monthly supervision: Remco Duits and Tos Berendschot (UM).
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Project B

Axiomatic Theoretical Underpinning and Testing of Equivariant PDE-
Based CNNs for Line Perception.

Mathematics: %% % %% Creativity: %k %k % Impact: kkk*k % Programming: % % % % %

Project (Master/Internship) in the Geometric Learning and Differential Geometry Group

Processed Image

| Orientation Scores Processed OSs

AR Al
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Background and problem formulation:

The theoretical part of this project will require an axiomatic setup of Equivariant Deep Learning via PDEs
on the Lie group of two dimensional roto-translations SE(2). The practical part of this project will be
mainly focused on experimenting with the LieTorch package. LieTorch was made bij Bart Smets and is a
publicly available implementation of a PDE Group Equivariant Convolution Neural Network (PDE-G-
CNN). PDE-G-CNNs are named so because their internals are based on the evolution of certain PDEs. In
practice these PDEs are solved approximately with a so-called approximative kernel. The performance of
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PDE-G-CNNs (might) depend on the choice of approximative kernel, and this is exactly what will be
experimented on. Central Questions:
e We now choose certain PDEs for PDE-G-CNNs, can we derive them from axioms and
symmetries, likewise the axioms of scale space theory.
e Are the kernels that approximate the PDEs better also the ones that perform better in
a) Line-recognition tasks (where we currently get dice performance scores of 97%),
b) Vessel segmentation tasks,
Keeping in mind stability under small deformations and noise?
e Are the sub-Riemannian models that describe contour perception in human vision also the best
for contour perception in artificial vision?

Expected Output:

Report + Presentation + Well-documented code
Daily supervisors:

Gijs Bellaard, Remco Duits

For More Information:

Remco Duits R.Duits@tue.nl

Project C

BEP Project in the Geometric Learning and Differential Geometry Group (CASA)

Alternative Semirings and Sparsity in Neural Networks

Mathematics: Y % Y ¢
Creativity: Y% % v
Impact: Y % %

Programming: Y % s %%

Background and problem formulation:

The use of the linear semiring (R, +,7) is ubiquitous in neural networks as the standard way of combining
inputs into an output. There are however alternatives, such as the tropical semiring (R U {—o0}, max, +)
and many others. In this project you will explore the use of some alternative semirings in neural networks.


https://pure.tue.nl/ws/portalfiles/portal/1995486/595679.pdf
https://link.springer.com/article/10.1007/s10851-013-0475-y
mailto:R.Duits@tue.nl

The main challenge will be implementing these semirings as (differentiable) operators in an existing deep
learning framework (PyTorch, Flux.jl, ...) and designing and performing various experiments to gauge the
impact of the change. This requires strong programming skills.

Information: contact Bart Smets B.M.N.Smets@tue.nl

Daily supervisor: B.M.N. Smets. Monthly supervisor: R. Duits.
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