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Reconstruction-based Anomaly Detection with Machine Learning for
High Throughput Scanning Electron Microscope Defect Inspection

Xinyu Tian

Abstract

With rapid advancement of high throughput wafer
inspection systems, there are growing demands on more
efficient and accurate defect inspection algorithms.
This work focuses on investigating the feasibility of ap-
plying learning based algorithms to the image processing
pipeline of the next generation wafer inspection tools.
An end-to-end reconstruction-based anomaly detection
methodology is proposed with two types of reconstruc-
tion models based on Principal Component Analysis
and Convolutional Autoencoder. Both methods have
demonstrated competitive performance compared to the
current defect detection algorithm on multiple datasets
with different patterns and various defect types.

1. Introduction

Chips are the core components of any electronic prod-
ucts that are essential in our daily life. In chip manu-
facturing process, defect inspection is a crucial step to
guarantee a certain yield on qualified chips. With the
continuous pursuit of the reduction in the size of tran-
sistors on chips, there is a growing demand on devel-
oping efficient high-resolution high-throughput defect
inspection systems for the wafer fabrication process.

Wafer defect inspection systems aim to detect
stochastic defects on the wafers, which could be caused
by unexpected particles on the wafer, faulty exposure
procedures and flaws on the mask. Some common de-
fect examples are shown in Figure 1 [1]. The Scanning
Electron Microscope (SEM) is one of the most powerful
wafer inspection tools used in today’s semiconductor
manufacturing [2]. A SEM scans the wafer by irradi-
ating electron beams onto the surface of the wafer and
forms an image by detecting the emitted secondary and
backscattered electrons. One of the major advantages
of the SEM inspection tools, compared to the optical
microscopes, is that SEM is capable of imaging with
one nanometer resolution and finding nanoscale defects
on the wafer. However, the Field of View (FOV) of

Figure 1. Examples of defects that could be found in semi-
conductor manufacturing [1].

one single electron beam is small, thus resulting in slow
measurement and low throughput for the defect inspec-
tion. To address the issue, ASML has been developing
new generation of the wafer inspection tools with mul-
tiple beams to increase the throughput.

Multi-beam wafer inspection systems gain through-
put by increasing the number of electron beams and
summing up the FOV of all the beams. However, as
the number of electron-beams increases, the compu-
tational cost of the current algorithms for processing
the produced SEM images increases correspondingly.
Without adapted data processing solutions, the com-
putation ability of the SEM image processing pipeline
(referred as "datapath") will determine the throughput
of the tool instead of the area of scanning in a unit
time. Besides that, the computers for data analysis,
that are embedded in the tool, are one of the most ex-
pensive parts of the whole system. Therefore, there
is need to improve current employed image processing



Figure 2. The principle of D2D wafer defect inspection.
D2D inspection compares the SEM images of three adjacent
dies and determine if there is a defect, based on the signal
strength in the difference images.

pipeline to achieve reliable defect detection at a high
speed with affordable computing power units.

The current detection method deployed in the tools
is based on the principle of Die-to-Die (D2D) defect
inspection and several denoising techniques, as demon-
strated in Figure 2. We refer this method as the "base-
line" method. As Machine Learning (ML) and Deep
Learning (DL) bring great achievements in the field of
image analysis and computer vision [3, 4], it is appeal-
ing to look into learning-based alternative algorithms
for the datapath of wafer defect inspection systems.
The novel methods have potentials to achieve automa-
tion, better accuracy and higher throughput.

Defect detection can be related to "anomaly detec-
tion" in ML studies, which aims for the discovery of
the divergence between normal and anomalous data.
Anomaly detection algorithms have been widely stud-
ied in many fields, such as cybersecurity [5], fraud de-
tection [6], industrial fault detection [7] and medical
diagnosis [8] etc. In terms of applications in semicon-
ductor industry, deep learning methods have been in-
vestigated extensively on metrology, defect detection
and SEM image analysis related topics, including de-
fect classification [9], SEM image quality enhancement
and denoising [2, 10, 11], and SEM image simula-
tion [12]. However, few work focuses on ameliorating
anomaly detection algorithms for D2D inspection with
ML methods.

One SEM image from a single beam usually con-
sists of more than a million of pixels and the defects
are represented by only a few pixels. The major dif-
ficulties to apply learning-based methods for anomaly
detection tasks on the SEM images are the high simi-
larity and extreme unbalanced ratio between the nor-
mal and abnormal data. It is hypothesized that recon-
struction based methods are promising to be applied in
the wafer inspection applications. Therefore, the main
goal of this work is to investigate the feasibility of using

end-to-end reconstruction-based methods to scale the
datapath of the SEM applications for the next genera-
tion high-throughput wafer inspection tools. This goal
is then divided into several research questions:

1. Which reconstruction-based ML methods exist for
anomaly detection for image analysis?

2. Which methods in the state of the art are best
suited candidates for anomaly detection tasks on
high-throughput SEM images?

3. How can reconstruction-based methods be applied
to wafer defect inspection?

4. How does the choice of loss function influence the
performance of the methods?

5. How well do the algorithms work on the real SEM
image datasets with different pixel sizes, defect
types and patterns based on current evaluation
methodology?

The rest of the work is structured as follows. Sec-
tion 2 analyses the related work and answers re-
search question 1 and 2. Section 3 describes the pro-
posed reconstruction-based methodology and answers
research question 3. Section 4 outlines the available
datasets and details out the experimental setup. Sec-
tion 5 presents the results of the experiments and an-
swers research question 4 and 5. Section 6 analyses the
experimental results and proposes some recommenda-
tions for the further work, and Section 7 finishes with
the conclusions.

2. Related work

2.1. Reconstruction based anomaly detection

Reconstruction-based methods have shown remarkable
potentials on the image anomaly detection tasks [7, 13–
16].

Cho et al. [14] propose a Principal Component Anal-
ysis (PCA) and Convolutional Neural Network (CNN)
combined method to analyze Transmission Electron
Microscopy (TEM) images of crystalline materials and
predict the location of a point defect. They train a
PCA reconstruction with only defect-free images to
generate a residual image, and then use the same train-
ing set to create a labelled dataset with artificial cir-
cular defects on those images to train a self-supervised
CNN classifier to detect the defect in the residual im-
age. Their model is advantageous than others in the
application of noisy images. The performance of a sim-
ple PCA model degrades when noise level of an image
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increases. Hence the CNN classifier is added to help
improve the overall accuracy. However, their exper-
iments are only proven effective on point defects and
based on simulated TEM images data with regular pat-
terns, programmed defects and noise. It can be prob-
lematic to apply the model to detect various types of
defects or analyse the images with random patterns.

For high-dimensional complex data, encoder-
decoder based neural networks are widely explored for
reconstruction based anomaly detection. Nakazawa
and Kulkarni [17] introduce a convolutional encoder-
decoder architecture for anomaly detection and seg-
mentation on binary wafer map images. The model
is trained with 9 types of synthetic wafer map defects
and able to successfully detect unseen defective clus-
ters from the real wafer maps. Their experiments sug-
gest that high frequency components and noise are less
likely reconstructed by the autoencoder architecture.
Liu et al. [7] and Tsai and Jen [16] present different
ways to apply modified Autoencoder (AE) in practical
for industrial surface inspection through improved loss
functions and adding extra encoder structure. Through
these modifications, the variance of the latent feature
spaces is minimized so that the distance between de-
fective and defect-free samples becomes more obvious.
Then the anomaly can be found based on the distance
between defective and normal samples in latent space
or image space.

Generative models, such as Variational Autoen-
coder (VAE) [18] and Generative Adversarial Network
(GAN) [15, 19] can be also considered as reconstruc-
tion based methods. Generative models is trained to
learn the probability distribution of the normal sam-
ples in low-dimension latent space, and then recon-
struct/generate input-alike data from the sampling of
the distribution. Although GANs are capable of re-
constructing high resolution realistic images, they are
notorious for training instability [20]. As we are at the
beginning of the research project, it is more logic to
start with simpler networks.

2.2. Learning-based methods for SEM defect inspection

Recently, many works have been conducted to investi-
gate the potential of applying ML and DL models in
the field of semiconductor industry to improve lithogra-
phy, especially in the Extreme Ultraviolet Lithography
era [21, 22].

Evanschitzky et al. [23] demonstrate an approach for
photomask defect detection, based on a hybrid deep
learning network. Simply put, the photomasks are the
template of the integrated circuit design layout, used
for guiding the patterns that need to be printed on

the wafer. The defect inspection of photomasks hap-
pens prior to wafer inspection, but similar inspection
tools are utilized and the method is of important val-
ues to be looked into. The authors design an model
that combines CNN, a modified U-Net network and
Fourier energy filters, for the tasks of pattern classifica-
tion, defect detection and defect shape determination
respectively. In their experiments, artificial training
images with simplified characteristics are used to train
the model. The model is subsequently tested with 67
real SEM images of line space pattern and 64 of con-
tact hole patterns with respectively 453 and 179 differ-
ent types of programmed defects. Their result shows
their methods can reach 100% true defect detection
rate with 0.44% and 4.28% false defect detection rate
for the repetitive line space and contact hole patterns
with a ratio of approximately 1 to 6,000 and 1 to 15,000
between defect and non-defect regions. This ratio is
much larger than our case. Besides, the pixel size of
the SEM images in the paper is 1.5nm and the scale of
the defect size is roughly between 20 × 20 and 150 ×
150 pixels. Compared to our dataset (e.g. 10nm MH
dataset, see Section 4.1) that has pixel size of 10nm
and defect size of 2 × 2 pixels, their defective targets
are much larger, thereby easier to be detected.

Another research in applying deep learning model
for defect detection on low Signal-to-Noise Ratio (SNR)
SEM images is from Ouchi et al. [24]. They develop a
Die-to-Database (D2DB) defect detection method with
an encoder-decoder architecture that learns the rela-
tion between SEM images and design layouts on pixel
level and predicts the luminosity distributions of an
SEM image from a design layout. The defect is be-
ing investigated through the direct pixel-wise compar-
ison between the learned distribution and target im-
ages. The model is trained on the defect free images
from a small dataset that consists of 13 images (10 are
defect-free) per pixel size of 1-4nm/pixel. The model
only learns acceptable deformation on non-defect im-
ages, thus, prior information about defect types is not
essential to have. This is an attractive attribute, as in
reality, prior knowledge about all the potential defects
is hard to acquire. However, one experiment with satis-
fying results on a really small set of data with repetitive
line and space patterns can hardly be generalized to a
solid conclusion that the method will work on other
use cases. Follow up research are needed to prove the
validity of their methods.

A study has been carried out previously under the
same project, which uses a CNN-based model to clas-
sify the defect and non-defect SEM images. It is
an end-to-end classification based method, and has
achieved promising results of over 90% true defect and
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lower than 5% false defects captured on real SEM im-
ages with pixel size of 8-12nm/pixel. However, the
training and evaluation datasets for the method are
artificially adjusted to a ratio of 50% and 50% between
defect and non-defect images. The results completely
degrade if the model is applied to the representative
data with a ratio of 1 to more than 106 between defects
and defect-free samples. In the real wafer inspection
process, defects are really rare comparing to defect-
free pixels, leading to an extreme class imbalance prob-
lem for the binary classification models. Class imbal-
ance means that the number of a class of positive sam-
ples is far less than the number of negative data. It
is a problem because in this case learning algorithm
based on the general evaluation metric fails to learn
the few instances of the positive class, which is usually
the class of our interest. Several works try to address
class imbalance problem [25, 26]. Unsupervised learn-
ing methods for anomaly detection are suggested to
solve the issue, where the objective of learning is to
well model positive instances instead of discriminat-
ing between classes. Therefore, reconstruction based
anomaly detection methods trained in an unsupervised
manner are logical choices to be investigated next.

3. Methodology

In this section, we will introduce the reconstruction
based anomaly detection methods that have been in-
vestigated in this work. The motivation behind the
methodology is that we assume if we train the recon-
struction models only with defect-free samples, they
will not be able to reconstruct defective images cor-
rectly, then ideally we can distinguish the anomaly by
outstanding reconstruction errors. Mean Square Er-
ror (MSE) and Structural Similarity Index Measure
(SSIM) are commonly used to evaluate the reconstruc-
tion error between the generated image and the original
image. However, the reconstruction error cannot effec-
tively separate defective and non-defective images in
our application due to the high similarity between nor-
mal and anomalous instances. Hence, we determine
and localize the defect based on the prominent pixel
values in the residual images between the input and
reconstructed images. An overview of the proposed re-
construction based methodology for defect inspection
is presented in Figure 3.

Two standard reconstruction based models, PCA
and AE, are implemented on real SEM image data in
this work to investigate their potentials to improve the
throughput for wafer defect inspection. Both models
are widely investigated and have demonstrated success-
ful results on anomaly detection tasks [16, 17, 27, 28].

Figure 3. Overview of the reconstruction based methodol-
ogy for defect detection.

3.1. PCA based reconstruction

PCA is an unsupervised dimensionality reduction tech-
nique. It is used to find an uncorrelated low-
dimensional space that carries the most variance of the
original high-dimensional data. Specifically, PCA is a
linear transformation to transfer a data matrix X with
dimension of m×n to a lower dimension representation
Xk with dimension of m × k, where k << n. The data
is projected to this new feature space and the trans-
formed features, namely Principal Components (PCs),
are supposed to contain enough information to describe
the original data. If we define the transformation ma-
trix as Wk, PCA can be describe as

Xk = XWk (1)

where

Wk = argmaxWk
∥Xk∥2

s.t. W T
k Wk = I (2)

To adapt PCA for unsupervised anomaly detection,
PCA solution then can be rewritten as

Wk = argminWk
∥X − XkW T

k ∥2
s.t. W T

k Wk = I (3)

Note that XkW T
k can be interpreted as the recon-

struction of X from the low-dimentional representation
Xk. Thus from the reconstruction perspective, PCA is
seeking an orthogonal vector space to transform origi-
nal n-dimensional data to k-dimensional data such that
the reconstruction mean square error is minimized.

As reconstructed images from inverse PCA transfor-
mation usually contain much less noise than the input
images, the difference images reserve the noise from the
input images. If we only take the maximum pixel value
as the defect candidate from one image crop, strong
noise signal can be recognized as the defective signal
and thus introduce nuisances. To address this prob-
lem, two modifications are made to the pipeline of us-
ing PCA as a reconstruction model. One method is to
add the filtering step to enforce the strength of useful
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signals and reduce noise before the image reconstruc-
tion. Another idea is based on the observation that
high pixel value due to noise is usually only a single
pixel while the defects cause multiple high pixel val-
ues next to each other. Therefore, we can look for the
maximum sum value of the defect size of d × d pixels
instead of a single pixel.

3.2. The CAE model

The AE model consists of two components, the encoder
and decoder, where the encoder learns to effectively
encode the data to lower dimensional representation
(often referred as "bottleneck"), while the decoder re-
constructs the data from the compressed representation
back to the original space. The output of the encoder
is expected to be able to well describe the raw data so
that the reconstructed data can be as close to the orig-
inal data as possible. Therefore, AEs are also widely
used as feature extractor for various applications [29].
As depicted in Figure 4, the architecture used in this
work is based on a Convolutional Autoencoder (CAE)
structure.

Figure 4. The architecture of the CAE network.

If we denote the input image data with dimension
of n × n as x and the latent space representation with
dimension of k × k as z, where k < n, the encoder can
be described mathematically as

z = fe(Wex + be) (4)

Reconstructed image data will have the same dimen-
sionality as the input data, denoted as x̂. The decoder
can be described as

x̂ = fd(Wdz + bd) (5)
where We, Wd and be, bd are the weights and biases

of the encoder and decoder models.
Conventionally, CAEs are trained by minimizing

reconstruction error through back-propagation algo-
rithm. The most commonly used loss function for
training a reconstruction model is the mean squared
per-pixel ℓ2-distance, also known as MSE loss, i.e.

Lmse = 1
N

N∑
i=0

∥xi − x̂i∥2
2 (6)

The choice of loss function for training a CAE model
has significant influence on the performance of the re-
construction. MSE loss has weaknesses such as its sen-
sitivity to the localization inaccuracies of edges and
ignorance on meaningful features reconstruction [30].
To alleviate these problems, we experiment with two
other loss functions.

One modified loss function is constructed based on
MSE loss, denoted as "Modified Mean Square Error
(MMSE)". The idea is to add prior information from
the input images to reinforce the reconstruction of
the important features. For instance, the 10nm MH
dataset (see Section 4.1) has distinctive characteristics,
where roughly 95% of the area of the images is back-
ground and 5% is the contact holes. With conventional
reconstruction error MSE for training, the model may
overlook the contact holes and focus on reconstruct-
ing background. Therefore, We introduce a continuous
step function implemented by a customized inverse sig-
moid function f(x), which can be written as

f(x) = 1
1 + e100(x−pthres) (7)

By applying the step function to the difference im-
age, we put more weights (w) on reconstruction of the
lower pixel values and the threshold for low pixel value
(pthres) is decided by 5% lowest pixels from the his-
togram of the input image. The modified loss function
is thus

Lmmse = (1 + wf(xi))
1
N

N∑
i=0

∥xi − x̂i∥2
2 (8)

Another experiment is to adopt SSIM as the loss
function to train the CAE model as SSIM is less sen-
sitive to edge alignment [30]. SSIM is a image qual-
ity assessment metric proposed by Wang et al. [31] to
measure the difference between two images by integrat-
ing luminance, constrast and structural information in-
stead of simple pixel values. The calculation of SSIM
is defined as
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SSIM(x, y) = (2µxµy + c1)(2σxy + c2)
(µ2

x + µ2
y + c1)(σ2

x + σ2
y + c2) (9)

where µx, µy, σ2
x, σ2

y are the mean and variance of x,
y respectively, σxy is the covariance of x and y. c1 and
c2 are two constants to stabilize the division. SSIM
produces the similarity score between two images in a
scale of -1 to 1, where 1 means they are identical and
-1 means they are very different.

To apply SSIM as a loss function, we define a window
with size of K × K sliding across the image x and re-
constructed image to calculate the SSIM of each pixel.
Then we define the loss as 1-SSIM so that we can train
the network by minimizing this loss function.

Lssim = 1 − 1
N

N∑
i=0

SSIM(xi, x̂i) (10)

3.3. Evaluation for comparing algorithms

Under the project, there is an existing evaluation
method to assess the performance and the cost of the
inspection algorithms. It consists of two major key per-
formance indicators: capture and nuisance rate, theo-
retical numerical complexity and average running time.

A. Capture and nuisance rate
Capture rate and nuisance rate indicate how well

an algorithm can capture defects, which is the pri-
mary goal of a defect detection method. Among all
of the "defects" that one detection algorithm finds, the
correctly identified defects are called "capture", while
the incorrect defects are called "nuisance". Capture
Rate (CR) is defined as the number of capture divided
by the total number of real defects, while Nuisance
Rate (NR) is defined as the number of nuisance di-
vided by the total number of found defects, including
both capture and nuisance. The anomaly detection is
essentially a binary classification problem, so that we
can relate "CR" and "NR" to "recall" and "1-precision"
in the scope of ML evaluation metrics. To write it out:

CR : Recall = tp

tp + fn
(11)

NR : 1 − precision = fp

fp + tp
(12)

We can achieve a certain capture rate at a certain
nuisance rate by tuning the threshold of the determi-
nant function. A satisfactory industry standard is a
fine threshold that can achieve above 90% CR at 10%
NR.

However, one pair of CR and NR based on one deci-
sion boundary is not always suffice to compare different
algorithms. Thus we also plot a Receiver Operating
Characteristic (ROC)-alike curve as a holistic evalua-
tion. Saito and Rehmsmeier [32] have pointed out that
using ROC to evaluate the performance of a classifier
on an imbalanced dataset can be really unreliable due
to the misinterpretation of specificity. Therefore, in-
stead of ROC, we plot pairs of the absolute number of
Capture Count (CC) vs Nuisance Count (NC) by mov-
ing the decision threshold. Similar to ROC curve, if
the CCNC curve locates more to the top-left side, the
model has achieved better performance.

B. Computational cost
Numerical complexity and average runtime are the

indicators of the computational cost of a method. Nu-
merical complexity is calculated as the number of op-
erations needed for implementing an algorithm based
on the pseudo code. For a learning-based method, we
only consider the complexity of the testing process pro-
viding that training the model can be a separate pro-
cedure conducted outside of the inspection system. On
the other hand, the average runtime of an algorithm
can be recorded to estimate the throughput of the dat-
apath. However, as it is still in the early stage of the
research and the runtime is influenced by the detailed
implementation and hardware, we will only analyse the
numerical complexity of the proposed methods in this
study.

4. Experimental Setup

4.1. Datasets

To evaluate the performance and generalization of the
proposed reconstruction based defect detection meth-
ods, 4 real SEM image datasets that contain different
types of repetitive patterns and various defects are ex-
perimented in this work.

Missing Contact Hole Datasets (MH) The MH
datasets consist of 4 sets of images of repetitive con-
tact hole pattern with the size of 4096 × 7754 pixels,
each encoded with 8 bits, at 8, 10, 12 and 14-nm pixel
size. They are obtained from scanning the same area
on the same wafers. For larger pixel size, one pixel
can cover larger area, thus the set contains less images.
They contain 1044, 864, 720, 612 SEM images respec-
tively with 252 programmed defects, where the middle
contact hole out of three is missing. The size of the
defect is 20nm × 20nm in this dataset. For different
pixel sizes, the defect size varies in terms of the number
of pixels that contain a defect. For example, for 10nm
pixel size, the defect size is 2 × 2 pixels, while for 14nm
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Figure 5. Examples of image crops generated from the real SEM images from the datasets. Top rows: defect-free images.
Bottom rows: defective images, and the defect is marked with a red dot. The images are from MH 8nm, 10nm, 12nm,
14nm, LS, and SRAM. The types of the defects are missing, missing, missing, missing, line bridge, line wide, SRAM void
and SRAM bridge.

pixel size, the defect size is 1.4 × 1.4 pixels. In terms of
images with 10nm pixel size, there are 1008 defect pix-
els out of 27,440,971,776 total number of pixels, which
means the defects are extremely rare.

Contact Holes with Multi-type Defects
Dataset (CH-MTD) The CH-MTD dataset contains
792 real SEM images of contact hole patterns with size
of 1024 x 30773 pixels at 4nm pixel size with 4 types
of defects, i.e. bridge, missing, enlarge and shrinkage
contact holes. The defect size varies for different de-
fect types, where a shrinkage defect has a defect size
of 3 × 3 pixels while a bridge defect can have a defect
size up to 30 × 30 pixels. The dataset contains a total
number of 179 defects, including 68 bridge, 80 miss-
ing, 22 enlarge and 9 shrinkage defects. Similar to the
MH datasets, the number of the defective pixels with
respect to normal ones is extremely low.

Line Space Dataset (LS) The LS dataset is com-
prised of 824 real SEM images of regular line space
patterns with size of 1024 × 1024 pixels at 5nm pixel
size, containing 825 programmed defects at the known
position on the dies. In general, almost each image con-
tains one defect and this defect is roughly in the center
of the image. The dataset contains different types of
defects and each type has a right and left variant. The
defect types include line bridge and line wide, with de-
fect size of 15nm and 25nm respectively.

SRAM Dataset (SRAM) The SRAM dataset
consists of 1449 real SEM images of SRAM patterns
with size of 512 × 512 pixels at 10nm pixel size with
1447 programmed defects. Similar to LS dataset, each
image contains one or at most two defects and the de-
fect is roughly in the center of the image. The dataset
also contains different types of defects, including void,
bridge and critical distance error, and each type has
right and left variant. The defect size varies from 15nm
to 30nm, based on the type of the defect.

4.2. Data preparation

For data preparation, we firstly split the raw SEM im-
ages into training set, validation set and test set. We
keep 80% of images in the test set, while the rest is used
for training and validation. Secondly, to avoid build-
ing a model with too many parameters, we generate
image crops with a reasonable size to build the model
instead of the whole image. Two cropping mechanisms
are implemented for the purpose of training and test-
ing. For training, we randomly cut a number of crops
from one raw image at the locations where they do not
contain defects. For testing, the entire area of the raw
images in the test set should be evaluated. Therefore,
we crop the image by striding a window with the same
size as the training crop across the whole raw image.
Cropping size and the number of crops for training are
important parameters that influence the performance
of the models. The initial choices for these parame-
ters are empirical estimations, but later they are tuned
based on the performance of the model.

4.3. Implementation details

To apply the PCA based reconstruction model to our
pipeline of defect detection, we create a data matrix
from the flattened non-defective image crops to fit a
PCA model, which is implemented with scikit-learn
package. The image crops for fitting a PCA model
should contain all possible variants of the normal sam-
ples that may appear in the test set. Note that PCA
is sensitive to translations of the image patterns, the
same pattern with different shifts should be considered
as different variants. Besides, image crop size, the num-
ber of PCs for reconstruction, sigma of the Gaussian
Filter (GF) and defect size are tuned based on each
dataset.

The CAE model is implemented with PyTorch by
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optimizing the networks using the Adam optimizer
with a learning rate 10−4, batch size 64, and weight
decay 10−5. We train and verify the network with two
sets of 64,000 image crops randomly cropped from 40
raw images. The network is trained respectively by
minimizing MSE loss, Modified MSE loss and SSIM
loss functions. Meanwhile, image crop size, latent space
dimension, defect size and the parameters for loss func-
tions are tuned based on each dataset.

4.4. Post processing on edge nuisances

It is observed from the experimental results on all the
datasets that many nuisances found by our methodolo-
gies are located at the edge of the SEM images. (See
Appendix A for the detailed explanation and results
on the edge nuisances.) These edge nuisances are not
stochastic nuisances but induced by the imaging arti-
facts from the beam movement between lines during
the scanning process. On the other hand, the convolu-
tional operations from the algorithms may also be re-
sponsible for the edge nuisances as well. There are pos-
sible solutions to avoid these artificial edge nuisances.
Firstly, we can augment more edge data for training
to make the model more robust to the edge variations.
Additionally, the data preparation step can be mod-
ified by removing the edge of raw images beforehand
to avoid the influence of the edge artifacts. As for ad-
dressing the edge effects caused by the algorithm, we
can crop the image with overlap and remove edges of
the crops to avoid the nuisance introduced by the con-
volution operations. With time limitation, we simply
remove the edge nuisances from our results in the post
processing to estimate the best achievable performance.

5. Experimental Results

In this section, the performances of the PCA and CAE
reconstruction based anomaly detection methods are
evaluated on the datasets mentioned in Section 4.1 and
assessed based on the evaluation criteria mentioned in
Section 3.3.

5.1. PCA results on MH dataset

For MH datasets, the 10nm dataset is used to conduct
the hyperparameter search considering 10nm pixel size
is most likely to be used in practice. Based on a manual
hyperparameter search, the best PCA based anomaly
detection model is trained by 10,000 defect-free sam-
ples randomly cropped from 50 filtered raw SEM im-
ages, where the filter is a GF with the sigma of 0.7. The
size of the crops is 256 × 256 and the number of PCs
used for reconstruction is 200. Meanwhile, we identify

one candidate per crop, which has the maximum value
of the summed pixels for a square of the defect size 3.
We apply the same model to other subsets from the
MH datasets.

Figure 6. Performance of PCA based defect inspection
method on MH datasets with 8nm, 10nm, 12nm, 14nm pixel
sizes. The total number of detects is 252.

Figure 6 shows the performance of the PCA based
approach on the MH datasets with different pixel sizes.
The proposed PCA method can almost capture all of
the missing contact hole defects without any nuisance
for 8nm pixel size, whereas the performance decreases
with the increasing pixel size. For 14nm pixel size
dataset, the method cannot discover all of the defects
anymore. This result is to be expected, as the SEM im-
ages with larger pixel size have less SNR and smaller
defect size in terms of the number of pixels per de-
fect. However, as the model was tuned based on 10nm
dataset, it is possible to improve the performance for
other subsets by tuning parameters based on the spe-
cific dataset.

Generally speaking, increasing the number of PCs
for reconstruction can add more details at the edge of
the contact holes. However, there is a trade-off be-
tween adding more components to better describe the
data and retaining too many components that leads to
a risk in overfitting. For instance, with image crop size
of 128 × 128, the performance improves when increase
the number of PCs from 50 to 200, but decreases when
we further increase the number to 800. Figure 7 shows
a visual comparison between the reconstruction qual-
ity of PCA model with different number of PCs. It
exemplifies that with 50 PCs, the model struggles to
reconstruct the edge of the contact holes, while with
800 PCs, it starts to fit the noise.

In addition, we present the trend of the performance
w.r.t the numbers of PCs retained for different image
crop sizes, as shown in Figure 8. The result shows that
the smaller image crop size is, the less PCs needed for
reconstruction to achieve similar performance in terms
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Figure 7. Examples of PCA based reconstructed images and residual images with different number of components. Note
that the images are shown after a max-min normalization to [0, 255], thereby the image that is visually less noisy is due
to high contrast between noise and defective signal. The higher contrast between noise and defective signal, the easier the
defect can be detected from the residual image.

Figure 8. The number of CC at 25 NC (NR = 10%) w.r.t.
the retained number of PCs over a range of {30, 50, 100,
200, 400, 800} for different image crop sizes. The image
crop sizes cover a range of {16 × 16, 32 × 32, 64 × 64, 128
× 128, 256 × 256, 512 × 512}.

of capturing defects. However, if the image crop size
is smaller than periodic unit of the pattern structure
(e.g. 16 × 16), the PCA model starts to reconstruct
defects, resulting in the poor performance of capturing
defects.

5.2. CAE results on MH dataset

Our CAE model is implemented as mentioned in Sec-
tion 4.3 and we investigate two aspects that influence
the performance of the CAE model for the defect de-
tection task, i.e. image crop size and latent vector size,
and loss function.

Image crop size and Latent space dimension
We plot the number of CC at 25 NC (NR = 10%) w.r.t.
varying values of latent vector size for different image

crop sizes, as presented in Figure 9. It appears that
the performance of a CAE model mostly depends on
the size of the latent vector when the image crop size
is not too small. Regardless the image crop size, when
the latent dimension is higher than 50, the performance
of the model stays similar, where the number of CC
is roughly 240 at 25 NC. We adopt the image size of
71×71 and latent vector size of 100 for the MH dataset
as it needs the smallest image size and the least latent
vector size, thus less operations per pixel for prediction,
to achieve the best performance, where the number of
CC at 25 NC is 242 in this case. Note that the CAE
model with larger image crop size takes longer time to
train.

Figure 9. The number of CC at 25 NC (NR = 10%) w.r.t.
the dimension of latent vector over a range of {10, 30, 50,
100, 200, 400, 800} for different image crop sizes. The image
crop sizes include 35 × 35, 53 × 53, 71 × 71, 143 × 143,
215 × 215, and 287 × 287.
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Figure 10. Examples of CAE reconstructed images and residual images with different loss function, in combination with the
histogram and cumulative histogram of the input and the reconstructed images. Red vertical lines indicate the pixel value
of 5% cumulative pixels, where we assume that the pixels that have values under this pixel threshold are contact holes.

Loss functions As mentioned in Section 3.2, we
train the same CAE model with MSE loss (Equa-
tion (6)), Modified MSE loss (Equation (8)) and SSIM
loss(Equation (10)) respectively, and compare the re-
sults to find a best suited loss function for our use case.

Figure 11. Performance of CAE based models trained by
different loss function on 10nm MH dataset.

Figure 10 exemplifies reconstructed images and
residual images from the models trained by the differ-
ent loss functions. To quantify the difference between
them, we also plot the histograms and cumulative his-
tograms for the input images and the reconstructed
images. Regardless the histogram of the input image
or the reconstructed images, there is only one obvious
peak at around 150 that is the average pixel value of
the background, while the peak for the pixel values of
the contact holes is immersed in the noise deviation of

the background. Hence, we assume all the dark pixels
up to 5% fraction of the cumulative histogram are the
contact holes, which the pixel value at 5% is then de-
fined as "pixel threshold" for MMSE loss. This value
is roughly 110 in the input image and reconstructed
image from MSE loss, and approximately 102 in the
reconstructed images from MMSE and SSIM loss. This
result shows that the models trained with MMSE and
SSIM loss generate more contrast between the back-
ground and the contact holes in the reconstructed im-
ages, resulting in more distinctions for missing contact
defects. In addition, all the reconstructed images con-
tain much less noise than the input image, while the
result from SSIM loss retains the most deviations in
the background.

MMSE and SSIM have their own hyperparameters,
the weight and the pixel threshold for MMSE and win-
dow size for SSIM. As mentioned in Section 3.2, the
setting of the pixel threshold is set to 110. Experimen-
tal results indicate that the model is not so sensitive
to this parameter. In another words, slight changes
on this value do not influence the performance of the
model significantly. The weight for MMSE and the
window size for SSIM are set as 10 and 5 respec-
tively. Figure 11 illustrates the performance of the
models trained by different loss functions. It can be
seen that the model trained by MMSE loss outperforms
the other two models. This means manually manipu-
lating the loss function based on prior knowledge can
improve the performance of the model. However, at
the same time, the manipulation is highly dedicated to
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one dataset, which makes the model less generalizable
to other use cases. In addition, based on the results
from MSE loss and SSIM loss, it can be inferred that
for MH dataset, which has limited variations on lumi-
nance and contrast, a pixel-based method works better
than structural-based method.

5.3. Comparison between methods

To validate the effectiveness of the proposed meth-
ods, we compare the experimental results from our ap-
proaches with the baseline method on the MH datasets.
A detailed description about the baseline method is
given in Appendix B. Simply put, the baseline method
firstly uses filters to suppress noise and integrate sig-
nals, and then compares the target inspection image
with the reference images. For repetitive patterns,
where the exact number of pixels per repetition is
known, the baseline method can be adapted to use the
shifted target SEM images as the reference images in-
stead of taking from different dies. There are different
filtering options for the baseline method, such as Gaus-
sian filters and the averaging filter. The averaging filter
cancels out the noise by averaging the images with 6
times periodic shifted version of themselves. Gaussian
filters can be used in both repetitive and non-repetitive
patterns, while the averaging filter can only be applied
to the repetitive patterns. Since the MH datasets have
repetitive patterns, we will compare our methods with
the baseline method with Gaussian filters and the av-
eraging filter. All the methods are tested on the same
test set.

Table 1. NR@90%CR of different methods on MH dataset.
The best result is marked in bold, and the results that
not the best but meet that requirement of lower than
10%NR@90%CR is underlined.

Method 8nm 10nm 12nm 14nm
Baseline-GF 0% 3.4% 60.7% 98.2%

Baseline-averaging 0% 2.2% 0.4% 69.1%
PCA 0% 0% 8.5% 97.7%

CAE-mse 0% 12.3% 18.6% 97.3%
CAE-mmse 0% 0% 2.2% 91.8%
CAE-ssim 0% 17.8% 41.5% 99.5%

Table 1 summarizes the NR@90%CR achieved by
different defect detection methods on 8nm, 10nm,
12nm and 14nm MH datasets. The results presented
here are acquired from the models with the best set-
tings from the hyperparameter search on 10nm MH
dataset. For 8nm pixel size, all of the methods can
locate 90% real defects without any nuisances. For

10nm pixel size, PCA and CAE with MMSE loss re-
construction based methods outperform the baseline
method no matter the filter options. For 12nm pixel
size, the baseline method with averaging filter achieves
the best performance, yet PCA and CAE with MMSE
loss methods have satisfactory performance with 8.5%
and 2.2% NR@90%CR. When SNR is low and defect
size is so small as in 14nm pixel size case, no method-
ology attains 90%CR@10%NR standard, and the base-
line method with the averaging filter performs the best
among all the approaches.

5.4. Performance on different defect types based on
CH-MTD dataset

To evaluate how well the proposed methods perform
on different defect types, we test our approaches on the
CH-MTD dataset, which contains the real SEM images
of the contact hole pattern and four different types of
defects, i.e. bridge, missing, enlarged and shrinkage
contact holes. For both PCA and CAE based models,
we conduct a hyperparameter search based on CCNC
curves for this new dataset.

For the PCA based method, we fit the model with
1,000 image crops from 50 raw images with the size of
128 × 128. The number of the PCs used for recon-
struction is 30, sigma for the filter is 1.5 and the defect
size is set as 5. As for the CAE based method, the
experimental results show that when different random
64,000 training image crops are used to train the model,
the model produces different results. Weight initial-
ization variation and different hyperparameter settings
show similar impact on the performance. Therefore, we
cannot conclude which hyperparameters give better re-
sults. We use one of the best performed experimental
results to gain insights into how the method works on
different defect types. In addition, we adopt the same
way to construct a MMSE loss function for this dataset
by setting the pixel threshold at 128. However, it does
not outperform MSE loss in this use case. This is possi-
bly due to the fact that there is obvious charging effect
around contact hole and the defects in this dataset,
so that the found defect locations are actually where
these charging effects are obvious instead of the loca-
tions of the actual flawed patterns. On the other hand,
as we have four different defect types, it is not straight-
forward how we can better modify the MSE loss that
emphasize on the important features (maybe not the
contact holes) for the novelty detection task.

Figure 12 demonstrates the performance of the de-
fect detection per defect type achieved by the proposed
methods and the baseline method. It is evident that
strong defects such as bridge and missing contact holes
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(a) Bridge (b) Missing

(c) Enlarge (d) Shrinkage

Figure 12. Performance on the defect detection per defect type achieved by the proposed methods and baseline method
with GF filters on CH-MTD dataset.

are the first defects found by all the methods, while
the softly enlarge and shrinkage contact hole defects
are more challenging. The results meet our expecta-
tion since the bridge and missing holes defects usually
have larger defect size, hence are easier to locate, es-
pecially with the algorithm that looks for a group of
high pixel values in the residual image. Overall, the
baseline method achieves the best results on all types
of the defects and the PCA based method has com-
parable performance as the baseline method on bridge,
missing and enlarged holes. The CAE model with MSE
loss and MMSE loss performs very well on the bridge
and missing holes defects but struggle to find the de-
fects with small defect size, whereas the CAE model
trained by SSIM loss displays the most inferior perfor-
mance overall in this experiment.

5.5. Performance on different patterns

To examine the generalization performance of the mod-
els on different patterns, we further test them on an-
other two datasets, i.e. LS and SRAM datasets. Note
that the parameters of our models are tuned based on
the different datasets.

Table 2 summarizes the NR@90%CR performance

Table 2. NR@90%CR for different methods on different
datasets with different patterns. The number in the bracket
is the number of defects contained in the testset for each
dataset. The best result is marked in bold, and the results
that not the best but meet that requirement of lower than
10%NR@90%CR is underlined.

Method CH-MTD LS SRAM
(179) (661) (1159)

Baseline-GF 3.0% 34.7% 2.5%
PCA 4.7% 3.1% 1.3%

CAE-mse 12.4% 17.7% 5.8%
CAE-ssim 46% 20.1% 4.3%

achieved by different defect detection methods on the
contact hole pattern dataset CH-MTD, the line space
pattern dataset LS and the memory pattern dataset
SRAM. We can see that the performance achieved by
the PCA based reconstruction method fulfills the in-
dustrial standard among all the datasets. In particu-
lar, it has slightly higher NR@90%CR than the baseline
method on the CH-MTD dataset, but outperforms all
the approaches on the LS and SRAM datasets. The
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CAE based reconstruction method achieves the worst
performance among all the datasets. In addition, the
CAE model with MSE loss performs better than with
SSIM loss on the CH-MTD and LS datasets, but un-
derperforms on the SRAM dataset, where the features
of the image data have more complex structures.

5.6. Computational cost

In this section, we present the evaluation of the com-
putational cost of the proposed reconstruction based
anomaly detection methods through conducting a nu-
merical complexity analysis.

An overview of the required number of operations
per pixel for the baseline method with a GF and the
averaging filter, the PCA based method and the CAE
based method is given in Table 3. The numbers of op-
erations per pixel for the baseline method with different
filtering strategies are adopted from the previous study
under the same project. Appendix C presents the de-
tailed numerical complexity analysis for the PCA and
CAE based methods on 10nm MH dataset. The result
shows that the computational costs of the PCA and
CAE based methods in terms of operations per pixel
are approximately 143 and 638 respectively, which are
within one order of magnitude higher than the baseline
method.

Table 3. Comparison between the baseline method with
different filtering strategies and the proposed PCA and
CAE models in terms of numerical complexity based on
MH 10nm dataset.

Algorithm Operations Per Pixel
Baseline-GF 27

Baseline-Averaging 56
PCA 143
CAE 638

6. Discussion and Future work

In this work, we propose two reconstruction based
anomaly detection methods to locate the defects in
the SEM images of the wafer. For repetitive patterns,
compared to the baseline method that uses the shifted
images as the reference images, the proposed meth-
ods generate a golden reference image based on the
input image. In the case that the repetition of the pat-
tern is not accurate, for instance for 10nm MH dataset,
the proposed approaches demonstrate a superior per-
formance. Meanwhile, compared to use CNNs for de-
fect detection from the previous study, the proposed

methodology has notable benefits. In particular, the
models are only trained on the defect-free data, thereby
they do not suffer from the class imbalance problem
and the shortage of the defective samples. Besides, the
model can be trained in unsupervised manner and de-
tect unknown types of defects. However, the proposed
methods are mainly experimented on the SEM images
that contain periodic structures. A simple simulated
dataset with random contact hole pattern and random
missing hole defects is adopted to examine the feasibil-
ity of applying the proposed methods to non-repetitive
patterns. The preliminary experimental results show
that the proposed reconstruction based methods fail to
function on non-repetitive patterns, as both PCA and
CAE models are not able to learn random structures.

Both PCA and CAE reconstruction based meth-
ods have demonstrated their abilities to locate the ex-
tremely small unknown defects that consist of several
pixels on the SEM images with different repetitive pat-
terns. However, we notice that the CAE based model
has inferior performance compared to the PCA based
model and unstable behavior when implemented on the
CH-MTD dataset. More work is needed to investigate
and understand why the model is unstable and where
the variations of the performance based on the same hy-
perparameters come from. Additionally, Reddi, Kale,
and Kumar [33] state that Adam optimizer, which is
used for training the CAE model in this work, has failed
to converge to an optimal solution in many applica-
tions. This can be a possible reason that the model
performs differently with the same hyperparameters as
it converges to different local optima each time. Be-
sides, better hyperparameter search strategy should be
considered to further optimize the model.

In addition, there are still many potentials to im-
prove the proposed CAE based model. Firstly, some
regulation terms can be added to the loss function in
order to get better reconstruction results [16] or include
more use case specific information for training in favor
of capturing defects to improve overall performance.
Secondly, we can add a second step to remove excessive
nuisances. In stead of a single threshold on the max-
imum pixel values of the residual image as the deter-
minant for defects, we can introduce a CNN classifier
to better separate the two classes. To avoid the class
imbalance problem, we can use the proposed method
as the first step and throw away most of the nuisances,
thus generate a new dataset that has more balanced ra-
tio between defective and defect-free samples. In this
way, we expect the performance on capturing defects
will be improved with some extra computational cost.

Along with the investigation on the methodology, we
discover that the characteristics of the datasets have
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great impact on the performance of the detection algo-
rithms. Some individual nuisance is worth looking at
to better understand how the PCA model or the neu-
ral network works and where the nuisance comes from.
It can be caused by noise, inaccurate ground truth, or
some operations from the algorithm. For the edge nui-
sances, we add a post-processing step to remove them
to further improve the model towards the best results
that are possibly achieved by the approaches. In the
future, we should investigate them further and work on
strengthening the algorithm by data augmentations to
overcome the edge nuisances.

7. Conclusion

With rapid advancement of high throughput wafer in-
spection systems, there are growing demands on more
efficient and accurate defect inspection algorithms.
This work focuses on investigating the feasibility of
applying novel learning based algorithms to the dat-
apath of the next generation wafer inspection tools.
An end-to-end reconstruction-based anomaly detection
methodology is proposed with two types of reconstruc-
tion models based on PCA and CAE. Although the
methodology can only be applied to repeating patterns,
yet this covers a large range of use cases in electronic
design and manufacturing. We evaluate both mod-
els on multiple datasets of the real SEM images that
contain different repetitive patterns and diverse defect
types, as well as compare the results to the baseline
method in terms of the performance and the computa-
tional cost. The proposed PCA based method achieves
promising results with above 90%CR@10%NR for all
the datasets containing different patterns and diverse
unknown defect types experimented in this work, ex-
cept from MH 14nm dataset, where the SNR of the
SEM images is so low that the baseline method also
struggles to effectively locate the real defects. Be-
sides, it outperforms the baseline method on 10nm
MH dataset, LS dataset and SRAM dataset. On the
other hand, the overall performance of the CAE based
model is not as good as the PCA based method. How-
ever, for 12nm and 14nm MH datasets where the SNR
of the images is relatively low, the CAE based model
trained by MMSE loss function achieves better results
than PCA. To conclude, the proposed reconstruction
based anomaly detection methods have demonstrated
the potentials to achieve better performance on defect
inspection tasks on high-throughput SEM images with
reasonable computational cost.
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A. Edge nuisances

In this appendix, we demonstrate the detailed experimental results on edge nuisances. The phenomenon that
many nuisances found at the edge of the SEM images exists for all the datasets with both PCA and CAE methods.
However, the CAE based model suffers from it more than the PCA based method. Here we use the MH 10nm
dataset with the CAE based model as an example to illustrate the edge nuisances. There are three findings about
the edge nuisances. Firstly, it is found that the larger image crop size we choose, the more edge nuisances are found.
Secondly, increasing the convolutional layers of the CAE model can introduce more nuisances at the edge of each
image crop. Finally, it is noticed that using SSIM loss function to train the models arouse more edge nuisances than
MSE loss function. Figures 13 to 18 presents the plot of the locations of the first 250 found defect candidates who
have the strongest signals in the residual images and the influence of removing the edge nuisances on the CCNC
curves for each aforementioned case. These nuisances are not actual nuisances considering that they are known
to be caused by edge artifacts, distortions or deconvolutional operations. We can remove them by improving the
algorithm. Therefore, we remove them at the post processing step for fair evaluation and comparison.

(a) 71 × 71 (b) 143 × 143 (c) 215 × 215 (d) 287 × 287

Figure 13. First 250 found defect candidates locations for different image crop sizes. The candidates include defects marked
as red and nuisance marked as blue. Notice that with larger image size, there more nuisance found by the algorithm and
they are located mostly at the edge of the SEM images.

(a) Before removing edge nuisance (b) After removing edge nuisance

Figure 14. The influence of removing the edge nuisances on the CCNC curves for different image crop sizes. Before removing
the edge nuisances, smaller image crop size yields better results. This is due to the fact that with smaller image crop, the
model can learn the edge artifacts better. After removing the edge nuisances, the models with different image crop sizes
have similar performance. In another word, the choice of image corp size has little influence on the overall performance of
the CAE model.
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(a) 1 conv + 1 FC (b) 2 conv + 1 FC (c) 3 conv + 1 FC

Figure 15. First 250 found defect candidates locations for image crop size of 287 × 287 with different numbers of convolu-
tional/deconvolutional layers. The candidates include defects marked as red and nuisance marked as blue. Notice that with
increasing convolutional layers, we can see a checkerboard pattern of the nuisances that are located at the corner edge of
each image crop.

(a) Before removing edge nuisance (b) After removing edge nuisance

Figure 16. The influence of removing the edge nuisances on the CCNC curves for different architectures of the CAE model
with image crop size of 287 × 287. Based on the results, after removing the checkerboard pattern of nuisances caused by
deconvolution operations, the proposed architecture still outperforms the others.
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(a) MSE loss (b) MMSE loss (c) SSIM loss

Figure 17. First 250 found defect candidates locations for applying different loss functions. The candidates include real
defects marked as red and nuisances marked as blue. We can see the results from the MMSE loss function have the least
nuisances. The CAE model trained by SSIM loss function produces edge nuisances as well. It can be due to the fact that the
structure-based loss learns more global features than the pixel-based loss MSE, thereby easier influenced by edge artifacts.

(a) Before removing edge nuisance (b) After removing edge nuisance

Figure 18. The influence of removing the edge nuisances on the CCNC curves for using different loss functions to train the
CAE model. After removing the edge nuisances, the Modified MSE loss function is still the best loss function to use in the
case of MH 10nm dataset.
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B. The baseline method

The baseline method is based on the basic principle of wafer defect inspection, i.e comparison between a target
image and two reference images. It is a D2D inspection with both target images and reference images acquired
from the wafer at different dies of identical circuits. Two reference images are used to avoid the situation that the
reference image itself has defects. It is believed that the chance is extremely rare that both reference images has
the same defects.

Figure 19. Inspection modes overview.

The baseline method includes two inspection modes defined on if the patterns on the wafer are repetitive or
non-repetitive, which are named "array mode" and "random mode" respectively. The major difference between the
two modes is that array mode utilizes the prior knowledge about the repetitiveness over the patterns etched on
the wafer. A single image then can be compare to itself with a shift of one repetition period. The overview of the
two inspections modes is demonstrated in Figure 19. For both modes, filtering is an essential step for a decent
performance as the process noise is inevitable for the wafer inspection tools.

In the array mode setup, a target image is compared to the shifted versions of itself as the reference images. There
are obvious gains to consider repetitive use cases separately. First of all, the target image and the reference images
are captured by the same beam, which means the variations due to the beam characteristics, image brightness and
contrast are limited, consequently resulting in less nuisance count. Secondly, as we have the privilege of knowing
exactly the repeating period to the pixel scale, image alignment and subsequently interpolation step can be omitted.
Even better, we could generate a golden reference image with so-called "the averaging filter", which computes an
average image of multiple shifted ones. Thirdly, the resources for the storage of multiple images can be saved.

As for random mode, the target image is compared with the reference images captured from the same loca-
tion/pattern at the different dies by other beams. Therefore, image alignment is needed before calculating the
difference image, and an interpolation step is added to improve the accuracy of the image alignment. There are
multiple available interpolation techniques, such as the nearest neighbour, bilinear and bicubic etc., but choice
should be made with the awareness of the trade-off between accuracy and computational cost.

C. Numerical complexity analysis

C.1. PCA

1. Filter the whole SEM image with kernel size k, computational cost is 2k2 operations per pixel, then crop the
whole image into test image crops;
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2. Feed a test image crop xi(N × N) flattened to 1 × N2 into the PCA model trained by M image crops, which
contains eigenvector and mean: V (K × min(N2, M)) and µ(1 × N2);

3. Calculate the weights W (1 × K) on the trained K PCs for the test image: W = (xi − µ) · V T . Computational
cost is (2×min(N2,M)−1)K+N2

N2 operations per pixel;

4. Reconstruct the image: xi_re = µ + W · V . The calculation has the same number of the operations as the
previous step;

5. Calculate difference between the test image and reconstructed image: xi − xi_re, which cost 1 operation per
pixel;

6. Take n candidates to calculate the summation of the block with defect size d × d: n(d2 − 1) in total, then
divided by the total number of pixels for the averaged operations per pixel. Assume n << N and d < N ,
n(d2−1)

N2 is less than 1 operation per pixel;

7. With thresholding, we can then decide if this test image contains a defect or not.

As detailed out above and N=256, K=200, M=10,000, n=5, d=3, the total computational cost for the PCA
reconstruction-based defect detection method is roughly 143 operations per pixel.

C.2. CAE

For neural networks, the testing stage is a process of forward propagation. Note that for one neuron in the neural
network, the output can be written as:

y = σ(
n∑

i=0
wixi − w0) (13)

where σ is the activation function, wi are the weights and w0 is the bias. To compute one output from one neuron
(neglect the activation function), the number of operations is roughly two times of the number of weights, including
both multiply and sum operations.

For the convolutional layer with K filters that has kernel size of k × k, the total number of weights is K × k2 per
neuron, thus the total number of operations per neuron is then K × 2k2. Considering the input image with size of
m × m is fed into this convolutional layer with the stride s, the total number of neurons is ( m−k

s + 1)2. Hence in
total, a convolutional layer consist of K × 2k2 × ( m−k

s + 1)2 operations. For dense layers, the number of weights
equals to the number of neurons in the previous layer, denoted as nl−1, where l refers to the current layer, then
the operations for this dense layer in total is nl × 2nl−1. Now consider our CAE model with image crop size of
71 × 71 and latent dimension of 100:

1. Convolutional layer with 6 filters with kernel size of 3 has 6 ∗ 2 ∗ 32 ∗ 352 = 132, 300 operations;

2. Dense layer with 100 neurons has 2 ∗ 6 ∗ 352 ∗ 100 = 1, 470, 000 operations;

3. Dense layer with 7350 neurons has 2 ∗ 6 ∗ 352 ∗ 100 = 1, 470, 000 operations;

4. Transpose convolutional layer is as the same as the first convolutional layer, thereby has 6∗2∗32∗352 = 132, 300
operations;

5. Calculating difference between the test image and reconstructed image costs 1 operation per pixel;

6. Taking n candidates to calculate the summation of the block with defect size d × d costs less than 1 operation
per pixel;

7. With thresholding, we can then decide if this test image contains a defect or not.

The total number of the operations for the proposed CAE model is 3,204,600, totalling approximately 636
operations per pixel. Then the holistic CAE reconstruction-based defect detection method costs roughly 638
operations per pixel.
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