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Abstract
In semiconductor wafer dicing, one particular area of interest is the process of visual inspection to detectmanufacturing defects
that occur throughout themanufacturing process. Emerging defect patterns are typically in themicrometer range, translating to
barely visible defects in pixel size on high-resolution imagery. The availability of rarely occurring defects is generally limited
due to the labor-intensive nature of the related, highly specialized annotation task. Therefore, this contribution proposes a
hybrid system for wafer and chip image data synthesis utilizing wafer and dicing path templates for the synthetic generation
of large quantities of labeled flawless and, rarely, faulty chip and dicing street imagery. These are utilized for subsequent
deep learning based defect detection and classification by employing a residual neural network as the core classifier for
our visual inspection system. Our results show promising prospects when the original image data are supplemented with
synthesized images by creating so-called composite data sets. Compared to the system’s baseline on the original data set, an
F1-score-based relative improvement of up to 3.98 times was achieved. Furthermore, a novel synthetic-composite leave-one-
out cross-validation (SC-LOOCV) method is proposed as a means to analyze the quality of our synthesized data for each
specific wafer type. Based on these experiments, we scored a relative improvement of up to 5.99. For all our wafer types,
overall relative improvement factors of 1.99 (composite) and 2.83 (SC-LOOCV) highlight the benefits of our realized system.

Keywords Computer vision · Pattern recognition · Visual inspection · Data synthesis · Deep learning · Convolutional neural
networks

Introduction andmotivation

The need for visual inspection based yield optimization
within semiconductor manufacturing arises primarily due to
the industry’s high quality standards for the manufacturing
process. Consequently, the associated costs for a semicon-
ductor wafer are derived from both the required materials as
well as the individual processing steps within the complex
manufacturing process. Here, the so-called yield describes

B Danny Kowerko
danny.kowerko@cs.tu-chemnitz.de

Michael Friedrich
michael.friedrich@cs.tu-chemnitz.de

Tobias Schlosser
tobias.schlosser@cs.tu-chemnitz.de

1 Chemnitz University of Technology, 09107 Chemnitz,
Germany

a quality criterion based on the ratio of flawless chips to
total chips after the process of wafer separation (Lee et al.,
2017). However, as manual inspection of the resulting semi-
conductor products is very labor intensive and requires expert
knowledge, DL-based classification algorithms such as deep
neural networks (DNN) are a suitable approach to solve the
problem of (semi-)automated visual inspection (Schlosser
et al., 2022). The availability of data, their annotations in
the form of labels, as well as their characteristics regarding
defect patterns and their occurrences are of central impor-
tance.However, the acquisition of labeled ground truth data is
a costly and error prone process performed by human experts
within the field. Therefore, data synthesis approaches may
alleviate common issues associated with otherwise sparsely
available ground truth data.

The underlying data often consists of high-resolution real-
world recordings of separated semiconductor wafers (Fig. 1,
left). A commonly used separation approach involves the
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Wafer section Faulty chip

Faulty dicing street

Flawless dicing street

Fig. 1 Overview of the areas of interest within our underlying original
wafer data. The quality of a chip depends on the characteristics of its
four surrounding dicing streets. When no dicing street deviates towards

the inner structures of the currently observed chip, the chip is considered
flawless. Otherwise, it is considered faulty

use of a dicing saw (Hooper et al., 2015). An alternative
method, on which our data set is based on, is thermal laser
separation, where a thermally induced mechanical force cre-
ates a cleave on the wafer surface (Rahim & Mian, 2017).
Typically, the separation process follows a scribed area on
the wafer surface. Alongside this marking, the material is
cleaved. The resulting cleave is barely visible due to the very
small size of the resulting components. A typical wafer is
up to 300mm in diameter and can contain several thousand
chips (Rahim & Mian, 2017). The wafer itself is situated
on a dicing tape, an elastic material that is expanded after
the separation process to visualize the course of the cleave,
whereas the resulting gap between chips is called a dicing
street (Fig. 1, middle). Analyzing the possible deviation of
the cleave from the scribed area is the core task of visual
inspection.An example of a flawless and a faulty dicing street
is shown in Fig. 1 (right). The resulting data set suffers heav-
ily from a class imbalance between flawless and faulty chips,
signifying a general difficulty for learning-based algorithms.
For this purpose, our proposed solution involves the design
of a data synthesis approach that alleviates the underlying
issue of data imbalance as well as rarely occurring or missing
samples.

Furthermore, the assessment of the impact of data synthe-
sis in relation to the described inspection problem not only
aims to alleviate this issue but also raises the question of
the general classification performance given the underlying
data set and its improvement by means of domain random-
ization (DR) (Tobin et al., 2017). DR refers to the transfer
quality of classification capabilities based on synthetic data
and its comparison to real-world data. Therefore, whether
the classification capabilities of our system can be improved
without changing the nature or complexity of the underlying
DL algorithm is investigated.

Related work

The following sections provide an overview of related work
relevant to the simulation of semiconductor wafer dicing
induced defects on chips and their application as augmen-
tation method for deep learning based visual inspection
systems. For this purpose, we differentiate between visual
inspection based approaches in general in “Visual inspec-
tion” section while also giving an overview of issues and
potential solutions related to data scarcity in “Data scarcity”
section. Subsequently, the related, necessary steps for data
synthesis are discussed in the context of learning-basedvisual
inspection in “Data synthesis” section.

Visual inspection

While a wide range of conventional visual inspection meth-
ods exist within the domain of semiconductor manufacturing
(Huang & Pan, 2015), encompassing approaches such as
projection, filter-based, and baseline ML approaches, con-
ventional approaches often require the implementationof two
stages: (i) feature extraction and (ii) defect identification. In
order to design such a system, extensive domain knowledge
is often required. However, the recent advancements in DL
have provided tools that enable a more generic classification
within one stage (Zheng et al., 2021).Additionally,DL-based
approaches have now outperformed other (learning-based)
methods in many fields.

The following contributions are related to the tasks of
(semi-)automated visual inspection by utilizing DL algo-
rithms based on wafer data sets that are either related to
wafer maps or the direct inspection of defects on the wafer
surface. In Chien et al. (2020), four visible surface defects
on semiconductor wafers were classified using a convolu-
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tional neural network (CNN) as well as a pre-trained faster
region-based CNN (Faster R-CNN). Both approaches reach
similar results, with the highest accuracies ranging from 98
to 99%. Another approach presented by Saqlain et al. (2020)
analyzed wafer maps based on their proposed CNN for auto-
matic wafer defect identification (CNN-WDI), reaching an
average classification accuracy of 96.2% on nine different
wafer map defects. Imoto et al. (2019) proposed a CNNwith
a transfer learning (Weiss et al., 2010) based approach, ana-
lyzing defects on a wafer surface with a data set consisting
of 5386 samples, which significantly outperformed tradi-
tional automatic defect classification systems. Schlosser et
al. (2019) introduced a multistage system for the classifica-
tion of defects occurring on wafer surfaces. The proposed
stacked hybrid CNN (SH-CNN) combines the benefits of
classical image processing algorithms with artificial neu-
ral networks. The resulting chip classifications are evaluated
based on their underlying street classifications, achieving a
mean accuracy of 92%. Beuth et al. (2020) proposed a sim-
ilar system by combining a biologically plausible model of
visual attention with DL, where the process of street region
cropping is realized by the proposed visual attention model,
reaching an average classification accuracy of 91.81% on
the wafer defect data set. Following, Schlosser et al. (2022)
refined the introduced system by Schlosser et al. (2019),
utilizing, among other learning-based models, the residual
neural network (ResNet) ResNet152V2 (He et al., 2016a, b)
as backbone model while increasing the level of detail even
further with the introduction of a segment-based street classi-
fication, reaching an overall classification accuracy of 99.5%
in F1-score.

Several other topics similar to our wafer problem address
the visual inspection process of small defects within high-
resolution imagery based onDL algorithms (Lin et al., 2023).
Chen et al. (2015) evaluated the performance of a CNN-
based approach for classifying 12 different defect patterns
occurring on gearboxes, reaching a global percentage of true
positives over all defect patterns of 98.4%with a correspond-
ing total error of 1.6%. Cha et al. (2018) analyzed various
structural defect types within high-resolution images of steel
and concrete elements. They proposed a Faster R-CNN,
reaching a mean average precision of 87.8% over all defect
types. Fotouhi et al. (2021) employed a pre-trained version
of AlexNet for the visual inspection of laminated composite
structures such as wind turbine blades and aircraft, achieving
accuracies between 87 and 96% for identifying defect types
and their severity.

Data scarcity

According to Bansal et al. (2022), data scarcity leads to four
major challenges in the context of deep learning: (i) lack of
relevant data, (ii) limited training data, (iii) model overfitting,

and (iv) data imbalance. Overcoming those challenges is cru-
cial for successfully deploying learning-based system in the
real-world. For image data, a wide range of augmentation
methods exist that can help to alleviate those issues (Shorten
& Khoshgoftaar, 2019). Such augmentation methods can
be grouped into three categories: (1) basic image manipu-
lations, (2) deep learning approaches, and (3) meta-learning.
(1) Basic image manipulations include operations such as
geometric or color space transformations, kernel filters, mix-
ing images (Inoue, 2018), and random erasing (Zhong et al.,
2020). They are appliedwithin the data space and are fast and
straightforward to implement with the ability to incorporate
domain-specific knowledge. (2) Deep learning approaches
on the other hand encompass techniques such as adversar-
ial training (Goodfellow et al., 2014), neural style transfer
(Gatys, 2015), and generative adversarial network (GAN)
based data augmentation (Tanaka & Aranha, 2019). They
typically take place within the feature space and are there-
fore more difficult to fine-tune and interpret. (3) Last but not
least, meta-learning strategies such as neural augmentation
(Perez & Wang, 2017), AutoAugment (Cubuk et al., 2018),
and smart augmentation (Lemley et al., 2017) are multi-
layered learning strategies, where artificial neural networks
are utilized to optimize augmentation strategies instead of
manually designing augmentation strategies. Choosing the
optimal augmentation strategy for a real-world use case is
generally challenging. However, Wong et al. (2016) states
that if a viable strategy for image augmentation within the
data space can be found, it provides benefits over other aug-
mentation approaches, such as feature space augmentations,
in terms of reducing overfitting and increasing model perfor-
mance.

Data synthesis

In the following, different approaches involving data synthe-
sis for the purpose of alleviating issues related to data scarcity
for problems such as sparse and imbalanced data as well
as the insufficient availability of high-quality annotations
are introduced (Nikolenko, 2021). In particular, annotated
defect data in the domain of visual inspection are difficult
to obtain since the labeling process itself is time consuming
and requires expert knowledge, which in turn may result in
costly data preparation investments (Peres et al., 2021).

Within Maksim et al. (2019), the publicly available WM-
811K wafer map data set (Wu et al., 2014) was investigated
by creating composite data sets consisting of a fraction of
the original data from WM-811K, for which the training set
was supplemented with synthetically generated data based
on parametric models. By utilizing residual neural networks,
they achieved a classification accuracy of up to 87.8%.

In comparison, Gupta et al. (2016) proposed a fully con-
volutional regression network (FCRN) for the recognition
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of text in natural scenes. To achieve this goal, they trained
their network on a synthetic data set generated by mapping
text snippets on objects in real-world scenes without any
manual annotations. Their proposed approach achieved an
F-score of 84.2%, outperforming current methods for detect-
ing text within natural images. Another approach that utilizes
the synthetic enrichment of real-world scenery was proposed
by Ekbatani et al. (2017), where the underlying problem was
concerned with the counting of pedestrians. They created
a data set of one million highly realistic images consist-
ing of real-world scenes that were synthetically enhanced
with up to 29 pedestrians. The resulting data set was fed
into a CNN for classification, managing to predict the num-
ber of pedestrians within a scene to a satisfactory extent.
Tremblay et al. (2018) analyzed the effects of DR for the
recognition of car bounding boxes within real-world scenes
by utilizing various state-of-the-art ANNs. The training was
conducted on synthetic data with a wide range of genera-
tion parameters, even purposely creating unrealistic data of
cars within random scenes to emphasize the effects of DR,
forcing the underlying networks only to learn essential fea-
tures. The achieved results are promising and comparable
to real-world data sets without the need for labor-intensive
annotation work, showing that DR is a suitable method for
bridging the gap between synthetic and original data. The
contribution of Tripathi et al. (2019) evaluated the viabil-
ity of generating synthetic data via image composition with
the goal of augmenting the training data. They proposed a
frameworkwith a trainable synthesizer as well as a target net-
work where training is performed in an adversarial manner.
Their results show that fewer samples are required to reach
certain accuracies compared to conventional, random data
augmentations, outperforming state-of-the-art person detec-
tion algorithms, such as the Single Shot MultiBox Detector
(SSD), by 2.7%.

Contribution of this work

The contribution of this work is the exploration of potential
data augmentation approaches in combination with different
data set structuring methods and their combined impact on
the classification capabilities of various deep neural network
models. The given data baseline consists of images from a
visual inspection process within the semiconductor manu-
facturing domain, constituting a difficult imaging challenge
due to small defect sizes in comparison to the overall image
resolution. Therefore, the core contributions are summarized
as follows:

1. Data synthesis system. The design and implementation
of a data synthesis system for the simulation of semi-
conductor wafer dicing induced defects on chips. The
proposed data synthesis system (see also Fig. 3) is based

on the assumption that content from the original wafer
data can be reused within parts of the simulation process.

2. Data set structuring.We generated various data subsets
consisting of original and synthetically generated chip
data to gain a better understanding of the individual ben-
efits and limitations of synthetically generated data in a
wide range of experiments.

3. Comprehensive model performance analysis. In order
to assess the simulation quality of our generated syn-
thetic data sets, we employed them as training data for,
among other learning-based models, our classification
stage’s backbone model, ResNet152V2. ResNet152V2
was selected as a baseline for our conducted experiments
to obtain results comparable to those of Schlosser et
al. (2022). However, we also provide results on further,
well-established DL models. The process of generating
synthetic data while subsequently evaluating the respec-
tive classification resultswas repeatedmultiple times until
the functionality and parameterization of our synthesis
system achieved satisfying results. Two groups of exper-
iments regarding the quality of the generated synthetic
data sets were conducted. Finally, we confirmed the pro-
gressiveness our approach in comparison to commonly
deployed image augmentation methods.

Fundamentals and implementation

The following sections provide an overview of the key con-
cepts and the implementation of our system. We begin by
introducing the fundamentals of generating wafer dicing
induced defects on chips using splines for defect approxi-
mation in “Splines as an approach for defect approximation”
section. Next, we present our data augmentation synthe-
sis pipeline in “Synthesis pipeline” section, followed by a
description of our classification system and learning-based
approaches in “Classification system” section. Additionally,
we provide an overview of the wafer chip data set in “Data
set overview” section and outline the structure of our exper-
iments in “Experiment structure” section.

Splines as an approach for defect approximation

Splines are often utilized for smooth and flexible interpo-
lation or approximation of data points. Splines do have a
set of different key advantages (Wold, 1974). (i) They are
mathematically founded, which allows their description as
mathematical functions. (ii)Given these functions, they allow
the approximation of physical processes, including our appli-
cation area, semiconductor wafer dicing, where a cutting
laser is guided along a scribed area of interest, resulting in
a set of chips and their dicing streets. (iii) Therefore, they
are, in terms of their underlying complexity, more compre-
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Fig. 2 Approximation accuracies of various spline interpolation meth-
ods provided by the Python library SciPy, where k represents the degree
of the underlying piecewise polynomial function. The calculation for

�dmin is shown in Eq. 1. f is the sampling factor, which controls the
rate at which the resulting spline functions are sampled. All dashed lines
represent results starting at a mean error of �dmin < 0.1

hensible in their usage as simulation parameters. However,
their heterogeneity depends on the underlying functions that
are used for simulation (problem of homogeneity (Ruppert
& Carroll, 2000)).

In order to determine the most suitable spline interpo-
lation method for the simulation of faulty dicing streets, a
detailed analysis was conducted on how well different com-
mon interpolation options approximate the underlying defect
measurements (see alsoFig. 2). To achieve comparable evalu-
ation results, the averaged shortest distance�dmin from each
measured ground truth defect, i.e., error point, to the result-
ing sample points of the spline interpolation was calculated.
This process was repeated for all defects within the ground
truth, also shown in Eq. 1.

Assume we have a set of n defects P = {Pi |i =
1 . . . n, n ∈ N}, where each defect Pi corresponds to a sub-
set of m measured points Pi = {pi j | j = 1 . . . m, m ∈ N}.
Each point pi j is represented by a 2D coordinate pi j =
{(x, y)|(x, y) ∈ R

2}. For each Pi , the spline Si is approx-
imated as a sequence of o spline segments Si = {sil |l =
1 . . . o, o ∈ N}, where the number of spline segments o is
determined by the number of measured points within the
current defect, which is scaled by a sampling factor f . The
distance di j from a point pi j to the spline Si is the minimum
distance from pi j to the closest segment sil ∈ Si . The rele-
vant spline segments sil are selected within an ε-area around
the measurement points pi j . It is calculated as follows:

di j = min
l∈{1,...,o}

(‖sil × (pi j − ail)‖
‖sil‖

)
(1)

where pi j is the measured point within Pi , ail is the starting
point of a spline segment sil , sil is the spline segment of
spline Si .

To incorporate the iteration over all defects and their
respective subsets of measured points, the average error for
each subset Pi is calculated as follows (Schlosser et al.,
2024a):

Error(Pi ) = 1

m

m∑
j=1

di j (2)

The averaged shortest distance �dmin is defined as:

�dmin = 1

n

n∑
i=1

Error(Pi ) (3)

This reflects the calculation over subsets of measured
points and the computation of distances from these points
to the respective spline. The results for various spline inter-
polation methods are highlighted in Fig. 2. Their related
implementations can be found with the Python library SciPy,
for which their class or function names are provided. For all
following considerations, we selected the spline functional-
ity of “interp_spline” with B-spline degree k = 3 as it shows
one of the best overall approximation results.

Synthesis pipeline

Our proposed data synthesis system in Fig. 3 consists of 8
processing steps ranging from the retrieval of input data and

123



578 Journal of Intelligent Manufacturing (2026) 37:573–596

Fig. 3 Control flow chart of our
proposed data synthesis system
and its related processing steps.
For a detailed description of the
related processing steps, see
“Synthesis pipeline” section

our template mapping in “Input data” and “Template map-
ping” section to the label assignment and the output of data
and synthesis results in “Label assignment” andOutput data”
section. In the following, we will explain every step of our
pipeline within the subsequent section. The synthesis system
itself is implemented in the Python programming language
by utilizing publicly available computational libraries such
as NumPy,1 OpenCV2 and SciPy.3

1 NumPy project page, https://numpy.org/.
2 OpenCV project page, https://opencv.org/.
3 SciPy project page, https://scipy.org/.

Input data

To ensure a wide range of possible synthesized wafer solu-
tions, the option tomap textures onto all areas of the resulting
wafer, chip, and street surfaces is provided. As most of the
texturemappings are optional, only the provision of digitized
defects (Fig. 3, 1, left) and chip templates (Fig. 3, 1, right)
is required. The chip templates represent a set of images that
constitute the core of thewafer synthesis processwhere all the
provided chip templates are required to have the same image
dimensions for the following mapping process. To simulate
the deviation of the dicing laser from the scribe lines, faulty
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sections of real wafers are sampled and stored as (x, y) point
sets. These are subsequently used as variable inputs for our
spline interpolation, which enables the approximation of real
defect paths.

Template mapping

Initially, the chip templates are mapped on a grid of a given
input size representing the dimensions of the desired wafer
to be generated. Since the chips themselves show different
structures and levels of illumination, it is essential that tem-
plates are provided in a sufficient variety to properly represent
the underlying data set. The visible lines between themapped
chips in Fig. 3 (2) represent the scribe lines for the separation
process.

Dicing path

In Fig. 3 (3), a map of the generated dicing paths is shown.
Straight lines represent a dicing street that follows the scribe
properly, whereas a dicing street that deviates from the
scribe represents a defect. These defects are generated via
spline interpolation based on real-world defects measure-
ments within the original data set. In order to enable a unified
fitting of the resulting spline functions, all measured defects
are prepared as orientationally aligned defect templates. The
resulting dicing path map (Fig. 3, 3) generated in this man-
ner corresponds to the previously created template mapping
(Fig. 3, 2).

Dicing result

To simulate the dicing process (Fig. 3, 4), a combination of
morphological and masking operations is deployed. Initially,
a cropping of the template map (Fig. 3, 2) based on a mask
corresponding to segments of the dicing pathmap is obtained
(Fig. 3, 3). However, to prevent data loss in the original chip
templates, the morphological operation dilation is applied to
the resultingmask throughout the separation process. Amore
detailed visualization of this process is depicted in Fig. 4,
which shows the individual processing steps ranging from
the generation of the related mask to the synthesis of the
final dicing result.

Stretching process

To visualize the dicing streets, the stretching process of the
wafer’s underlying dicing tape is simulated by applying the
respective translation vectors to the positions of the diced
chips, therefore taking the expansion of the dicing tape into
consideration. Subsequently, the resulting gaps between the
chips are made visible as shown in Fig. 3 (5).

Border generation

At this point, all chips and their related dicing streets are fully
realized, leaving only the simulation of the wafer border to
complete the typical circular look of a wafer as visualized in
Fig. 1 (left). Therefore, the generated grid is cut based on the
given wafer size, for which different simulation options for
the wafer border itself exist. One such example is shown in
Fig. 3 (6). Here, the border consists of the wafer’s underlying
dicing tape, which is overlapping past its border.

Label assignment

As all generative steps of the synthesis process are now com-
plete, an assignment of labels for the resulting chip and street
segments is mandatory for them to be usable for out-of-
the-box training purposes (Fig. 3, 7). This is achieved by
considering the relative position of the chip to the wafer bor-
der. In addition, a more detailed assessment is carried out
based on the dicing streets that surround these chips. The
labels flawless and faulty are assigned based on the current
dicing path’s course on the underlying dicing path map for
each street (Fig. 3, 3). Each chip that is adjacent to at least
one faulty dicing street is labeled as faulty.

Output data

Following the label assignment of chips and streets on the
synthesized wafer, the resulting areas of interest, i.e., chips
and streets, are automatically cropped from the synthesized
wafer image and prepared as usable data sets (Fig. 3, 8). The
resulting sections of synthesized chips and streets are stored
as labeled data sets given the addressing scheme proposed
by Schlosser et al. (2022). With the class labels of flawless
and faulty chips and streets, the resulting class assignments
are encoded within our obtained data organization, whereby,
among others, the locations of chips and streets are encoded
with their respective file names.

Classification system

Following the implementation of our hybrid multistage sys-
tem of stacked deep neural networks (SH-DNN) in Schlosser
et al. (2022), the processing steps of localization and clas-
sification as well as data augmentation are utilized on
wafer and chip data. No additional changes were introduced
for the localization steps of chips and streets within our
system. For the subsequent classification stage, The Hexag-
onal Image Processing Framework Hexnet4 was utilized to
enable the application of general learning-based classifica-
tion approaches (Schlosser et al., 2024b). In Hexnet, the

4 Hexnet project page, https://github.com/TSchlosser13/Hexnet.
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Fig. 4 Visualization of chip imagery for the required processing steps in Fig. 3 (4). Shown are a the original chip currently to be processed, b a
sample from the selected defect map, c the subsequently generated mask for the dicing process, and d the resulting faulty chip

ML framework Keras5 as well as its underlying back end
TensorFlow6 are employed, which in turn enables an accel-
erated processing via general-purpose graphics processing
units (GPGPU).

Similar to Schlosser et al. (2022), our proposed training
setup includes: the Glorot initializer for weight initialization,
the Adam optimizer with a standard learning rate of 0.001
and exponential decay rates of 0.9 and 0.999, as well as a
batch size of 32. Each investigated DNN is evaluated after
50 epochs of training, for which the results of five train-
ing runs are assessed in terms of the mean and standard
deviation in classification performance. To avoid interfer-
ence between training and test data, we conducted our test
runs with a randomized data split ratio of 80/20% for our
training and test sets. For all learning-based approaches and
DNNs, no changes to their architectures or parameterizations
were introduced. No optimizations by means of pre-trained
weights, by means of transfer learning (Weiss et al., 2010),
or by deploying additional optimization approaches such as
grid searches were introduced. As emphasized in Schlosser
et al. (2022), different learning-based approaches may yield
different results depending on the current classification stage
of the system.

Data set overview

The utilized original data set comprises various wafer types
from the contributions of Beuth et al. (2020); Schlosser et
al. (2022), which all contain different structures in terms of
varying integrated circuit designs, illumination, noise, tex-
ture, and image resolutions, which range from 224 × 224 to
912×908 pixels per chip. The varying structures on the chip
and wafer surfaces can be summarized as five different wafer
types as shown in Table 1. However, it is noted that a sixth
wafer type contained in Beuth et al. (2020) and Schlosser

5 Keras project page, https://keras.io/, version 2.3.1.
6 TensorFlow project page, https://www.tensorflow.org/, version 2.1.

et al. (2022) was discarded as it does not contain any suit-
able defects to assess the quality of our proposed synthesis
system. Additionally, each chip is categorized as either flaw-
less or faulty depending on the quality of its surrounding
dicing streets. When one of the dicing streets surrounding a
chip deviates from the scribed area towards the inner chip
area, the chip is considered faulty. Otherwise, it is consid-
ered flawless. In total, we differentiate between five different
defect types that occur within the data set. A visual com-
parison of original and synthetically generated samples is
given in Table 2. Within those error classes, the error length
varies between 4 pixel for the smallest and 3621 pixel for
the largest error. On the shorter end, the spectrum represents
defect types such as nose and chipping, which are typically
confined to the area of a single chip. Conversely, the longer
end of the spectrum represents more significant deviations,
such as oversize andundersize,which can spanmultiple chips
on the wafer surface due to substantial misalignment of the
dicing street from the intended scribe. Given that our faulty
class is defined to include only chips whose geometric size
was reduced by deviations of the dicing street, we classified
the defect types chipping, undersize, and border as faulty,
while nose and oversize were included in the flawless class.

Since this contribution is primarily concerned with the
impact of data synthesis on DNN classification capabilities,
we employ a one-shot, or single-stage, classification strategy.
Consequently, every image derived from a rasterized wafer
image undergoes processing by a singular DL classifier as
opposed to the multistage classification systems of our pre-
vious contributions Schlosser et al. (2019, 2022). While this
approach increases the difficulty of the classification prob-
lem by considering images located on the wafer border and
beyond as faulty, it also enables the emphasis of increased
classification scores that would otherwise easily reach accu-
racies of over 99% (Schlosser et al., 2022).

All data sets suffer from class imbalances due to the lim-
ited number of faulty samples, for which the data sets were
augmented by utilizing oversampling for their faulty data
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Table 1 Exemplary overview of flawless and faulty chip classes and our different wafer types within the underlying original and synthetic data sets

subsets. This simple preprocessing technique can help to alle-
viate some of the possible issues that ML and DL algorithms
have with imbalanced data sets (Mohammed et al., 2020).
Overall, the number of flawless chips was increased from
5963 to 6438, while the number of faulty chips was increased
from 1026 to 6438 given the original data set. Moreover, the
data set exhibits a notable disparity in its sample distribu-
tion across the different wafer types as detailed in Table 3.

This disparity arises since certain wafer types, specifically
types 1 and 3, are represented by multiple wafers within the
data set. Wafer type 2, on the other hand, has a significantly
higher chip count and therefore a lower original image reso-
lution per chip sample. It is also noteworthy that wafer types
4 and 5 only consist of a quarter of a wafer instead of a
full wafer. This characteristic further complicates the clas-
sification tasks associated with these particular wafer types.
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Table 2 Exemplary overview of the five defect types within the underlying original and synthetic data sets

Subsequently, synthetic wafers were created based on the
nature of the original data using our proposed data synthesis
system. The resulting synthetic wafers were in turn used to
create composite data sets containing original and generated
data based on the ratios displayed in Table 3. In addition, var-
ious subsets of these data were created as shown in Table 5.

Experiment structure

To validate the effectiveness of the proposed data synthesis
method, we conducted a series of experiments using vari-
ous deep learning classifiers and data set variations. In the
following, we provide an outline of these experiments:
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1. Baseline experiments. Training on original data sets
as well as composite data sets. In both cases, test-
ing is exclusively performed on the original data. For
data set balancing purposes, all baseline classification
experiments are performed with balanced data sets via
class-wise oversampling.

(a) Comprehensive model performance analysis. For
the purpose of gaining initial insights into suitable
model types, we deployed 18 different deep learn-
ing models and evaluated their performance on both
the original and composite data sets. The results are
presented in Table 4 and Fig. 5.

(b) Investigation of individual wafer types. To ana-
lyze the difficulties within our data set and evaluate
the potential benefits of the proposed data synthesis
method, we split the data set based on wafer type
and assessed each of the five resulting subsets using
ResNet152V2 as classifier. The results are detailed in
Table 5, Figs. 6, and 7.

(c) Comparison of augmentation methods. In order to
evaluate the progressiveness of our chosen approach
to data synthesis, two different augmenters that utilize
classical data augmentationmethods are proposed, (i)
a simple and (ii) a complex augmenter. (i) Our
simple augmenter encompasses randomized affine
transformations, including rotations, translations, and
scaling. Additionally, image flipping is implemented.
(ii) Our complex augmenter additionally encom-
passes image cropping and padding, further affine
transformations such as image shearing, blurring, and
sharpening filters, as well as hue and saturation fil-
ters. These augmentation operations are applied with
different probabilities in randomized orders with the
help of the image augmentation library imgaug (Jung,
2020a, b). The results are showcased in Table 6 and
Fig. 9.

2. LOOCV experiments. Leave-one-out cross-validation
(LOOCV) is deployed as a suitable method for the eval-
uation of our models’ generalization capabilities (Wong,
2015). We differentiate between two different approaches
to LOOCV as highlighted in Table 5.

(a) O-LOOCV experiments. LOOCV with the original
wafer data. Training is performed on different subsets
of the original data, while testing is performed on the
original data.

(b) SC-LOOCV experiments. LOOCV with composite
wafer data. We propose a novel synthetic-composite
leave-one-out cross-validationmethod (SC-LOOCV)
to analyze the quality of our synthesized data for each
specific wafer type. LOOCV is extended by training

on different subsets of original and synthetic data,
while testing is performed on the original data.

Test results and evaluation

In the following sections, the findings of this contribution
are presented starting with an overview of our test setup
in “Test setup” section. Subsequently, our synthesized data
set is introduced in “Synthesized data sets” section with a
visual overview of defects in comparison to our related orig-
inal data set. Following, our core findings are discussed in
“Baseline classification experiments” and “LOOCV classifi-
cation experiments” sections, including the evaluation of the
classification results of various deep neural networks. Our
proposed experiments are conducted by creating different
data subsets encompassing: (i) a composite data set that is
composed of the original data set that has been supplemented
with synthetic data, and (ii) a leave-one-out cross-validation
data set with subsets of the original data set and our compos-
ite data set.

Test setup

The following sections provide a brief overview of our test
setup in terms of utilized software, hardware, and perfor-
mance and evaluation metrics.

Software

To facilitate the deployment of Hexnet, the package man-
agement and deployment distribution Anaconda has been
utilized, which in turn allows the distribution and setup of
Hexnet on different operating systems. The created virtual
environments are powered by Python version 3.7. All oth-
erwise utilized dependencies are addressed in “Synthesis
pipeline” and “Classification system” sections.

Hardware

Our hardware for evaluation aswell as all related training and
testing purposes includes (i) our CPU, “Intel(R) Core(TM)
i9-9900K CPU @ 3.60GHz” with 7200 BogoMips, (ii) our
GPU, “TITAN RTX” with 24 GB VRAM, as well as (iii) our
working memory with 128 GB of RAM at 2666 MHz.

IO,C = 1 − F1O

1 − F1C

(4)

where IO,C is the improvement factor, F1O is the F1-score
of original data sets, F1C is the F1-score of composite data
sets.
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Performance metrics

Throughout the presented experiments, the F1-score was
the selected main performance fitness and error metric of
choice. While the F1-score is not the most suitable metric for
evaluating imbalanced data sets (Bhowan et al., 2011), this
issue was partially alleviated by oversampling and therefore
creating balanced data sets between the flawless and faulty
classes for eachof the respectivewafer types for all conducted
experiments. The improvement factor IO,C (Schlosser et al.,
2022, 2024a) for the assessment of the resulting classifica-
tion capabilities is defined in Eq. 4. It calculates the relative
improvement of amodel’s defect detection capabilities based
on its F1-score, for which the results of two different classi-
fication experiments are compared with each other.

Synthesized data sets

To realize synthesized data sets in close alignment with
the characteristics of their original data, our data synthe-
sis system relies heavily on the usage of existing content.
The underlying annotation task can be broken down to the
cropping of chip templates and measurements of faulty dic-
ing paths in the form of measurement points. In total, 245
chip templates and 78 faulty dicing paths consisting of 2274
measurement points were utilized from the original data set.
Overall, the generated synthetic data set used in the presented
experiments includes 23 generated wafers and 27,144 gener-
ated chips, where 16,794 chips are considered flawless and
10,350 faulty. Since a higher ratio of simulated faulty chips
would have resulted in a class imbalance between flawless
and faulty chips, we applied oversampling to the synthetic
data set to reach a balance similar to that of the original data
set, obtaining a total of 33,768 generated chips. Samples of
the generated synthetic flawless and faulty chip classes are
shown in Table 1.

Baseline classification experiments

Although the provided original data set was balanced by
oversampling, the underlying issues were only partially alle-
viated. By increasing the total number of chips, we increased
the total number of training samples from 10,292 chips
within the original data set to 46,644 chips by combining
the generated synthetic data set with the original data. An
overview of the different restructured data sets is given in
Table 5. For better comparability, the distributions of the
respective test sets remain unchanged as in our previous
experiments on the original data (Schlosser et al., 2022).
Overall, the supplementation of the original datawith synthe-
sized data resulted in general improvements, whereas wafer
types 2 and 5 resulted in minor changes in F1-score-based
classification accuracy with relative improvement factors

of 1.12 and 0.78, respectively. However, the classification
capability on the data sets with wafer types 1, 3 and 4
increased significantly, with improvement factors ranging
from 2.26 to 3.98. While all the individual wafer type data
sets achieved improvement factors of ≥ 0.78, the combined
data set encompassing all the wafer types also resulted in an
overall improvement of 1.28 in terms of the relative improve-
ment factor. As real-world application cases often show an
imbalance between different types of wafers, our overall
improvement incorporates this imbalance since a sizeable
fraction of our data set originates from wafer type 2.

Additionally, Fig. 7a displays the relative improvement
factors based on the true positive rate (TPR, also known as
recall or sensitivity) and the true negative rate (TNR, also
known as the specificity) (Schlosser et al., 2024a) for the
30 individual experiments conducted throughout our base-
line experiments. These metrics are of particular interest for
distinguishing the individual classification improvements for
flawless and faulty samples of the realized data synthesis sys-
tem. Overall, the mean TPR increased from 77.30± 34.59%
for the original data set to 87.37±16.56% for the composite
data set, resulting in a relative improvement of 1.80. Con-
sequently, the TNR increased slightly from 89.57 ± 10.52
to 90.43 ± 6.09%, translating to a relative improvement of
1.28. The overall results in Table 5 show an increased mean
F1-score of 81.04 ± 14.87% for the original data set to
88.95 ± 7.96% for the composite data set. Therefore, our
baseline experiments confirm our observations regarding the
viability of the synthesized data sets generated by the pro-
posed system as a means of data augmentation for sparse and
imbalanced data sets.

These results are furthermore qualitatively confirmed in
Fig. 8, presenting gradient-weighted class activation map-
pings (Grad-CAM) (Selvaraju et al., 2016, 2017). Provided
are the obtained class activation maps for our baseline clas-
sification experiments. These show improved activations for
our composite wafer data when considering their general
nature. A noteworthy observation can be seen when compar-
ing both classes for both data sets: Overall, faulty chip CAMs
focus on the dicing streets, whereas flawless chip CAMs tend
to focus the chips’ surfaces as well. Therefore, CAMs for our
composite wafer data are more focused on the relevant image
contents, which in turn can explain the improved model per-
formance with our synthesized wafer data.

LOOCV classification experiments

Leave-one-out cross-validation can be seen as one of the
more challenging tasks for learning-based approaches. Typ-
ically, leave-one-out cross-validation is performed by split-
ting a data set into n subsets. Each of the resulting subsets
is used as a test set once, while the remaining n − 1 sub-
sets are utilized for training as described in (Refaeilzadeh
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Table 4 Model performance
comparison for different
DL-based approaches with our
original data set and our
composite data set

Model Original wafer data Composite wafer data IO,C

DenseNet121 (2017) 94.65 ± 0.39 96.05 ± 0.45 1.35

DenseNet169 (2017) 94.66 ± 0.21 96.28 ± 0.44 1.44

DenseNet201 (2017) 94.55 ± 0.66 96.06 ± 0.32 1.38

InceptionResNetV2 (2017) 94.90 ± 0.43 95.53 ± 0.49 1.14

InceptionV3 (2016) 95.07 ± 0.44 95.70 ± 0.19 1.15

MobileNet (2017) 92.22 ± 0.75 94.73 ± 0.53 1.48

MobileNetV2 (2018) 91.29 ± 0.34 93.60 ± 0.85 1.36

NASNetLarge (2018) 33.31 ± 0.05 91.29 ± 1.06 7.66

NASNetMobile (2018) 51.62 ± 22.48 92.40 ± 1.00 6.37

ResNet50 (2016a) 94.19 ± 0.33 94.71 ± 0.56 1.10

ResNet50V2 (2016b) 94.01 ± 0.31 95.76 ± 0.20 1.41

ResNet101 (2016a) 93.79 ± 0.35 95.65 ± 0.40 1.43

ResNet101V2 (2016b) 94.52 ± 0.51 95.55 ± 0.49 1.23

ResNet152 (2016a) 94.01 ± 0.45 95.51 ± 0.24 1.33

ResNet152V2 (2016b) 93.80 ± 0.36 95.14 ± 0.47 1.28

VGG16 (2015) 33.33 ± 0.00 33.33 ± 0.00 1.00

VGG19 (2015) 33.33 ± 0.00 33.33 ± 0.00 1.00

Xception (2017) 94.24 ± 0.51 95.47 ± 0.43 1.27

All results were measured in macro average F1-score [%] and averaged over 5 runs. Increased results are
highlighted in bold. For a graphical visualization, see Fig. 5

Fig. 5 Model performance visualization of Table 4. NASNetLarge
and NASNetMobile show improvement factors of 7.66 and 6.37,
respectively, which result from their strongly reduced classification

capabilities on the original data set. In comparison, VGG16 andVGG19
performed very poorly on both data sets. The obtained improvement
factors are limited to a range of 0.75 ≤ IO,C ≤ 1.5

et al., 2009). The general goal of LOOCV is to evaluate a
model’s classification capabilities on unknown data, which
is a suitable application for our use case within the domain
of semiconductor manufacturing as the internal chip struc-

tures change significantly between wafer types. However, as
noted in “Contribution of this work” section, we perform
LOOCV with a slight modification. While the principles of
LOOCV remain the same by selecting one of our 5 available
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Table 5 Classification results of our baseline and LOOCV classification experiments

Wafer type Baseline LOOCV IO,C

Original Composite O-LOOCV SC-LOOCV Baseline LOOCV

1 84.18 ± 5.92 92.99 ± 0.65 50.28 ± 6.74 88.68 ± 3.15 2.26 4.39

2 92.68 ± 0.70 93.49 ± 0.74 88.83 ± 0.86 86.97 ± 1.62 1.12 0.86

3 84.94 ± 25.80 96.22 ± 1.81 37.69 ± 6.45 89.60 ± 1.94 3.98 5.99

4 49.38 ± 22.43 79.98 ± 6.06 37.94 ± 7.19 67.77 ± 4.48 2.53 1.93

5 81.24 ± 2.87 75.87 ± 11.64 43.75 ± 9.36 42.04 ± 4.64 0.78 0.97

All 93.80 ± 0.36 95.14 ± 0.47 – – 1.28 –

Mean 81.04 ± 14.87 88.95 ± 7.96 51.70 ± 19.13 75.01 ± 18.34 1.99 ± 1.08 2.83 ± 2.03

Wafer type Original Composite

Train Test
∑

Train Test
∑

Contained chips within the data subsets of the original baseline experiments

1 1940 488 2428 7302 488 7790

2 4672 1168 5840 22,680 1168 23,848

3 2720 684 3404 9398 684 10,082

4 248 64 312 770 64 834

5 712 180 892 3910 180 4090

All 10,292 2584 12,876 44,060 2584 46,644

Wafer type O-LOOCV SC-LOOCV

Train Test
∑

Train Test
∑

Contained chips within the data subsets of the LOOCV experiments

1 10,448 2428 12,876 15,810 2428 7790

2 7036 5840 12,876 25,044 5840 30,884

3 9472 3404 12,876 16,150 3404 19,554

4 12,564 312 12,876 13,086 312 13,398

5 11,984 892 12,876 15,182 892 16,074

The original data are used as a baseline and compared to our composite data set, which consists of original and synthetic training data. In the last
set of columns, the resulting improvement factor IO,C is derived. For all displayed experiments, the test sets consisted of original wafer data. All
results were measured in macro average F1-score [%] and averaged over 5 runs. Increased results are highlighted in bold

wafer types as our test set with the remaining 4 wafer types
forming our training set (also called LOOCV with original
wafer data, O-LOOCV), the training set is additionally sup-
plemented with synthetic samples of the wafer type to be
evaluated within the test set (also called synthetic-composite
LOOCV, SC-LOOCV).

Our classification results are presented inTable 5. Initially,
O-LOOCV was performed on the original wafer data. Over-
all, the obtained results show reduced scores on the original
data in comparison to our baseline experiments, barely reach-
ing an F1-score of 50%. The subset where the wafer types
1, 3, 4 and 5 were used for training and tested against wafer
type 2 yielded improved results with an overall F1-score of
88.83±0.86%. This could be related to the fact that the inter-
nal chip structures of wafer type 2 appear to have a reduced
complexity compared to those of other wafer types, therefore

benefiting from the effects of domain randomization due to
the diversity between the other wafers present in the training
set (see also Table 1). In comparison, the data sets that were
supplemented with synthetic wafers for the left-out origi-
nal wafers resulted in an overall increase in performance.
The wafer types 1 and 3 benefited the most from the supple-
mentation with synthetic data, significantly increasing their
respective overall improvement factors with 4.39 and 5.99.
Wafer type 4 resulted in an increase of the overall perfor-
mance by 1.93, whereas the wafer types 2 and 5 obtained a
slight decrease in terms of classification capabilities.

The relative improvement factors presented based on the
TPR and TNR for the 25 individual experiments conducted
throughout our LOOCV experiments in Fig. 7b further illus-
trate the difficulties between the individual wafer types.
Overall, the mean TPR increased from 27.76 ± 36.50% for
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Fig. 6 Model performance visualization of Table 5. Our results for our
baseline and LOOCV experiments are shown. The obtained improve-
ment factors are limited to a range of 0.5 ≤ IO,C ≤ 7.0. To provide
an example for the calculation of the improvement factor given wafer

type 1 in (a): According to Eq. 4, the F1-scores of the related origi-
nal and composite data sets are used to calculate the respective relative
improvement factor via IO,C = (1 − 0.8418)/(1 − 0.9299) ≈ 2.26

O-LOOCV to 64.24 ± 31.16% for SC-LOOCV, achieving
a relative improvement of 2.02. However, the TNR slightly
decreased from 94.08 ± 7.01 to 89.84 ± 2.69%. This can
be explained by the classification system creating more false
negatives in the initial assessment. Yet, the total number of
false negatives could be decreased from 16,182 to 6341 sam-
ples with SC-LOOCV.

Finally, Table 5 shows a mean F1-score over all O-
LOOCV experiments of 51.70 ± 19.13%, underlining the
general difficulty of this experiment type with the original
data set. In comparison, our proposed synthesis approach
achieves a mean F1-score of 75.01 ± 18.34% with a rela-
tive improvement of 2.83 ± 2.03 by utilizing the resulting
composite data set (SC-LOOCV). Therefore, a significant
improvement in the overall classification capabilities of our
system could be achieved. Future evaluations regarding the
generation of synthetic data, however, should also assess the
parameterization of our synthesis system regarding – yet
unknown – characteristics within our original data set, for
which further investigations will have to be conducted.

Discussion

In this section, we provide further insights regarding the pro-
gressiveness of our chosen approach as data augmentation
method in “Progressiveness as data augmentation method”
section, our models’ runtime performance, benefits with syn-

thetic data, and decisionmaking regardingmodel selection in
“Runtime performance”, “Additionally observed benefits of
synthetic data”, and “Decisions regarding model selection”
section, aswell as our finally obtainedwafer defectmap visu-
alizations in “Wafer defect map visualization” section.

Progressiveness as data augmentationmethod

In order to evaluate the progressiveness of our proposed
approach to the simulation of semiconductor wafer dicing
induced fault on chips and their application as augmen-
tation method for a deep learning based visual inspection
system, further, conventional approaches to data augmenta-
tion are assessed. For this purpose, Table 6 and Fig. 9 give an
overview of different classification results with our chosen
classification backbone model, ResNet152V2. These results
are separated into experiments with our original wafer data,
conventional data augmentation methods that are commonly
applied in image processing, and our composite wafer data.

For our augmenters, (i) simple and (ii) complex, the
parameter asi ∈ {1, 2, 3, 4, 8} denotes the augmentation
size, whereby an asi of 2, for instance, denotes an aug-
mentation of the original train set’s size by factor 2. For
(i), the parameter ast ∈ {1, 2, 3, 4, 8} denotes the strength
of the augmentation, which magnifies the application of the
respective augmentation operations by the given factor. For
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Fig. 7 The improvement factors of our a baseline and b LOOCV clas-
sification experiments based on the true positive rate (TPR) and the true
negative rate (TNR) are shown. For each of the five test runs, the order at

which the samples were trained was randomized, whereas the training
and the test sets remained otherwise unchanged

(a) Orig. data,

class faulty,

sample 1

(b) Orig. data,

class faulty,

sample 1

(c) Orig. data,

class faulty,

sample 2

(d) Orig. data,

class faulty,

sample 2

(e) Orig. data,

class flawless,

sample 1

(f) Orig. data,

class flawless,

sample 1

(g) Orig. data,

class flawless,

sample 2

(h) Orig. data,

class flawless,

sample 2

(i) Comp. data,

class faulty,

sample 1

(j) Comp. data,

class faulty,

sample 1

(k) Comp. data,

class faulty,

sample 2

(l) Comp. data,

class faulty,

sample 2

(m) Comp. data,

class flawless,

sample 1

(n) Comp. data,

class flawless,

sample 1

(o) Comp. data,

class flawless,

sample 2

(p) Comp. data,

class flawless,

sample 2

Fig. 8 Class activation map comparison with ResNet152V2 after 50
epochs of training for wafer type 1. Row-wise, results for our original
wafer data (top) and compositewafer data (bottom) are shown. Column-

wise, class activation heatmaps and overlapped heatmaps (left and right,
respectively) are depicted for the classes faulty and flawless with two
different chip samples each
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further information on the utilized augmentation operations,
see Hexnet.7

By comparing the results obtained in Table 6 it is evident
that our approach achieves the best result in comparison to
our baseline data and their augmented versions, for which
conventional augmentation operations have been employed.
For (i,ii), increasing asi result in increased classification
scores. Yet, increased train set sizes also mean asi-fold
increased training times. For (i), increasing ast seem to
have only a minor influence on model performance. Over-
all, a classification scores of 94.11-−94.22% (original wafer
data), 90.38-−92.43% (conventional data augmentation),
and 95.64% (composite wafer data) are obtained. These
observations confirm the progressiveness of our chosen
approach but also emphasize the domain-specific challenges
present within our data set. Therefore, it can be concluded
that the basic image manipulations employed by our simple
and complex augmenters diverge from the real-world data
distribution and do not adequately represent the test set.

Runtime performance

In addition to our model classification analysis with different
DL-based approaches in Table 4, we provide a comprehen-
sive runtime overview in Table 7 based on three critical
metrics: the models’ trainable parameters [m], their train-
ing time per sample, and their testing time per sample.
Here, a key observation is the correlation between the num-
ber of trainable parameters and the models’ training time
per sample. With the exception of VGG16 (84.73 million
trainable parameters) and VGG19 (112.32), an increased
model complexity, i.e., the number of trainable parameters,
also increases the training time required per sample for a
given model. However, for our testing times, this trend is
less noticeable. Only NASNetLarge (84.73 million trainable
parameters) requires a significant increase in testing time per
sample of 4.70 ms. For a potential deployment, the testing
time per sample, also known as the inference time, is the
most relevant metric following its classification accuracy. In
our previous work (Schlosser et al., 2022), we determined a
runtime requirement of 50ms per image sample for a deploy-
ment in application. Based on Table 7, we therefore conclude
that all our analyzedmodelsmeet this requirement, with none
of them exceeding a testing time of 5ms per sample, which
would even enable the utilization of multiple models within
one ensemble of models. Considering an inference time of
2.83ms per chip for ResNet152V2, which was the primarily
utilized model for most of our experiments, we can summa-
rize that the classification time needed to process an entire

7 Hexnet project page: augmenters.py: Dataset Augmenters,
https://github.com/TSchlosser13/Hexnet/blob/master/_ML/misc/
augmenters.py.

wafer lies between 0.88 s for wafer type 4, representing the
least amount of chips per wafer, and 16.53 s for wafer type 5,
representing the most amount of chips per wafer, as detailed
in Table 3.

Additionally observed benefits of synthetic data

Given the increased standard deviations of our original wafer
data classification results vs. our composite wafer data clas-
sification results in Table 5 for both our baseline and our
LOOCV experiments, it is evident that the problems of high
variance and data overfitting can be alleviated. At the same
time, this also enables the utilization of larger DNNs that
do show problems when training on our original wafer data,
such as NASNetLarge and NASNetMobile (Table 4). Our
experiments highlight that our classification pipeline can be
further adapted to previously unknown data with our data
synthesis system, which depends on the characteristics of
the underlying original data (see also differences in classi-
fication accuracies per wafer type in Table 5). Finally, with
the provided Tables 5 (classification results) and 7 (model
runtime comparison) an informed decision regarding model
selection can be made.

Decisions regardingmodel selection

To assess the quality of our synthetic data, ResNet152V2 was
deployed as our main model for evaluation. It was used as
a baseline for all conducted experiments to generate results
comparable to the contribution of Schlosser et al. (2022).
While DenseNet201 and InceptionResNetV2 show slightly
increased mean F1-scores, ResNet152V2 shows improved
standard deviations, which justifies its use for our LOOCV
classification experiments following our baseline classifica-
tion experiments.

Wafer defect map visualization

In Fig. 10, a qualitative evaluation of our LOOCV exper-
iments is provided, which shows the resulting visualized
wafer maps with ground truth visualizations (left column),
O-LOOCV classification result visualizations (middle col-
umn), and SC-LOOCV classification result visualizations
(right column). For the ground truth, flawless (•) and faulty
chips (•) are visualized. For the classification results, correct
(•) and incorrect chip classifications (•) are visualized for our
O-LOOCV and SC-LOOCV experiments. Subsequently, the
finally obtained wafer defect map visualizations can enable
easier and more efficient (semi-)automated assessments by
an inspector.
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Table 6 Model performance
comparison for ResNet152V2
(He et al., 2016b) with different
data sets to evaluate the
progressiveness of different
approaches to data augmentation
(asi = augmentation size, ast
= augmentation strength)

Data set Macro average F1-score [%]

Original wafer data

No augmentation 94.22 ± 0.45

Oversampling 94.11 ± 0.40

Conventional data augmentation

Simple augmenter (asi = 1, ast = 1) 91.09 ± 1.77

Simple augmenter (asi = 1, ast = 2) 90.58 ± 0.99

Simple augmenter (asi = 1, ast = 3) 90.38 ± 1.22

Simple augmenter (asi = 2, ast = 1) 91.37 ± 1.25

Simple augmenter (asi = 2, ast = 2) 92.39 ± 0.35

Simple augmenter (asi = 2, ast = 3) 91.98 ± 0.57

Simple augmenter (asi = 3, ast = 1) 91.93 ± 0.88

Simple augmenter (asi = 3, ast = 2) 92.09 ± 0.50

Simple augmenter (asi = 3, ast = 3) 92.01 ± 0.36

Simple augmenter (asi = 4, ast = 4) 92.43 ± 0.43

Simple augmenter (asi = 8, ast = 8) 91.99 ± 0.54

Complex augmenter (asi = 1) 89.54 ± 0.87

Complex augmenter (asi = 2) 91.20 ± 0.55

Complex augmenter (asi = 3) 91.37 ± 0.94

Complex augmenter (asi = 4) 91.99 ± 0.43

Complex augmenter (asi = 8) 93.65 ± 0.13

Composite wafer data

Our approach 95.64 ± 0.23

All results were measured in macro average F1-score [%] and averaged over 5 runs. The best result is
highlighted in bold. For a graphical visualization, see Fig. 9

Fig. 9 Model performance comparison for ResNet152V2 (He et al.,
2016b) with different data sets to evaluate the progressiveness of differ-
ent approaches to data augmentation. For our augmenters, (i) simple
and (ii) complex, the augmentation size asi and the augmentation

strength ast are denoted as follows: (i) “Simple:asixast” and (ii)
“Complex:asi”. All results were measured in macro average F1-score
[%] and averaged over 5 runs
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Fig. 10 Visualized wafer maps for our qualitative evaluation with
exemplary LOOCV experiment results for wafer types 1 and 3 with
ResNet152V2 (denotation: <wafer type>-<wafer number>). The
resulting visualized wafer maps with their ground truth visualizations
(left column), O-LOOCV classification result visualizations (middle

column), and SC-LOOCV classification result visualizations (right col-
umn) are shown. For the ground truth, flawless (•) and faulty chips (•)
are visualized. For the classification results, correct (•) and incorrect
chip classifications (•) are visualized (Color figure online)
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Table 7 Model runtime comparison with trainable parameters as well as training and testing times per sample

Model Trainable parameters [m] Training time/sample [ms] Testing time/sample [ms]

DenseNet121 (2017) 6.96 3.15 1.64

DenseNet169 (2017) 12.49 3.92 2.13

DenseNet201 (2017) 18.10 5.00 2.64

InceptionResNetV2 (2017) 54.28 5.12 2.80

InceptionV3 (2016) 21.77 2.15 1.31

MobileNet (2017) 3.21 2.19 0.64

MobileNetV2 (2018) 2.23 2.40 0.69

NASNetLarge (2018) 84.73 15.45 4.70

NASNetMobile (2018) 4.24 4.85 1.73

ResNet50 (2016a) 23.54 2.80 1.26

ResNet50V2 (2016b) 23.52 2.43 1.19

ResNet101 (2016a) 42.56 4.54 1.94

ResNet101V2 (2016b) 42.53 4.20 1.99

ResNet152 (2016a) 58.22 6.45 2.74

ResNet152V2 (2016b) 58.19 6.06 2.83

VGG16 (2015) 107.01 3.89 1.58

VGG19 (2015) 112.32 4.48 1.77

Xception (2017) 20.81 5.73 1.34

Conclusion and outlook

In this contribution, our proposed and developed data syn-
thesis system was evaluated for its ability to generate wafer
imagerywith close to real-world resemblance, encompassing
high-resolution wafer, chip, and street images and annota-
tions. The synthesis system can be deployed to create labeled
synthetic data sets of unknown or underrepresented wafer
(and chip) types and defect patterns.

A data set consisting of 33,768 synthetic chipswas created
and evaluated based on its classification capabilities given
our visual inspection system, which is based on different
learning-based approaches from machine learning, such as
deep neural networks. Two experiments were conducted on
our synthetic data set. For our initial baseline experiments,
our synthetic data were utilized to supplement the training
data, otherwise consisting of original chip imagery. The rel-
ative classification capabilities were significantly increased
by up to 3.98 times on the individual wafer type data subsets,
whereas an F1-score of 95.14% was obtained on our data set
encompassing all wafer types. For the second experiment,
a variation of leave-one-out cross-validation (LOOCV) was
introduced for the purpose of validating the quality of our
generated synthetic data sets. The underlying idea was to
evaluate the classification capabilities of an existing visual
inspection setup on a previously unknown type of wafer
where no labeled data with only a few faulty samples are
present. The left-out wafer type of the LOOCV experiments
was supplemented with synthetic data for the training set.

In this scenario, the relative classification capabilities of the
underlying model were significantly increased by up to 5.99
times, showing an overall improvement of 2.83 times over
all wafer types.

Consequently, our results show that the classification
capabilities of the utilized DL algorithms can be consis-
tently improved by supplementing the training data sets with
synthetic data without changing the nature or complexity of
the classifiers used. Furthermore, the experiments detailed
in Table 4 imply that the augmentation of the training set
with synthetic data enables the application of more sophis-
ticated DL algorithms. Additionally, Table 4, in conjunction
with Table 7, serves as a guideline for selecting a suitable
trade-off between runtime and classification accuracy.

Subsequently, this work will serve as a baseline for future
contributionswith application-specific fine-tuning, forwhich
novel learning-based approaches to image generation and
classification have yet to be investigated within the con-
text of (semi-)automated visual inspection. Therefore, future
contributions should also investigate approaches to improve
our data synthesis and classification process, for which
class activations could be further utilized to substantiate
the explainability of our realized system. For this purpose,
current approaches to image classification, such as vision
transformers (Dosovitskiy et al., 2021), including, i.a., data-
efficient image transformers (DeiT) and hybrid transformers
(Han et al., 2021; Touvron et al., 2021a, b), as well as image
generation, such as generative adversarial networks (Gui et
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al., 2021) and diffusion models (Cao et al., 2024), could be
leveraged.

While the proposed data synthesis system is currently
limited to being a domain-specific solution, it offers the
significant advantage of synthesizing entire wafers. Achiev-
ing this with deep learning based generative methods (Gui
et al., 2021) alone would be challenging due to the high
resolution of the underlying images and low sample count
(Table 3). Additionally, the synthesis system supports a broad
range of simulation parameters, facilitating the exploration
of solutions in the domain of meta-learning (Shorten &
Khoshgoftaar, 2019). However, the importance of preserving
plausible neighbor relationships between chips and streets
has not yet been fully explored andwarrants further investiga-
tion, particularly in comparison with generative approaches.
Subsequently, the system’s optical components, including
parameters such as camera and lighting configurations, will
require thorough examination to enable a precise application-
specific fine-tuning (Schlosser et al., 2022).
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