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Abstract: - In the integrated circuits manufacturing process, a critical dimension scanning electron microscope machine provides high-
resolution images of geometries on semiconductor wafers and measurements of the printed polygons after the photolithography process.
These images and measurements are crucial for calibrating lithography process models such as the etch model, optical proximity correction
model, and resist model, which are necessary for simulating the photolithography process and hence reducing the probability of defects
occurrence. However, The test chips used for model calibration often contain imperfections or anomalies that require accurate detection
and classification to be removed from the model calibration process. Traditionally, engineers manually filter semiconductor wafer images
and their measurements, which is a time-consuming and error-prone task. Therefore, there have been attempts to use machine learning to
automate image filtering. In this research, we introduce a novel approach using an image preprocessing stage followed by a transformer-
based object detection model to automate detecting and classifying defects in semiconductor wafer images containing an array of lines or
a matrix of contacts. The proposed approach shows improved accuracy compared to traditional methods.
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I. INTRODUCTION

Lithography is a fundamental process in semiconductor fabrication, playing a pivotal role in defining the critical
dimensions of integrated circuits (ICs). The primary objective of semiconductor lithography is to transfer patterns
from a mask to the semiconductor wafer. This process involves projecting the mask's image onto a radiation-
sensitive resist material coated on the wafer using optical components of an exposure tool. The patterns transferred
include gates, isolation trenches, contacts, metal interconnects, and vias for interconnecting metal layers [1].

A CD-SEM (Critical Dimension Scanning Electron Microscope) machine is a type of scientific instrument used in
the semiconductor industry and nanotechnology research to measure and analyze the critical dimensions of
extremely small structures and features on a semiconductor wafer or other microelectronic devices [2]. CD-SEM
machine exports images of printed circuits and some measurements at some points in the wafer. This data is used
to calibrate photo-lithography process models by knowing the variation between the dimensions in the layout and
the actual printed dimension [3]. Some of these images might contain failures during the printing process which is
called lithographic failure. Traditional wafer defects are usually caused by particles or defects on the mask or in the
resist layers. However, as printed dimensions get smaller, random defects can also occur due to reactions within the
resist film during pattern formation [4]. Fig.1 shows different types of defects in CD-SEM images.

Traditional approaches to defect detection typically require manual examination, a process that is not only labor-
intensive but also prone to errors and variability. The emergence of machine learning and deep learning technologies
has led to a significant shift towards automating the detection process using more advanced and reliable techniques.
These methods have demonstrated superior capabilities in handling the complexities associated with CD-SEM
images, such as high noise levels, varying contrast, and complex defect patterns.

This research aims to automate the process of filtering images produced during the semiconductor fabrication
process using transformers. The paper is structured as follows: Section 2 provides a review of relevant studies.
Section 3 outlines the proposed method for defect detection and classification. Section 4 presents an analysis of the
dataset preparation and the model training process. Section 5 details the results and comparisons, and Section 6
concludes the paper.
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Figure 1: Different defect categories: (a) bridge, (b) gap/break,
(c) line-collapse, (d) missing contact, () merging contacts

Il. RELATED WORK

This section provides a concise overview of the existing literature on CD-SEM image defect detection in
semiconductor manufacturing.

Peter De Bisschop et al. developed the (pix)NOK metric, standing for "Not OK pixels," a specific measure of CD-
SEM images to quantify the extent of defects or failures. This metric counts the pixels outside specified tolerance
limits for a given feature's dimensions. Using this metric allows a quantifiable and standardized assessment of
feature quality, and it is an effective way to determine the pass/fail status of specific areas on the wafer [4].
Hiroshi Fukuda et al. introduced the use of autoencoders to detect defects in CD-SEM images. First, the encoder
and decoder are trained to compress and decompress CD-SEM images with no defects. Then, these trained encoder
and decoder networks are used to generate images from input SEM images. If there is a difference between the
input image and the output image, the input image is considered defective since the output image is always without
any defects [5].

Bappaditya Dey et al. proposed an ensemble strategy to combine the output predictions from different models,
achieving better performance in the classification and detection of defects. This approach is complemented by an
unsupervised machine learning model for denoising CD-SEM images, which enhances the inspection process by
reducing false positives and optimizing the effect of stochastic noise [6]. Additionally, they presented another
method for defect classification and detection in CD-SEM images using the deep learning-based Mask R-CNN
model, leveraging its powerful feature extraction and instance segmentation capabilities to accurately identify and
classify defects [7].

To the best of our knowledge, this is the first instance where transformers have been utilized to detect and classify
defects in CD-SEM images of semiconductors.

I1l. PROPOSED APPROACH

The paper "Attention Is All You Need" authored by Vaswani et al., introduced the transformer model that depends
entirely on an attention mechanism instead of complex recurrent or convolutional neural networks which are
commonly used in previous models [8]. The Transformer architecture consists of an encoder-decoder structure,
where both the encoder and decoder are built using layers of self-attention and feed-forward neural networks [9].
Transformers have transformed the field of natural language processing (NLP) and have become foundational to
many widely adopted models like BERT [10], GPT [11], and T5 [12]. Their ability to handle long-range
dependencies and parallelize training processes has significantly improved the efficiency and effectiveness of NLP
tasks, for example, text translation and summarization. Moreover, transformers have extended their influence to
other domains, including computer vision and speech recognition, by enabling models to learn complex patterns
and relationships within data. We considered the problem of detecting defects in CD-SEM images as a sequence
problem as there will be missing or added shapes in a certain pattern. Fig.2 shows an example of a CD-SEM image
defect in a matrix of contacts layout. The defect here is a missing contact at the center of the image. As we can see,
the defective object is just an empty background, but we can identify this defect from the surrounding contacts.
The proposed method includes detection transformers (DETR) [13] as the base model. DETR Combines
transformers with the common Convolutional Neural Network (CNN) [14] to benefit from the power of identifying
sequences in transformers in an object detection model. This mechanism allowed the model to understand the
overall context of images and the relationships between objects. This capability is particularly valuable for our
problem, where the shape of the defect is undefined; instead, defects can be identified based on discrepancies from
expected patterns in their surroundings.
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Figure 2: Missing contact defect with an attention mechanism.

The DETR model offers several additional advantages [15] for object detection as follows:

. Simplify the traditional object detection pipeline by treating it as a direct set prediction problem.
. Process images in parallel during inference, which benefits real-time applications.
. Remove the necessity for post-processing steps like Non-Maximal Suppression (NMS).

Fig.3 illustrates the flow diagram of our proposed approach. After the wafer fabrication process, the wafer is
inputted into a CD-SEM machine to take a picture of the wafer. The output image undergoes a preprocessing stage
to improve its quality. The preprocessing step is an automated brightness adjustment technique to brighten dark
images since DETR performs better on bright images. This approach provides consistency and effectiveness for the
usage of this model. Practically, this method is better than training the model on dark images.

Imiage features Set of predictions

Figure 3: The model flow diagram.

The automatic brightness adjustment process operates in the following manner. First The average brightness I of
the image is calculated as:

VTR

r=(5) Z I )

where NVis the total number of pixels in the image, and / are the intensities of individual pixels.
Then, the brightness adjustment factor o is determined by:

I
a:% ()

where I;4,ge; is the target brightness level.
Finally, the adjusted RGB values of each pixel are given by:
R'=aR,G' = aG,B' = aB 3)

where R, G’, and B’ are the adjusted values of the red, green, and blue channels.
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The next stage is the DETR model. First, the CD-SEM image passes through CNN to extract features from the CD-
SEM image. Then, the image features pass through the transformer encoder-decoder to generate a constant set of
predictions.

IV. EXPERIMENTS

A. Data Acquisition

As far as we are aware, no publicly accessible dataset of CD-SEM images with labeled defects is currently available.
This lack of data poses a challenge for developing and benchmarking defect detection algorithms in the
semiconductor manufacturing industry. So, we prepared CD-SEM images containing multiple defects and labeled
them with the defect category. We used the PROLITH [16] tool to simulate the semiconductor fabrication process
and generate CD-SEM images. The defect is added to the layout at different locations to simulate random printing
failures. This simulation is repeated under different process window conditions such as dose and focus to generate
multiple variations of defects. Fig.4 shows the process of generating simulated CD-SEM images with missing
contact using PROLITH.
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Layout with defect Generated CD-SEM image

Figure 4 Generating CD-SEM images with defects by adding defects in the layout
and simulating the semiconductor manufacturing process using PROLITH.

The generated dataset contains 2,106 images with defects including bridges, gaps, and collapsing lines within
line/space patterns. It also contains missing and merging contacts within contact hole patterns. We used the Labelme
[17] tool to label defects manually. Table 1 illustrates the number of defects across train, validation, and test sets.

Table 1: Data distribution across different sets.

Defect type Train Validation Test

Bridge 910 115 119

Gap 845 85 81

Missing Contact 403 58 54

Merging Contact 284 41 41

Collapse 135 17 22
B. Evaluation Criteria

In the assessment of the proposed method's performance, it is essential to establish clear and robust evaluation
criteria. The primary objective is to accurately quantify the model's effectiveness in identifying defects represented
by the bounding boxes in images. We developed an approach that calculates the number of correctly identified
defects (true positives), incorrectly identified defects (false positives), and missed defects (false negatives) for each
defect category, as detailed below:

. For every actual defect represented by a ground truth bounding box, we identify all overlapping predicted
bounding boxes of the same type. The first overlapping predicted box is labeled as a true positive, while subsequent
overlapping boxes are considered false positives due to duplication.

. Predicted bounding boxes that do not overlap with ground truth boxes are also classified as false positives.
. Any ground truth bounding boxes without any corresponding predicted boxes are classified as false
negatives.
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Fig.5 illustrates how our evaluation criteria are applied. Rectangles in this image represent the bounding boxes of
defects in the input image.

False Positive
False Positive

Ground Truth 3 TN

False Negative

False Positive

Figure 5: Evaluation criteria diagram

After collecting true positives, false positives, and false negatives, we calculated precision, recall, and the F1 score,
which are commonly used metrics for evaluating classification models.

Recall = True Positives )
et = True Positives + False Negatives

Precisi True Positives )
recision =
True Positives + False Positives

F1s 5 Precision X Recall 6
= *k
core Precision + Recall ®)

To better understand the performance of the proposed flow, we examine its predictions through a confusion matrix.
This matrix offers a detailed view of the model's performance by recording the counts of correctly identified defects,
misclassified defects, and missed defects for each class. Analyzing this matrix allows us to assess the model's
classification accuracy and pinpoint potential areas for enhancement.

C. Training

We used the transfer learning method to fine-tune the DETR model pre-trained on the coco [18] dataset. To enhance
the model's generalization capabilities, our training pipeline incorporates a range of randomized data augmentation
methods, including horizontal flipping, resizing, and cropping. The training process was executed on NVIDIA V100
GPU hosts. Fig.6 displays the mean average precision (mAP) at an Intersection Over Union (I0U) [19] threshold
of 0.5 as it evolves over 50 epochs during the training process. The x-axis represents the epoch number, ranging
from 1 to 50, while the y-axis quantifies the mAP. The mean average precision started from 0 and reached 0.9 in
the second epoch and then oscillated between 0.8 and 1.

Plot of mean average precision at iou = 0.5
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Figure 6: Plot of mAP at IOU threshold 0.5 across different
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V. RESULTS AND ANALYSIS

In this section, we present the results obtained from our experiments on the DETR model and provide a comparison
with commonly used object detection models.

Fig.7 Displays a sample of detected defects using our method, along with the defect classification and detection
score. In most cases, the model succeeded in detecting the defected object with a high score.

Figure 7: Defect detection results

Table 4 presents the outcomes of deploying the DETR model on the test set, demonstrating its success in identifying
defects within the dataset. Specifically, the model achieved an impressive overall F1 score of 96%. Fig.8 displays
the confusion matrix resulting from applying our proposed flow to the test dataset.

Table 2: Defect detection evaluation

Defect Precision Recall F1-Score Support
Bridge 1.00 0.90 0.95 81
Collapse 0.92 1.00 0.96 22
Line Gap 1.00 0.97 0.99 119
Merging Contact 0.98 1.00 0.99 41
Missing Contact 0.96 1.00 0.98 54
accuracy 96% 319
macro average 81% 81% 81% 319
weighted average 98% 96% 97% 319

Confusion Matrix
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Figure 8: Confusion matrix
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Fig.9 Visualized how the DETR model succeeded in detecting defects in a line/space pattern in a CD-SEM image.
The first image in these figures represents the CD-SEM image which is the input image to the model. The second
image visualizes the attention weights of the last decoder layer which represents what was the model looking at
while detecting this object. The third image visualizes the encoder self-attention weights which represent what
objects the model attended to. Fig.10 shows a similar analysis for the contact hole pattern. As we can see in the self-
attention images, the DETR model effectively identified the nearest objects of interest, thereby enhancing the defect

=

Figure 9: The decoder's query number and encoder's self-attention for detected defects in line/space pattern

query id: 58

self-attention

Figure 10: Decoder's query number and encoder's self-attention for detected defects in contact hole pattern

Table 3 shows a comparison between the F1 score of our proposed flow and the F1 scores of YOLO v8 [20] and
Faster RCNN [21]. All models are trained using the same dataset for 50 epochs. The table shows that our proposed
flow produced the highest F1 score in CD-SEM image defect detection.

Table 3: Comparison between different models

Model F1 Score
DETR 0.96
YOLO V8 0.93
Faster RCNN 0.92

VI. CONCLUSION AND FUTURE WORK

Automatic CD-SEM defect detection has become very important with the continuous shrinkage of the critical
dimension. This task is challenging because images are often noisy, and defects are typically small. The DETR
model demonstrates excellent performance in detecting defects in CD-SEM images, owing to its capability to
analyze surrounding objects effectively.

Future work involves extending support to various layout shapes to cover all possible defects. This can be achieved
by developing a multiple-input model that can process both the target layout and the CD-SEM image of the
fabricated wafer. The layout input will provide insights into the intended shapes and potential defects.
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VII. LIMITATIONS

We limited this study to simple layouts containing an array of lines or a matrix of contacts. The generalizability of
the findings to other pattern types may be limited.
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