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ABSTRACT

A scanning electron microscope has to be checked periodically, and two of its most common
image faults, defocus and astigmatism, are tedious to judge by eye. This article presents
a convolutional neural network that sorts pairs of microscope images into four focus and
astigmatism classes so the check can run without an operator. Each sample is two shots of
the same spot: one in the base position and one with a shifted working distance, because
the shifted shot is what makes astigmatism visible. The decisive ingredient is a custom
Fourier-transform preprocessing layer that converts each input to its magnitude spectrum
before the convolutional part sees it. On a dataset of about three thousand image pairs,
the base model variants with-out the Fourier layer reached 49-65% test accuracy, while
the corresponding variants with the Fourier layer reached 89-94%; the best result was
94% with channel-axis concatenation. The same shallow model beat three pretrained
ImageNet networks (MobileNetV2 87%, EfficientNetV2L 52%, ResNet50 44%), which we
did not expect. The best fusion of the two images was concatenation along the channel axis
together with the Fourier layer.

Keywords: convolutional neural network, scanning electron microscope, Fourier transform,
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1 INTRODUCTION

In the development and testing of scanning electron microscopes, repeated regression tests
are needed to check whether microscope functions continue to work correctly after software
or parameter changes. Two image faults addressed in this work are defocus and astigmatism;
both can occur for several reasons, including sample or detector contamination, incorrect elec-
tron-source settings, magnetic-lens hysteresis or unsuitable microscope parameters. Their visual
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similarity makes manual assessment difficult, which motivates testing whether a neural network
can classify the image states automatically and support an automated regression-testing frame-
work for the microscope.

A single shot is ambiguous: a focused image with astigmatism and a defocused image without it
can be visually identical. Software testing treats this kind of input-dependent behaviour as some-
thing to exercise systematically rather than check once (Ammann and Offutt, 2008), which is the
spirit of running the classifier as a repeatable test. The way out is to take two pictures of the same
position and let the network compare them. The aim is to build such a classifier, push its accuracy
high enough to be useful, and find which design choices matter.

1.1 Focus and astigmatism correction in the SEM

Automatic focusing and astigmatism correction for electron microscopes is an old problem. Erasmus
and Smith (1982) built an early hardware system for it, and Ogasawara et al. (1999) showed that
the Fourier transform of an SEM image carries a clean signature of both faults, because defocus
and astigmatism reshape the frequency spectrum in characteristic ways. Lu, Zhang and Li (2018)
later turned this into a simplified single-image correction method based on the spectrum. The
shared idea, that the frequency domain rather than the raw pixels is where focus information
lives, is the starting point here.

Recent work has moved the same task onto deep learning. Naetal. (2021) used a network to
discriminate refocused SEM images for materials science, Leeetal (2021) built a dual deep-
learning network for robust autofocusing, and Schubert, Saxena and Kornfeld (2024) reported fast
focus and astigmatism correction. Most of these read a single image. The classifier described below
instead reads a pair and asks a four-way question, focused or not and stigmatic or not, which is
why two shots are needed.

1.2 Convolutional networks and blur detection

Convolutional neural networks (CNNs) are the standard tool for image classification (LeCun,
Bengio and Hinton, 2015; Aggarwal, 2018). The deep ImageNet architectures, AlexNet (Krizhevsky,
Sutskever and Hinton, 2012) and ResNet (Heetal, 2016) among them, win on natural-image
benchmarks with tens to hundreds of layers. Detecting blur is narrower, and there the picture is
less one-sided: Szandata (2020) showed that a CNN can replace the classical Laplacian sharpness
measure. Whether a deep pretrained network or a small purpose-built one fits the SEM defect task
is one of the questions answered here.

2 METHODOLOGY

The task was framed as a four-class classification of image pairs. Each sample is two pictures
of the same position: a base (focused) shot and a second shot taken with the working distance
shifted, which throws the image out of focus on purpose. The four classes are focused-stigmatic,
focused-astigmatic, defocused-stigmatic and defocused-astigmatic. The second shot disambiguates
the hard pair from the introduction, since astigmatism shows up as a sideways elongation once the
image is defocused. A focused-astigmatic and a defocused-stigmatic sample, identical in the first
shot, separate in the second.
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Data were collected by a script hooked into the microscope-control software, which cycled
through commands to take the four image types at various positions and magnifications. Defocus
was induced by shifting the working distance by 0.05 to 0.9 mm depending on magnification.
Images were then checked and sorted by hand, which was slow and not error-free, since the label-
ling task is hard for a person too. The final dataset held about 3000 image pairs, balanced across
classes, shuffled and split into training, validation and test parts, with 80% used for training. The
standard tin-balls-on-carbon sample was used throughout, because its regular round shape makes
defects easy to see.

Everything ran in Python with TensorFlow and its Keras API on a GPU. Each image was decoded,
resized to 128x128 pixels, cast to float and normalized to the range [0, 1]. On the training set only,
both images of a pair were augmented with the same random seed (horizontal and vertical flips,
an occasional 90° rotation, a brightness change, a random crop) so the pairing stayed consistent.

The base network is deliberately small: three convolutional layers (3x3 filters, 32 then 64 then
96 of them) interleaved with 2x2 max-pooling, then four fully-connected layers ending in the
four-class output. It uses ReLU activations, He-normal initialization, L2 weight regularization and
a single dropout layer. The whole model is about 1.3 million parameters and 5.04 MB on disk.
Training used the Adam optimizer (Kingma and Ba, 2014) with an exponentially decaying learning
rate, sparse categorical cross-entropy loss, and roughly 50 epochs on average, with learning-rate
reduction and early stopping on the validation loss.

Two design axes were varied. The first is how the two images are fused into one input: side
by side (horizontal), stacked as extra channels (channel-axis), or processed in separate branches
whose outputs are concatenated. The second is the Fourier-transform layer described below, tested
on and off for every fusion type. For comparison, three pretrained ImageNet models from Keras
Applications (MobileNetV2, EfficientNetV2L and ResNet50) were also tried as feature extractors.
Fine-tuning them gave very poor results, probably because the dataset is small, so only feature
extraction is reported.

2.1 The Fourier-transform layer

The key addition is a custom Keras preprocessing layer, with no trainable weights, placed right
after the input. For each image it converts to grayscale, runs a two-dimensional FFT, shifts the
zero frequency to the centre, takes the log-magnitude spectrum and normalizes it. For the fused
inputs the combined image is first split back into its two images, each transformed on its own,
then put back together. The point is what the spectrum looks like: a sharp focused image keeps its
high frequencies, a defocused one loses them, and astigmatism turns the spectrum into an ellipse
stretched to one side. The network therefore sees the defect almost drawn out for it, instead of
learning the same cue from raw pixels. Figure 1 shows where the layer sits in the model, and
Figure 2 gives a defocused-stigmatic example with its spectrum.
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input_21 input: | [(None, 128, 128, 3)]
InputLayer | output: | [(None, 128, 128, 3)]

fourier_transform_layer 14 | input: | (None, 128, 128, 3)
FourierTransformLayer output: | (None, 128, 128, 3)

y
conv2d_24 | input: (None, 128, 128, 3)

Conv2D | output: | (None, 126, 126, 32)

max_pooling2d_16 | input: | (None, 126, 126, 32)
MaxPooling2D output: | (None, 63, 63, 32)

conv2d 25 | input: | (None, 63, 63, 32)
Conv2D | output: | (None, 61, 61, 64)

max_pooling2d 17 | input: | (None, 61, 61, 64)
MaxPooling2D output: | (None, 30, 30, 64)

conv2d_26 | input: | (None, 30, 30, 64)
Conv2D | output: | (None, 28, 28, 96)

max_pooling2d 18 | input: | (None, 28, 28, 96)
MaxPooling2D output: | (None, 14, 14, 96)

flatten 6 | input: | (None, 14, 14, 96)
Flatten | output: (None, 18816)

dense_28 | input: | (None, 18816)
Dense output: (None, 64)

dropout_13 | input: | (None, 64)
Dropout output: | (None, 64)

dense_29 | input: | (None, 64)
Dense output: | (None, 128)

dense_30 | input: | (None, 128)

Dense output: | (None, 256)

y
dense_31 | input: | (None, 256)

Dense output: | (None, 4)

Fig. 1: Architecture of the proposed convolutional neural network with a custom Fourier-
transform layer, classifying 128x128 electron microscope images into four focus and astigmatism
classes (adopted from Skricilova, 2024)
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Fig. 2: Example electron microscope image of the defocused-stigmatic class with its correspond-
ing Fourier magnitude spectrum used as model input (adopted from Skricilova, 2024)

3 RESULTS

All accuracies were measured on the held-out test set and are rounded to whole percent. Table 1 reports
the base model across the three fusion types, with and without the Fourier layer; Table 2 sets the best
base model against the three pretrained networks. The best row in each table is shown in bold.

The Fourier layer changed the outcome on every fusion type, and by a wide margin. Channel-
axis fusion went from 55% to 94%, the output-layer variant from 49% to 93%, and horizontal
fusion from 65% to 89%. Without the layer the ranking of the fusion types is reversed, with
horizontal best at 65% and channel-axis near the bottom at 55%. There is no single best way to
combine the two images; it depends on whether the Fourier layer is present (Skricilova, 2024).

The small custom model came out on top at 94%, ahead of all three pretrained networks.
Among those, the lightest one, MobileNetV2, did best at 87%, while the two heavier networks
landed near chance for a four-class problem (ResNet50 44%, EfficientNetV2L 52%). The Fourier
layer did not help the pretrained models, since their best results all came with it switched off, the
opposite of what it did for the shallow model. The chosen model for the framework is the custom
network with channel-axis fusion and the Fourier layer.

Tab. 1 Base model accuracy by input fusion type, without and with the Fourier-transform layer

Fusion type Accuracy without FFT Accuracy with FFT
Horizontal 65% 89%
Channel-axis 55% 94%
Output-layer 49% 93%

Tab. 2 Best base model against pretrained ImageNet models (feature extraction, best parameter combi-

nation per model)

Model Fusion FFT layer Accuracy
Custom base model channel-axis yes 94%
MobileNetV2 output-layer no 87%
ResNet50 output-layer no 44%
EfficientNetV2L output-layer no 52%
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Fig. 3: Confusion matrix of the trained model on the test set across the four classes (focused
or defocused x stigmatic or astigmatic) (adopted from Skricilova, 2024)

Where the errors fall (Figure 3) tells the rest of the story. Focused-stigmatic images, the easy case,
were classified correctly in almost 100% of cases. Astigmatism was the hard part: images containing
it accounted for more than 82% of all misclassifications. The single most common mistake was
a focused-astigmatic image read as defocused-stigmatic, the pair that looks identical in the first shot
and can only be told apart from the second.

4 DISCUSSION

The FFT-based preprocessing layer appears to help because it changes the representation of the
inputimages before the convolutional layers process them. Defocus is associated with a loss of high-
-frequency information, while astigmatism can appear as an elongated pattern in the frequency
spectrum. This is also why Fourier-based representations have been used in classical focusing and
astigmatism-correction methods (Ogasawara et al., 1999; Lu, Zhang and Li, 2018). In this study,
adding the FFT layer substantially improved the base model across all tested fusion strategies:
the best non-FFT variant reached 65%, whereas the best FFT variant reached 94%. This should
be interpreted as an empirical result for the tested configurations, not as proof that the FFT layer
alone would always produce the full difference.

A notable result was that the small custom model outperformed the tested pre-trained ImageNet
models, and that the Fourier layer improved the custom model but not the best-performing
pretrained configurations. A plausible reading is that ImageNet pretraining teaches a network to
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chase fine natural-image detail that is not present in a frequency spectrum of a defect. The deep
networks keep looking for structure the transformed input has thrown away, whereas a shallow
model with few parameters takes the spectrum at face value. This fits the wider observation that
a purpose-built CNN can match or beat heavier machinery on a narrow task like blur detection
(Szandata, 2020). It is a useful caution against reaching for the largest pretrained model by default.

Two images are the cost of asking a richer question. Single-image spectrum methods (Lu, Zhang
and Li, 2018) need only one shot but cannot pull apart a combined astigmatism-and-defocus state;
the pair makes that separation possible at the price of a second exposure. Data scarcity was the
other constraint: the model overfitted early, and only enlarging the dataset fivefold together with
augmentation and L2 regularization brought it under control. L2 alone was the most effective
single regularizer but not enough on its own.

The 94% should be read with one caveat. The study used a single sample type, tin balls on carbon,
whose round regular shape makes defects stand out. On an irregular natural sample the Fourier
layer might read the sample’s own shape as astigmatism, so the figure holds for this well-behaved
specimen rather than for arbitrary samples. The model is presented as suitable for the regres-
sion-testing framework; its behaviour once deployed there was not measured here.

5 CONCLUSION

A three-convolution CNN using image pairs, channel-axis fusion and a custom Fourier-transform
layer achieved 94% test accuracy when classifying SEM images into four focus and astigmatism
classes. This result indicates that the proposed approach is promising for integration into an auto-
mated regression-testing framework, although the study was limited to one sample type and
the behaviour of the classifier inside a deployed testing workflow was not measured. The tested
FFT variants substantially outperformed the corresponding variants without FFT, and the small
custom model also outperformed the three tested pretrained ImageNet models. Useful next steps
are training on more varied and irregular samples, adding further defect classes and evaluating
the classifier in the target testing framework.
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