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Abstract: Training of semantic segmentation models for
material analysis requires micrographs as the inputs and
their corresponding masks. In this scenario, it is quite
unlikely that perfect masks will be drawn, especially at
the edges of objects, and sometimes the amount of data
that can be obtained is small, since only a few samples
are available. These aspects make it very problematic to
train a robust model. Therefore, we demonstrate in this
work an easy-to-apply workflow for the improvement of
semantic segmentation models of micrographs through the
generation of synthetic microstructural images in conjunc-
tion with masks. The workflow only requires joining a few
micrographs with their respective masks to create the input
for a Vector Quantised-Variational AutoEncoder (VQ-VAE)
model that includes an embedding space, which is trained
such that a generative model (PixelCNN) learns the distri-
bution of each input, transformed into discrete codes, and
can be used to sample new codes. The latter will eventually
be decoded by VQ-VAE to generate images alongside cor-
responding masks for semantic segmentation. To evaluate
the quality of the generated synthetic data, we have trained
U-Net models with different amounts of these synthetic
data in conjunction with real data. These models were then
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evaluated using real microscopic images only. Additionally,
we introduce a customized metric derived from the mean
Intersection over Union (mloU) that excludes the classes
that are not part of the ground-truth mask when calculating
the mIoU of all the classes. The proposed metric prevents
a few falsely predicted pixels from greatly reducing the
value of the mIoU. With the implemented workflow, we
were able to achieve a time reduction in sample preparation
and acquisition, as well as in image processing and labeling
tasks. The idea behind this work is that the approach could
be generalized to various types of image data such that it
serves as a user-friendly solution for training models with a
smaller number of real images.

Keywords: labeling; microscopy; microstructure; quantita-
tive microstructure analysis (QMA); semantic segmentation;
synthetic image generation

1 Introduction

Creating semantic segmentation models for quantitative
microstructural analysis is often an arduous task. One of
the most time-consuming and difficult tasks to perform is
image labeling, which, according to [1], requires in mini-
mum approximately 25 % of the total time of any machine
learning (ML) project. Besides, the creation of perfect masks,
pixel by pixel, is quite unlikely to be achieved, especially
at the edges of the objects (phases in material science or
semantic classes in computer science). An important aspect
to highlight as well is that many times, only a few material
samples are available to obtain images that will be part
of the datasets for initial model training. This lack of data
makes it very problematic to train a robust deep learning
(DL) model, usually trained with large datasets.

When there is the need to populate datasets to reduce
labeling efforts, data augmentation is commonly applied
[2] or other methods that produce small variations to the
original images [3], [4]. An alternative used option, not that
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Figure 1: Graphical abstract. Combination of VQ-VAE and PixelCNN models for synthetic dual image generation. At the top, the VQ-VAE layout with
4-channel input and output images. The red lines represent the second part of the workflow, where the trained VQ-VAE encoder produces discrete
latent representations (z-matrices) that are used to train a PixelCNN model. The latter model is used to sample z* that are fed into the trained VQ-VAE

decoder to generate dual images (RGB micrograph + grayscale mask).

common, is image-to-image translation, for example using
the Pix2Pix [5] architecture, but these models need realistic
masks to output microstructural images and again obtain-
ing good masks is a long and complex process.

In this work, we present a workflow (Figure 1) to syn-
thetically generate images of microstructure together with
its respective mask. This workflow differs from data aug-
mentation and image-to-image translation approaches, as
it does not focus on generating images with global changes
over the original image, but on generating completely new
images.

The aim is to investigate whether the use of these
images can benefit the training of semantic segmentation
models and thus reduce labeling and preparation time
significantly. For this purpose, we used only one large 3-
channel brightfield image of a Fe;,Nd,B magnet microstruc-
ture with the corresponding label to train a VQ-VAE [6]
model combined with a PixelCNN [7] model, in order to
generate synthetic 4-channel outputs, composed of image-
mask pairs.

Once the images are generated, several datasets are
prepared, with different percentages of synthesized images,

to train U-Net [8] models and, to evaluate those models with
real test data only. Noting that common metrics such as
accuracy or mloU were not effective in evaluating these
models, we developed a derivative of the mIoU metric. The
results indicate that models with synthetic images are likely
to have performance improvements when looking at this
customized metric that we call “Missing Class IoU”.

2 Related work

Although there have been more than a few approaches [9],
[10] for the generation of synthetic microstructural images,
the generation of those in conjunction with the mask is not
a common task in this context.

Trampert et al. [11] proposed a workflow to generate
targeted synthetic data of cracks and grains based on man-
ually configured parametric models, which are defined by
geometry or physical properties. They demonstrated the
benefits of using synthetic data to train neural networks,
particularly when the availability of microscopy image data
is limited.
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Shen et al. [12] proposed an approach that combines
a synthetic mask generator (DCGAN) and a mask-to-image
translator (Pix2PixHD [13]) to generate synthetic image-
mask pairs. Their methodology was used to balance AM
steel datasets for semantic segmentation tasks. Their results
showed that models trained on both real and synthetic data
achieved higher accuracy compared to those trained on real
data alone.

Eschweiler et al. [14] applied diffusion models to gen-
erate fully annotated microscopic datasets, starting with
rough sketches of the desired structures. They demonstrated
that with a small set of synthetic data, one can achieve
similar performance to models trained on large amounts of
real data.

One area where DL-models for semantic segmentation
are being developed is medicine. In this case, more attempts
have been made to create models that generate medical
images along with their corresponding masks.

For example, Neff et al. [15] used a modified Genera-
tive Adversarial Network (GAN) architecture to generate the
image-mask pair through random noise. They adapted the
Deep Convolutional GAN to work with 2-channel input and
trained on a small dataset containing 30 images. Although
their results using a combination of real and synthetic
images did not show any improvement in binary segmen-
tation, these were comparable to those using only real data.

Another procedure developed in this latter field is
SInGAN-Seg [16]. The authors mention other methods for
generating synthetic data but those contain a lot of manual
steps, such as modifications of the real images, mask gener-
ation, image processing, etc. So, they develop a method that
allows to generate multiple 4-channel synthetic images from
a real one with the same number of channels without any
manual modification.

The process consists of the following: in the first step,
a training of a model per image to generate the synthetic
images including the binary mask and then, a style transfer
of features by image, such as texture, from the real to syn-
thetic ones. In their experiment, improved performance of
the segmentation models was demonstrated when trained
on small datasets.

One of the drawbacks of using this procedure is to
train a model for each image in the dataset. However,
with their methodology, the synthetically generated medical
images can be shared with other institutions or laborato-
ries, whereas for real images this is usually restricted, so
they achieved one of their goals in developing this type of
solution.

Andreini et al. [17] proposed different methods to gen-
erate synthetic images with their corresponding masks in
medical datasets. The authors applied three approaches,
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based on the Progressively Growing Generative Adversarial
Network (PGGAN) [18] and some of them with a combina-
tion of Pix2PixHD [13], and demonstrated that, in this way,
they could match or improve some state-of-the-art semantic
segmentation methods.

Fernandez et al. [19] designed brainSPADE, a model that
integrates a synthetic diffusion-based label generator with
a semantic image generator. With this model, they could
generate synthetic data based on a desired style as input.

Continuing with diffusion models Saragih et al. [20] pro-
posed another method to generate image-mask pairs. Their
goal was to improve segmentation models trained on fully
or partially synthetic data. Their pipeline involved cluster-
ing real images and masks based on similarity, followed by
training a diffusion model on each cluster. These clusters
were then used for image inpainting to generate synthetic
images and masks, which were further improved by styling
techniques. They mentioned that with this approach, they
were able to outperform the SinGAN-generated data [16].

Our workflow is based on VQ-VAE, which was devel-
oped to gather important features of the data and to repre-
sent them in a discrete latent space structure (z-matrices).
This method is completely unsupervised and has demon-
strated that its latent space can be used to generate mean-
ingful data such as video, images and text.

Next, we use PixelCNN, similar to how Van Den Oord
etal. [7] used it, as an autoregressive model that is trained on
z-matrices for the generation of new synthetic z-matrices.
One of the drawbacks of this architecture is the “blind spot”
problem, as mentioned on their paper.

PixelCNN uses masked convolutions to ensure that each
new pixel generated is only influenced by previously gen-
erated pixels. When using these masks, the problem of the
“blind spot” [7] arises. This means that there are pixels
outside the receptive field of the network, which were gen-
erated previously and are not used for the generation of new
pixels.

There are more advanced architectures that overcome
this problem, for example Gated PixelCNN or other versions
of these models that also improve generation performance
such as Pixel CNN++ [21], but for our experiments, PixelCNN
showed satisfactory results. By making the models more
complex, it would make it more difficult for future users
to apply our workflow. Since, for example, the adjustment
of hyperparameters would be more complex and sensitive
than when applying a simpler model.

The model chosen to evaluate the generated synthetic
images is U-Net, which was developed for binary segmenta-
tion of biomedical images, although it is well suited to many
semantic segmentation tasks. A metric commonly used to
evaluate binary segmentation models is the IoU [22], or in
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multi-class cases, the mIoU that calculates the IoU per class
and then averages it.

3 Materials data and workflow

3.1 Materials data

The material studied in this paper is a brightfield extended
depth-of-focus (EDF) image of a Fe;,Nd,B magnet [23]
(Figure 2). Given the importance of FeNdB used in clean
energy technologies, a large increase in demand for this
material is expected, for example, from 2020 to 2030, an
increase of more than 200 % [24]. These numbers highlight
the crucial importance of this type of magnet for materials
research, characterization and future applications [25].

Furthermore, our domain expertise in materials sci-
ence enables us to verify the ground truth masks for this
type of magnet. Additionally, the microscopy and imaging
of the Fe;,Nd,B magnet is a challenge, as there are a high
number of phases that have low contrast with each other.
Therefore, we expect to successfully transfer our workflow
to other simpler materials with high probability.

EDF algorithms make it possible to visualize structures
located in different focal planes in a single 2D image, but the
quality of the EDF image depends on each focal plane image
and the algorithm used to construct the single image. For
example, if the images of each focal plane are misaligned,
have different illumination conditions, noise, low contrast,
etc., this may cause the algorithm to generate some kind of
artifacts, such as blurred regions or inhomogeneous areas
in terms of colors [26].

The Fe;,Nd,B magnet is made up of five phases, and the
mask was inferred using a semantic segmentation model
trained by a magnet expert, whose dataset consisted of other
types of magnet images.
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Note that in the mask, some over segmentation and
mispredictions occurred, especially at the edges, due to the
low quality of the EDF image. In terms of visual perspective,
when examining the EDF image of the Fe;,Nd,B magnet, one
can observe that at the object boundaries, pixel values from
one phase appear in the boundaries of other objects, result-
ing in masks with erroneous phase classification. Therefore,
the mask is not completely accurate, as happens in most
cases when working with microstructures in a lab setting
or in a routine workflow.

Moving to the experiments, the first part, the synthetic
image generation, involved preparing the data as follows.
The large EDF image was cropped to create 80 patches of 256
X 256 px. Of the 80 patches, 16 were originally segmented
with pores, but upon image review, only 2 of them actu-
ally contained small pores, so we ignored the latter 2 to
simplify the workflow. Of the remaining 14, 10 were dis-
carded because they contained doubtful objects and were
difficult to label. In this way, we were left with 4 patches that
were relabeled, by removing the incorrect pore regions and
enhancing the labels of the other objects, to become part of
the dataset.

Of the original 64 pores-free patches, we reviewed each
of their masks in an attempt to improve their quality. How-
ever, for several patches, a relabeling was difficult to do,
because they contained some regions where magnet experts
could not distinguish between phases, mainly due to the
image quality.

Therefore, we only relabeled 23 patches that were easy
to do, as only a few pixels required correction due to over-
segmentation or, in other cases, mislabeled pixels of clear
objects. The aim of the relabeling task was to train DL-
models with better quality inputs, since the patches that
were not relabeled simulate low-quality masks that are typ-
ically found in most real-world datasets.

Figure 2: Left: 2752 X 2208 px EDF image of a Fe,,Nd,B-magnet made with optical microscopy and brightfield illumination. Right: Its corresponding

mask obtained by a DL-model trained by a magnet expert.
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When creating the square patches, some regions with
clear objects at the edge of the original image (rectangu-
lar shape) were excluded by the patch cropping algorithm,
so 1 more patch that did not contain pixels overlapping
with other patches was extracted, labeled and added to the
dataset. Therefore, the complete dataset consisted on a total
of 69 patches (64 pores-free patches + 4 labeled with incor-
rect pore regions + 1 excluded during cropping patches), of
which 29 were manually relabeled and became part of the
SHQ dataset.

Table 1 shows the four initial datasets that were used
as the basis for preparing the final datasets used for both
synthetic image generation and semantic segmentation (see
Section 4). Where LQ (Low Quality) refers to the set of labels
extracted from the segmented image, HQ (High Quality),
only relabeled/corrected ones and MQ (Medium Quality),
both types of masks. Note that the test data is kept constant
for all datasets and only contains HQ masks.

Since, after the generation of the synthetic data, we
received more large images of the magnet type studied in
this work, 20 well-labeled patches of different images were
added to the test dataset. Table 2 shows the proportion of the
classes in the test dataset.

3.2 Image preprocessing

In case of VQ-VAE, we combined the RGB micrograph with
the grayscale mask to create a 4-channel image. For seman-
tic segmentation, the micrograph was separated from the

Table 1: Initial datasets.

Dataset name Traindata Testdata Information of train data
SHQ 21 7 Manually relabeled

SLQ 21 7(SHQ) Segmented mask

BLQ 62 7(SHQ) Segmented mask

BMQ 62 (21 SHQ) 7(SHQ) Replacement - SLQ — SHQ

SHQ, small high quality; SLQ, small low quality; BLQ, big low quality;
BMQ, big medium quality.

|

Oxide
Nd-rich
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’
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Table 2: Test dataset - class proportion.

Phase Proportion [%]
Oxide 8.0
Nd-rich 5.6
Eta 7.6
Phi/matrix 78.8

mask (Figure 3). In both cases, the masks were converted
from RGB to grayscale.

3.3 Workflow for experiment execution

In order to effectively develop the study, it was structured
as shown in Figure 4.

With the BMQ training dataset, we trained the VQ-
VAE and PixelCNN models to generate synthetic images of
microstructures together with masks. The VQ-VAE model
was trained to achieve the lowest reconstruction loss and to
produce the z-matrices/codes in the embedding space, while
the PixelCNN model was trained to learn the distribution of
those matrices and generate new ones. Then, we decoded
the generated matrices with the trained VQ-VAE decoder
and split the resulting images into microstructure and mask.

To pre-test the quality of the synthetic images, we took
the microstructural images to be inferred using the domain
expert’s trained segmentation model. Once the model issued
the masks, a visual comparison, with the synthetic ones, was
carried out. The idea of this evaluation was to see if the two
masks were similar; otherwise, we could assume that the
synthetic images were of poor quality and that the model
was to be retrained.

After the successful evaluation, starting from the ini-
tial datasets (Table 1) as a reference, we arranged new
diverse datasets including different amounts of synthetic
data to analyze how these data influence the predictions
of the semantic segmentation models. For this purpose, 46
U-Net models were trained for a quantitative and qualitative
analysis of the synthetic data. The U-Net models, from an

’

Figure 3: Left: 256 X 256 px RGB patch from the Fe,,Nd,B-magnet image. Center: Mask in grayscale. Color assignments: light gray - oxide, white
- Nd-rich, Eta - gray, black - matrix. Right: 4-channel image (combination of the RGB microstructure and mask).
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Figure 4: Flow chart of the main experiment with the Fe,,Nd,B-magnet dataset. For the other experiments, only the first three steps of this diagram
were considered with minor variations, e.g. initial dataset, post-processing, etc.

Table 3: Selected model hyperparameters for training the 46 U-Net models.

Hyperparameters Value/name Remark

Backbone EfficientNetB3 -

Number of classes 4 The 3 phases and the matrix (red, green, blue and black).

Input shape 256 X 256 X 3 -

Initial weights ImageNet -

Epochs 200 With “EarlyStopping” to stop training when the IoU score did not improve after 15 epochs.
Steps per epoch Not constant Length of the train dataset divided by the batch size.

Validation steps Not constant Length of the validation dataset.

Batch size 2,1 Train, validation.

Optimizer Adam with LR = 0.001

With “ReduceLROnPlateau” callback in order to reduce

the learning rate when the IoU did not improve after 5 epochs.

Compound loss function Dice-focal (categorical) -

architectural point of view, are the same (Table 3), only the
datasets used for training are different.

4 Applied machine learning models

4.1 VQ-VAE: modifications and preliminary
results for final datasets preparation

The implementation of this model was taken from [27]
and adapted to the goal of this paper. The most prominent
change in this work was the combination of the micrographs
with the masks to be the input of the encoder, as in turn,
the decoder was adjusted to provide an output of the same
dimensions (Figure 5).

Several tests were conducted to find the model
hyperparameters that fit this approach and the main

modifications (Table 4) with respect to the authors’ example
were the following:

To train the model, we selected the BMQ dataset since
we could not achieve favorable results with the SHQ. Of the
62 patches, 56 were part of the training and 6 for validation,
then as the number of available images was much smaller
than the original example from the authors, the batch size
was reduced to 8.

Apart from that, since the selected images had 3
classes/phases and the background (matrix), the embedding
vectors were significantly reduced, so that the PixelCNN
model could learn the matrix distribution of the embedding
space by a combination of a reduced number of vectors
while the VQ-VAE decoder could still reconstruct good qual-
ity outputs (Figure 6), based on human perception.

For an improvement in the reconstruction error (mean
squared error) and the quality of the decoded output, we
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Figure 5: Training scheme of VQ-VAE extracted from [6] and modified with the paper approach. The differences with respect to the original figure of
Van Den Oord et al. [6] that can be seen in our figure are: K = 10, the 4-channel images as input and output and the matrix z containing values from 1
to 10.

Table 4: Modification of the model hyperparameters in the VQ-VAE model.

Hyperparameters DeepMind [16] Ours
Dataset and input shape (height, width, channels) (32,32,3) (256, 256, 4)
Number of images 60,000 (Cifar10) 62 (BMQ)
Batch size 32 8
D (embedding dimension) 64 64
K (embedding vectors) 512 10
Number of training updates 10,000 50,000
4-channel image o Original Original mask

4-channel reconstructed Reconstructed Reconstructed mask

. % '

Figure 6: Top: 256 X 256 px original image and mask combined in a 4-channel image taken from the dataset. Bottom: 256 X 256 px reconstruction
using the trained VQ-VAE model.

- ”~
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increased the training steps. In addition, the checkpoint was
added to the source code, in order to save the model with the
lowest reconstruction error based on the training dataset.

Step-by-step training of the model was followed by
applying inference on an image from the validation dataset
at every checkpoint. In Figure 7, it is shown that at the first
checkpoint (step 100), the reconstruction was made up of
horizontal and vertical lines, and almost no differentiation
between the phases was visible.

Then at 12,000 steps, the model reconstructed the mask
very poorly and some regions of the microstructure were
not reconstructed. Finally, at the checkpoint at step 46,700,
the model reached the best reconstruction, although there
were some errors in the output mask, especially at phase
edges due to errors in object boundaries in the original
EDF images, e.g., blue pixels appearing at oxide boundaries,
these did not preclude the aim of this study.

Figure 8 shows how the reconstruction error tends to
decrease with time after each training step of the VQ-VAE
model.

4.2 PixelCNN: modifications and preliminary
results for final datasets preparation

Once the VQ-VAE model was trained, we obtained the 62
z-matrices (Figure 9) composed with the codebook indices
from the images of the BMQ dataset to train the PixelCNN
model.

f ‘
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Figure 8: VQ-VAE training plot. Reconstruction error on the training
dataset.

At the end of the PixelCNN training, a sampler model
was built to generate new z-matrices from empty matrices.
This model took empty matrices of 64 X 64 px as input and
predicted each element based on pixels that are above and
on the left of it. Then, using the VQ-VAE decoder, synthetic
4-channel images were generated. To better visualize them,
in Figure 10 they were split into a microstructural image and
mask.

At first glance, it can be seen that the masks were cre-
ated correctly, but when observing the houndaries, different
pixel values and not just one per class can be identified. This
was the result of using poor quality images, so without pro-
cessing, these masks could not be used directly in semantic

o

Validation Reconstruction Reconstruction Reconstruction
Step: 100 120000 46700
Recon_error: 0.239 0.002 0.001

Figure 7: VQ-VAE training monitoring. From left to right: 1. Image from the validation dataset divided into microstructure and mask (the dataset does
not contain scalebar) 2-4. Reconstructed images, at different steps of the training, with the corresponding reconstruction error.
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Figure 9: Fe,,Nd,B-magnet - representation of images in the trained embedding space. Left: Original microstructural images taken from the dataset.
Center: Original masks taken from the dataset. Right: z-matrices composed with the 10 codebook indices. Each color represents an index of the
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Figure 10: Fe,,Nd,B-magnet - synthetic image generation. Left:

Synthetic microstructural image. Right: Synthetic mask without
post-processing.

segmentation models. To create useful masks for the U-Net,
we processed the generated ones. First, we applied the k-
means [28] algorithm to group the pixels into the 3 classes

M. O. Volman Stern et al.: Dual image generation to reduce labeling efforts
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Figure 11: Step-by-step mask pre-processing for U-Net. Left: Synthetic
generated mask. Center: Result from the k-means (4 clusters). Right:
Result of filtering small objects and filling them with the correct class.

and the background; then, we filtered and removed small
objects (<200 px?), and those regions were filled with the
neighboring class (Figure 11).

A quality pre-test was performed. Figure 12 shows the
raw synthetically generated masks compared to the masks
inferred by the subject matter model and it can be seen that
both are similar, meaning that the model correctly predicted
the synthetic objects.
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Figure 12: Fe,,Nd,B-magnet - quality pre-test of synthetic images. Left:
Synthetic microstructural image. Center: Synthetic mask without
post-processing. Right: Mask inferred by the model of the expert.

4.2.1 Dataset preparation with addition of synthetic
data for training semantic segmentation models

Table 5 illustrates the initial size of the training and vali-
dation datasets in the second column. The training datasets
were increased with each value in the third column, while
the validation one remained unchanged. The base datasets
were based on those described in Table 1. The columns
“Train/Val” and “Test” contain the number of real images,
while the third column lists the percentages of synthesized
images added to the training dataset with respect to the
length of the base training datasets.

For example, from the SHQ training dataset, an SHQ
[50 %] dataset was created by adding 8 synthetic images
(50 % of 16). In total, we formed 28 datasets with synthetic
data from the initial 4, without synthetic images.

For a more extensive study, only synthesized data were
used to create 14 more datasets by considering the size of

Table 5: Prepared datasets for training the semantic segmentation models.

Dual image generation to reduce labeling efforts
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Table 6: Prepared datasets for training the semantic segmentation
models.

Dataset name Train/val % training synthetic data Test

SyntLQ
SyntMQ

48/12 50, 75,100, 150, 200, 250, 300 27 (SHQ)
48/12 (21 SHQ) 50, 75,100, 150, 200, 250, 300 27 (SHQ)

Training data is synthetic. Validation LQ and MQ are real images.

Lym 1pm

Figure 13: Fe,,Nd,B-magnet - images from the initial dataset that were
discarded for training the semantic segmentation models since no
relevant information was present.

the large datasets (Table 6). The validation datasets were
composed only from original images with respect to BLQ
and BMQ. As an example, the SyntLQ [50 %] and SyntMQ
[50 %] consisted of the following: Training — 24 synthetic
images, Validation — 12 real images (from BLQ and BMQ,
respectively) and Test — 27 real images from SHQ.

In other words, the validation and test datasets
remained unchanged and contained only real data, while
the training datasets were purely synthetic. The values in
the second column refer to SyntLQ [100 %] and SyntMQ
[100 %].

4.3 U-Net for quantitative and qualitative
analysis of generated images

We set up a Jupyter Notebook to train the U-Net architecture
on each of the 46 datasets in the most equitable manner.
The implementation from the GitHub repository [29] was
adapted to this work. We kept all model hyperparameters

Dataset name Train/val Addition of synthetic data to the train dataset [%] Test
SHQ 16/5 50, 75, 100, 150, 200, 250, 300 7420
SLQ 16/5 50, 75, 100, 150, 200, 250, 300 27 (SHQ)
BLQ 48/12 50, 75, 100, 150, 200, 250, 300 27 (SHQ)
BMQ 48/12 (21 SHQ) 50, 75, 100, 150, 200, 250, 300 27 (SHQ)

BLQ and BMQ contains two images less than the initial datasets since they were discarded as no relevant phases were present (Figure 13). Patches
with only matrix phase would introduce more class imbalance to the test dataset (Table 2).
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constant (Table 3) and the only variation was the number of
images that made up each dataset.

The purpose of training 46 models with the different
datasets was to evaluate the metrics applied on the SHQ test
dataset composed of 27 real images and to draw conclusions
about the use of synthetic data in semantic segmentation
models.

4.3.1 Missing Class IoU - a customized metric for model
evaluation

In addition to the common metrics, we developed a person-
alized metric, “Missing Class IoU”, to evaluate the semantic
segmentation models. The principle of this new metric is the
same as the mIoU but it does not consider classes that are not
part of the ground-truth mask when calculating the average
IoU of all classes (C),).

n
2 IoUc,
l o M

Missing Class IoU =

Thus, in the case of the example given in Figure 14, the
new metric is calculated as follows:

1 32
I0Uyepiow + 10Ugpe + IOUBackground _ 1+ 5 + "
3 3

For the yellow class, the intersection (TP) and union (TP
+ FP + FN) values are 1, since the pixel in the upper right
corner is yellow in both images. In the case of the green
class, the mask does not contain green pixels, so this class
is discarded for calculation. In the case of the blue class, the
intersection value is 1 and the union is 2 (TP =1 and FP =1).
For the background class, which consists of a union value of
34 pixels (TP = 32 and FN = 2), the intersection is 32, since
there are only 2 pixels that were incorrectly predicted. The
IoU of each class is then calculated and averaged, discarding
the green class.

Figure 14: Example of a 6 X 6 px dummy image: Left: Ground-truth
mask. Right: Result of a model prediction. The colors of the pixels refer to
different classes.
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As can be seen, the IoU of the green class is not con-
sidered, since there is no green object in the ground truth;
however, the falsely predicted green pixel is considered as
an incorrect value for the background class. The reason
why we created this metric was because in some inferred
masks we noticed some class pixels that were not in the
ground-truth mask, due to the poor quality of the EDF image,
which makes it impossible for the human to label. In the
following section, one can see the use of this metric and how
it performs correctly.

5 Results

From the evaluation of the 46 models prepared for the
Fe;,Nd,B-magnet experiment, we created different graphs
to easily compare the results. As said before, the analysis
should be focused on the use of the metric developed for
this specific case, “Missing Class IoU”, however, the accuracy
and mlIoU graphs are also presented to explain the results
in more detail and to emphasize the use of the customized
metric.

The scatter plots in this section were constructed with
the same test dataset but with different metrics. The plots
take as lower x-axis the percentage of synthetic data in
addition to the original data, in other words, the results
of multiplying the second and third columns of Tables 5
and 6, while the top x-axis represents the absolute amount
of training data in the purely synthetic datasets (SyntLQ
and SyntMQ), which are the same values as the amount of
synthetic data added to the larger datasets (BLQ and BMQ).

5.1 Analysis according to the percentage of
synthetic data added

Figure 15 shows the evaluation of the accuracy on the differ-
ent datasets. It can be seen that the values of nearly all the
models (except purely synthetic) were between 97.5 % and
98 %, with 100 % being the maximum that could be reached.
It can be observed that BQM [100 %] had the highest value
with a little more than 98 % followed by the BMQ dataset
with 50 % of synthetic data and the SHQ [250 %]. In the case
of the models trained with purely synthetic data (brown
bars with line pattern), the model with highest accuracy,
97.2 %, is the one with 36 synthetic images. On the other
hand, the models with the worst accuracy were, in general,
those of SyntMQ and especially BMQ [300 %] with a value
of 91.4 %, which is not shown in the graph to better observe
the others. Furthermore, this graph allows one to visualize
the metric in terms of the base models (horizontal colored
and stylized lines), without synthetic data, where it can be
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Figure 15: Evaluation of accuracy on the 46 datasets according to the percentage of synthetic data added. The y-axis corresponds to the accuracy in %,
the lower x-axis to the addition, in percentage, of synthetic data to the training datasets and the upper x-axis to the number of synthetic images, in the
training dataset, for purely synthetic datasets. Stylized, colored horizontal lines represent the accuracy of the base models (without addition of

synthetic data) and each bar represents the accuracy of the models trained with addition of synthetic data. Note that BMQ [300 %] and SyntMQ [50 %]

are not shown in the graph because their accuracy was less than 95 %.

seen that BLQ (green solid line) and SHQ (blue dotted line)
had similar values around 98 %.

In the mIoU graph (Figure 16), the values are distributed
over a wider range than the accuracy graph, for example,
for the BMQ (red bars with stars pattern), its range goes
from 69 % mlIoU with the base model (red dashed lines)
to 82 % with the model trained with 50 % synthetic data.
Furthermore, if BMQ [0 %] is excluded from the graph, the
BMQ model with the lowest mIoU would be the one with
150 % synthesized data (mIoU = 70.5 %), while the one with
the most synthesized data (300 %) has an mIoU of 71.6 %.

The plot also shows that, in some cases, the mIoU values
of the models with pure synthetic data were higher than
those of the models trained with combined data. Addition-
ally, when 50 % synthesized data was added to the base
models, both SLQ and SHQ had a decrease in their metrics,
while the opposite happened to BLQ and BMQ.

After highlighting the main results generated by the
above metrics, we carried out the analysis of the “Missing
Class IoU” for each dataset and, in turn, the graphs of this
metric for each class separately.

The main observations from Figure 17 are as follows:

— By adding 50 % of synthetic data, except for the pure
synthetic data, all the models improved.

—  The purely synthetic SyntL.Q model with 24 images had
a higher value (87.3 %) of the metric than the base SLQ
model (86.1 %).

- BMQ [100 %] had the best performance (91 %).

— BMQ [300%] had the worst performance (76.1%),
barely below SyntMQ [50 %].

- SLQ [250 %] almost reached the best performance of
SHQ (90.3 %) and the performance of both at [50 %] was
similar (=90 %).

—  All models (except the purely synthetic ones) achieved
an improvement over the initial state in almost all
datasets extended with synthetic data.

- Models without synthetic data have a value of about
89 %, except for the SLQ with 86.1 %.

— Models trained with purely synthetic data are located
below all those combined with real and synthetic data.

5.2 Analysis per class/phase

We extracted the values from the “Missing Class IoU”
for each phase to provide another point of view. For
example, when analyzing the best model, BMQ [100 %],
the metric improved for absolutely all classes compared
to the base model, as can also be seen in the inferred
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Figure 16: Evaluation of mloU on the 46 datasets according to the percentage of synthetic data added.
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Figure 17: Evaluation of “Missing Class IoU” on the 46 datasets according to the percentage of synthetic data added.
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Mask

Original

BMQ [0%] BMQ [150%] BMQ [300%]

Figure 18: Fe,,Nd,B-magnet - segmentation on five images from the
test dataset. By column: 1. Original microstructural image; 2.
Corresponding mask in RGB; 3. Segmented image with the BMQ base
model overlapped to the original; 4. Segmented image with the BMQ
model [150 %] overlapped to the original; 5. Segmented image with the
BMQ model [300 %] overlapped to the original.

images (Figure 18). Moreover, when all graphs are examined
together (Figure 19), for all phases except Nd-rich, the mod-
els trained with purely synthetic data are below the others,
for each different value of the x-axis.

In the case of the first graph, that of the matrix phase,
one can see that the values are mostly compressed between
97 % and 98 % approximately, followed by the graph of the
oxide phase evaluation, between 90.5 % and 92.5 %. Then
there are those of Nd-rich with values lower than 85 %
and Eta, with values below 80 %. Some low values are also
observed (excluding models trained with purely synthetic
data), for example, in the case of SLQ [0 %] compared to
their respective models trained on synthetic data, and in the
case of BMQ [300 %], on the evaluation of the matrix and Eta
phases.

5.3 Analysis using only data augmentation

Another U-Net model (Table 3) was trained with the BMQ
dataset without synthetic data but with data augmenta-
tion. The following transformations were applied to the
dataset from the Albumentations [30] library: CLAHE, Ran-
domBrightness, RandomGamma, Sharpen, Blur, MotionBlur,
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GaussianBlur, GaussNoise, RandomContrast and HueSatura-
tionValue, which were not adequately verified for this type
of dataset. As a result, a Missing Class IoU of 89.2 % was
obtained.

6 Discussion

Based on the results, it is possible to improve semantic
segmentation models using synthetic data. This approach
allows one to decrease the time consumption in labeling
large datasets as well as populating small ones.

It could be seen why accuracy and mIoU should not
be used in this specific experiment with Fe;,Nd,B-magnet
images. The first metric, mainly because almost all models
had a value higher than 97.5 %; this would reflect that they
were almost perfect, whereas this was not the case, as could
be seen with the other metrics and the predicted images
(Figure 18).

For the second metric, a clear case of its limitation in
this analysis is, for example, the following. When compar-
ing the mIoU values of the BMQ [150 %] and BMQ [300 %]
models, the first intuition would be that the latter performed
better than the former; however, when observing these pre-
dicted images again, it can be seen that the Eta phase was
not detected for the latter model.

To validate the development of the “Missing Class IoU”,
Figure 20 shows two clear examples with predicted masks
using the BMQ model with 150 % and 300 % synthetic data.
For the images in the first row, it can be seen that the results
of the metrics are the same for both models, since all the
values of each class are taken into account.

However, in the second example, the difference is that
the green class is not considered for the calculation of the
image inferred by BMQ [150 %], so the sum of the IoU per
class is divided by 2 and not by 3 (3 because the red class is
not present). A final clarification on this situation is that, if
someone does not see the inferred images and receives the
information that the mIoU of an image is 65 %, one might
think that the model has completely failed in its prediction,
when, in fact, it has not.

In addition, if the BLQ and BMQ base models are com-
pared with their respective ones by adding 50 % of synthetic
data, the improvement is very large but this can be con-
firmed by looking at the inferred images by these models
or plotting the mIoU of each image on a histogram, as some-
thing similar to the above may occur.

Although it is not clear how much data to generate and
use, the combination of both original and synthetic data pro-
duces better models than both separately. Besides, this can
be checked by generating a large amount of synthetic data,
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Evaluation of Eta - missing class 10U on different datasets

SyntLQ & SyntMQ [No. of syntethic images for training)
36 48 2 9% 120

80
. y - 00
1 1 - 0
-7 g 1 : . 20
R d §
= | ] | -0
2 1 i 1 - o
210 9 ] o :
5 § 1 ' g 1
S d 3 |
651 R . ] |
€ b ]
Z d g 1
2 g 1
Z 60! i 1 g d |
d g |
g |
d 3 1
d 3 1 i |
55 d 1
d g 1
§ |
d g 1
g 1
50 | R | p .
] n ° 2 2
2 g 2 2 b
& 2] R {
Datasets [% of synthetic data in addition to original data)
Evaluation of Nd-rich - missing class IOU on different datasets
SyntLQ & SyntMQ [No. of syntethic images for training)
48 72 96 120 144
90.0

Datasets
-0
- 0o

. 90

- 5o
- yntMQ

Missing class 10U (%]
8
°

9
s
g
g
g
d
s
s
0

[«
[«
g
g
g
g
g
g

2

3

Y 3 a

2
] - & S
Datasets [% of synthetic data in addition to original data)

Figure 19: Evaluation of “Missing Class IoU” per class/phase on the 46 datasets. Note that BMQ [300 %] and SyntMQ [50 %] are not shown in the
“Evaluation of Eta” graph because their corresponding value for the metric were 0 % and 14.9 %.

then training a few models by taking different percentages
and observing the “Missing Class IoU” graph.

Thus, in the current analysis, the BMQ [100 %] model
would be chosen, which has increased from 89.5 % to 91 %
due to the addition of synthetic data. Figure 21 shows some
inferred images by this model. Note that in case of other
materials and approaches, the appropriate metric should be
chosen for the selection of the best model.

Moreover, the use of “per class/phase” graphs allows
the analyst to observe poor inference in specific classes,
commonly due to class imbalance or labeling errors in the
datasets. In this way, synthetic images with more composi-
tion of the unbalanced class and more accurate masks can
be added simultaneously.

Other conclusions can also be drawn from these graphs,
e.g. the first two plots from Figure 19 (matrix, Eta) show that
the evaluation is consistent, for instance, by checking the
SLQ [0 %] and BMQ [300 %] which had the lowest values of
their corresponding datasets. Both models had problems in
differentiating the Eta phase from the Matrix.

On the other hand, the large improvement of SLQ with
50 % synthetic data was basically due to improved detection

of the Eta phase, while the worsening of BMQ from 250 % to
300 % was due to the null detection of that phase.

Regarding the quality of the images, one aspect to note
in the production of the 4-channel image is that, although
the VQ-VAE and PixelCNN models are trained with the BMQ,
which has several labeling errors, the synthetically pro-
duced masks have a high accuracy and show almost no pixel
value errors. Whereas in reality, in most cases, there are no
perfect masks for training (Figure 22).

The important question to answer would be why the
semantic segmentation models were improved with syn-
thetic images, to which a possible answer would be the
fact that the generated labels are more accurate. Although
the generated microstructure does not look 100 % real, as
described in the literature, labeling errors lead to a worse
performance of the models.

When one creates a semantic segmentation model and
its results are not as desired, the first thing to look at is
the conditions of the masks. If these are correct, instead of
acquiring more images and labeling them, it may be a great
option to use the workflow explained in this paper, since on
the same day one can train the set of models and generate
synthetic images that could improve the segmentation, all
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Figure 20: Two examples to understand the “Missing Class IoU” metric.
By column: 1. Original RGB mask 2. Mask predicted with the BMQ [150 %]
model 3. Mask predicted with the BMQ [300 %] model.

Figure 21: Segmentation on five images from the test dataset. By row: 1.
Original microstructural image; 2. Corresponding mask in RGB; 3.
Segmented image with the BMQ [100 %] model and overlapped on the
original.

much faster than the time needed in sample preparation,
image acquisition and labeling, thus saving time and costly
tasks.

One more point should be noted, which is that of data
augmentation. Applying, for example, the Albumentations
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Figure 22: Fe,,Nd,B-magnet image patch taken from the training
dataset. The microstructural image has unsharp boundaries, variation of
pixel colors due to EDF (blue pixels can be seen in the oxide phase) and a
huge wrong label.

library [30] to augment the datasets requires specific
domain knowledge. One must correctly define which image
transformation operations can be used without altering the
data in a way that hinders model generalization. As shown
in the results section, incorrect selection of data augmen-
tation can lead to worse performance (Missing Class IoU
= 89.2 %) than not using data augmentation as in the base
BMQ model (Missing Class IoU = 89.5 %).

Although with the correct application of data augmen-
tation, a great performance could probably be achieved and
maybe even better than BMQ [100 %], the application of the
workflow of this paper does not involve a previous study of
the images. In this case, there is no need to define what kind
of augmentation to apply but only requires combining the
real image with the mask and training the VQ-VAE model.

Depending on the distribution of the codes, it is the
model that will be used to generate new codes; for example,
during experimentation, PixelCNN has shown good results
for non-uniform microstructures.

7 Limitations of the current
workflow

Although the images generated for the experiment pre-
sented in this paper helped to improve the semantic seg-
mentation models, they were not perfectly morphologically
accurate and were somewhat blurred.

The former was due to the PixelCNN model, since
the z-matrices obtained by the VQ-VAE model differenti-
ated each phase well. Further experiments were performed
with other materials, e.g., Li-ion battery microstructures,
in which the microstructure layers are more clearly dis-
tributed, and the result of the PixelCNN model was poor, as
it failed to learn the distribution of the layers.
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The second problem is the reconstruction of blurred
images due to the VQ-VAE model, which is explicitly shown
in the authors’ paper.

8 Conclusion and outlook

In conclusion, we would like to highlight a few points:

— Using the combination of both original and synthetic
data results in improved performance (1-4%) of the
semantic segmentation model compared to training
with both separately.

— The synthetically produced masks have well-defined
object edges and barely show any over segmentation
or misclassification of pixels, even if the models were
trained with various labeling errors.

— VQ-VAE exhibited good performance but should still
produce less blurred images. PixelCNN is adaptable to
approaches, where the phases are more sparsely dis-
tributed and not very adaptable in the case of densely
concentrated regions, such as in a pattern form where
the pixels are distributed in a structured way. Neverthe-
less, there are new versions of PixelCNN, that improve
generation performance and overcome the “blind spot
problem”; that can be tested for this workflow.

— The proposed “Missing Class IoU” is useful for evalua-
tion in cases where images have small objects that were
not labeled but detected, and whose class is not part of
the label. Thus, very low mIoU values are avoided.

—  “Per class/phase” graphs allow the analyst to observe
poor inference in specific classes (e.g. 14.9 % on the
evaluation of “Missing Class IoU” on Eta phase with
SyntMQ [50 %]) and a more detailed understanding of
the metrics used.

— Forasignificant improvement of the workflow, it would
be of interest to generate the dual synthetic image with
the incorporation of variables in the latent space to
be able to manipulate microstructural properties, e.g.
phase fraction, in order to populate or balance datasets
with the desired phase/property.

— This approach would overcome a limitation of data
augmentation, which focuses on creating new images
by making global changes to the original image. The
augmented data do not have semantic meaning and
therefore, do not improve generalization ability of the
semantic segmentation models when there is imbal-
ance in different classes. Carrying out local changes or
adding microstructural information in the latent space
could overcome imbalance of specific classes.
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