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Abstract

Analyzing digital histopathological images is crucial in
medical diagnostics; however, obtaining large, well-
annotated datasets is challenging. This work focuses
on augmenting histopathological datasets using generative
neural networks and evaluating the new data’s influence on
the deep learning-based segmentation model. The analysis
examines current methods for generating synthetic images
and compares them to those that best meet our require-
ments. Based on this evaluation, we decided to prioritize
denoising diffusion probabilistic models over generative
adversarial networks due to their ability to perform im-
age synthesis and inpainting. Because of the nature of im-
age synthesis from noise and image inpainting processes,
our solution combines these two and leverages their po-
tential in dataset augmentation. The proposed solution ex-
periments on in-house histopathological image Figure
datasets of heart tissue because, during the previous re-
search, the blood vessel class showed a significant under-
representation. We experimented with image synthesis in
pixel and latent space with the same model architecture
to test if we could capture better features with latent rep-
resentation. The paper evaluates the quality of generated
images using quantitative metrics and visual analysis. The
high-level overview of our work is visible in Figure[I] Our
synthetic dataset improved the DICE score of blood ves-
sels in the segmentation model by 2 %.

Keywords: Dataset Augmentation, Generative Neural
Networks, Semantic Image Synthesis, Digital Histopathol-

ogy

1 Introduction

Analyzing digital histological images is crucial for patient
treatment and diagnosis. Researching deep learning-based
methods for analyzing digital histological images is a top-
ical issue. However, collecting large numbers of well-
annotated digitized histology data for the training of deep
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Figure 1: Overview of the dataset augmentation process
using image synthesis and inpainting. Synthetic data is
generated and combined with the original dataset to train
a segmentation model.

neural networks is difficult. Creating a histology dataset is
more complex and time-consuming than labeling a general
one because of the need for domain knowledge. Another
aspect that makes creating a public medical dataset harder
is the patients’ privacy, which is classified as sensitive
data. The lack of images is a limiting factor for research on
new approaches using deep neural networks, as one pos-
sible solution is the creation of synthetical images to aug-
ment the dataset. The root cause of our research is the in-
sufficient class representation in our in-house heart tissue
dataset for semantic image segmentation, which causes in-
sufficient segmentation performance, especially for blood
vessels.

Our goal is to enhance the existing segmentation model
[4] for higher biological structures and examine the impact
of dataset augmentation with fully or partially synthetic
images. Our solution includes two crucial points. Firstly,
we developed a deep learning-based method for semantic
image synthesis. In this part of the work, we experimented
with two approaches for creating fully synthetic images or
partially editing them by inpainting. Both methods were
performed with denoising diffusion probabilistic models
(DDPM) in pixel and in latent space. The second step in-
volves evaluating and comparing our augmented datasets
with the baseline dataset. The synthetic dataset with the
best results was used as an additional dataset for the image
segmentation task to determine if the augmentation helped
the model better learn underrepresented features. Our
contribution is to create a histological dataset of heart tis-
sue from synthetic data.
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2 Related works

During our research, we focused on two groups of papers
that used histological data with DDPM and augmented the
dataset with synthetic data.

2.1 Image inpainting utilization in digital his-
tology

Various methods, such as folding or uneven illumination,
can damage tissue slices during manipulation before they
are digitized. These damages are referred to as artifacts,
and they can make it challenging to analyze the images.
Removing artifacts from WSI images is crucial in medi-
cal imaging but can be difficult. Several solutions exist
based on GANSs to remove artifacts from samples, but they
risk the miss-transfer of stain style because they generate
a whole image and not only the affected part. To address
this problem, Zhenqi He et al. [6] proposed the ArtiFu-
sion model utilizing DDPM Figure 2] The most crucial
point of this paper is that they do not generate whole syn-
thetic images as conventional DDPMs. However, in this
case, their proposed model generates just part of the image
to replace the artifact. They used an inpainting approach
from Lugmayr, Andreas, et al. [§]. Contrary to DDPM,
the second change is replacing the U-Net architecture with
a novel Swin-Transformer-based network. Their network
leverages attention mechanisms better to capture both lo-
cal and global relationships in histology images, improv-
ing restoration quality.
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Figure 2: Artifact removal comparison of CycleGAN ap-
proach against inpainting with DDPM (ArtiFusion). The
GAN modifies the whole image, contrary to ArtiFusion,
which focuses only on the artifact [|6].

2.2 Datasets augmentations with synthetic
images

In [10], the aim of Mathias Ottl et al. was to achieve
a better performance of the U-Net segmentation model
by augmenting the dataset with synthetic images. They
work with breast cancer tumors and are focused on Human
Epidermal growth factor Receptor 2 (HER?2) and its sub-
types. Usually, the HER2 comprises several subclasses,
and the final treatment is based on this combination. How-
ever, these subtypes can be imbalanced, and some can
be underrepresented, leading to a weaker segmentation
performance. The usual augmentation methods, such as
class oversampling, can quickly turn into model overfit-
ting, so the paper aimed to extend the dataset with subtype-
balanced synthetic images generated by generative neural

networks. The work compared three approaches: image
generation with GAN, DDPM, and image inpainting with
DDPM. All three models generated a new image based on
existing masks in their baseline dataset; however, the class
types of masks were mixed. Their experiments were per-
formed on 40 pieces of whole slide images, split into train-
validation-test sets of 24-8-8 [[10]. In the end, the results
were evaluated quantitatively and qualitatively. The exper-
iment in which the original dataset was extended by 100 %
of synthetic images generated by DDPM was marked as
the best. There, the Dice score of the U-Net segmenta-
tion model increased by 2.43 % to 0.854. From a qualita-
tive perspective, they reported that images from all three
models are visually very close to the real samples. The
GAN generated repeating samples, a common problem
with these networks. Images from DDPM had a higher
variance and small artifacts in the background. The in-
painted images also showed a high variance in subtypes,
but the staining on the new image was more similar to the
original image [[10].

As mentioned earlier, we need a large amount of labeled
data to successfully apply deep learning methods to solve
these tasks, which is time-consuming and requires an ex-
pert pathologist. To overcome this challenge, Xinyi Yu et
al. [L6] proposed a two-stage synthetic image generator
based on DDPM [7], with the goal of dataset augmenta-
tion. The reason for not choosing GAN architecture was
their unstable training and low variance in generated im-
ages [16]. The output of the first step of their proposal is a
nuclein instance map generated by unconditional DDPM.
The work did not discuss the exact architecture of the U-
Net used in this step. The resulting instance map is used
as additional information and inspired by Wang et al. [[15]],
they embed it into the network through SPADE [11]]. The
network used to generate the final synthetic nuclei image
in the second step is fully adapted from [[15]]. Two distinct
nuclein segmentation datasets from multiple organs were
used for the experiment, with 44 and 30 whole-slice im-
ages. The authors stated that the final images look realis-
tic and diverse. They also underlined that the generated
images are well-aligned with a synthetic nuclein struc-
ture, a crucial requirement in segmentation training. In
experiments, two models (Hover-Net and PFF-Net) were
trained to segment nucleins, and the Dice coefficient and
Aggregated Jaccard Index were used as evaluation metrics
to quantify their results. The experiments with syntheti-
cally extended datasets were evaluated on both mentioned
datasets. The work highlighted that even adding 10% of
augmented samples can perform better than without syn-
thetic data [[16]].

3 Proposed solution
We will describe the dataset used for experiments and our

overall inference pipelines for the solution, covering im-
age synthesis and inpainting.
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3.1 Our dataset

This work focuses on whole slide image (WSI) data ac-
quired from the Institute for Clinical and Experimental
Medicine (IKEM) in Pragueﬂ an in-house dataset. This
dataset was previously utilized for segmentation in [4]],
which we aim to support through our research. The images
from IKEM show heart tissue biopsies taken after heart
transplantation (Figure [3]) and include various higher-
level biological structures such as blood vessels, inflam-
mations, and endocardium. At the start of the work, we
had access to 51 fully or partially annotated images; how-
ever, later, we were provided with other samples contain-
ing only blood vessels, which we also incorporated. Each
image has a resolution of approximately 10,000 x 10,000
pixels. In addition to these images, annotations of higher-
level biological structures are provided in GeoJSON for-
mat. We have annotated the following classes: endo-
cardium (31.22 %), inflammation (38.40 %), blood vessels
(8.14 %), and fatty tissues (22.03%). The dataset’s pre-
processing process was performed as follows. The pri-
mary goal was to extract image patches of a satisfactory
size of 256 pixels to serve as input for our models. We
went through the images systematically with window size
of 128 pixels horizontally and vertically. The patch was
kept if a given criteria was fulfilled — it contained at least
50% tissue and 10 % of some label.

Figure 3: A real-world image sample of a whole slide im-
age of heart tissue biopsy provided by IKEM. The image
is captured with a medical scanner and colored with H&E
staining. The figure size is more than 10,000 x 10,000
pixels, and a special application is needed for its detailed
examination.

3.2 Image synthesis

Figure [] illustrates the inference process of our proposed
solution. The right side (red) of the figure highlights the
creation of fully synthetic images, where the synthesis
model has a Gaussian noise and corresponding semantic

https://www.ikem.cz/cs/
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Figure 4: Inference process of our semantic synthesis
model, the right side (blue) presents the fully synthetic
image synthesis and the left side (red) stand for image in-
painting.

masks on the input, based on which the synthetic image
will be created. On the left side (blue), the inpainting pro-
cess is illustrated, where the model gets on the input se-
mantic mask again; however, instead of noise, we have a
partially covered image where we want to inpaint based
on the semantic mask. In the middle of the image is the
synthesis model, which has an optional Vector Quantized
Variational Autoencoder [[14] part used for synthesis in la-
tent space. We trained two models, one for pixel space
generation and one for latent space. The synthesis mod-
els are trained as a traditional DDPM [7], but thanks to
the nature of the inpainting process [8]], we can use this
model during the inference in both ways without any other
modification.

Our approach uses an U-Net-based model for noise es-
timation Figure [5]to follow a traditional encoder-decoder
architecture tailored for image processing. The encoder
is implemented as a ResNet-based [3] encoder, which ex-
tracts hierarchical features using residual connections [J5]].
For the decoder Figure[6] we adapt the approach from [[15]);
the decoder is developed to reconstruct the original im-
age resolution while embedding additional context from
the encoder and the segmentation map. A key enhance-
ment in the decoder is the integration of spatially adap-
tive denormalization (SPADE) layers [11]. These layers
spatially modulate the feature maps based on the segmen-
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Figure 6: Detailed view of decoder block for noise estima-
tor.

tation map, allowing the model to adaptively align recon-
structed features with the semantic information. SiLU [[12]
activation functions in the network blocks are used to in-
troduce smooth, non-linear transformations that improve
gradient flow in deeper models.

The Autoencoder is a vector quantized variational
model [14] designed to encode input images into a dis-
crete latent space and reconstruct them, enabling the use of
the Latent Diffusion Models (LDMs) approach [13]]. The
encoder blocks employ residual connections and attention
mechanisms for feature extraction. It concludes with a

vector quantization step, replacing continuous latent vec-
tors with discrete representations from a code book. The
decoder mirrors the encoder to up-sample the latent repre-
sentation and reconstruct the original resolution progres-
sively. It incorporates attention mechanisms to guarantee
semantic coherence.

3.3 Semantic image segmentation

We used a ResNet-based [3]] U-Net architecture for seman-
tic image segmentation to segment the biological struc-
tures in our heart tissue images. The model follows an
encoder-decoder structure, with the ResNet blocks extract-
ing hierarchical features from the input images.

To improve the feature selection in the decoder, we in-
tegrated an Attention Gate (AG) mechanism introduced in
[9] into our U-Net-based segmentation model. The at-
tention mechanism is developed to refine the spatial fea-
ture maps by selectively suppressing irrelevant activations
while highlighting the most informative regions. Given a
gating signal g € RO#>*W from the decoder and skip con-
nection features x € RE¥*W from the encoder, the AG
computes an attention map & € [0, 1]#*W as follows:

g =Weg+b, (1)
X =Wex+ by 2
v =0 (Wy-ReLU(¢' +x') + by) 3)
o = Upsample(y) 4

Here, Wy, W,, Wy, are learnable weights, ¢ denotes the
sigmoid activation, and ‘Upsample‘ is used to match the
spatial resolution. The final output is the element-wise
multiplication of the attention map with the original skip
connection:

FI=aox )

The model is trained using a combination of Binary
Cross-Entropy and Dice loss. During training, it learns to
predict pixel-wise class labels for each image, and its per-
formance is evaluated using the Dice score and F1 score.

4 Experiments and results

Our experiments and results can be divided into two lead-
ing groups. The first group consists of sampling various
synthetic datasets for augmentation. In the first round, we
trained two synthesis models, one for sampling in pixel
space and one for sampling in latent space. With both
models, we created fully synthetic and inpainted datasets
consisting of 10,000 samples and only with the class of
blood vessels, which are the main targets of our interest.
As mentioned in Section [3.1] we collected a new dataset
after beginning our experiments. We retrained both mod-
els with this additional data to evaluate whether it im-
proved their image synthesis performance. In the end, we
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had six datasets (the inpainting samplings in pixel space in
the time of paper writing were not done) that were evalu-
ated quantitatively.

The second group of experiments contains a multiple
training process for the segmentation model, where we
gradually augment the baseline dataset with the best syn-
thetic dataset from our first round of experiments. TableT]
describes the percentual class representation over the aug-
mentation.

4.1 Experimental setup

This section presents our experimental setup, including
the hardware and model hyperparameters. The synthesis
model was trained on an NVIDIA RTX 6000 Ada Gen-
eration graphical card with 48 GB memory. We experi-
mented with a multiple-model configuration, changing the
levels in the U-Net architecture and testing self-attention
applications at different levels. Finally, the best result was
achieved with a model architecture presented in Figure [5]
We down-sample the spatial dimension four times, and a
self-attention layer is used only in the bottleneck of the
model. The detailed description of the model blocks was
provided in Section[3.2] With this configuration, the model
has around 90 million learnable parameters. In our exper-
iments, the diffusion process was configured with the fol-
lowing parameters: the number of steps in the denoising
process was set to 1000, with a linear beta schedule run-
ning from 0.0001 to 0.02. We set the number of epochs
to 500 with a batch size 16 and a learning rate 0.0002 for
training. Input image values were scaled to the range [-1,
1] before input into the model. The optimization was per-
formed using the Adam optimizer, with the learning rate
specified above. The loss function used to train the diffu-
sion model is the Mean Squared Error (MSE), as defined in
eq.[6] The MSE loss is then computed between the ground
truth noise and the predicted noise:

N
LSk = L Y (e—&)%, (6)
NS

where ¢ is the true noise added to the i sample, and &
is the predicted noise.

The segmentation model was trained on an NVIDIA
GeForce GTX 4090 graphical card with 24GB memory.
The used model and loss function were discussed in Sec-
tion[3.3] Every training session was initialized with a batch
size of 16 and for 100 epochs. The learning rate was set
to 0.0002 with the exponential scheduler to gradually re-
duce the learning rate during training and improve conver-
gence stability [3]]. Overall, we trained a five-segmentation
model with dataset setup described in Table|[I]

4.2 Results of semantic image synthesis

In this section, we evaluate the generated synthetic
datasets against each other quantitatively. The results of

our experiments are summarized in Table [2] which com-
pares performance metrics for image generation in pixel
and latent spaces. For evaluation, we used three met-
rics: KID, FID, and LPIPS [1, 2. Both types of syn-
thetic datasets were compared with our baseline dataset.
The table shows that the datasets sampled in latent space
performed better overall than images from pixel space. In-
terestingly, a retrained model with additional data in pixel
space provided worse results than its base variation. The
values within the group of latent sampling are very close
to each other, especially for LPIPS; this could be a sign
that our starting dataset was enough for our model, and the
retraining does not provide much more new information.
Finally, based on values from KID and FID, we selected
the inpainted dataset sampled in latent space with the re-
trained model as best and will continue with it further in
our experiments.

In Figure [/| we are providing a sample for inpainting
blood vessels into a clear tissue with no other biological
structure. In the third column, it is visible that the high-
lighted areas for the painting are properly modified, and
the other parts of the image are untouched. No sharp tran-
sitions are visible on the inpainted areas, and the modifi-
cation has a gentle border. However, determining if the in-
painting is properly done and corresponds to a real blood
vessel could not be told without an expert review, which
will be covered in future work.
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Figure 7: Sample inpainted images. The first column
shows the original image with the related segmentation
mask, the second column displays the tissue without other
structures, and the third column presents the inpainted
blood vessels.

4.3 Results of image segmentation

We separated three whole slide images for testing pur-
poses, which were not included in the training dataset for
the segmentation model. The summarized results are vis-
ible in Figure 8 which describes how the dice score for
classes and F1 Score evolve with dataset augmentation.
The dice score calculated here is the average dice for all
three images. However, we augmented only the blood ves-
sels class. It also affected the other classes. The best run
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Table 1: Class representations percentage over the augmentation

Dataset Variation Endocard (%) Blood Vessel (%) Inflammation (%) Fatty Tissue (%)
Baseline Dataset 31.22 8.14 38.62 22.03
Base + 2.5K Synthetic pcs. 30.17 11.22 37.32 21.29
Base + 5K Synthetic pcs. 29.20 14.06 36.13 20.61
Base + 7.5K Synthetic pcs. 27.54 18.97 34.07 19.43
Base + 10K Synthetic pcs. 27.47 19.16 33.98 19.38

Table 2: Evaluation metrics in pixel and latent space for
inpainted and synthetic data. | indicates that lower values
are better, and 1 indicates that higher values are better.

Synthetic dataset name [ KID () [ FID () [ LPIPS (D)
Pixel Space
Fully Synthetic (Base Dataset) 0.06 68.94 0.59
Fully Synthetic (Extended Dataset) 0.08 85.85 0.58
Latent Space
Fully Synthetic (Base Dataset) 0.051 58.32 0.59
Fully Synthetic (Extended Dataset) | 0.058 61.49 0.59
Inpainted (Base Dataset) 0.035 4791 0.58
Inpainted (Extended Dataset) 0.03 47.61 0.58

appeared to be the one with the 7.5K pieces of data expan-
sion, in which all metrics improved except for the endo-
cardium.
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Figure 8: Evaluation metrics comparison across trained
segmentation models. The chart displays Dice scores for
different biological structures and F1 score across dataset
variations.

We calculated the dice, precision, and recall metrics per
image sample to understand the models’ behavior better;
this is summarised in Table Bl The results show that dice
increased by around 4% for every sample. The data also
shows that in the case of WSI with ID 7026, the augmented
model was more conservative with higher precision and
lower recall; it suggested fewer false positive values, but
probably at the cost of missing true positives. This hy-
pothesis is confirmed by Figure 0] where the red regions
are for false positive predictions. However, blue regions
stand for false negatives, and it is visible that in four cases,
the model could not detect any part of the vessels. Green

regions describe the true positives, and it is observable that
the majority of the vessels were detected at least partially.

For the WSI with ID 3002, precision and recall in-
creased as well. However, precision is still low. The low
precision indicates false positive detections, also visible in
Figure|§|; here, the tissue has a leaky structure, and these
holes probably confuse the model and are marked as blood
vessels.

Table 3: Performance Comparison of segmentation model
trained on baseline dataset and on additional 7.5K pieces
Synthetic Data

Test figure # | Dice | Precision | Recall
Baseline dataset
#1 0.560 0.663 0.483
#2 0.145 0.230 0.105
#3 0.300 0.243 0.394
Base + 7.5K Synthetic pcs.
#1 0.529 0.810 0.393
#2 0.194 0.214 0.177
#3 0.343 0.254 0.528

Figure 9: Comparision of True Positive (green), False Pos-
itive (red) and False Negative (blue) detections from the
segmentation model trained with 7.5K pieces of synthetic
data augmentation.

5 Future work

Our future work will consist of two parts. We have con-
firmed our hypothesis that augmenting the dataset with a
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Figure 10: Detailed view of false positive (red) detections
in the leaky heart tissue structure.

given amount of synthetic data can improve the segmen-
tation model’s performance; however, balancing precision
and recall may require further experiments or a postpro-
cessing step. The next step is applying this synthetic
dataset to the model used in [4], which is specially devel-
oped for this dataset and more sophisticated than the one
we used in segmentation experiments, and verifying our
hypothesis again. We also want to verify our solution on
other histological in-house datasets and support the devel-
opment of deep learning solutions on them. Additionally,
we plan to execute expert validation with pathologists to
assess the clinical quality of our synthetic data.

6 Conclusion

In this work, we analyzed the influence of augmenting
histopathology datasets with synthetic images on the per-
formance of a deep learning-based segmentation model.
Our approach leveraged denoising diffusion probabilistic
models (DDPM) to generate fully synthetic and inpainted
images, focusing on improving the segmentation of under-
represented classes, such as blood vessels. We evaluated
our synthetic dataset using image quality metrics (KID,
FID, LPIPS) and selected the best-performing dataset for
segmentation experiments. Our findings demonstrate that
augmenting the dataset with synthetic data can enhance
segmentation performance, mainly for underrepresented
classes. The best results were achieved with a 7.5K pieces

of synthetic data augmentation, leading to improvements
in Dice and F1 scores across multiple test samples. How-
ever, the results also underlined a trade-off between pre-
cision and recall, where the model trained with synthetic
data showed a more conservative prediction behavior with
higher precision at the cost of recall. The results sug-
gest that while synthetic data improves class represen-
tation, further tuning or post-processing may be neces-
sary to balance these performance metrics. Our results
demonstrate the potential of synthetic images for enhanc-
ing histopathology datasets, supporting the development
of more robust deep learning-based segmentation systems.
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