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ABSTRACT Medical imaging scenarios are characterized by varying image modalities, several organs/cell
shapes, and little annotated data because of the expertise required for labeling. The successful use of state-
of-the-art deep-learning approaches requires a large amount of annotated data or a pre-trained model.
Despite the constant publication of new annotated datasets and pre-trained models, a vast subset of them
remains untapped, owing to the challenges in effectively applying transfer learning or domain adaptation
across varying scenarios. In this paper, we propose an automated style-aware framework for predicting the
similarity value of a new biomedical dataset with respect to the state-of-the-art annotated datasets, selecting
the most suitable annotated dataset for transfer learning or domain adaptation. Our pipeline, consisting of an
autoencoder trained with self-supervised learning through a comprehensive loss function that considers the
image reconstruction, style features, and dataset membership, does not need any kind of labels in training
and test stages. The resulting 2D latent space represents a similarity measurement, which is demonstrated
to correlate with the pre-training results in a task of binary semantic segmentation, and can provide the
dataset that offers the optimal results for pre-labeling or pre-training a new biomedical task. Our results
demonstrate the superior performance of this measurement with respect to manual selection and the state-of-
the-art approaches. Therefore, ASAP can speed up the deployment processes of new biomedical applications.
Our code is publicly available at https://github.com/miguel55/ASAP.

INDEX TERMS biomedical imaging, meta-learning, similarity, style transfer, transfer learning

I. INTRODUCTION

CONVOLUTIONAL Neural Networks (CNNs) have
shown significant potential in complex tasks such as

medical and biomedical imaging [1]–[6]. However, the pa-
rameters of traditional CNN pipelines are obtained through
supervised learning, a process that requires labels obtained
through human annotation. The annotation process for any
dataset is tedious and time-consuming [7]. In the particular
case of a biomedical dataset, this process must be done by
individuals with significant expertise in the interpretation of
biomedical imaging, a process that requires a notable amount
of time and resources [8].

Nevertheless, the pool of annotated, available, and large-
scale datasets for different biomedical imaging modalities is
continuously growing, e.g., for dermatology [9], Magnetic
Resonance Imaging (MRI) [10], and histopathology imag-
ing [11]. On the one hand, foundation models [12] are able
to make use of this large and diverse dataset pools, and
useful in other applications, such as real image segmentation
[13], but still restricted to specific image modalities (CT,
MRI, endoscopy) in medical and biomedical image domains
[14], [15]. On the other, the effort involved in the annota-
tion process of a new biomedical dataset can be drastically
reduced with transfer learning and domain adaptation [7].
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However, in a biomedical context, these processes are par-
ticularly challenging due to several variations regarding the
image modalities: i) object type (organs/tissues/cells,...), ii)
color, iii) illumination, and iv) aspect ratio/spatial resolution.
Hence, due to the difficulty of effectively performing transfer
learning and/or domain adaptation, most of medical imaging
datasets often remain unused [16].

In that regard, transfer learning or domain adaptation can
benefit of a quantitative measurement of dataset similarity. In
this way, by selecting the most similar dataset from the state
of the art for a new biomedical image processing problem, the
knowledge learned from the source domain can be optimally
transferred to target domain. However, the literature on the
similarity among image datasets is scarce despite this topic
being a long-standing challenge in image processing. Current
proposals about dataset similarity either use the associated
text metadata as a Natural Language Processing (NLP) prob-
lem [17]; require labeled datasets to compute the similarity
measurement, with the corresponding human effort devoted
to annotation; or even rely on fixed pre-trained networks
(e.g., trained on real-world datasets such as ImageNet [18])
for feature extraction, which do not consider the particular-
ities of biomedical image data. In addition, state-of-the-art
approaches focus on classification tasks [19], [20], whereas
segmentation, which needs more human effort to generate the
annotations, is not considered. In contrast to dataset similar-
ity, image similarity has been thoroughly studied for Content-
Based Image Retrieval (CBIR) tasks in real-world image
scenarios and many metrics have been proposed [21]–[23].
Nevertheless, the proposed metrics have yet to be extensively
proven to be useful in biomedical imaging.

In this paper, we propose an Automated Style-Aware sim-
ilarity measurement for selection of Pre-training datasets
(ASAP) in 2D biomedical imaging. To the best of our knowl-
edge, this is the first self-supervised and image-based learning
system predicting a similarity measurement among biomedi-
cal imaging datasets. ASAP is an extension of our previous
work in [24], and their results have been demonstrated to
improve dataset selection with respect to the state of the art
in a semantic segmentation task.

The main contributions of our work are the following:
• We introduce a workflow to build a 2D latent-space

embedding whose disposition is related to the similarity
of biomedical imaging datasets, and correlated with the
transfer learning performance in a supervised training
task.

• We introduce a reliable, robust, and interpretable mea-
surement for quantifying dataset similarity over our em-
bedding, the Embedding Quality Criterion (EQC).

• Our proposedmodel, an autoencoder (AE) based on con-
tent and style features [25] trained with self-supervised
contrastive learning [26], unveils that style features are
a powerful source of similarity in the biomedical image
field.

• The gathered knowledge enables identification of the
closest-matching annotated biomedical dataset to a new

one. This improves transfer learning and domain adapta-
tion, even using a small subset of unlabeled images from
the new dataset (our approach does not need labeled
datasets).

The remainder of this paper is organized as follows: Sec-
tion II briefly reviews the related work. In Section III, we pro-
vide a general description of our method for obtaining dataset
similarity. Thereby, we offer a more detailed description of
the style-aware contrastive learning system, delving into the
formulation of our similarity measurement for the sake of
clarity. Section IV describes and discusses the experimental
results that support our method. Finally, we summarize our
conclusions and outline future lines of research in Section V.

II. RELATED WORK
We present the state-of-the-art methods related to our ap-
proach in the next subsections. First, an overview of the
similarity measurement approaches is provided, including
image and dataset similarity. Second, a review of the existent
approaches for self-supervised and contrastive learning is pre-
sented (our approach learns from the datasets’ labels through
these techniques). In addition, an analysis of the methods
regarding domain adaptation and style transfer is performed
(our approach uses the style of the images to measure the
similarity among datasets).

IMAGE AND DATASET SIMILARITY
Image similarity measurement is an open problem in image
processing, traditionally associated with image retrieval, e.g.,
in the case of search engines. Hence, the existing research
mainly focuses on real-world images. There are different
approaches to measure image similarity: global and local
similarity measurements based on gray-level and color distri-
butions [21], spectral- and residual-based measurements [22],
perceptual measurements consistent with the ratings given by
humans [23], or content-based similarity for CBIR tasks [27],
together with deep learning approaches traditionally based on
autoencoders [28] and Siamese networks [29]. A more recent
field of study, associated with machine learning research, is
dataset similarity (in this case, not necessarily restricted to
image). In that case, the similitude among datasets is evalu-
ated, for example, for speech emotion recognition [30] or text
biomedical datasets [31].
Regarding image datasets, the literature is rather limited.

Alvarez-Melis and Fusi propose OTDD, a distance measure-
ment among datasets based on optimal transport, which is
model-agnostic and does not involve training [19]. Developed
for supervised learning, it relies on label occurrence for each
dataset to their feature vectors in a latent space (obtained as
a fixed-size representation through a Neural Network). The
authors obtained promising results for both real-world and
text classification datasets. Cheplygina et al. [32] quantified
the similarity of medical imaging datasets by representing
each one of them by performances of simple classifiers. This
representation had an 89.3% accuracy in predicting the ori-
gin of each dataset, but they do not quantitatively analyze
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the similarity among different datasets. Godau and Maier-
Hein introduce in [20] the concept of task fingerprinting,
to capture domain- (image modality) and task- (medical
instruments, pathology, etc.) similarities among biomedical
image datasets, based on the work by Achille et al. [33].
Task fingerprinting uses supervised learning or a fixed feature
extractor (e.g. a ResNet-50 [34] pre-trained in ImageNet) to
convert a task, represented by image data and optionally their
corresponding labels, to a fixed-length vector representation
which can be compared with those of other tasks. Some
metrics, e.g., based on the distributions of the features for each
task, are used to quantify the task similarity.

To sum up, most state-of-the-art methods use labels or
a fixed feature extractor to estimate the similarity among
datasets, instead of proposing specific architectures that mod-
els the similarity among them. Moreover, the investigations
are mainly done regarding classification tasks.

SELF-SUPERVISED LEARNING (SSL)
SSL is an emerging research area, which has gained attention
in the most recent years [35]. In particular, Contrastive Learn-
ing (CL), such as SimCLR [36] and BarlowTwins [37], are
widely used. The fundamental idea involves defining pretext
tasks which can provide pseudo annotations. For example,
augmentating the same sample via rotation or cropping, and
training a network with the different versions of the image.
This learning task must ensure that the original image and the
modified one are encoded as closely as possible in the latent
space given by an AE. However, the CL methods mentioned
above often require more computational effort or the hyperpa-
rameters, e.g., to determine appropriate data augmentations,
are difficult to set. In addition, the main drawback with
traditional AEs is that they primarily concentrate on image
reconstruction from the latent-space features, not leveraging
all the potential of the low-dimensional representation.

DOMAIN ADAPTATION AND STYLE TRANSFER
Domain adaptation and style transfer are optimization tech-
niques that aim to transform the data from a source domain
in order to adopt the features (e.g., visual or acoustic) of a
target domain. When the samples are represented in a latent
space, this process manifests itself in a position shift: the
target samples move from their original location to the source
domain area, as demonstrated in [38]. Style transfer and do-
main adaptation have been widely employed in natural-scene
scenarios in the literature: day-to-light image translation,
segmentation of vegetation, or text style transfer [39], with
promising results. However, in the case of medical imaging,
the lack of labeled data and their heterogeneity (different
scanners, scanning parameters, subject cohorts, etc.) reduce
domain adaptation performance [40]. In addition, the existent
domain adaptation methods predominantly concentrate on
modifying the samples within the new dataset to enhance
performance for a specific task, rather than attaining an inter-
pretable representation in the latent space. The approach by
Hou et al. [41], which better aligns with our work, performs

a domain adaptation between a source domain that solely
provides a pre-trained model without any source of data, and
a target domain that contributes unlabeled data. In particular,
they achieve domain adaptation by transforming the images
from the target domain to align with the batch-wise feature
statistics stored in the batch normalization layers of the pre-
trained model.
This paper proposes an automated pipeline for predicting

the similarity values of new datasets with respect to known
annotated datasets, inspired by some of these approaches
from the state of the art. Our scenario is an example of het-
erogeneous transfer learning, in the sense that the target and
source domains are potentially different (in terms of image
modality, color, resolution, shape of objects, etc.).We propose
to use the style features developed by Gatys et al. [25],
based on the Gram matrix of content features, as a source of
similarity among medical imaging datasets. The resulting 2D
latent similarity measurement is interpretable and correlated
with the transfer learning results in a supervised task (in our
case, binary semantic segmentation, but extensible to other
applications).

III. MATERIALS AND METHODS
In this section, we first provide a description of the datasets
used for this research. After that, we provide general descrip-
tion of our system, and, subsequently, a detailed explanation
of its main module (the style-aware contrastive learning one)
and the performance measurements developed for evaluating
the embedding quality follow.

A. DATASETS
For this research, we consider a vast set of heterogeneous
open-source datasets trying to represent themost-used 2D im-
age modalities in a context of binary semantic segmentation.
Table 1 summarizes the training and test dataset pools. We
have selected 51 images per each one of the 9 known datasets
to avoid unbalance during training, and a test set with 12
additional datasets to evaluate our approach. It is essential to
note that, in this paper, we have used annotated datasets in test
for the evaluation of our method; nonetheless, our approach
does not need labels at the test stage.
Figure 2 shows some illustrative samples for specific train-

ing and test datasets. Differences among them are notable
regarding image modality and style/aspect.

B. OVERVIEW OF ASAP
Figure 1 shows an overview of our pipeline. In our sce-
nario, an annotated dataset Da

i = (Xi,Yi) consists the
image set Xi = {x1,x2, ...,xNi} and the label set Yi =
{y1, y2, ..., yNi},with Ni images and Ni labels, respectively.
The annotated dataset pool is composed of I ∈ N datasets
Da

1, . . . ,Da
I utilized to train a similarity estimator in an self-

supervised manner. It is worth noting that each one of the
datasets should have a similar number of samples to prevent
class imbalance, as a requirement for the proper training of
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FIGURE 1: Diagram of the proposed method. In the training stage, the annotated dataset pool Da
1, . . . ,Da

I is used to train
the similarity estimator (Style Aware Contrastive Learning Module) in a self-supervised manner, with a multi-task loss which
combines reconstruction, through the Mean Squared Error (MSE), and contrastive learning through a triplet loss, from both
content and style features. In the deployment stage, this component, when trained, embeds the new datasets Dna

1 , . . . ,Dna
J in

the 2D latent space and provides their similarity w.r.t. the state-of-the-art datasets. Hence, ASAP can select the most similar
dataset for either pre-training or pre-labeling an unseen dataset. Only for evaluation purposes (shown in blue), in this article, we
assess the quality of the similarity estimator by comparing its ability to select the optimal dataset from the state of the art with
a supervised task (e.g., binary semantic segmentation) [24].

FIGURE 2: Illustrative examples of different datasets (training and test) used in our study. From left to right: ISIC2017
(dermatology), MonuSeg (histology), Fluo-N2DL-HeLa and Fluo-N2DH-GOWT1 (microscopy), heartSeg (RGB images),
LUNG (X-ray), URI-CADS (ultrasound) and RIGA (fundus images). As observed, there is a significant variability in the aspect
of the images and sometimes the imaging modality is not related to the aspect of the images (microscopy).

our system. In any case, if this requirement cannot be ful-
filled with a sufficient number of samples, data augmentation
techniques can be used to increase the number of samples of
the underrepresented datasets.

Furthermore, a not annotated dataset, denoted by Dna
j =

(Xj), comprises solely a set of images (without labels).
During the testing phase, some new and unlabeled datasets
Dna

1 , . . . ,Dna
J , where J ∈ N represents denotes the total

number of new datasets, are encoded into the latent space us-
ing the already trained similarity estimator. The most similar
(closest) known dataset to a given new dataset Dna

j is then
determined by evaluating the embedding distances (with the
embedding describing the similarity among the datasets in an

abstract feature space). At this point, the pre-trained model
(in the closest known dataset) can be leveraged: 1) without
adaptations, such as for pre-labeling the new dataset [7]; 2)
as the initial model to perform transfer learning.
Besides this task, and only for evaluation purposes, the

known annotated datasets Da
1, . . . ,Da

I are used to train an
actual image processing task (e.g., segmentation) via super-
vised learning. In our particular case, the segmentation CNN
is trained on the state-of-the-art datasets (annotated) but used
for interpreting unlabeled datasets in test. Hence, annotations
are required to evaluate the CNN results, but not to determine
the most similar training dataset. The achieved results in the
supervised task can be compared to the similarity values of
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TABLE 1: Train and test dataset pools including modal-
ity.*HAM10000 and ISIC2017 do not present overlap images
[42].

Set Identifier Name Modality

Train

Da
1 HAM10000* [43] Dermatology, skin lesions

Da
2 MoNuSeg [44] HistologyDa
3 PanNuKe [45]

Da
4 Fluo-N2DL-HeLa [46] Fluorescence microscopy

Da
5 Cellpose [47] Assorted microscopic images

Da
6 PhC-C2DH-U373 [46] Phase-Contrast microscopy

Da
7 URI-CADS [48] Ultrasound

Da
8 heartSeg [49] RGB cardiac images

Da
9 DENTAL [50] X-Ray (dental)

Test

Dna
1 ISIC2017* [9] Dermatology, skin lesions

Dna
2 CryoNuSeg [51] Histology

Dna
3 Fluo-N2DH-GOWT1 [46] Fluorescence microscopyDna
4 Fluo-C2DL-Huh7 [46]

Dna
5 PhC-C2DL-PSC [46] Phase-Contrast microscopyDna
6 LIVECell [52]

Dna
7 DIC-C2DH-HeLa [46] Difference-Interference

Contrast microscopy
Dna

8 LUMINOUS [53] UltrasoundDna
9 USNerve [54]

Dna
10 RIGA [55] Fundus images

Dna
11 CVC-ClinicDB [56] RGB colonoscopy images

Dna
12 LUNG [57] X-Ray (lung)

our system (the self-supervised task), as a metric to evaluate
the performance of our method.

C. STYLE-AWARE CONTRASTIVE LEARNING MODULE

Figure 3 shows a detailed diagram of our developed architec-
ture for the 2D representation of the datasets. The objective is
to obtain a latent representation z, for each given arbitrary
image x, that represents the aspect/style of the image x
and whose distances to the other latent representations relate
to their mutual similarity. To do so, we adopt an encoder-
decoder CNN (P ∈ N) built on a generic backbone. The
backbone is composed of several Convolutional Blocks (CB),
i.e., sub-networks of the architecture, each one devoted to
provide deep features at a different depth and resolution. We
denote the content feature maps provided by each CB as
Cp ∈ RHp×Wp×Kp , p = 1, . . . ,P, being P the total number of
CBs (or equivalently, considered feature maps), for the down-
sampling path of the network (encoder). Each feature map
has a spatial resolution Hp = H/2(p+1);Wp = W/2(p+1)

defined by the accumulated spatial stride of the sub-network
until its corresponding layer (e.g., stride = 4, 8, 16 and 32
for P = 4). The number of channels is denoted by Kp (e.g.,
64, 128, 256 and 512 for P = 4). Analogously, we denote
Ĉp ∈ RHp×Wp×Kp as the content features for the upsampling
path (decoder).

The corresponding vectorized content feature maps are
denoted by: Fp = Cp → RHp·Wp×Kp and F̂p = Ĉp →
RHp·Wp×Kp , and are then used to obtain the encoder style
features Sp ∈ RKp×Kp and the decoder style features Ŝp ∈
RKp×Kp , through the Gram matrix computed over every level
of the architecture. Each element of the matrices Skk

′

p and
Ŝkk

′

p , with k, k ′ ∈ 1, . . . ,Kp, is the inner product between the
channels k and k ′ of the vectorized content feature maps Fp

and F̂p in the form

Skk
′

p =

Hp·Wp∑
l

F lk
p F

lk′
p , (1)

Ŝkk
′

p =

Hp·Wp∑
l

F̂ lk
p F̂

lk′
p . (2)

The encoder’s output is then transformed into the latent
embedding z ∈ RNemb , where Nemb ∈ N refers to the dimen-
sion of the embedding (cf. Figure 3). The reconstruction x̂(x)
follows after the decoder path.
The designed style-aware contrastive learning system com-

bines a set of objective loss functions that receive as inputs:
the input image and its features, computed style features,
dataset association of the image (as self-supervision, using the
dataset membership labels y), and the reconstructed image.
First, the reconstruction loss

Lmse = (x̂(x)− x)2 (3)

trains the AE to extract the pivotal features of the image x
that better summarize it and hold significance for the recon-
struction of the image. In addition, this loss has an analogous
version for the style features:

Lmse-style =

P∑
p=1

wp(Sp − Ŝp)
2, (4)

with the hyperparameters w = {wp}, p ∈ {1, . . . ,P}, wp ∈
R+ (subject to

∑
p wp = 1) are factors that weigh the

contribution of each style layer to the loss. Defining the style
enhances the AE’s ability to bring similar datasets closer
within the latent space while simultaneously pulling apart
those that are dissimilar.

In the same way, according to the standard formulation of
[26], the triplet loss follows:

Ltriplet = max
(
||z− z+||2 − ||z− z−||2 + γ, 0

)
, (5)

where z+ is a positive anchor (a sample coming from the same
dataset as the embedding z, y = y+), z− a negative anchor
(a sample belonging to a different dataset as the embedding
z, y ̸= y+); and γ ∈ R+ is the margin between positive
and negative pairs (for this research, we use γ = 1). By
combining the triplet loss with this self-supervised learning
strategy, the AE achieves to separate the samples of different
datasets within the latent space. It does so by maximizing the
difference of the Euclidean distances between: 1) the positive
anchor and z, and 2) the negative anchor and z. Therefore, in
the latent space, it forces the input-image latent representation
to be close to the positive and far from the negative anchor.

The style triplet loss is calculated in a similar way:

Ltriplet-style =
∑P

p=1 wpmax
(
||Sp − S+

p ||2 − ||Sp − S−
p ||2 + γ, 0

)
. (6)

Here, S+
p (x) and S−

p (x) represent the encoder style fea-
tures corresponding to the positive and negative anchor in
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FIGURE 3: Detailed diagram of our Style-aware Contrastive Learning Module for similarity estimation. We propose to use an
AE, built over a generic backbone with P convolutional blocks and adapted to provide both content (Cp/Ĉp) and style (Sp/Ŝp)
features. The AE receives and processes the input image and then, two linear layers (LL) generate the latent embedding zi.
The same, but inverted structure, provides the reconstruction. The objective loss function considers image reconstruction, and
content/style features.

the p-th layer and γ = 1. In this way, we also enforce our
latent representation to capture the dissimilar styles/aspects
of the databases and translate these differences into datasets’
distances.

Themarginal objective loss functions form a combined loss
function:

L =α (βLmse + (1− β)Lmse-style)

+ (1− α) (βLtriplet + (1− β)Ltriplet-style) ,
(7)

with hyperparameters α ∈ [0, 1] and β ∈ [0, 1]. The first one,
α, balances the effects of the reconstruction and triplet losses;
the second one, β, weighs the influence of each stage of the
AE in the style loss.

Finally, it is noteworthy that our similarity estimator per-
forms in an end-to-end basis and is trained with a trio of
images in each iteration: the one under study, a positive
anchor (belonging to the same dataset), and a negative anchor
(belonging to a different dataset). In addition, Grammatrices,
despite being computationally less efficient than more recent
approaches for style computation based on instance normal-
ization [58], provide explicit correlations between feature
maps that better capture global style information and tend to
preserve overall style characteristics throughout the resulting
image [59]. Hence, they are especially appropriate for the
purpose of summarizing the global style of images in a few
components. We will demonstrate in Section IV-B that their
computational cost is negligible for our particular case.

D. PERFORMANCE MEASUREMENTS
In this section, we provide some measurements to evaluate
the quality of the proposed embedding and the performance
of selecting the best available annotated dataset.

1) Quality of the Embedding
The quality of an embedding is related to some properties that
will be desirable when obtaining a latent space representation
for a specific task: e.g., a good quality embedding for clas-
sification must discriminate among samples from different
classes, but a good quality embedding for dataset selection
must depict the datasets in different and compact clusters
where similar datasets for a human’s perspective are grouped

close to each other. Our particular case falls into the second
category. In this case, a meaningful embedding should have
the following properties:

1) Coherence - grouping the samples of the same dataset
in compact areas of the latent space.

2) Semantic similarity - placing the samples of simi-
lar datasets, i.e., same image modalities, in proximity
within the latent space, while simultaneously pulling
apart the samples from highly dissimilar datasets.

We propose a single measurement, drawn upon the Ward
criterion [60] and denoted as the Embedding Quality Crite-
rion (EQC), to assess the quality of embeddings (see Eq. 8).
This metric evaluates the latent space representations of the
state-of-the-art annotated datasets (denoted by za,i for the i-
th dataset) by averaging the ratios between: 1) the sum of
distances among samples within each database of a pair (in
the numerator of Eq. 8), and 2) the distances among samples
of the pair of databases (in the denominator of Eq. 8), for all
the pairs. Hence, it follows

EQC =
2

(I2 − I)

I∑
i=1

I∑
k=i+1

ξ + χ

ψ︸ ︷︷ ︸
EQCik=EQCki

, (8)

where the dataset assignment is denoted by y. The terms ξ
and χ denote the intra-database distances and the term ψ the
inter-database distance, being:

ξ =
2

Ni(Ni − 1)

Ni∑
l=1,m=l+1

∥zla,i − zma,i∥, (9)

χ =
2

Nk(Nk − 1)

Nk∑
n=1,o=n+1

∥zna,k − zoa,k∥, (10)

ψ =
1

NiNk

Ni∑
l=1

Nk∑
n=1

∥zla,i − zna,k∥. (11)

We use the EQC as a measurement to select the top-
performing configuration for our model (optimal α, β andw
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hyperparameters), robust across different experiments. Con-
versely, the raw embedding distances can vary across ex-
periments due to our non-normalized embedding vectors, so
they are not robust for hyperparameter selection. The metric
EQC spans from 0 to inf , exhibiting commutativity between
two datasets i/k (EQCik = EQCki), and excluding the ele-
ments along the matrix diagonal. A lower EQCik (preferred)
indicates that datasets i and k form compact clusters in the
latent space (with a greater distance of samples between the
datasets compared to the distance of samples within the single
datasets).

Note that the EQC is similar to the Davies-Bouldin cri-
terion [61] for cluster separation, but it does not consider
the worst case for every cluster (the closest cluster). In our
scenario, there can coexist similar datasets (from the same
image modality and style/aspect), and their placement in the
same area of the latent space should not largely penalize the
evaluation measurement.

Finally, our EQC measurement considers each dataset as a
collection of individual images, so it can be adapted to image-
to-dataset similarity if we consider single test images instead
of complete datasets. This property is particularly useful in
the case of heterogeneous test datasets.

2) Performance on Dataset Selection
Additionally, we can evaluate the degree of adjustment be-
tween the dataset distances in our embedding and the pre-
trained model results in a supervised task. For this purpose,
we propose the correlation between the results of the test
datasets Dna

j with the pre-trained models in each one of the
training datasets Da

i , in terms of the Dice-Sørensen Coef-
ficient (DSC) for image segmentation; and the embedding
distances calculated per combination Dna

i /Da
j as the first per-

formance measurement. We denote the pre-training results
and embedding distances between a train dataset i and a test
dataset j as DSCi

j and ED
i
j, respectively.

If the correlation is positive, the embedding disposition
can be interpreted as a dataset similarity measurement. In
this case, the embedding distances among objective/known
datasets are related to the effectiveness of transfer learning
or pre-annotation for test in the objective datasets after pre-
training in the known datasets. Besides, we can employ two
useful measurements for retrieval tasks, such as Rank Cor-
relation Index (RCI) [62] and top-K accuracy, given that our
objective is to retrieve the best-performing training dataset for
a test dataset. RCI evaluates the monotony in the relationship
between the rankings of DSCi

j and −EDi
j (note that we con-

sider the negative distances, i.e., the proximity), i.e., if the best
pre-training datasets for a given test dataset j are the closest
ones in the embedding, and the worst datasets are the furthest
ones. Top-K accuracy considers the k closest datasets in the
latent space (smaller EDi

j) and analyzes if the best pre-training
dataset is inside this set.

In our scenario, if similar results are obtained in the test
stage from certain training datasets, it can be penalized by top-
K accuracymeasurement if the selected dataset is not the best.

However, from our application’s perspective, this situation is
not harmful. We propose to include the loss in segmentation
performance between the selected dataset and the optimal
dataset (denoted by ∗) as a performance measurement, in
terms of the DSC:

∆DSC =

J∑
j=1

DSC∗
j − DSCselected

j (12)

for all J test datasets. Note, if our system selects the best-
performing dataset, it yields DSC∗

j − DSCselected
j = 0. In

any other case, its value will be positive, and smaller values
indicate better segmentation performance (lower loss with
respect to pre-train with the optimal dataset).

IV. EXPERIMENTS AND DISCUSSION
A. EXPERIMENTAL SETUP
To implement our approach, we use: 1) an AE based on a
lightweight ResNet18 backbone [34] with P = 4 feature
maps for the embedding calculation (replaceable for other
backbones), and 2) an U-Net [63] with Dice objective func-
tion for the supervised segmentation task, both developed and
deployed using PyTorch. The raw data is min-max normal-
ized, scaling it to the range [0,1]. For the training process, we
adopt a random split ratio of 80% for training and 20% for
validation. An exhaustive data augmentation policy (flipping,
random crop & resize, brightness/contrast adjustment, ro-
tate/shift/scale, Gaussian noise/blur) is performed to capture
all the variability for the training datasets. We determine the
hyperparameters through random search. Our CNN training
involves the use of Adam optimizer with early stopping and
learning rate scheduling, and is performed on multiple cluster
nodes equipped with Intel Xeon Platinum 8368 CPU and four
NVIDIA A100 Tensor Core GPU.

B. EXPERIMENTAL RESULTS
We compare different ablated versions of our proposed ap-
proach with some of the most relevant approaches from the
state of the art, and additionally we demonstrate its superior
performance with respect to a group of human experts per-
forming the same task. The description of these approaches
is given below:
1) CC andNMI - Two classical approaches for measuring

image similarity, namely cross-correlation (CC) and
normalized mutual information (NMI), between the
images from the training and test datasets [21].

2) FRC - A spectral-based measurement, the Fourier Ring
Correlation (FRC) [22].

3) OTDD - The best-performing supervised approach
from the state of the art [19]. This approach obtains
a latent-space representation of the datasets through a
pre-trained ResNet-18 CNN. Then, it defines an Opti-
mal Transport problem to compute the cost of matching
the representations of each pair of datasets (distribu-
tions), which is solved through theWasserstein distance
between these representations. Although in the original
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TABLE 2: EQC for different sizes of the latent space.

Nemb 1 2 3 4 5
EQC 0.591 0.384 0.406 0.412 0.388

version of the paper they use classification datasets
and consider a multi-modal distribution formulation
(image classes), we assume an uni-modal distribution
(our scenario does not provide object classes).

4) KLD-TF - The best-performing non-supervised ap-
proach from the state of the art [20], consisting of
obtaining the fingerprint of the different datasets with a
pre-trained ResNet-34 CNN and a similarity measure-
ment based on Kullback-Leibler divergence.

5) SL+PCA+UMAP - A direct approach for measuring
task similarity, composed of a dimensionality reduc-
tion technique applied over the final feature layer of
a ResNet-18 network pre-trained in ImageNet. In this
case, PCA [64] is used in conjunction with UMAP [65],
due to the high dimensionality reduction of the output
layer of ResNet-18 (512 channels). Hence, PCA first
selects the number of features that explains the 95% of
the input variance, and then UMAP is applied to the
reduced set of features to obtain the 2D embedding.

6) Group of experts - 7 experts from different disciplines
in close relation with biomedical imaging (biomedi-
cal engineers, biological and biomedical sciences’ re-
searchers and medical doctors) have been selected to
perform the most similar dataset selection.

7) Best expert - the best expert’ value for each perfor-
mance measurement is also shown for comparison.
Please note that these values may (and indeed) come
from different experts.

8) Ours-AE - Our autoencoder trained only to reconstruct
the samples (Lmse).

9) Ours-AE-T - Our autoencoder trained in a self-
supervised manner with dataset labels (Lmse + Ltriplet).

10) Ours-AE-S - Our autoencoder trained in the style-
aware manner proposed in this paper (Lmse +Lmse-style).

11) ASAP - Our complete proposal, trained in a style-aware
and self-supervised manner (Lmse + Lmse-style + Ltriplet

+ Ltriplet-style).

1) Hyperparameter Validation
We validate the parameters of our method Nemb, α, β and
wp, p ∈ {1, . . . , 4}, regarding our non-supervised measure-
ment, the EQC. First, we fix the embedding dimension to
Nemb = 2 because the EQC does not vary significantly with
this parameter when considering a latent-space dimension
above 1D, and it allows for visualization purposes without
a subsequent dimensionality reduction algorithm (see Table
2). The reconstructions are not accurate with such reduced
latent-space dimension, but as we will demonstrate after,
this does not affect the performance of our embedding when
representing new samples.

Second, we validate the remaining parameters of our
method in terms of the EQC. The results are shown in Fig-

FIGURE 4: Hyperparameter validation based on EQC.
Curves for the weighting parameters w.r.t. the loss function (α
and β) and weights of style layerswp are shown forNemb = 2.

ure 4. The optimum value for the α parameter is α = 0.5.
The best configuration of our approach equally balances
the triplet and reconstruction parts of our loss. The optimal
value β = 0.6 also indicates that the contribution of the
style and content layers to our approach is similar (slightly
higher for the content layers). Finally, the weight valuesw =
[0.2, 0.2, 0.3, 0.3] indicate the need of both the shallowest
style layers (capturing low-level features such as texture) and
the deepest layers (encoding illumination, color, and high-
level features such as shape/number of objects, more in conso-
nance with the segmentation task) for creating a meaningful
latent representation of datasets. However, there is a slight
preference for the deepest layers. Additionally, the curves
demonstrate that around the optimal hyperparameter values
remains relatively stable. This fact endorses the robustness
of our method: small variations in the hyperparameters yield
embeddings with consistent properties.

2) Ablation Study and Comparison with the State of the Art
Table 3 shows the performance measurements for both the
different ablated versions of our approach with the opti-
mal hyperparameters and the described state-of-the-art ap-
proaches. Our style-aware proposal, trained using the triplet
loss, demonstrates superior performance compared to other
methods, in terms of EQC and key information retrieval
metrics like top-1 accuracy, top-2 accuracy, and∆DSC. Some
conclusions can be extracted from the results:

• First, our approach outperforms manual selection (the
group of experts and the best of them) for each measure-
ment. By analyzing the experts’ errors, we can conclude
that they mainly perform an attribute matching over the
datasets (selecting the one in the training set that has
the same image modality or task as the test dataset).
This choice based on experience is reasonable for some
datasets with the same image modality, but our approach
transcends this attribute matching and also considers the
style and aspect of the images, even in more difficult

8 VOLUME 11, 2023

This article has been accepted for publication in IEEE Access. This is the author's version which has not been fully edited and 

content may change prior to final publication. Citation information: DOI 10.1109/ACCESS.2025.3555020

This work is licensed under a Creative Commons Attribution 4.0 License. For more information, see https://creativecommons.org/licenses/by/4.0/



Molina-Moreno et al.: ASAP: Automated Style-Aware Similarity Measurement for Selection of Annotated Pre-training Datasets in 2D Biomedical Imaging

TABLE 3: Performance measurements (direction of the optimal value of the metric is denoted by ↓/↑) for the different versions
of the proposed system with optimal hyperparameters (w = [0.2, 0.2, 0.3, 0.3], α = 0.5, β = 0.6, and Nemb = 2) and the
state-of-the-art. The best result is marked in bold.

Approach EQC ↓ Correlation ↑ RCI ↑ Top-1 acc. (%) ↑ Top-2 acc. (%) ↑ Top-3 acc. (%) ↑ ∆DSC (%) ↓ # of GFLOPS ↓
CC [21] − 0.360 0.321 33.33 41.67 50.00 21.29 1.843 · 10−3

NMI [21] − 0.190 0.092 16.67 25.00 66.67 25.94 3.744 · 10−3

FRC [22] − 0.094 0.110 00.00 41.67 50.00 27.46 8.410 · 10−2

OTDD [19] − 0.314 0.244 16.67 41.67 0.5 20.05 1.129
KLD-TF [20] − 0.048 0.128 33.33 66.67 91.67 18.43 3.661
SL+PCA+UMAP 0.365 0.131 0.178 41.67 50.00 50.00 − 2.510
Group of experts − − − 36.91 61.91 79.76 15.26 −
Best expert − − − 50.00 75.00 91.67 10.67 −
Ours-AE 1.125 −0.143 −0.048 33.33 50.00 75.00 21.87 0.148
Ours-AE-T 0.449 0.095 0.143 50.00 75.00 75.00 13.61 0.148
Ours-AE-S 0.788 −0.098 −0.017 33.33 58.33 66.67 26.26 0.156
ASAP 0.358 0.148 0.185 75.00 83.33 83.33 3.89 0.156

cases.
• Second, the correlation and RCI are positive for our

approach, indicating the correspondence between the
segmentation results and the distances in the embedding.
In particular, our proposal successfully identifies the
optimal pre-training dataset for 9 out of 12 datasets, with
a performance loss compared to the oracle system of
approximately 4% (in terms of DSC).

• Third, some other approaches, such as cross-correlation
and OTDD, achieve reasonable correlation with the pre-
training results (better than ours), but their accuracy in
identifying the best dataset is low. The other approaches,
especially the KLD-TF approach [20], obtain acceptable
results for top-K accuracy. Still, their errors are less
coherent than in the case of our approach, so the DSC
loss is high (around 20%).

• Fourth, our approach improves the DSC coefficient of
the pre-annotations by a margin of 15% in Dice. Ac-
cording to different approaches from the state of the
art, the impact of these results is remarkable. They can
reduce the annotation time by a margin of at least 50%
[66], [67]; or notably improve the detection accuracy
of subsequent algorithms, e.g., for cell detection [2],
[68], [69], by a margin of 3-30%, depending on the pre-
annotation Dice coefficient for each dataset.

• Lastly, it is shown that both the contrastive learning
ablated version (Ours-AE-T) and style one (Ours-AE-S)
improve the baseline autoencoder. The combination of
both in our proposed system improves the consistency
of the embedding, especially at the finer resolution,
increasing the top1-accuracy.

In addition, Table 3 shows the computational complexity of
all compared methods. Our method has higher computational
costs than traditional approaches (CC, NMI and FRC, the
ones offering the worst results), but improves computational
efficiencywith respect to the rest of deep-learning approaches
(due to the use of a smaller image size and a lightweight
neural network). It is remarkable that the style computation
with the Gram matrix does not imply a significant increase in
the computational burden of our method.

Finally, we have performed a study of robustness to noise
of ASAP vs. the state-of-the-art approaches shown in Table

3. We have compared the performance measurements across
datasets with different proportions of noisy labels (from 5%
to 50%). This study is presented in a Supplementary Data
file due to its extension, and demonstrates that our approach,
despite being slightly more sensitive to noise than the ap-
proaches from state-of-the-art (because of the need for train-
ing with the noisy samples), still performs better than the
compared methods for every noise level.

3) Analysis of our Approach

FIGURE 5: 2D train/test latent-space embedding for our
approach. Training datasets are denoted with ’o’ markers and
test datasets with different pastel colors and ’x’ markers to
facilitate distance comparison visually. Note that most of the
datasets (train/test) yield to compact portrayals (especially
Fluo-N2DL-HeLa). Distances in the embedding are directly
related with dataset similarity.

Figure 5 represents the latent space of the train/test
datasets. Different datasets are placed in distinct areas of the
latent space. Furthermore, similar datasets, i.e., PhC-C2DH-
373, LIVECell, and DIC-C2DL-HeLa, with the same image
modality and/or aspect, are close in the latent space (see the
bottom left corner area). Furthermore, the test datasets occupy
specific areas in the latent space, except for RIGA and CVC-
ClinicDB (very dissimilar to the training datasets), whose
samples are spread in the central area of the embedding.
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When dealing with datasets from the same image modality
(e.g., CryoNuSeg, a histology one), our method identifies
the corresponding datasets in the training set (MoNuSeg,
PanNuke, the histology ones) as the most suitable ones for
pre-training. However, our proposal goes beyond a modal
matching between the train and test datasets. For example,
PhC-C2DL-PSC dataset (a phase-contrast microscopy one)
is not assigned to PhC-C2DH-U373 (with the same image
modality), but it is assigned to DENTAL, an X-ray image
dataset. In some difficult cases, as the CVC-ClinicDB dataset,
a modal matching approach could select HAM10000 as the
dataset for pre-training (both have RGB images and roundish
objects), but our approach selects the best one, heartSeg, a
less evident choice.

In addition, Table 4 presents the embedding distances in
combination with the DSC coefficients obtained for the test
datasets (pre-labeling case). The results are accurate for most
cases and the system selects the best pre-training dataset.
Nevertheless, for Dna

2 (CryoNuSeg), a histology dataset, the
system identifiesMoNuSeg as the best dataset for pre-training
instead of PanNuKe. However, both pre-training datasets of-
fer a similar performance. For Dna

10 (RIGA), the system has
difficulties with determining the best pre-training dataset, but
all of them offer similar and discrete results. Finally, in the
case of Dna

12 (LUNG), the system opts for selecting a dataset
with the same image modality (X-Ray), but the best results
are provided by a dermatology dataset (HAM10000), which
has a completely different aspect.

The efficiency in dataset selection can also be noticed in
the typical pre-labeling examples shown in Figure 6. For most
of our imaging datasets, the pre-annotations are a good start-
ing point to refine them through a manual labeling process.
However, annotations are not accurate enough for USNerve,
CVC-ClinicDB, or LUNG datasets. In these cases, especially
for USNerve and CVC-ClinicDB, the annotation process re-
quires significant expert knowledge, due to the fact that the
most of the objects (nerves and tumors, respectively) have a
similar aspect to their background and are barely distinguish-
able for a non-expert annotator. Hence, a pre-labeling system
is not supportive during image annotation in these cases.

On the other hand, we obtain the representations of some
unseen training datasets images to evaluate the coherence of
our system representations. We have included two RGB real-
image datasets, VOC2012 [70] and COCO [71], as D*na

13 and
D*na

14 , to evaluate if there is some correspondence between
real-world and biomedical image domains. Figure 7 shows
the representations of these new samples over our embedding.
First, we can see that our exhaustive data augmentation policy
is enough to capture the variability of the problem (allowing
us to avoid more complex architectures, such as variational
strategies). Second, we can observe that the real-world im-
ages from VOC2012 and COCO do not locate in coherent
areas of the embedding, even not in the RGB image area, so
we conclude that biomedical and real-world image domains
present inherent differences that hinder a direct application of
our algorithm to real-world domains.

FIGURE 6: Pre-annotation results for different datasets with
DSC coefficient. The results of the selected pre-training mod-
els, obtained using ASAP, are shown in comparison to the
ground truth annotation for all test datasets. The DSC score
and overlays (green: foreground, red: background) are repre-
sented.

FIGURE 7: Coherence study. Representations of unseen im-
ages from the training datasets, with ’x’ markers, and some
real-world image datasets, VOC2012 and COCO, with square
marker and dark colors. Dataset disposition in the latent space
does not change with the introduction of new samples from
the training datasets. Real-image datasets offer very spread
portrayals.
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TABLE 4: Latent-space distances for our approach vs. DSC (in %) using pre-training (training datasets) for the test datasets.
The selected dataset combination and most similar dataset combination is marked in bold. Except for Dna

12 (LUNG), the rest of
the errors are made in difficult cases (Dna

10, RIGA), or do not suppose a high loss in accuracy (Dna
2 , CryoNuSeg). In addition,

for Dna
9 (USNerve), Dna

10 (RIGA) and Dna
11 (CVC-ClinicDB), with very discrete segmentation results, the pre-labeling process is

not useful.

Train Da
1 Da

2 Da
3 Da

4 Da
5 Da

6 Da
7 Da

8 Da
9

Test

Dna
1 0.80 / 62.77 3.35 / 5.66 3.00 / 10.87 3.40 / 25.15 5.89 / 25.43 6.59 / 47.44 4.61 / 1.33 3.36 / 37.42 5.24 / 3.08

Dna
2 2.75 / 53.94 0.33 / 69.21 0.57 / 74.07 5.16 / 47.13 9.08 / 19.95 8.49 / 51.61 7.66 / 52.48 5.92 / 33.48 8.01 / 0.41

Dna
3 6.37 / 11.43 9.04 / 10.75 8.70 / 10.78 6.76 / 62.58 0.31 / 67.37 5.30 / 11.32 1.57 / 17.27 3.74 / 0.08 2.45 / 38.53

Dna
4 6.03 / 39.30 8.65 / 35.82 8.32 / 36.94 6.71 / 70.19 0.90 / 74.58 4.71 / 38.97 1.01 / 54.91 3.17 / 4.09 1.85 / 37.67

Dna
5 5.23 / 1.62 7.33 / 1.64 7.13 / 2.78 7.17 / 13.21 3.55 / 13.30 2.46 / 1.23 1.89 / 15.84 1.47 / 0.06 1.03 / 63.55

Dna
6 6.03 / 0.11 7.08 / 13.02 7.07 / 56.93 8.82 / 52.40 6.47 / 52.25 1.89 / 61.22 4.78 / 27.35 3.27 / 0.02 3.80 / 28.05

Dna
7 6.30 / 0.71 7.48 / 67.94 7.45 / 68.20 8.99 / 67.05 6.25 / 67.24 1.42 / 83.79 4.61 / 32.40 3.29 / 0.02 3.54 / 0.98

Dna
8 5.64 / 12.96 7.08 / 13.01 7.86 / 12.74 6.70 / 23.40 1.68 / 21.37 4.02 / 13.08 0.51 / 52.13 2.47 / 8.00 1.14 / 0.41

Dna
9 5.28 / 3.41 7.62 / 2.19 7.37 / 2.26 6.80 / 2.63 2.63 / 2.84 3.24 / 2.94 1.02 / 3.45 1.71 / 0.17 0.65 / 4.97

Dna
10 2.79 / 0.89 5.47 / 0.00 5.12 / 0.00 4.10 / 1.30 3.70 / 1.26 5.56 / 0.91 2.55 / 0.04 2.40 / 1.58 3.48 / 12.31

Dna
11 2.65 / 15.37 5.22 / 1.40 4.90 / 1.56 4.34 / 19.82 4.04 / 16.19 5.25 / 15.33 2.69 / 0.17 2.11 / 22.96 3.38 / 7.76

Dna
12 4.57 / 59.15 6.96 / 47.41 6.69 / 45.73 6.15 / 37.27 2.91 / 34.89 3.62 / 2.79 1.23 / 27.97 1.42 / 0.03 1.33 / 0.55

Finally, we present a 2D latent-space representation for
a system trained with the complete collection of datasets
(training and test) presented in this study, in Figure 8. In this
way, we can qualitatively analyze whether their disposition in
the 2D space is related to the datasets’ aspect and modality.
As observed, the embedding disposition is coherent and con-
sistent. The RGB datasets are placed at the top and the gray-
level ones are at the bottom. Likewise, we can identify some
areas with datasets belonging to the same image modality
(see the dermatology and histology clusters at the upper-
right corner of Figure 8), and others that group datasets from
different image modalities but with the same style/aspect (see
the colonoscopy/fundus images area at the upper-left corner,
or the bottom one, combining ultrasound and microscopy).
Therefore, this embedding could be used in the deployment
stage of the system to select the best pre-training dataset for
a new one.

V. CONCLUSIONS AND FUTURE WORK
This paper presents ASAP, an automated style-aware system
for selecting pre-training datasets in 2D biomedical imaging.
The system aims to speed up the deployment process of a
new biomedical application, especially in the early stages, by
selecting the corresponding dataset that offers the best results
for pre-labeling or pre-training.

In that sense, our approach, based on an autoencoder re-
lying on content and style features and self-supervised con-
trastive learning, can: 1) obtain a 2D latent-space embed-
ding of training datasets, whose disposition is related to the
similarity of the datasets; 2) determine the best-performing
embedding with the help of a performance measurement,
the embedding quality criterion, that evaluates the relative
disposition of the datasets in the latent space; and 3) select the
best dataset to pre-train a model among the training datasets
according to the distances in the embedding, demonstrating a
positive correlation between this similarity measurement, as
represented in the latent space, and the test results.

Our experiments demonstrate the interpretability of our
2D embedding and its correspondence with transfer learning
performance across the training and test datasets. Moreover,

we have unveiled style features as a crucial source of sim-
ilarity, enhancing embedding quality, and aligning dataset
dispositionwith the results of transfer learning. Consequently,
our approach holds promise for potential applications, serving
as a pre-annotation framework for new datasets or help-
ing to select optimal models for transfer learning in medi-
cal/biomedical imaging. In addition, our method can be also
interpreted as an image-to-dataset similarity measurement,
which can identify samples in a known dataset that are not
conducive to transfer learning or domain adaptation.

The main research directions for further work include,
first, the deployment of a more comprehensive latent space
with additional 2D datasets, than can be enlarged with the
release of new state-of-the-art datasets. In addition, a study
and improvement of the scalability w.r.t. the amount of data
is part of the future work. ASAP needs to compute the latent
space every time a new dataset is considered. We contemplate
two different strategies to mitigate this shortcoming: 1) class-
incremental learning [72], to incorporate the knowledge of the
new datasets incrementally, reducing the computational cost
without compromising the learned information from previous
datasets; and 2) few-shot learning [73], to further reduce the
number of training images per class to a few examples ac-
celerating the deployment of updated ASAP models. We also
plan to give answer to the questions about when themodel can
benefit from pre-training with multiple datasets. Moreover,
we plan to extend the work to 3D image modalities (such as
CT and MRI), either using 3D architectures or analyzing the
3D volumes as a z-stack (or with the central slice).
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FIGURE 8: Deployment of ASAP: complete 2D latent-space embedding, trainedwith the complete collection of training and test
datasets. In elliptical shapes of different colors, embedding areas grouping different datasets regarding its modality, aspect, color,
etc. We include a representative sample from every dataset next to its representation for the purpose of similarity visualization.
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