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Abstract. Accurately differentiating between fungal and bacterial infections is critical for treatment
but remains challenging due to slow manual diagnostics and class imbalance in medical datasets.
This paper introduces OD-Abs, a one-class outlier detection classifier based on an autoencoder ar-
chitecture to distinguish infection types in microscopic images. By training solely on the reference
fungal class, the model learns to identify bacterial instances as outliers. Our approach yields statis-
tically significant improvements compared to other one-class approaches, achieving an F1-score of
0.967, an AUC of 0.980, and a specificity of 0.992. Additionally, we explore the explainability of
our method by analysing reconstruction error maps from both a technical and biological perspec-
tive and conclude that the model’s decision-making aligns with biologically relevant morphological
features. This proof of concept study establishes the OD-Abs autoencoder model as a highly robust
tool for handling the task of classifying images of bacteria and fungi from abscesses.

Key words: one-class classification, outlier detection, encoder-decoder architectures, bacterial
versus fungal abscesses classification.

1. Introduction

Accurate classification between fungal and bacterial infections represents a critical chal-
lenge in clinical diagnostics, with significant implications for patient outcomes and treat-
ment decisions (Rawson et al., 2024). Abscesses, defined as localized collections of pus,
can have a wide distribution in the human body and can virtually localize in any organ or
tissue (Mehta ez al., 2025). Usually, all of the scanning techniques, Computed Tomography
(CT), Ultrasound (US), and Magnetic Resonance Imaging (MRI), can provide image data
of abscesses. Generally, CT serves as a rapid initial screening tool, while MRI provides
more detailed and specific information. Most frequently, bacterial and fungal abscesses
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have very similar appearances on standard CT and MRI, but a particular MRI technique,
Diffusion-Weighted Imaging (DWI), can provide images that can differentiate between the
two, especially when localized in the Central Nervous System (CNS) (Mueller-Mang et
al., 2007). The type of infection, bacterial or fungal, is confirmed with traditional micro-
biological methods, including culture-based microscopy and biochemical assays, which
are often slow and labour-intensive, delaying targeted therapy and contributing to elevated
morbidity and mortality (Rawson et al., 2024).

The integration of Machine Learning (ML) (Filatovas et al., 2024) into microscopic
image analysis is critical for overcoming the limitations of manual diagnosis. Since ex-
amining microscopic slides can be very time-consuming, ML models provide a powerful
alternative that can analyse complex visual data with great speed and consistency. Cur-
rently, the most common approaches in the literature rely on standard supervised learn-
ing, particularly Convolutional Neural Networks (CNNs) and Vision Transformers. These
architectures have demonstrated strong performance in species-level classification within
a single domain, effectively differentiating between various fungal or bacterial genera.
While research comparing fungi and bacteria exists, it is largely concentrated in ophthal-
mology for diagnosing keratitis, rather than microscopic analysis. In the domain of digital
pathology, studies have addressed the identification of mixed microorganisms, classifying
multiple bacterial (Dey et al., 2022) and fungal species simultaneously in a multi-class
setting. However, to the best of our knowledge, the specific problem of binary classifica-
tion distinguishing fungi from bacteria from abscesses in microscopic images (Satvati et
al., 2024) remains unexplored. Solving this task could be particularly useful for scenarios
where the clinical priority is to rapidly distinguish between these two broad categories
rather than identifying the specific species.

The datasets for classifying bacteria and fungi from abscess images are generally im-
balanced, as one class (bacterial or fungal) usually has more available images than the
other. In such cases, supervised binary classifiers trained on imbalanced data will be bi-
ased towards predicting the majority class. One way to address class imbalance is through
one-class classification (OCC), also known as one-class outlier detection. OCC refers to
a group of outlier detection methods that are trained using data from a single class, known
as the reference class. By learning the characteristics of the reference class, the OCC mod-
els can identify instances that conform to it. During inference, any new instance whose
feature-based representation deviates significantly from the learned representation is con-
sidered an outlier and lies outside the decision boundary defined by the OCC method
(Alam et al., 2020).

The problem of differentiating between images of fungi and bacteria from abscesses
is formulated in the paper as a one-class outlier detection problem, with the majority class
representing the reference class. Although this task is fundamentally a binary classifica-
tion problem, we hypothesize that formulating it as a one-class outlier detection provides
a more robust solution than standard binary classifiers. While this formulation effectively
addresses the class imbalance issue, relevant given the smaller number of images of bacte-
ria from abscesses from our case study, its primary value lies in shifting the focus toward
representation learning by aiming to capture the fundamental structural characteristics of
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the reference class rather than just separating it from a different class. This offers a flexible
framework for feature extraction and potential future applications in generalized anomaly
detection, regardless of the specific morphology of the anomaly.

The main contribution of the paper is to introduce, as a proof of concept, a one-class
outlier detection-based classifier OD-Abs to distinguish between images of bacteria or
fungi from abscesses. The main goal is to encode in images of abscesses patterns and
structural information that would be relevant to differentiate between fungal and bacte-
rial cell structures. The proposed OD-Abs classifier uses an encoder-decoder architecture
that can accurately reconstruct the data sampled from the same distribution as the training
data. Thus, the encoder-decoder models trained on images of abscesses of the reference
(majority) class will learn to preserve the structure of these images and uncover the un-
derlying structural relationships within them. After training, an image of an abscess will
be classified as belonging to the non-reference (minority) class if it is dissimilar to the
representations encoded by the model. We hypothesize that the OD-Abs model, through
the embedded encoder-decoder architectures, can learn through self-supervision features
relevant to distinguishing structural relationships in images and thus differentiate between
bacteria and fungi. With this goal, the proof of concept contains only one case study. If
our hypothesis holds, the evaluation can be extended to multiple real datasets. Beyond
classification metrics, clinical trust also requires interpretability. Our approach leverages
the properties of the encoder-decoder architecture. We utilize reconstruction error maps
to visualize the pixel-wise differences between the original input image and the model’s
reconstruction. These maps highlight the specific morphological regions that the model
finds difficult to reconstruct, effectively pointing out the structural features that deviate
from the learned fungi class. This allows us to qualitatively verify if the model is focusing
on relevant biological structures. To the best of our knowledge, the research conducted in
the paper is new in the literature, as we did not find similar approaches addressing the im-
age classification of fungi versus bacteria from abscesses from a one-class classification
perspective.

To summarize, the research questions addressed in this paper are the following:

RQ1 To what extent can a one-class outlier detection model accurately uncover hidden
patterns and structural information useful for classifying images of abscesses as having
a fungal or bacterial origin?

RQ2 Does the approach proposed for answering RQ1 bring a statistically significant per-
formance improvement in classifying images of bacteria and fungi from abscesses com-
pared to existing solutions?

RQ3 What insights does the visualization of reconstruction residuals provide about the
model’s decision-making process, and how well do these interpretations align with
those from a biological perspective?

The paper is organized as follows. Section 2 reviews some background knowledge re-
lated to the encoder-decoder architectures used in the paper and presents a related work
on the classification of fungi versus bacteria from abscesses. In Section 3 we introduce
the methodology for developing our OD-2Abs one-class outlier detection-based classifier,
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while Section 4 presents the experimental evaluation of the proposed approach. Section 5
discusses the explainability of the OD-Abs model and how these interpretations are cor-
related with the biological perspective. Section 6 outlines the conclusions of the paper and
presents directions for future improvements.

2. Background

This section presents the encoder-decoder architectures used in the paper (Section 2.1) and
reviews several recent approaches from the literature addressing the task of fungi versus
bacteria classification (Section 2.2).

2.1. Deep Learning Models Used

The architectures that we employed belong to the autoencoder (AE) family, a family of
neural networks composed of an encoder and a decoder that learns to map inputs to out-
puts with minimal information loss through a low-dimensional latent space. For anomaly
detection, this architecture works by reconstructing normal samples while failing to re-
construct outliers.

2.1.1. Variational Autoencoders

Unlike a standard autoencoder that maps an input to a fixed vector in the latent space,
the Variational Autoencoder (VAE), introduced by Kingma and Welling (2014), maps the
input to a probability distribution. The encoder predicts the parameters of this distribution:
usually a mean vector (u) and a variance vector (02), from which a latent vector z is
sampled (z ~ N (i, o2)). The decoder then attempts to reconstruct the input from this
sampled z. To train this network, the negative Evidence Lower Bound (negative ELBO) is
minimized (equation (1)). This objective consists of two terms: a negative expected log-
likelihood term, which encourages accurate reconstruction of the input, and a Kullback—
Leibler (KL) divergence regularization term, which encourages the approximate posterior
to remain close to a standard Gaussian prior.

Lyae = —Eqem[log p(x[2)] + Dk (q(zlx) | p2)). (1

2.1.2. B-Variational Autoencoders

A common extension to the VAE is the 8-Variational Autoencoder (8-VAE), proposed
by Higgins et al. (2017). This architecture modifies the VAE objective by introducing a
hyperparameter, 8, to weight the KL divergence term:

Lpvae = —Eqin[log p(x|2)] + B - Dkr(q(zl0)| p(2)).

By setting 8 > 1, the model increases the weight of the KL regularization term, encour-
aging disentangled representations. 8-VAEs are valuable in anomaly detection for their
robustness. The disentangled latent space separates the underlying generative factors of
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the “normal” data more effectively. This ensures that the reconstruction error is strictly
driven by the presence of abnormal features rather than entangled noise or correlations in
the latent space.

2.1.3. Convolutional Autoencoders

While the standard autoencoder relies on fully connected layers, which necessitate flatten-
ing input data and discarding spatial structure, Convolutional Autoencoders (CAEs) are
designed specifically to process high-dimensional, structured inputs such as images.

In a CAE, the encoder consists of convolutional layers that perform feature extraction,
capturing hierarchical patterns while progressively reducing spatial dimensionality. The
decoder employs transposed convolutional layers to upsample the latent representation
back to the original input dimensions.

2.2. Related Work on Image Classification of Bacteria and Fungi from Abscesses

Many approaches in the literature focus on either fungi or bacteria classification, most
commonly performing species-level classification within these two groups. Classification
among different fungal genera, species, or higher-level classes that encapsulate multiple
similar species (depending on the dataset) is most often addressed using CNN-based ar-
chitectures, as demonstrated in works such as Bhimavarapu et al. (2024), Mohamed et
al. (2024), Nawarathne and Kumari (2023), Rahman et al. (2023), Prommakhot and Sri-
nonchat (2024). These studies show that CNN-based models can achieve strong perfor-
mance on fungal image classification tasks. Transformer-based architectures have also
been employed for this purpose and have achieved competitive results (Rahman ez al.,
2025; Giimiis, 2024; Ahmed and Haque, 2023). Similarly, CNN-based methods (Visitsat-
taponge et al., 2024; Poomrittigul et al., 2022), as well as transformer-based approaches
(Prasad et al., 2025), have been proposed for bacterial classification tasks.

Research explicitly addressing bacterial versus fungal classification is less extensively
explored in the literature; nevertheless, several relevant studies exist. One notable appli-
cation is the differentiation between bacterial keratitis and fungal keratitis. In Redd et al.
(2022), the authors evaluate five different CNN architectures, as well as a CNN ensemble,
for classifying anterior segment eye photographs according to the etiological category of
keratitis. Another approach is presented in Won et al. (2023), where a CNN with a ResNet
(He et al., 2016) backbone is augmented with a Lesion Guiding Module and a Masked
Adjusting Module, and qualitative analysis is performed using Grad-CAM visualizations.
A multimodal approach is explored in Prajna ef al. (2025), where both clinical data and im-
ages are used. The proposed model employs separate feature extractors for each modality,
followed by a fusion mechanism prior to classification. The study reports that the vision-
based model outperforms the clinical-data-only model and that the multimodal approach
does not yield a significant improvement over the vision-only approach.

Studies focusing on bacteria and fungi classification from microscopic images can
also be found in the literature. In Sroka-Oleksiak et al. (2025), the authors propose a
method for identifying 14 bacterial species and 3 fungal species from Gram-stained mi-
croscopic images. Their pipeline includes cell segmentation using the Cellpose model,
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patch extraction, patch encoding, and aggregation prior to final classification. Separate
classifiers are trained for bacterial and fungal samples. Other works, such as Treebupachat-
sakul and Poomrittigul (2020) and Zawadzki (2020), investigate multiclass classification
of mixed bacterial and fungal microscopic images. In Treebupachatsakul and Poomrit-
tigul (2020), a LeNet CNN is trained to distinguish between three bacterial species and
one yeast species. In Zawadzki (2020), the authors evaluate multiple CNN architectures
(Xception, ResNet, Inception-V3, MobileNetV2, and DenseNet201) on microscopic im-
ages stained using Congo Red and modified Gram stain across three datasets. They report
accuracies of up to 100% on DS1 and 96% on DS2 using the Xception architecture.

3. Methodology

To answer RQ1, this section introduces OD-Abs, a one-class outlier detection-based im-
age classifier to distinguish between bacteria and fungi from abscesses. Deep encoder-
decoder architectures are used to encode patterns and structural information in images
of fungal abscesses, patterns that would be relevant to distinguish between fungal and
bacterial cell structures.

3.1. Problem Definition and Formalisation

The problem of classifying abscess images as bacterial or fungal is a binary classification
problem. Denoting by C = {bacterial, fungal} the set of two targeted classes, the learning
task is to estimate for an abscess image / the most probable class of C to which it belongs.

We formulate the problem as a one-class outlier detection problem in which the learn-
ing model is trained on only one class. The goal is to learn the main characteristics of the
reference class and to detect as outliers those instances whose features differ significantly
from the learned representation.

Let us consider a dataset of images of fungi and bacteria from abscesses. We consider
the reference class (and denote it by c,.f) as the majority class (i.e. the one that has more
available images), while the minority (less represented) class will be considered as the
other class and will be denoted by c,pe,. For instance, if more images of fungi from ab-
scesses are available than those of bacteria from abscesses, then the reference class is the
“fungal” one (cyer = fungal) and the other class is the “bacterial” one (Comer = bacterial).
Otherwise, if the fungal class is underrepresented in the dataset, then ¢,,r = bacterial and
Cother = fungal.

OD-Abs model is trained only on the reference class ¢y, and learns the characteris-
tics of this class by compressing and then recreating the images from the reference class.
Theoretically, the model learns a decision boundary surrounding the images from the ref-
erence class. Thus, the model will be able to identify images that resemble the learned
representation. During inference, new images that fall outside the decision boundary are
classified as outliers (i.e. belonging to the cymer class), as they exhibit significantly dif-
ferent characteristics than the representation of the reference class. Since OD-ADbs is an
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encoder-decoder model, images from the c e, class typically result in high reconstruction
errors because the model has not learned to represent them.

More specifically, we would like to detect whether an abscess image I resembles im-
ages belonging to the reference class or is dissimilar to it and thus represents an anomaly.
To determine whether the image I does not belong to the class c,,r we compute the like-
lihood that the image is an anomaly of the reference class. This likelihood is expressed
as the dissimilarity degree of the given image with respect to the structure of the class
cref encoded in a encoder-decoder architecture. Through their latent representations, the
encoder-decoder architectures are used to uncover, through self-supervision, features and
structural information from abscess images, which are relevant for distinguishing between
fungi and bacteria.

Denoting by Zmg the input space of abscess images, the classification of images of
bacteria versus fungi from abscesses can be formalized as an approximation of a target
function f : Zmg — C that maps an abscess image to the “fungal” or “bacterial” class.
Thus, the OD-Abs classification model will approximate an additional function pys :
Img — [0, 1] expressing the probability that an image I/ € Zmg belongs to the class
cref- Certainly, the probability pome, that an image I € Zmg belongs to the class comer
(i.e. it is an outlier) is obtained as poper(I) = 1 — prer(1). Thus, after the approximation
Pref & Drer is learned from a training data consisting of images belonging to the majority
(reference) class, an approximation of the target function f ~ f willbe simply computed
as shown in equation (2).

VI € Tmg. 2

r cref- lf pref(I) > 05,
) =
Fa { Cothers Otherwise,

3.2. Overview of OD-Abs

The overall OD-Abs methodology consists of three main stages. Figure 1 illustrates the
two operational steps of the final classifier, namely training and thresholding, followed by
classification of unseen images.

1. Encoder-decoder model selection. To decide the best-performing encoder-decoder
model to be integrated in the OD-Abs one-class anomaly detector, the performance of
the three encoder-decoder models will be comparatively analysed.

2. Building the OD-Abs classification model. During this stage, the one-class outlier de-
tection model OD-Abs will be built. A set of images of the majority class (i.e. the class
— fungal or bacterial — that has the most available images) is used for self-supervised
training of the encoder-decoder model that was selected at the previous stage to learn
to represent relevant structural relationships in images of fungi from abscesses. The
trained OD-Abs will be further used to discriminate between images representing fun-
gal and bacterial infections.

3. Testing the OD-Abs classifier. The predictive model OD-Abs built during the pre-
vious stage is tested on abscess images (both fungal and bacterial) that were not seen
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Fig. 1. Overview of the OD-Abs training, threshold estimation, and classification workflow.

during training. The performance of OD-Abs will be assessed using supervised clas-
sification metrics.

3.3. Encoder-Decoder Model Selection

As illustrated in Fig. 1, our proposed OD-Abs approach uses an encoder-decoder model
M that is trained through self-supervision on the images from the majority class (repre-
senting fungi or bacteria) and will learn to encode the structure of these images.

For the encoder-decoder model M, three variants are considered. The architectures
of the three encoder-decoder models employed in our experiments, together with details
regarding the training process, are described below.

3.3.1. Variational Autoencoders

The first model is a Variational Autoencoder (VAE) designed to process grayscale im-
ages of size 256 x 256. The encoder network utilizes a ResNet-18 architecture (He et
al., 2016), initialized with weights pretrained on ImageNet. To accommodate the single-
channel grayscale input, the first convolutional layer is modified by summing the original
RGB weights along the channel dimension, resulting in a Conv2d layer with a kernel size
of 7 x 7, stride of 2, and padding of 3. The encoder retains the layers up to the fourth
residual block, extracting a deep feature map with dimensions 512 x 8 x 8. This feature
map is flattened into a vector of size 32 768 and passed through two parallel fully con-
nected layers to produce the latent mean (u) and log-variance (log o) vectors, with a
latent dimensionality of d = 32.

The decoder network generally mirrors the encoder’s depth but utilizes a different up-
sampling strategy to mitigate checkerboard artifacts commonly associated with transposed
convolutions. It begins with a fully connected layer that maps the sampled latent vector z
back to the feature map shape of 512 x 8 x 8. This is followed by five upsampling blocks to
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reach the target resolution. Each block employs a nearest-neighbour upsampling operation
(scale factor 2) to mitigate checkerboard artifacts, followed by a standard 2D convolution
(3 x 3 kernel, stride 1, padding 1), Batch Normalization, and a LeakyReLU activation
(negative slope 0.2). The channel depth is progressively reduced through the sequence:
512 — 256 — 128 — 64 — 32. The final output layer applies a convolution to reduce
the channels to 1 and employs a Tanh activation function. The model is optimized using
the Adam optimizer with a learning rate of 1 x 107> and a batch size of 32. Training is
conducted for 50 epochs per fold in a 5-fold cross-validation setup. In our implementation,
the negative expected log-likelihood term from the negative ELBO is approximated using
the L1 reconstruction error between the input image and its reconstruction. The practical
training objective therefore combines the L1 reconstruction error and the KL divergence,
as shown in equation (3).

Lvae =Y |Ix =%+ 8- Dkr(az)|p(), 3)

where x represents the original input data, x is the reconstructed output, B is the regular-
ization coeflicient (set to 8 = 1), D, denotes the Kullback-Leibler divergence, and z is
the latent representation.

The second variant is the S-VAE, which utilizes the identical architectural backbone,
optimizer, and training schedule as the standard VAE described above, with the distinction
that 8 = 3 in the objective function.

3.3.2. Convolutional Autoencoder

The third model is a deterministic Convolutional Autoencoder (CAE). To ensure a fair
comparison, the CAE shares the identical architectural backbone as the VAE and 8-VAE
variants. This includes the use of the ResNet-18 encoder (modified for grayscale input)
and the five-stage upsampling decoder utilizing nearest-neighbour interpolation to prevent
checkerboard artifacts. However, the CAE removes the probabilistic sampling mechanism.
The flattened output of the encoder (dimensions 512 x 8 x 8) is mapped directly to the
bottleneck vector z of size d = 32 via a fully connected layer, which is then projected
back to the feature dimensions to feed the decoder. Since there is no probabilistic latent
distribution, the KL divergence term is removed. The model is trained solely on the recon-
struction objective (Lcag = % > |x — x]), using the Adam optimizer. Consistent with
the other models, the final output layer employs a Tanh activation function. The training
duration (50 epochs, with added early stopping to avoid overfitting) remains consistent
with the variational models; however, the learning rate is set to 1 x 1074 (increased from
the VAE’s 1 x 1073 to facilitate faster convergence in the absence of the KL regularization
term).

3.3.3. Performance Evaluation

The performance of the proposed encoder-decoder architectures will be further analysed
to determine the model that best succeeds in accurately reconstructing images belonging to
the reference class ¢, while, at the same time, failing to reconstruct images of the cyzper.
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The best-performing encoder-decoder model will be further integrated in the OD-Abs
one-class anomaly detector.

For comparing two images (in our case, an input image and the output image recon-
structed by an encoder-decoder model M), several metrics from the image processing
literature are used:

e mean squared error (MSE) is the mean squared difference between the pixel in one
image and its corresponding pixel in another image;

o the structural similarity index (SSIM) (Wang et al., 2004) is a perceptual metric that
evaluates the visual similarity between two images based on luminance, contrast, and
structure;

o the signal-to-noise ratio (SNR) is the ratio of the power of the meaningful signal to the
power of the corrupting background noise.

For highly similar images, low values for MSE and high values for SSIM and SNR are
expected.

Denoting by M an encoder-decoder model and by D a dataset of images of abscesses
(fungal or bacterial), aggregated values are computed by averaging the metric between an
image and its reconstruction obtained by M, i.e.

_ YiepMSEU D) > ep SSIM(I, T)

MSEp s SSIMp =
|D] |D]
SNR(I, I

SNRp = Z[ED D ( )

3.4. Building the OD-Abs Classification Model

As illustrated in Fig. 1, our proposed OD-Abs approach uses an encoder-decoder model
M that is trained on a dataset of images belonging to the reference class C,.s to encode
information about the structure of the trained images. For training the model, 60% of the
images will be used, 20% for the validation of the model, and the remaining 20% will be
used for testing.

The model M is trained through self-supervision to encode the structure of the majority
class images, using an error function that penalizes the model; this function is expressed
as the difference between the provided input image and the output image reconstructed
through the decoder component.

Using the encoder-decoder model M selected following the evaluation introduced in
Section 3.3 and trained as previously detailed, the OD-Abs classifier will produce an
approximation pr’gc of the probability function pyer : Zmg — [0, 1] expressing the proba-
bility that an abscess image I € Zmg belongs to the refernce class (cyef).

The learned function pr/g‘- will be used by the OD - Abs classifier to predict if an abscess
image belongs to the fungal or bacterial class; the probability that an image I belongs to
the bacterial class is computed as pg;’her(l )y=1-— pfff(l ).

Let us denote by I3, the output of the trained model M for an input image I (i.e. the
reconstruction of 7) and by RE(I, Ijs) the reconstruction error obtained for 7 (L dis-
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tance between the input and the reconstruction). The probabilities prﬂe’?»(l ) and px’h o)
estimated by the OD-Abs classifier using the encoder-decoder model M are computed as
shown in equation (4).

RE(I, Iy)
v +RE, Iy)

™

M
S ——— ) =
. +RE([, IM) Pother

P = “)

The idea behind computing the equation (4) is that the encoder-decoder model M
can accurately reconstruct the images sampled from the same distribution as the training
images (i.e. images of the reference class). Moreover, the model M should not be able to
accurately reconstruct through its learned latent representation an input image that is struc-
turally dissimilar to the training images, e.g. the images that belong to the minority class.

In equation (4), t)s is a hyperparameter of the OD-Abs classifier and represents the
threshold applied on the reconstruction error of an input image I to decide if it be-
longs to the class ¢y (i.e. if it is similar enough to the fungal class represented by the
encoder-decoder model M). One observes from equation (4) that if RE(Z, Iv) < T,
then prlgc(l ) > 0.5; thus, I will be classified as belonging to the fungal class c,,. Other-

wise, if RE(I, fM) > 1), then pf”ef(l) < 0.5, then I will be considered dissimilar to the
class represented by the model M and classified as belonging to the bacterial class comer-
It should also be noted that if RE(I, I;) = 0, then pj‘gf(l) =1, while if RE(I, L) = T,
then p%f(l ) = 0.5. Moreover, the value of pfgf(l ) decreases as RE(/, I M) increases.

Two variants are considered for computing the hyperparameter t after completing the
training of OD-Abs.

V1 For a specific encoder-decoder model M we are computing the mean (u(M)) and
the standard deviation (o (M)) of the reconstruction errors RE(I, Iy) computed for all
the images from the training dataset. If D is the training dataset and n represents the
number of images from the training set (n = |D|), then

LiepREA 1) 0 apy = [ Zaep®EU ) — (M)
n n

uwM) =

The first method for estimating the threshold 7 is to compute it as the mean of the
reconstruction errors of the training images plus twice the standard deviation of the er-
rors, i.e. Tyy = (M) + 20 (M). The intuition behind this computation is that the rule
“mean plus twice the standard deviation of the values from a population” is important
in statistical distributions, particularly in the normal distribution. Even though the max-
imum of a population is not necessarily located at the i + 20, this formula gives an
estimate of a good enough “upper bound” of the population values, as in many normal
distributions, most values lie within u + 20.

V2 The second variant optimizes the decision threshold 7 on a validation set after train-
ing the OD-Abs classifier. To this end, we construct a tuning set comprising 20% of
the total normal samples (the validation split of the current fold) and 50% of the avail-
able anomaly samples, with the remaining anomalies reserved for testing. The opti-
mal threshold is selected via a grid search over candidate thresholds derived from the
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Precision—Recall (PR) curve computed on the tuning set. Specifically, reconstruction
error scores are used to generate PR-curve thresholds, for which the F1-score is evalu-
ated, and the threshold maximizing the F1-score is chosen.

3.5. Testing the OD-Abs Classifier

After training, the OD-Abs classifier is tested on both images of fungi and bacteria from
abscess to assess its predictive performance.

As previously described in Section 3.1, based on the number of abscess images avail-
able for the “fungal” and “bacterial” classes, the majority class is considered the reference
class and used for training the OCC model. Besides the dataset of abscess images of the
reference class used for training, validation, and testing the OD-Abs model, a dataset of
abscess images of the minority class will be used for testing.

As shown in Section 3.4, the training dataset is randomly split into training-validation-
testing. Due to the randomness of the splitting process, a cross-validation testing method-
ology is used. More specifically, the data set of images of the majority class is randomly
split into training-validation-testing. For a specific split, the OD-Abs classifier will be
tested on a dataset obtained by combining 20% of the training images that were not used
for training and validation, and the dataset of images of the minority class.

For measuring the performance of OD-Abs on a testing set, the following evalua-
tion measures are computed (Gu et al., 2009), considering the “fungal” class as the neg-
ative one and the “bacterial” class as the positive one: precision (Prec = %),
sensitivity (recall, or true positive rate, Sens = T}L—%)’ specificity (true negative
rate, Spec = TNT—+NFP), FI score (F1 = %) and Area Under the ROC Curve
(AUC = SpechrSens).

We note that for computing the AUC measure, we consider the case of classifiers that
provide the output class directly (Fawcett, 2006). In this case, the ROC (Receiver Operat-
ing Characteristic) curve is a quadrilateral obtained by linking the points (0, 0) and (1, 1)
to the (1— Spec, Sens) point. According to the literature, AUC is one of the most effec-
tive evaluation metrics for assessing the performance of imbalanced classifiers (Fawcett,
2006). For each of the previously described performance metrics, the performance of OD-
Abs averaged over the five runs is reported together with the 95% confidence interval (CI)
(Brown et al., 2001) of the mean.

For classifying an input abscess image as having a fungal or bacterial origin, the trained
OD-Abs model performs the steps described in Section 3.4 and summarized in Algo-
rithm 1.

4. Experimental Evaluation

To complete the answer to RQ1, an experimental evaluation of the OD-Abs classifier is
further conducted. The predictive performance of the classifier is assessed following the
testing methodology introduced in Section 3.5. The code is made publicly available at
(Toader, 2025).
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Algorithm 1 The classification stage of OD-Abs

function CrLAssIFICATION(M, T, I)
Require:
M — the trained encoder-decoder model
T — the decision threshold (Section 3.4)
I — the query image that has to be classified
Ensure:
returns c,.r if the predicted class for I is the reference (majority) class and comer
(the minority) otherwise

/I compute the reconstruction error obtained by the model M for the image /
RE(1, Ipr) < the reconstruction error computed for / using the model M
// compute the probability that / belongs to the class cyef

M ™
pref(l) < t+RE(,Iy)

if pfjf(l) < 0.5 then

/* I is predicted as belonging to the minority class (an anomaly of the majority
class) */

return Cosher

else
/* I is predicted as belonging to the reference class */
return Cef

end if

end function

4.1. Datasets

This section describes the datasets used in the experiments: the labelled dataset Df con-
taining images of fungi from abscesses and the labelled dataset Db containing images of
bacteria from abscesses.

For Df we used the DeFungi dataset (Sopo et al., 2021), a publicly available repos-
itory of 9114 manually labelled microscopic images. These images were obtained from
direct mycological examinations of fungal infections and processed into 500 x 500 pixel
patches. The dataset is organized into five classes corresponding to morphological patterns
observed under microscopy: Tortuous septate hyaline hyphae (TSH), Beaded arthroconi-
dial septate hyaline hyphae (BASH), Groups or mosaics of arthroconidia (GMA), Septate
hyaline hyphae with chlamydioconidia (SHC), and Broad brown hyphae (BBH).

For Db we employed both the DIBaS (Digital Images of Bacterial Species) (Zielifiski
et al., 2017) dataset and a subset of the DeepBacs (Spahn et al., 2022) image collection,
more specifically the raw images from the mixed segmentation dataset. The DIBaS dataset
contains approximately 640 bacteria Gram-stained microscopic images covering 32 bacte-
rial species. The DeepBacs dataset that we used contains 190 brightfield and fluorescence
images covering three species: S. aureus, E. coli and B. subtilis.
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Table 1
Datasets used in this study and their characteristics.
Dataset  Source Domain Classes Images Resolution Microscopy
Df DeFungi Fungi 5 9114 500 x 500 Direct light
microscopy
Db DIBaS + DeepBacs Bacteria 33 833 2048 x 1532 (643)  Gram-stained Bright-

1024 x 1024 (124) field/Fluorescence
256 x 256 (56)
512 x 512 (10)

Fig. 2. Example of a fungi image from DeFungi Dataset (left) and bacteria image from DeepBacs dataset (right).

Figure 2 comparatively illustrates a fungi image (the left side of the image) and a bac-
teria image (the right side of the image). One observes that fungi appear as filamentous
hyphae (marked with h in the left-side image), comprised of long, tube-like strands with
rounded segments identified as possible spores or conidia (marked with s in left-side im-
age), in contrast to the bacterial cells that look like clustered spherical cells typical of
Gram-positive cocci (marked with arrows in the right-side image).

We note that in our experiment the bacterial class is underrepresented, and thus the
reference class is the majority “fungal” class (¢, = Df), while the minority class is the
“bacterial” class (comer = DD).

According to the methodology introduced in Section 3, the OD-Abs classifier is
trained on Df and learns a decision boundary by representing the characteristics of the
fungal class. At the query time, the images that resemble the learned representation are
predicted as belonging to the “fungal” class; the images that fall outside the decision
boundary (i.e. deviate significantly from the learned representation) are considered out-
liers and predicted as “bacterial”.

4.2. Preliminary Experiment

The performance of the three encoder-decoder models introduced in Section 3.3 is com-
paratively analysed to decide the best-performing encoder-decoder model to be integrated
in the OD-Abs one-class classifier.

The dataset containing images of fungi from abscesses (Df) and the dataset of images
of bacteria from abscesses (Db) will be used for evaluating the performance of the three
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Table 2
Performance metrics including sensitivity index.
Model Sensitivity index 1  Fungal data (Df) Bacterial data (Db)
MSE| SSIM4 SNR4 MSE{ SSIM| SNRJ
VAE 2.875 0.009  0.787 22769 0.077  0.405 12.765
B-VAE  3.205 0.009  0.788 22730 0.078  0.408 12.685
CAE 2.156 0.002 0.784 22,999 0.018 0.424 13.263

encoder-decoder models proposed. From a one-class outlier detection perspective, the best
model is considered the one that provides an accurate reconstruction of images of fungi
but fails to reconstruct images of bacteria.

Table 2 presents the values of the metrics computed on Df and Db. The best values
obtained for the metrics are highlighted. We note that we search for higher similarities
between the fungal images and their reconstruction (lower MSEpy, higher SSIMpy and
SNRpy), while lower similarities between the bacterial images and their reconstruction
(higher MSEp;, lower SSIMp, and SNRpp). In order to evaluate the model’s ability to
distinguish between the two classes, we utilize the Sensitivity Index (SI), defined as d’ =
piposl higher SI value indicates superior class separability. The best values for
V %(a[z)f+a[2)b)
the evaluation metrics are highlighted.

Table 2 reveals a trade-off between reconstruction fidelity and separation capability
across the three models. While CAE achieves the best reconstruction metrics on the target
fungal data (lowest MSEps of 0.002 and highest SNRpy), it fails to sufficiently differ-
entiate the bacterial samples, shown by the low MSE p;, and the lowest Sensitivity Index
(d’ = 2.156). This suggests that while CAE is a good compressor, it lacks the necessary
regularizing constraints to distinguish between the two biological classes effectively.

In contrast, the variational approaches provide better separability. Although the stan-
dard VAE offers a balanced performance, the S-VAE model proves to be the superior
version. It yields the highest error and lowest SNR when reconstructing bacterial images
(MSEpp, = 0.078) while maintaining comparable performance on the fungal class. Most
importantly, 8-VAE achieves the highest Sensitivity Index (d’ = 3.205), indicating the
largest statistical distance between the normal and anomalous distributions. Therefore,
based on the maximization of class separability, 8-VAE is selected as the most suitable
model for the proposed anomaly detection framework (see Fig. 3).

4.3. Results

As shown in Section 3.3, the 8-VAE model was empirically found to be the best encoder-
decoder model in preserving the structural characteristics of images of fungal abscesses,
while failing to reconstruct images of bacterial abscesses. Thus, we hypothesize that the
OD-Abs classifier with the B-VAE model integrated can accurately encode the fungal
class and uncover hidden patterns and structural information useful to effectively deter-
mine whether images of abscesses have a fungal or bacterial origin.

To complete the answer to RQ1, the performance of the OD-Abs classifier incorpo-
rating the B8-VAE encoder-decoder is evaluated on the datasets of images of fungi and
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Fig. 3. Distribution of Mean Squared Error (MSE) scores for VAE, 8-VAE, and CAE models evaluated on Df
(blue) and Dy, (orange) datasets. The top row displays density histograms with vertical dashed lines indicating
the mean MSE for each class. The bottom row presents corresponding box plots with overlaid data points. The
Sensitivity Index (d”) is reported for each model title. The plots visually confirm that 8-VAE achieves the highest
class separability (d’ = 3.205), showing the distinct gap between the reconstruction errors of the two species.

Table 3
Experimental results. 95% ClIs are used for the mean values of the performance metrics.
Threshold 7y Prec b Sens 1 Spec 1 F11 AUC 1
V1 0.764 £0.014 0.994 + 0.002 0.929 £ 0.006 0.864 £ 0.009 0.962 + 0.002
V2 0.967 £ 0.012 0.968 +0.013 0.992 + 0.003 0.967 £ 0.008 0.980 + 0.006

bacteria from abscesses described in Section 4.1. For the hyperparameter t), (the deci-
sion threshold) both variants (V1, V2) described in Section 3.4 are used. Table 3 presents
the experimental results obtained following the testing methodology introduced in Sec-
tion 3.5. The values for the performance metrics are averaged over five runs, and the 95%
CI of the mean values is reported. The best values for the performance metrics are high-
lighted.

Analysing the performance metric values from Table 3, one observes that, in terms of
AUC, both variants for selecting the threshold tj; yield high performances with a clear
advantage for V2. We consider that variant V2 provides a better balance between the frue
positive rate (TPRate, Sens) and true negative rate (TNRate, Spec). We note that while
V1 provides a near-perfect TPRate, it exhibits a lower capability to recognize fungal im-
ages from abscesses (lower Spec) compared to V2, meaning more fungal images are in-
correctly flagged as bacterial/anomalous. Moreover, compared to V1, V2 provides a much
lower false alarm ratio (FAR, the proportion of images incorrectly predicted as “bacte-
rial” from the total number of predicted bacterial images), indicated by its superior Prec
value (0.967 vs 0.764). A low FAR is desirable, as it indicates that fewer fungal images
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Table 4
Comparison to baseline OCC methods. 95% ClIs are reported for the results.
Model Prec bt Sens 1 Spec b F11 AUC 1
OD-Abs 0.967 £ 0.012 0.968 £ 0.013 0.992 £ 0.003 0.967 + 0.008 0.980 + 0.006
OC-SVM 0.786 + 0.013 0.959 £ 0.008 0.940 4 0.005 0.864 £ 0.009 0.950 £ 0.005

Deep-SVDD 0.749 £ 0.018 0.986 + 0.009 0.924 £ 0.007 0.851 £0.014 0.955 £ 0.007

are incorrectly flagged as bacterial. This is relevant in practice, since fungal infections are
generally less frequent than bacterial infections and should therefore not be overlooked.

4.3.1. Comparison to Related Work

Since we did not identify any studies in the literature specifically addressing binary clas-
sification between fungal and bacterial microscopic images, we benchmark our solution
against alternative one-class classification (OCC) methods that follow the same train-
ing paradigm (namely learning exclusively from fungal images while treating bacterial
samples as anomalies), and the same testing methodology as for ourOD-Abs classifier
(Section 3.5). In particular, we evaluate a one-class support vector machine (OC-SVM)
(Scholkopf et al., 1999), using the sk1learn library implementation. The images are pre-
processed and flattened into vector representations before learning the decision boundary.
In addition, we consider a deep one-class classification method based on Deep SVDD
(Ruff et al., 2018). To ensure a fair comparison, this model utilizes a pre-trained ResNet18
as the feature extractor, followed by a projection network. The model is trained to min-
imize the distance of fungal samples to the hypersphere centre in the latent space, with
bacterial images expected to yield larger distances.

The results are presented in Table 4. We mention that the performance of our OD-
Abs model is reported when using variant V2 for selecting the threshold 7y, (the best
variant according to the analysis from Section 4.3. To ensure an accurate comparison,
both OC-SVM and Deep-VDD were tested using the testing methodology employed for
our OD-Abs model (see Section 3.5). The results in the table represent average values for
the performance metrics obtained during cross-validation and are presented together with
their 95% CIs. The best results for the performance metrics are highlighted in the table.

From Table 4 one observes that the precision (Prec) of our OD-Abs is significantly
higher (with more than 18%) than the precision of the baseline methods. Higher precision
values for OD-Abs highlight a false alarm ratio lower than for the OCC classifiers from the
literature, more specifically, a lower risk for misclassifying images of fungi from abscesses
as being bacteria. Such low false alarm ratios are desirable, mainly for OCC classifiers. In
addition, OD-Abs outperforms the baseline OCC models with more than 10% in terms
of F1 and more than 2.5% in terms of AUC. However, the probability of detecting the
“bacterial” class is slightly lower for our model, being surpassed by at most 1.8%. For
testing the statistical significance of the improvement achieved by OD-Abs over the OC-
SVM and Deep-SVDD approaches, the sample of performances provided by OD-Abs was
tested against the sample of the baseline OCC models’ performance values using a one-
tailed paired Wilcoxon signed-rank test (Statistics, 2026; Rosner et al., 2006). A p-value
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less than 0.01 was obtained, highlighting that OD-Abs achieves a statistically significant
improvement over the OCC baseline models from Table 4, at a significance level 0.01.

Addressing RQ2, the comparative results shown in Table 4 confirm that the proposed
OD-Abs framework brings a performance improvement over both the OC-SVM and Deep-
SVDD baselines. While the existing methods exhibit high sensitivity, they also show
significantly lower precision and specificity. In contrast, OD-Abs achieves the highest
Fl-score of 0.967 and an AUC of 0.980. Therefore, we can conclude that the proposed
approach is the best solution in terms of precision-recall trade-off, resulting in a more
accurate classification of bacteria and fungi.

4.4. Discussion

To better highlight the good performance of our proposed OD-Abs one-class classifi-
cation model, we performed an additional comparison to binary classification models.
However, this comparison requires important contextualization regarding the learning
paradigms employed. Obviously, it is expected that the binary classifiers achieve better
predictive performance than the OCC ones, since the former are trained on images from
both classes to learn the decision boundary between them, while the latter receive sam-
ples from only one class and learn a boundary surrounding the images from the reference
class. However, the aim is to see how close or far the performance of OD-Abs is from the
baseline binary classifiers.

For comparison, we selected the architectures most commonly applied to the related
tasks discussed in Section 2.2, such as species-level classification, macroscopic binary
classification, and multiclass microorganism classification. Consequently, we compare our
approach with baseline CNN and Transformer-based architectures, specifically ResNet50
(He et al.,2016), VGG16 (Simonyan and Zisserman, 2015), and a base Vision Transformer
(ViT) (Dosovitskiy et al., 2021). These models were initialized with pre-trained weights
and fine-tuned for five epochs on our fungal and bacterial datasets.

The supervised architectures achieved near-perfect separation, with ResNet50 reach-
ing an AUC of 1.0000, followed closely by ViT (0.9993) and VGG16 (0.9976), surpassing
the OD-Abs model. Our OD-Abs one-class classifier is outperformed by the baseline bi-
nary classifiers with at most 3.3% in terms of Prec and F1, 3.2% in terms of Sens, and
2% in terms of AUC. We have to remark that in terms of Spec, OD-Abs outperformed
VGG16 by 0.4%, and ViT by 3.8%, having nearly the same performance as ResNet50
(with only 0.8% lower). Thus, our model provides lower misclassification rates for the
images of fungi from abscesses (i.e. false positive rates) than VGG16 and ViT, being able
to better distinguish the “fungal” class from the “bacterial” class. In this context, we con-
sider the performance achieved by our OD-Abs model notable.

It has to be noted that the baseline supervised classification models benefit from a
significant advantage: supervised training, allowing them to explicitly learn the decision
boundary between fungal and bacterial features. In contrast, OD-Abs operates in a one-
class setting, training exclusively on fungal images without exposure to bacterial samples
during training. The fact that OD-Abs achieves a high AUC and F1 scores and a perfor-
mance very close to the performance of binary classifiers, even outperforming them in
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terms of false positive rate, demonstrates the robustness of the one-class hypothesis. It
suggests that the structural pattern of fungi is distinct enough that a model can learn to
reject bacterial anomalies effectively without ever seeing them.

To conclude, the proposed OD-Abs model succeeds in ensuring a very good balance
between preserving the structure of the images from the reference “fungal” class and un-
covering the underlying structural relationships within them, and successfully recogniz-
ing the “bacterial” class as well. However, the gap in AUC between our custom model
and the pre-trained supervised baselines implies that our current architecture may miss
fine-grained texture representations.

5. Explainability

For answering RQ3, this section explores the explainability part of OD-Abs and analyses
the interpretations provided by the reconstruction error map from a biological perspective.

For a more detailed analysis of the OD-Abs classifier and its potential limitations, we
selected four cases (samples): S1 — an image of fungi from an abscess that was misclassi-
fied by OD-Abs; S2 — an image of fungi from an abscess correctly classified by OD-Abs;
S3 — an image of bacteria from an abscess misclassified by OD-Abs; and S4 — an image
of bacteria from an abscess correctly classified by OD-Abs. For each of the samples, the
goal is to understand the way the model inferred the output (predicted class) and to corre-
late these interpretations with the biological interpretation. Table 5 presents a description
of the four samples: input image, correct class, description of the sample, class predicted
by OD-Abs, and the reconstruction error map for the image.

The input images depicted in Table 5 represent micrographs of fungal and bacterial
cells. The S1 sample consists of fungal hyphae with branching filaments and septa, the
S2 sample consists of oval cells most often seen in yeast, the S3 sample consists of a low
magnification micrograph with bacterial cells hard to distinguish form the grids typically
used for electron microscopy investigation, and the S4 sample consists of irregular shapes
of individual bacterial cells, which appear to be cocci or possibly small bacilli, clustered
together.

The reconstruction error map represents the pixel-wise difference between the input
image and its reconstruction and highlights regions where the model fails to accurately
reproduce image structures. In this map, well-reconstructed areas appear in darker, cooler
colours (e.g. black or blue), whereas regions that the model finds difficult to reconstruct ap-
pear in brighter, warmer colors. Therefore, in our case, anomalous structures (i.e. bacteria)
are expected to manifest as yellow or white regions corresponding to high reconstruction
error.

The reconstruction error maps shown in Table 5 provide insights into the challenges
encountered by the model. The misclassified samples S1 and S3 exhibit more diffuse and
widespread reconstruction errors, suggesting that the model struggled to capture meaning-
ful structural patterns in these noisier images compared to the correctly classified cases.
For S2, we can also notice that the high intensity spots seem to correspond with darker



20 G. Czibula et al.

Table 5
Description of the four samples analysed together with the reconstruction error maps explanations.

Sample Input image Correct class  Predicted class Reconstruction error map

S1 FUNGAL BACTERIAL
S2 FUNGAL FUNGAL
S3 BACTERIAL FUNGAL
S4 BACTERIAL BACTERIAL

spots in the original image. In sample S2, although the image was correctly classified as
fungal, several localized bright regions can be observed in the error map, which seem
to correspond with regions of high-intensity (white) areas in the original image. For S4,
we can observe many bright yellow spots corresponding to the other class (in our case,
bacteria) and some larger, lighter-coloured areas in the background as well. Overall, these
observations suggest that the model has greater difficulty with noisier images and with
cases where microorganism boundaries are less sharp and not clearly delineated from the
background.
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Fig. 4. Biological interpretation for the classification of samples S1, S2, and S4 from Table 5. A: Incorrect
bacterial identification of fungal hyphae in S1 — marked in white. B: Correct identification of yeast cells, as
representatives of fungi in S2 — marked in white. C: Correct identification of bacterial cells, except for a small
area with a misinterpretation in S4 — marked with a white arrow.

From a biological perspective, sample S1 is misclassified as bacterial cells, as the
OD-Abs model seems to identify hyphal zones as representing bacterial cells. Figure 4A
illustrates the regions (marked in white) that were misclassified as bacterial cells. The
second misclassification of OD-2Abs is sample S3. Sample S3 appears to be an electron
micrograph with cells difficult to distinguish from the uniform background provided by the
carbon disk used for loading the samples into the microscope, due to low magnification.
Samples S2 and S4 are correctly classified as belonging to the “fungal” and “bacterial”
classes, respectively. In S2, the OD-Abs model correctly identifies oval cells characteristic
of yeast (marked in white in Fig. 4B), as well as in S4, where it determines correctly
irregular individual bacterial cells (except the small region marked with a white arrow in
Fig. 4C where the identification is incorrect due to the presence of darker shade pixels).

6. Conclusions and Future Work

In conclusion, we presented OD-Abs, a one-class classifier that distinguishes between
microscopic images of bacteria or fungi. The model, based on a 8-VAE architecture, is
trained on solely fungi images and is evaluated on both fungi and bacteria. We also discuss
two methods of setting the threshold for the classification, as well as detail our choice of
AE architecture.

The research questions can now be answered. In response to RQ1, our results demon-
strate that one-class outlier detection can successfully uncover structural distinctions be-
tween images of fungi and bacteria from abscesses to a significant extent, as evidenced by
an F1-score of 0.967 and an AUC of 0.980. These metrics indicate that the model effec-
tively learned the hidden structural patterns unique to fungal morphology. It is also notable
that the proposed OD-Abs (V2) achieves a specificity score of 0.992 and sensitivity of
0.968, therefore showing a lack of bias towards the reference class. This suggests that the
structural separation is robust and that the model successfully differentiates fungi from
bacteria. Regarding RQ2, our comparative analysis confirms that the proposed OD-Abs
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framework yields a statistically significant improvement over OC-SVM and Deep-SVDD
baselines. While existing methods demonstrate high sensitivity but lower precision and
specificity, OD-Abs achieves a superior F1-score and AUC. To answer RQ3, the analy-
sis of reconstruction residuals confirms that for correctly classified samples, the model’s
decisions are primarily driven by biologically meaningful features, such as oval cells and
individual bacteria. However, the maps also reveal the model’s limitations in handling
images where cells are more difficult to distinguish from the background due to data col-
lection, as well as its tendency to confuse certain structures, such as the misidentification
of hyphal zones as bacteria. These observations demonstrate a strong alignment between
the technical and biological perspectives, as the high-error regions in the residual maps
correspond, for the most part, to recognizable morphological features and background
noise.

To bridge the performance gap with fully supervised baselines, future iterations could
expand the framework into a bidirectional system by training a parallel AE with bacte-
ria as the reference class that would allow for the classification of fungi, bacteria, and an
“other” class, moving toward a more universal tool for digital pathology. We also plan
on utilizing the AE’s latent features in a multitask learning setting, combining unsuper-
vised representations with supervised classification heads to boost discriminative power.
The experimental results also suggest further exploration of alternative OCC models in-
stead of AE, such as ViT, together with a binary classifier, focusing on images where their
predictions differ, to take advantage of the strengths of both models.
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