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ARTICLE INFO ABSTRACT

Edited by Bauke W. Dijkstra Cryo-electron tomography (cryo-ET) is a microscopy technique that enables the acquisition of 3D images of
biological samples. Research in cell biology has shown that cellular processes are carried out by groups of

Dataset link: https://github.com/AlainMm/DL macromolecules that interact in a crowded environment. In such an environment, where multiple biological

CryoTomo

macromolecules coexist and intertwine, semantic segmentation becomes even more challenging but crucial
to understanding the structure and function of macromolecular complexes. However, manual semantic

Iézzz:ztron tomography segmentation can be time-consuming, highly subjective, and prone to variability, which poses significant
Convolutional neural networks obstacles in studies dealing with large volumes of data. In contrast, automated algorithms such as Convolutional
Semantic segmentation Neural Networks (CNNs) can process large-scale datasets with minimal human resources, thereby reducing the
Synthetic data generation subjectivity associated with manual segmentation. In this work, we propose a convolutional neural network
architecture that combines the features of U-Net, DeepLab, SegNet, Gated-SCNN, LSTM (Long Short-Term
Memory), RNN (Recurrent Neural Network), and GAN (Generative Adversarial Network) architectures. This
hybrid architecture effectively learns to identify different types of membranes and can replicate the behavior
of a skilled human annotator. This system demonstrates a strong ability to segment various cellular membranes
and vesicle structures.

1. Introduction particle picking or particle selection, which refers to the identification
of discrete positions (and possibly orientations) of individual parti-
Cryo-electron tomography (cryo-ET) is an imaging modality where cles within the tomogram for downstream subtomogram averaging or

a biological sample is rapidly frozen and imaged multiple times by a classification.
transmission electron microscope (TEM); in this scheme, the images are Manual segmentation has long been considered a gold standard
acquired at different tilt angles of the sample. The collection of images, for delineating structures. However, this process is unreproducible,
known as a tilt series, represents the projection data used to create a imprecise, and labor-intensive. More importantly, operators must have
3D representation of the sample, that is, a tomogram (Young and Villa, a high degree of experience to obtain good results; unfortunately,
2023). observer bias and fatigue can negatively influence the results of manual

A preliminary step before detailed structural analysis can be seg- segmentation (Hecksel et al., 2016).

mentation, which consists in assigning labels to the elements of a In contrast, current automatic neural network-based segmentation
tomogram to associate them to biological structures such as ribo- methods can provide quick and consistent data analysis. These meth-
somes, macromolecular complexes, cell membranes, filaments, or mi- ods have shown excellent agreement with manual segmentation, sig-
crotubules. Because a tomogram contains significant information and nificantly reducing the analysis time and offering a more objective
noise, an appropriate segmentation simplifies several post-processing approach with less variability (Zhou et al., 2020). Recently, methods
tasks such as the interpretation, analysis, quantification, or visual- based on the so-called Convolutional Neural Networks (CNN) (Chen

ization. It is important to notice that segmentation is distinct from
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et al., 2018) have achieved great success in segmenting images from
various imaging modalities (Minaee et al., 2022). These methods are
highly popular because they can detect intricate non-linear relation-
ships. They are also able to learn hierarchical feature representations.
These properties make them ideal for complex tasks, such as identifying
and delineating multiple structures within an image (Shelhamer et al.,
2014). Therefore, these methods are particularly effective for segment-
ing subcellular structures such as organelles and cellular compartments,
which have diverse textures, shapes, sizes, and densities in cryo-ET
tomograms (Zhou et al., 2023).

There have been some efforts in cryo-ET to incorporate deep learn-
ing into the segmentation of tomograms and facilitate the analysis
of biological structures with higher resolution. The authors of Dai
et al. (2017) proposed using CNNs to automatically annotate cryo-
ET data, thereby overcoming noise, missing wedge artifacts, and the
complexity of cellular environments. Alternatively, Liu et al. (2018)
utilized a Subtomogram Segmentation Network (SSN3D), a network
that combines a Fully Convolutional Network (FCN) with an encoder—
decoder structure, for the supervised segmentation of macromolecules
in tomograms. Subsequently, the Fully Residual U-Net (FRU-Net), a
modified U-Net with added residual layers, was used in de Mariscal
et al. (2019) to segment small extracellular vesicles (sEVs) in images.

Recently, the DeepFinder network was proposed to enhance the lo-
calization and identification of macromolecules in tomograms (Moebel
et al., 2020). Also, Zhou et al. (2021) proposed the Cryo-ET One-Shot
Network (COS-Net) to classify and segment macromolecules in tomo-
grams. Additionally, Dragonfly (Heebner et al., 2022) was proposed
as a comprehensive tool for segmenting, visualizing, and analyzing
tomograms. It provides the capability to train various versions of U-
Net neural networks to identify specific structures, such as membranes,
ribosomes, and microtubules, within a tomogram.

More recently, the authors of Zeng et al. (2023) proposed the
Deep Iterative Subtomogram Clustering Approach (DISCA) to automat-
ically identify structurally similar groups of macromolecular complexes
in tomograms. Another related work, presented in de Teresa et al.
(2022), proposes the network DeePiCt, an architecture designed to
detect low-abundance and low-density complexes, with a specific focus
on ribosomes.

On the other hand, MemBrain Lamm et al. (2022) is a deep-learning-
based pipeline designed for automatically detecting membrane proteins
in tomograms by sampling 3D subimages from segmented membranes,
scoring them with a CNN, and then extracting the positions of proteins
through clustering. In addition, an alternative approach is ColabSeg, a
Python-based tool designed to edit, process, and visualize membrane
segmentations from noisy tomograms (Siggel et al., 2024); specifically
addressing the challenges associated with segmenting lipid membranes.

Ais (Last et al., 2024) is described as a machine learning-based
software that is designed for multi-feature segmentation and particle
selection for subtomogram averaging in cryo-ET data. The software in-
cludes a library of adaptations of various single-model architectures, in-
cluding InceptionNet, ResNet, several UNet variations, VGGNet, and the
generative adversarial network Pix2Pix. Finally, TARDIS (Transformer-
based Rapid Dimensionless Instance Segmentation) (Kiewisz et al.,
2024), a machine learning framework for annotating micrographs and
tomograms, integrates deep learning for semantic segmentation with a
geometric model for instance segmentation of various macromolecules.

Some proposed methodologies can work directly with 3D data
without needing extensive filtering or retraining. However, this di-
rect segmentation approach demands significant computing power.
This requirement becomes particularly expensive when handling large
volumes of data and can be inefficient without powerful GPUs or
high-performance clusters.

Moreover, previous studies have utilized versions of U-Net archi-
tectures, which restrict their ability to adapt to different scales and
noise levels. Traditional U-Nets are designed primarily to capture local
contexts and are highly dependent on the quality and quantity of
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manually annotated training data. As a result, they may struggle to
accurately segment complex, diffuse, or poorly defined structures, such
as vesicles in cryo-ET.

In this work, we demonstrate that it is possible to extend seman-
tic segmentation methods (approaches associating a label or category
with every pixel or voxel) to automate the detection of membranes
and vesicles in tomograms. This is achieved through a hybrid neural
network architecture that combines the features of several architec-
tures, such as U-Net, DeepLab, SegNet, Gated-SCNN, Long Short-Term
Memory (LSTM), Recurrent Neural Network (RNN), and Generative
Adversarial Network (GAN). The integration of U-Net enables our
model to combine low-level information with high-level information,
resulting in precise segmentation of border-like structures even in the
presence of noise. DeepLab permits our model to capture wider contexts
while maintaining spatial resolution (this enhances the segmentation
of vesicles and membranes of varying sizes and shapes, accommodat-
ing multiple scales). SegNet enhances the accuracy of a segmentation
without increasing the number of parameters, which in turn reduces
computational power requirements; this helps preserve the precise lo-
cation of thin structures (e.g., membranes). The Gated-SCNN enhances
the refinement of contours for membranes and vesicles, crucial when
boundaries appear blurred; this is achieved by its dedicated branch
for boundary detection working in conjunction with its main branch
through gated modules. An important model is the LSTM because it
can keep track of arbitrary long-term dependencies in consecutive 2D
images and it allows our model to learn the contextual, spatial, and
temporal dependencies between adjacent 2D images. As a result, it
helps preserve the structural continuity of vesicles and membranes
throughout the 2D images making up the tomogram. The GAN model
promotes the creation of additional synthetic data that allows more
variability in the training process. This addition is particularly bene-
ficial when there is a limited amount of high-quality annotated data
available for training. Finally, we also incorporate spatial and chan-
nel attention mechanisms, dilated convolutions, edge attention, and
specific loss functions, such as Dice and Focal loss, to enhance fine
segmentation details.

This work is organized as follows: the next section provides a
detailed description of our proposed methodology. Subsequently, in
Section 3, we explain the development of the experiments carried out.
Then, in Section 4, we present results to evaluate our approach as a tool
for validation. Finally, in Section 5, we discuss and analyze the results
reported in the previous section.

2. Methodology

In this work, we are interested in what we refer to as Semantic Con-
volutional Neural Networks (S-CNN) (Teuwen and Moriakov, 2020).
Instead of relying on a single architecture to segment tomograms, we
propose using a combination of recurrent and convolutional neural
networks, which we refer to as a hybrid architecture. See Fig. 1 for a
schematic of the fundamental architecture. For an easy flow of the
presentation, we briefly describe this architecture next, but will provide
the details in Appendix A.

2.1. Hybrid network architecture

Similar to the U-Net network, which effectively captures fine details
through its encoding-decoding structure with skip connections (Wang
et al., 2023), our hybrid architecture also features two essential compo-
nents: a compression path, referred to as the encoder, and an expansion
path, known as the decoder, as shown in Fig. 1. The incorporation of
skip connections facilitates the incorporation of features extracted in
the earlier layers of the network. This process is crucial for preserving
fine spatial details.

The encoder blocks are fully described in Appendix A. At this point,
it is crucial to note two of its features:
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Fig. 1. Hybrid neural network model combining an encoder—-decoder architecture. This design enables multi-scale segmentation, capturing fine details.
Additionally, the model’s capacity to sequentially process extracted features allows it to identify temporal patterns and relationships.

- We utilize the Gated-SCNN architecture (Takikawa et al., 2019)
and its gating mechanism to maximize the benefits of its attention
procedure, which dynamically determines relevant information
and prioritizes its flow through the various layers of the network.
By incorporating this architecture, the hybrid architecture can
efficiently process information, enabling it to focus on edges and
subtle details, such as intensity or shape, of objects in tomograms.
Following this approach, we incorporate an Attention block, in
conjunction with a Convolutional block, which includes both
spatial and channel attention mechanisms; these mechanisms en-
hance the robustness of the hybrid architecture against variations
in image quality and noise, which are common challenges in
tomograms.

The SegNet architecture (Badrinarayanan et al., 2016) is renow-
ned for its success in segmenting images; for this reason, we in-
corporate some of its components into the Encoder block, as they
enable the precise re-creation of segmented structures (a feature
particularly beneficial for edge highlighting in tomograms). In
this manner, the compression path comprises six encoder blocks
with distinct filters, as illustrated in Fig. 1. To prevent overfitting,
each of these blocks is followed by a Dropout layer.

Importantly, we incorporate elements of the DeepLab architecture,
specifically its Atrous Spatial Pyramid Pooling (ASPP) block (Chen
et al., 2018), into our hybrid architecture. This block utilizes multiple
convolutions with different dilation rates. These are used to expand the
receptive field and capture features at various scales.

All the aforementioned components of our hybrid architecture op-
erate on 2D images. For this reason, we consider a tomogram (a 3D
image) as a stack of 2D images, with the values of neighboring pixels
in contiguous images being related. Hence, it is crucial to maintain
such consistencies when segmenting a 3D image into a stack of 2D
images. Therefore, we incorporate parts of the Long Short-Term Mem-
ory (LSTM) and Recurrent Neural Network (RNN) architectures because
they are commonly used for sequential tasks (Shi et al., 2015). This
feature ensures consistency in the semantic segmentation of biological
structures that can vary in shape, size, and orientation.

For our hybrid architecture, we implemented an expansion path
consisting of six Decoder blocks that reverse the encoding process to
assemble a segmented image from the compressed features. At each
stage, a Convolution block is applied to enhance the image resolution.
Finally, our hybrid architecture includes a Conv2D layer to generate
the final output.

2.2. Datasets

We trained our hybrid neural network model using a combina-
tion of real and synthetic data. The datasets from real acquisitions
were obtained from the Electron Microscopy Data Bank (EMDB) (ww-
PDB Consortium, T., 2023) and the Electron Microscopy Public Image
Archive (EMPIAR) (Iudin et al., 2022). These datasets are:

EMD-8594
EMPIAR-10236

Automated tomogram annotation of PC12 cell.
Cryo-ET of cis-mutated mouse protocadherin
gamma B6 on membranes.

Human delta protocadherin 1 full ectodomains
on membranes.

Tomogram used for in situ template-free
membrane bound complexes determination
Arrangements of proteins at reconstituted
synaptic vesicle fusion sites depend on the
separation of membranes.

Cell—cell contact between two PTK-1 cells.
Micrographs of vesicles derived from the
endoplasmic reticulum in HEK293F cells. Scipion
software (Conesa et al., 2023) is utilized to
perform the tomogram reconstruction process.
Cryo-ET dataset of purified SARS-CoV-2 double
membrane vesicles formed by nsp3-4.

EMPIAR-10368

EMD-10439

EMPIAR-10498

EMD-15394
EMPIAR-11751

EMPIAR-12038

EMD-16084 Munc13-SNAP25 cryo-ET dataset, synapse tomo
Munc13 DHet 115.
EMD-24604 Tomogram of SARS-CoV-2 spike-bearing

virus-like particles (VLPs) interacting with
hACE2-bearing extracellular vesicles (tEVs),
showing various intermediate states of the
SARS-CoV-2 spike protein.

This work does not provide a detailed analysis of specific bio-
logical use cases; however, it is important to note that EMPIAR and
EMD data are derived from actual cryo-ET experiments. These experi-
ments capture cellular structures in their natural context, incorporating
instrumental noise, acquisition artifacts, and biological variability.

We incorporate limited data acquisition range, the missing wedge
effect, low contrast, low signal-to-noise ratio, and aberrations caused
by a TEM while generating synthetic data to address the inherent
challenges in cryo-ET. In this way, we can effectively manage various
aspects of the imaging process, including image aberrations, resolution,
contrast, and noise sensitivity. Although the physical interactions of
electrons with the sample are not directly simulated, they can be
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Fig. 2. (a) Projection of the tomogram along the z-direction using synthetic data (phantoms) shows membranes exhibiting various combinations of local curvatures,
clusters of macromolecules (either cytosolic or membrane-bound), and polymers such as microtubules and actin networks. (b) A 2D slice in the xy-plane of the
tomogram. (c) Labeled (or segmented) fundamental truth map, each type of structure has a different label with the background’s equal to 0.

approximated reliably enough to produce synthetic images that mimic
the visual and structural results of a real microscope and cryo-ET.

The synthetic data are created using PolNet (Martinez-Sanchez
et al., 2024). This software enables the simulation of tomograms
comprising a diverse range of structures, including membranes, groups
of macromolecules, and polymers, such as microtubules or actin net-
works. Their structures are simulated using geometrical shapes such as
ellipsoids and tori. In particular, membranes are modeled as parametric
surfaces with double Gaussian profiles parallel to each other, forming
double membranes. This model aims to replicate a lipid bilayer, which
appears as two closely spaced walls.

Double Gaussian profiles effectively simulate the density distribu-
tion observed in cryo-ET for membranes, providing a synthetic rep-
resentation that honors its actual physical structure. Biological mem-
branes are continuous and smooth, lacking abrupt edges. Gaussian
functions share these properties: they are both continuous and infinitely
differentiable. Utilizing double Gaussian profiles allows for precise con-
trol over the geometry of synthetic membranes, enabling the creation
of shapes with varying curvatures without discontinuities. Thus, it is
possible to model the spatial continuity of a membrane while avoiding
introducing artifacts. Furthermore, the ability to adjust the curvature
during synthetic data generation equips the hybrid model to be pre-
trained, enhancing its robustness against various real morphological
configurations.

To ensure a good coverage of different cellular environments, we
employ parameterized stochastic models to generate a wide variety of
geometries and organizational combinations. The low-order features
are created using parametric mathematical models, allowing for the
control of their geometry and organization. Additionally, we employ
parameterized stochastic models to generate a wide variety of ge-
ometries and organizational combinations, enabling the simulation of
representative synthetic datasets. From each of these phantoms, we
generated a series of several 2D projections by tilting them in the range
[—60°,60°] using IMOD (Kremer et al., 1996). Noise with a Gaussian
distribution and zero mean is added to every projection to meet an
SNR in the range of [1,2] (Martinez-Sanchez et al., 2024). The mis-
alignment of the tilt series is simulated by applying random offsets in
the horizontal and vertical directions, employing a sinusoidal approach
to penalize high tilt angles. The mean value of these offsets is 1 pixel,
with a maximum misalignment of 1.5 pixels. The goal is to simulate
imperfect alignment of the tilt series, which is essential for assessing the
robustness of the hybrid model in near-real conditions. The simulation
process results in 3D images with dimensions of 500 x 500 x 250
voxels, where each voxel has a size of 10 A. It is worth noting that
these images display distortions caused by angular sampling and the
missing wedge effect, as expected for real tomograms in cryo-ET (see
Fig. 2).

Generating and processing synthetic data at a resolution of 10 A
significantly reduces computational costs and pre-training time. Using
larger pixel sizes helps to smooth out fine details, which serves as a
form of regularization during pre-training. This approach prevents the

hybrid model from overfitting to overly precise or unrealistic patterns
that are often found in synthetic data. The hybrid architecture initially
focuses on learning global shapes and coarse structures, which is ad-
equate for pretraining the model for tasks such as contour detection,
general shape recognition, and orientation analysis.

On the other hand, a Generative Adversarial Network (GAN) archi-
tecture is employed to generate additional synthetic data. To achieve
this, we implement a Pix2Pix model that consists of a U-Net and a
PatchGAN, as detailed in Appendix B. This process results in a new
dataset comprised of pairs of synthetic images and known masks,
enabling the training of the hybrid model to be supplemented without
the need for extra manual annotations; in this way, the training of the
hybrid model is enhanced by introducing greater variability.

2.3. Evaluation metrics

To evaluate the performance of our hybrid architecture, we first
introduce the concept of pixels correctly classified as part of the region
of interest (true positives), correctly classified as not in the region
of interest (true negatives), misclassified as positives (false positives),
and misclassified as negatives (false negatives). Based on these pixel
classifications, we utilize the following metrics:

« Accuracy = True Positives+True Negatives
y= TTotalg Pixels .
ision = rue Positives
Precision = TrueTPositli)vesfFalse Positives
. = rue Positives
Recall True Positives+False Negatives *
« F1 score = LrecisionxRecall
Precision+Recall

2xTrue Positives
2xTrue Positives+False Positives+False Negatives

Dice coefficient =

0,n0;

Intersection over Union (IoU) = , where O; and o;, for

iVO;
i # j, represent two different segmentations. This is also known
as the Jaccard similarity coefficient in the fields of statistics or set

theory.

The last three metrics assess the pixel overlap between the predicted
mask generated by the hybrid architecture and a reference mask, using
values in the range of [0, 1].

2.4. Implementation details

We utilize the Google Colab platform (Google LLC, 2017), a free
cloud-based platform for collaborative development, which integrates
Jupyter Notebook (Kluyver et al., 2016) (an open-source, interactive
development environment for Python). This platform enables access to
libraries such as TensorFlow, which is essential for image processing
and for building and training our hybrid architecture. Notably, the
platform has access to GPU and TPU accelerators. The code gener-
ated during the current study can be accessed at https://github.com/
AlainMm/DLCryoTomo.
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On the website there is a file called “requirements.txt” whose
content describes how to install the necessary environment locally. Ad-
ditionally, the following link to Google Colab: https://colab.research.go
ogle.com/github/AlainMm/DLCryoTomo/blob/main/model/Hybrid-m
odel.ipynbpermits accessing a Jupyter Notebook with the necessary
environment pre-installed for cloud execution.

3. Development of experiments

Before segmenting the tomograms, the dataset was processed in
ScipionTomo (Jiménez de la Morena et al., 2022; Conesa et al., 2023).
In particular, the tomograms were imported, preprocessed, and de-
noised. The preprocessing was carried out with IMOD and involved a
binning operation and gray scaling. Thus, IMOD produced a tomogram
with dimensions corresponding to the datasets in Section 2.2 and a
zero mean and standard deviation of 1. The denoising was performed
using Tomo3D via Edge Enhancing Diffusion (EED) (Agulleiro and
Fern andez, 2011).

Although there exists recent deep learning-based approaches to
remove noise in cryo-ET, we have chosen Edge Enhancing Diffusion
(EED) because of its ability to preserve relevant edges without in-
troducing artifacts, its reproducibility, and its direct integration into
the Tomo3D pipeline, which has been widely validated in other stud-
ies. Furthermore, this choice also enhances traceability and facilitates
comparisons with other studies.

After, we apply contrast-limited adaptive histogram equalization
(CLAHE), a variant of adaptive histogram equalization, as a final step
in the preprocessing of a 2D image (Stimper et al., 2019). This is
done using the z-slices of the tomogram. However, CLAHE can behave
inconsistently between tomograms due to the high variability in inten-
sity distribution caused by experimental factors, acquisition conditions,
and sampling differences. Thus, it is necessary to apply a pre-intensity
normalization (i.e., rescaling the values of each volume to a standard
range), something that contributes to the statistical consistency of the
dataset in subsequent stages, particularly during the training of the
hybrid architecture, which benefits from inputs with stable ranges and
similar statistical properties. When using CLAHE, the block size is equal
to 32 pixels, a size that improves local contrast while minimizing noise
amplification. The local contrast threshold (whose value regulates the
degree of contrast enhancement, where a lower value results in a more
subtle effect with reduced noise, while a higher value boosts local
contrast but may also amplify noise) is set at 3.0, providing a practical
compromise between enhancing contrast and controlling noise.

For any Deep Learning model, it is necessary to set its parameters
and hyperparameters before carrying out experiments. Hyperparam-
eters are essential because they provide the tools required to mea-
sure performance, introduce nonlinearities, and optimize the model’s
parameters. In this work, we utilize binary cross-entropy (BCE) as
the loss function for binary segmentation tasks and categorical cross-
entropy (CCE) for multiclass segmentation tasks (Qin et al., 2021).
For activation functions, we apply the Sigmoid function in binary
segmentation scenarios and the Softmax function for multiclass prob-
lems (Li et al., 2019). For optimization, we have selected the Adaptive
Moment Estimation (Adam) algorithm, which is a variant of gradient
descent (Fatima, 2020).

Furthermore, we introduce two callbacks to enhance the perfor-
mance of the proposed hybrid model during training, aiming to prevent
overfitting and poor convergence. First, we use an early stopping
criterion to terminate training when the validation loss stops improving
(i.e., it starts to minimize). This approach ensures that parameters
are restored to their optimal values, as observed during the training
process. We also use a scheme to reduce the learning rate (through the
Reduce-LR callback) when the performance on the validation dataset
stops improving. This reduction can help achieve better convergence
during the later stages of training.
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3.1. Network training

Before training the hybrid architecture, images are standardized to
a fixed pixel size of 5 A. Normalizing by sampling rate ensures that all
images have a consistent physical scale. This process does not alter the
actual physical size of the object; instead, it changes how the object is
represented in pixels. After normalizing to the fixed pixel size, we make
further adjustments to the image size through padding or cropping to
maintain the appropriate scale.

Notably, cryo-EM techniques can generate tomograms with dimen-
sions larger than 2000 x 2000 x 500 voxels, which might occupy more
than 16 GB of storage (Iudin et al., 2022). Using such large images for
training or inference poses challenges for modern computers. Taking
these facts into consideration, we opted to process a tomogram as
several 2D images, each composed of several patches of dimensions
224 x 224 pixels. This size strikes a good balance between image
resolution, with dimensions large enough to contain significant regions
of interest, and computational performance, allowing the processing
of several large tiles simultaneously (Mishkin et al., 2017). We also
consider that current methods offer great flexibility in augmenting and
preprocessing 2D images, which enhances the robustness of the neural
network model (Ridnik et al., 2022).

Moreover, using pre-trained models on large 2D datasets and fine-
tuning them for specific cryo-ET data can facilitate a quick adaptation
to 3D structure segmentation (andler et al., 2019). The morphological
features that need to be segmented are usually spread across multiple
2D images or sections of a tomogram. Training models with these 2D
images can be beneficial for learning the relevant features.

In our hybrid architecture, the use of an LSTM network enhances
the ability to capture contextual dependencies between consecutive
slices, which improves 2D image segmentation by incorporating in-
formation from both previous and subsequent slices in the tomogram.
This approach reduces inconsistent segmentation errors between dif-
ferent slices, helping to maintain structural continuity. For instance, a
membrane that curves smoothly throughout the volume should appear
consistent across slices. In this manner, LSTM functions as a memory
mechanism, ensuring coherence and structure in the segmentation.

By incorporating the LSTM architecture, the hybrid model essen-
tially operates as a 2.5D framework. This design enables the simulta-
neous processing of multiple 2D images, allowing it to keep track of
contextual 3D information; in this way, we avoid working with the
entire volume. An extra advantage of this approach is that allows for
using pre-trained models from a large number of existing 2D neural
networks. Furthermore, the 2.5D approach offers several advantages
such as making it easier to implement with existing and optimized
2D-based models (just adding channels), consuming less memory than
3D-based models while providing greater spatial context than purely
2D networks, and allowing for the use of pre-trained models from 2D
neural networks.

In cryo-ET, where noise levels are high and structures like mem-
branes or vesicles can be continuous but very thin in the Z-axis, a 2.5D
approach is beneficial. This method effectively captures the continuity
of membranes across multiple planes, requires less training data and
computational resources than a fully 3D network, and helps avoiding
the overfitting challenges associated with complete 3D models.

On the other hand, we adjusted the parameters of our hybrid
architecture by training it with experimental and synthetic tomograms.
We initiated the training process for our hybrid model using the syn-
thetically generated images described in Section 2.2. For the first stage
of the training process, we used a batch size of 32 images with 50
epochs (each lasting approximately 2 min), and some of the predictions
are shown in Fig. 5. This first stage allows our hybrid model to adjust
parameters for valuable features such as edges, textures, and patterns.
In this way, the process of transfer learning allows the hybrid model to
generalize effectively to experimental data.
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Fig. 3. Real membrane cell context. (a) A 2D slice in the xy-plane of an in situ tomogram taken from EMD-10439. The aim is to increase contrast and improve
the signal-to-noise ratio (SNR). (b) Normalization process, denoising, and diffusion along the edges. (c¢) Manually designed binary segmentation mask.

===

Tomogram slice Tomogram slice Annotation

Fig. 4. CryoET Data Portal: In situ cryo-ET dataset of Chlamydomonas
reinhardtii prepared using cryo-plasmaFIB milling. The axial section of the
tomogram, along with its annotation, shows that the database used is not
accurately processed. There are visible artifacts in the central region of the
image, likely caused by movement or acquisition errors. Additionally, several
structures are not identified in the annotation, which compromises the quality
of the labeling.

Additionally, to use experimental tomograms, it is necessary to
know the ground truth, and we obtained such information by man-
ually segmenting masks of a tomogram’s regions of interest, see Fig.
3. We utilized two programs for manual segmentation: a version of
the Segment Anything Model (SAM) (Kirillov et al., 2023), modified
explicitly for cell membranes, and the open-source VGG Image An-
notator (VIA) (Dutta and Zisserman, 2019). SAM enables automatic
generation of object segmentation masks by simply specifying a point or
a bounding box, eliminating the need for manual drawing. This feature
makes it ideal for workflows that involve large volumes of data. In
contrast, VIA is better suited for situations where manual precision
is essential or when annotating objects that require multiple, precise
geometric shapes.

The CryoET Data Portal (Ermel et al., 2024) offers tomograms
along with annotations for various subcellular structures, including
ribosomes, microtubules, and protein complexes. However, we chose
not to use these annotations in this work due to several important
limitations. First, the available segmentations are neither exhaustive
nor consistent for structures like membranes or vesicles, which often
have fuzzy edges or complex shapes. Additionally, the dataset does not
adequately represent certain specific types of vesicles and membranes,
which restricts its usefulness for segmentation tasks focused on these
structures.

An important consideration is that annotations are usually presented
as points of interest or instance masks, which do not meet the contin-
uous semantic granularity level required for this study. Additionally,
some semi-automated annotations exhibit limited accuracy and lack
spatial consistency, particularly in the central regions of the tomograms
where artifacts and unidentified structures are prevalent, as illustrated
in Fig. 4. Many volumes in the CryoET Data Portal require further pre-
processing to standardize formats, scales, or resolutions, which imposes
a significant technical burden without any guarantee of improving
annotation quality.

Test Image Test Label Prediction on Test Image

Fig. 5. Predictions of the hybrid neural network model with intersection-
over-union (IoU) validation metric that evaluates model performance for the
generated synthetic dataset. A 2D slice of the generated synthetic tomogram,
the input segmentation mask, and the mask predicted by the convolutional
neural network model are shown.

Therefore, our approach involves a two-step process: first, we utilize
a pre-training strategy using synthetic data, and then we fine-tune
the hybrid model with experimental data that features consistent and
compatible annotations. To maintain consistency between the synthetic
data and the experimental data, we manually generated the labels
using the same semantic criteria employed in modeling the synthetic
geometries. This consistency is crucial for the effective training of the
proposed hybrid model.

Since our pipeline requires optimized annotations for direct integra-
tion, it is reasonable to use custom annotations generated by modern
tools like the Segment Anything Model (SAM) for quick initial masks.
These can then be refined further. Additionally, we use the VGG Image
Annotator (VIA) to create high-quality dense annotations. Our integra-
tion tools, which are based on models such as U-Net, Gated-SCNN,
and LSTM, necessitate denser and more specific spatial annotation
structures. This is especially important for accurately capturing struc-
tures with fuzzy boundaries, such as highly deformed vesicles and
membranes.

The inherent variability in human labeling, along with the poten-
tial for systematic errors, necessitates quality control. In this context,
using quantitative metrics such as the Dice coefficient, intersection-
over-union (IoU), accuracy, and sensitivity is crucial for validating
the consistency of annotations and establishing a benchmark based on
human performance. The performance of the hybrid model is compared
to these human annotations. Additionally, these metrics help identify
inconsistencies in the masks and assess whether the predictions made
by the hybrid model are comparable to expert judgments.

It is also important to note that utilizing synthetic data allows
for the creation of perfectly annotated masks for pre-training, which
accelerates the learning process of the hybrid architecture. The final
training phase with experimental data ensures that the model adapts
to real conditions, including noise, resolution, and cryo-ET artifacts.
This approach ensures that the masks used as ground truth accurately
represent the biological structures of interest, providing a robust basis
for an objective evaluation of the hybrid segmentation model.
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Conventional 3D segmentation methods process volumetric data by
treating all dimensions as if they have the same resolution, known
as isotropic resolution. This approach means that three-dimensional
convolutional kernels apply filters symmetrically across the X, Y, and
Z axes. However, this can introduce structural noise along the Z
axis, which typically has lower resolution and higher uncertainty. As
a result, the model may overfit artifacts in the Z dimension, leading to
decreased generalization. Additionally, the physical characteristics of
the acquisition system are often overlooked, which negatively impacts
the structural fidelity of the segmentation.

To address these limitations, we propose a hybrid approach based
on a 2.5D model. In this model, the volume is processed as a sequence
of 2D slices, typically in the XY plane. To capture continuity between
these slices in the Z direction, we employ a bidirectional LSTM archi-
tecture. This architecture effectively models sequential dependencies
in both axial directions (Z+ and Z~). This approach offers several
advantages. First, it respects the anisotropic nature of the volume,
avoiding the assumption of symmetry when it does not exist. Addition-
ally, it captures structural coherence between adjacent slices without
requiring full 3D convolutions. Moreover, this method reduces the risk
of overfitting to the Z axis by preventing the model from learning
spurious patterns that may arise from low SNR or artifacts in that
dimension.

Current deep learning models often have thousands or even millions
of parameters, requiring a very large training dataset to adjust them ef-
fectively. One way to overcome this limitation is to increase the number
of annotated images by applying transformations to the existing images
in the training dataset. These transformations create a database that
preserves the underlying information while introducing variations.

Rotating images by multiples of 90°, along with flipping, does not
require interpolation, which avoids introducing more artifacts. Such
an operation would ensure preserving the digital information of 2D
images and, hence, the morphology of imaged membranes and vesicles.
However, these techniques may only produce a limited set of possi-
ble orientations. As a result, the hybrid model may overfit to these
specific symmetries, leading to a hybrid model that is less robust in
the face of small, real angular variations in the data. Consequently, its
performance may decline when faced with slight, real rotations during
inference.

We consider that simply restricting the images to 90° angles and
their flips does not adequately capture the natural variability of ori-
entations cellular structures can have during acquisition. Therefore,
the introduction of slight rotations to the images benefits the hybrid
model become invariant to subtle differences in orientation (as sort of
simulated physiological variability). As a result, the model’ s ability to
generalize effectively is enhanced.

Following this approach, we first rotate the images with a random
angle in the range [0°,20°] and then shift them vertically and hori-
zontally, applying random offsets in the range [0%,20%] of an image’s
width and height, respectively. We also introduce a random zoom
effect, adjusting an image’s dimensions between 80% and 120% of its
original size. A horizontal flip is also applied to an image, which helps
to improve the model’s robustness to variations in object orientation. In
addition, any empty pixels created by transformations, such as rotations
and shifts, are filled with the value of the nearest pixel.

After completing the data augmentation process, we have compiled
a database of 4800 experimental images sourced from publicly avail-
able datasets in the EMDB and EMPIAR, as detailed in Section 2.2.
We allocated 3360 (70%) of those for training, leaving 720 (15%)
for validation and 720 (15%) for testing purposes. This database is
sufficiently large to capture the fine details, complexity, and variability
of membranes and vesicles in cryo-ET images. The diversity created
through data augmentation enables the hybrid model to learn more
general and robust representations, helping to prevent overfitting and
enhancing its ability to generalize to new samples.
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3.2. Comparison with other methods

We compare our hybrid model against the commercial software
Dragonfly (Heebner et al., 2022), which is designed for 3D image
segmentation and analysis using variations of U-Net architectures, the
open-source Ais (Last et al., 2024), a machine-learning-based software
designed for segmentation in cryo-ET, the MemBrain-seg, a core mod-
ule of MemBrain v2 (Lamm et al.,, 2024) that utilizes a variant of
the U-Net architecture for membrane segmentation in cryo-ET, and
TARDIS (Kiewisz et al., 2024). This framework uses a pre-trained FNet
model and features an encoder-decoder structure with two decoder
branches. In TARDIS, the first decoder follows a traditional U-Net
design, using skip connections to maintain spatial detail. In contrast,
the second decoder incorporates hierarchical skip connections from all
levels of the encoder. This approach generates probability maps that
are then converted into binary masks and processed into point clouds.
Because these programs are based on neural networks, they also have
hyperparameters and parameters that need to be selected and set.

The Dragonfly software has default hyperparameters fixed by the
system. The loss function used is the mean squared error, and the
Adadelta optimizer is employed to update the parameters during train-
ing, with a fixed learning rate of 1. The parameters of Dragonfly are
updated using the same training dataset of images used for our hybrid
model. However, it is worth noting that the Dragonfly model was
initially trained with 100 epochs, as this is also the default value pro-
vided by the software and is fixed. However, the software implements
early stopping, which automatically stops training if no significant
improvement in performance is observed.

In this way, if the Dragonfly model does not show any improvement
in performance on the validation dataset, meaning there is no increase
in accuracy or decrease in the loss function after 10 consecutive epochs,
the learning rate will be reduced. Additionally, if the model’s perfor-
mance still has not improved after 15 consecutive epochs, training will
be stopped early. This is done to prevent the Dragonfly model from
overfitting by learning too much from the training data.

During each epoch, the training dataset for the Dragonfly model is
divided into batches of size 512, a default value given by the software
and fixed. Once all the batches have been processed, an epoch is
completed, allowing the model in Dragonfly to see and learn from
all the training images. The duration of an epoch across the entire
training dataset is around 300 min. In Table 1, we present a summary of
the coefficients for the validation metrics obtained during the training
process.

Regarding Ais, it features a library that includes adaptations of
various single-model architectures, such as the default architecture (a
U-Net) available in EMAN2 (Dai et al., 2017), InceptionNet, ResNet,
several U-Net variants, VGGNet, and the GAN network Pix2pix. In this
software, the first step during segmentation involves making manual
annotations, which are then extracted and utilized as ground truth
labels.

The comparison presented in Table 2 was generated using a test
dataset that is consistent across all Ais software architectures. This
dataset comprises 240 images, each with dimensions 224 x 224 pixels,
depicting membranous and vesicular structures, along with their cor-
responding annotations. Following the methodology proposed by the
Ais software, the dataset was augmented by resampling the images in
random orientations, resulting in each image being duplicated 10 times,
which brings the total to 2,400 images. Finally, the Ais’ neural networks
were trained for 50 epochs with a batch size of 32 images. The selection
of different dataset sizes is based on a strategy to assess the maximum
performance that each type of architecture can achieve. Models such
as InceptionNet, ResNet, and VGGNet are commonly used for classifi-
cation or feature extraction, where each image is assigned a single label
or a set of features. In contrast, semantic segmentation requires labeling
each pixel, which significantly increases the complexity of the learning
process.
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Table 1
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The coefficients of validation metrics evaluate the performance of neural network models. The similarity
measure between the segmentation predicted by each neural network model and the reference segmen-
tation ranges from O to 1, where 1 indicates complete overlap between the segmentations and 0 means

no overlap.
CNN # Metric
Model Epochs Accuracy Loss Value Value IoU Dice Jaccard

val_acc val_loss

Hybrid model 50 0.8284 0.0134 0.8246 0.0118 0.7761 0.8565 0.7385
U-Net 90 0.8299 0.1078 0.8229 0.1543 0.7385 0.7287 0.6108
SegNet 150 0.8291 0.1186 0.8233 0.1466 0.6884 0.8786 0.7739
DeepLab 120 0.8279 0.0016 0.8219 0.0034 0.5439 0.8054 0.5751
Gated-SCNN 90 0.8306 0.1014 0.8176 0.2494 0.5101 0.8358 0.5065
Dragonfly 35 0.0057 0.0107

Table 2

Comparison of some of the default models available in Alis.

Architecture Metric

Training time®

Processing time?,” Vesicle and Membrane®

Hybrid model 114 s
EMAN2 47 s
InceptionNet 623 s
UNet 171 s
VGGNet 135 s
ResNet 1886 s

617 ms 0.0145
57 ms 0.0594
330 ms 0.0621
152 ms 0.0178
112 ms 0.0152
870 ms 0.0649

2 The computational cost is only roughly proportional to the number of model parameters. The specificities of the
network architecture have a more significant impact on processing speed.
> Time required to process one 224 x 224 pixel sized tomographic slice.
¢ These columns list the loss values after training, calculated as the binary cross-entropy (BCE) between the
predicted values and the original annotations. The loss is a (rough) metric of how well a trained network performs.

Our hybrid model incorporates elements from various semantic seg-
mentation architectures, which necessitates a larger dataset to ensure
effective generalization and stability during training, helping to prevent
overfitting. By utilizing a substantial amount of data for the hybrid
model, it can achieve its optimal performance. This, in turn, provides
a more meaningful comparison with individual architectures that are
trained on smaller datasets.

For the comparison against MemBrain-seg, we standardized the
pixel size to 10 A, and data preprocessing involved pixel-size matching,
Fourier amplitude matching, and Wiener-like deconvolution. More-
over, for data augmentation with MemBrain-seg, we used two primary
techniques: missing wedges and Fourier amplitude boosting. In the
missing-wedge data augmentation method, input subtomograms were
randomly rotated, and an artificial missing wedge was introduced by
masking the Fourier coefficients into a wedge-like shape. Additionally,
a variety of geometric transformations were applied, which included
rotations at arbitrary angles, zooming within the range [0.7,1.4], as
well as axis shuffling and flipping.

Furthermore, we implemented intensity transformations to modify
image characteristics, such as median filtering, Gaussian blurring, the
addition of Gaussian noise, adjustments to brightness and contrast, low-
resolution simulation, random erasing, the application of an additive
brightness gradient, local Gamma transformation, and sharpening.

We used binary cross-entropy, Dice loss, and Surface-Dice loss as
loss functions for the MemBrain-seg architecture. The Surface-Dice loss
not only serves as a metric for evaluating the binarized segmentation
results but also functions as a loss during network training, utilizing
a differentiable skeletonization method. A polynomial scheduler man-
aged the learning rate, which gradually decreased from 0.01 to zero.
Before training, the patch intensities were normalized by subtracting
their means and dividing by their standard deviations. The training
process consists of five rounds, equivalent to epochs, of incremental
training.

As recommended in Kiewisz et al. (2024), for TARDIS we imple-
mented a normalization strategy with a pixel size of 10 A. First, each
slice of the tomogram undergoes intensity normalization, where the

mean intensity is subtracted from the values and then divided by the
standard deviation. We extract patches of size 224 x 224 pixels from
the micrographs. The dataset was then split, with 80% allocated for
training and 20% for validation.

Training was conducted using the NAdam optimizer with a learning
rate of 0.0001 and binary cross-entropy (BCE) as the loss function. To
ensure standardized training across different modules and to prevent
overfitting, an early stopping criterion was implemented. Training was
halted if no improvement in the validation loss was observed for 250
epochs.

Semantic segmentation is assessed using several metrics, including
the F1 score, precision, recall, and average precision (AP). In contrast,
instance segmentation is evaluated using the mean coverage (mCov)
score. The mCov metric measures the overlap between ground-truth
data instances and predicted instances within the point cloud, utilizing
IoU as the basis for measurement. These metrics range from 0 to 1, with
higher values indicating better performance.

Published segmentation methods or available software, either com-
mercial or public, report the metrics used for comparison. For com-
parison with those methods we tried to use the same training dataset
and standard quantitative metrics, such as Dice and IoU. However, the
values reported by other methods are presented as global aggregates,
lacking details on variance or the distribution of those values. This
limitation prevents direct statistical comparisons. As a result, statistical
tests can only be conducted within the hybrid model itself.

We present in Appendix C one such statistical test. Because met-
ric values are known at all times during the training process of the
hybrid model, we can evaluate whether the observed differences are
statistically significant and not the result of chance or inherent training
variability. Having metric values for each epoch is similar to having
repeated samples or paired data regarding the performance of the
hybrid model.

3.3. Robustness evaluation

Each individual architecture possesses unique and complementary
capabilities. The results from the hybrid model are difficult to explain



A. Morales-Martinez et al.

Journal of Structural Biology 217 (2025) 108258

Evolution of the loss function of the hybrid model
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Fig. 6. Evolution of the loss function during hybrid model training. Progressive convergence is observed with a steady decrease in loss for both the training and

validation datasets.

solely through its individual components, as it operates as a nonlinear
and synergistic system: no single architecture encompasses all the
necessary aspects for accurate segmentation in cryo-ET. For instance,
the Gated-SCNN architecture is effective in delineating edges, which
provide valuable input to the U-Net. The U-Net, in turn, integrate
synergically with DeepLab’ s multi-scale context. In turn, the LSTM
architecture is useful for resolving ambiguities in image sequences that
neither U-Net nor DeepLab can detect on their own.

Each architecture specializes in a specific type of feature, such as
fine details, edges, context, or continuity, as shown in Table A.13.
The fusion process functions like a committee that combines the de-
cisions from each architecture to produce a more robust output. Each
individual network transforms the input into a different latent space,
and by fusing these representations, we achieve a richer and more
expressive embedding. This enhances the accuracy of membrane and
vesicle segmentation. Additionally, with the integration of spatial and
channel attention mechanisms, the hybrid model learns to dynamically
select which parts of each individual architecture are most beneficial
based on the context. For example, in noisy regions, the model may
rely more on LSTM, while in well-defined regions, it may depend more
on Gated-SCNN.

It is challenging to determine the specific contribution of each
module; however, the hybrid model was empirically tested through an
ablation study. In this study, the hybrid model was compared to each of
the individual architectures: U-Net, SegNet, DeepLab, and Gated-SCNN,
as shown in Table 1. A detailed description of each model can be found
in Appendix B. Each model is evaluated based on the metrics outlined in
Section 2.3. The results of the ablation study are discussed in Section 4.

4. Results

We present the performance results of the hybrid model that was
pre-trained using generated synthetic data. In Fig. 5, we compare the
predictions of the hybrid neural network model with the reference seg-
mentations. These predictions primarily depict membranes (spherical,
ellipsoidal, and toroidal) with various combinations of local curvatures.

Although the IoU coefficient is 0.6941, our primary goal is to ensure
that the hybrid model effectively learns useful representations of typical
shapes, textures, and structures of membranes and vesicles. We aim to
include controlled variability in orientation, shape, contrast, and noise,
and to establish reasonable initial weights before fine-tuning with real
data. This approach accelerates convergence, improves performance,
and enhances the hybrid model’s robustness against the real variations
it will face in experimental data.

Through the pre-training process of segmenting additional struc-
tures, the hybrid architecture learns more comprehensive representa-
tions of cellular space. This approach can help identify unlabeled or
poorly understood structures, enhance generalization on real data, and
set the stage for refinement through fine-tuning. After pre-training,
the hybrid model is then trained with real data. The datasets used in
this experiment are described in Section 2.2. The performance metrics
evaluating the hybrid model are shown in Table 1.

Fig. 6 shows the evolution of the loss function during training and
validation of the hybrid model. In addition, Fig. 7 shows the perfor-
mance curves that evaluate the implemented metrics. These metrics are
a measure of the overlap between the prediction mask generated by the
hybrid model and the reference mask. This measure ranges from 0 to
1, where 0 indicates no overlap and 1 indicates a complete overlap.

Moreover, the fact that both the training and validation losses
converge close to zero with minimal gaps indicates that the hybrid
model generalizes effectively. This suggests that data augmentation
through rotation does not introduce excessive noise that could confuse
the model. If the rotations were to adversely impact the SNR, we would
likely observe a stagnation or divergence in the validation loss.

The results from the segmentation metrics (IoU, Dice, accuracy) on
the validation and test datasets indicate that the hybrid model effec-
tively identifies small structures and membranes without significant
degradation in performance. The stability in segmentation metrics, such
as the Dice coefficient and IoU, suggests that the hybrid model suc-
cessfully learns discriminative features, even with data augmentation
through interpolation. If the artifacts resulting from data augmentation
had severely impacted the SNR or the morphology, we would have
observed a decline in the hybrid model’s performance.

In an ablation study that analyzes each model by examining the
effects of its exclusion, we found that the hybrid model demonstrated
the best overall balance across all segmentation metrics. Removing this
model would negatively impact all metrics, particularly validation ac-
curacy (val_acc of 0.8246) and Intersection over Union (IoU of 0.7761),
which are critical balanced metrics. This suggests that the hybrid
architecture is highly effective at accurately detecting the contours of
both membranes and vesicles, which can be thin and challenging to
segment.

The U-Net architecture showed acceptable performance in inter-
mediate metrics, but it falls short compared to the hybrid model and
SegNet in key metrics such as IoU (0.7385) and Dice (0.7287). While it
served as a reliable baseline model, it was not the most optimal choice.
U-Net could segment sharp edges effectively, but it often lost detail or
struggled with small structures. Improvements were needed for it to
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Validation curves for the implemented metrics
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Fig. 7. The performance curves for the implemented metrics are displayed. This illustrates the simultaneous progression of the metrics that evaluate the
performance of the hybrid model. The initial fluctuations represent the adjustment of the weights during the early epochs. As the curves stabilize, it indicates
effective model generalization and demonstrates a good overlap between the hybrid model’s predictions and the reference annotations.

Test Image

Hybrid model

Dragonfly/Ais

Fig. 8. Comparison of the predictions generated by the hybrid neural network
model with other deep learning-based approaches. The top section presents
the prediction of a 2D tomogram slice obtained using the hybrid model,
visually compared with the results using Dragonfly software. The middle
section shows the comparison of the mask segmented by the hybrid model with
that generated by the EMAN2 network available in Ais. The bottom section
shows the comparison between the mask predicted by the hybrid model and
that obtained using the InceptionNet architecture available in Ais.

compete with SegNet or the hybrid model. If the U-Net were removed,
the impact on global metrics would be moderate.

The SegNet architecture was highly effective for tasks that require
fine-grained segmentation. It demonstrated superior performance in the
Dice metric (0.8786) and the Jaccard index (0.7739). Simulating the
exclusion of these metrics would likely result in a significant negative
impact. Although SegNet had a lower IoU compared to the hybrid
model, it excelled in metrics that are sensitive to false negatives. This

10

architecture was particularly advantageous for detecting thin mem-
branes and small vesicles, as it reduced the chances of “missing”
tiny segments. While it might experience slight over-segmentation, it
captured more critical structures effectively.

The DeepLab architecture was beneficial in situations where stabil-
ity in loss is prioritized over precise segmentation. In terms of training
and validation losses, it showed better performance with a training loss
of 0.0016 and a validation loss of 0.0034. However, its Intersection over
Union (IoU) score was relatively low at 0.5439, and its Jaccard index
was 0.5751. DeepLab demonstrated excellent stability during training,
which is beneficial for working with datasets that contain a lot of noise.
While it could effectively segment smooth contours, it struggled with
small structures, leading to omissions. Overall, the architecture was bet-
ter at generalization than at achieving high accuracy in segmentation.
Despite its lower accuracy, DeepLab could be a strong foundation for
knowledge transfer training.

The Gated-SCNN architecture demonstrated a higher accuracy of
0.8306; however, it exhibited lower Jaccard accuracy (0.5065) and In-
tersection over Union (IoU) score (0.5101). This model was capable of
effectively segmenting larger or frequently used areas, but it struggled
with clearly defining edges. Additionally, it showed bias towards the
dominant class, such as the background. While it serves as a helpful
auxiliary model for refinement, its contribution leans more towards
classification rather than segmentation. Removing this architecture
would likely have a minimal overall impact.

In the case of the Dragonfly model, training was stopped at 35
epochs due to the lack of performance improvement. The U-Net variant
implemented in this model only reports the validation loss, val_loss
of 0.0107. In Fig. 8, we compare the predictions of the hybrid neural
network model with Dragonfly segmentations in a selected image from
the test database.

The comparison shown in Table 2 illustrates the binary cross-
entropy metric of the hybrid model with various single-model archi-
tectures, including InceptionNet, ResNet, U-Net variant, VGGNet, and
EMAN2’s default architecture. In Figs. 8 and 9, we compare the predic-
tions of the hybrid neural network model with those of the single-model
architectures in selected images from the test database.

The hybrid model demonstrated the highest accuracy, with the
lowest binary cross-entropy loss of 0.0145, and it clearly delineated
membranes, vesicles, and the background. The segmented masks pro-
duced by the hybrid model show well-defined contours and accurately
detect even small or near-noise vesicles.
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Test Image Hybrid model Ais

Fig. 9. Comparison of the predictions generated by the hybrid neural network
model with other deep learning-based approaches. The top section presents the
prediction of a 2D tomogram slice obtained using the hybrid model, visually
compared with the results from a UNet variant of the Ais software. The middle
section shows the comparison of the mask segmented by the hybrid model
with that generated by the VGGNet network. The bottom section shows the
comparison between the mask predicted by the hybrid model and that obtained
using the ResNet architecture.

Test Image

Hybrid model MemBrain-seg/TARDIS

Fig. 10. Comparison of the predictions generated by the hybrid neural
network model with other deep learning-based approaches. The top section
presents the prediction of a 2D tomogram slice obtained using the hybrid
model, visually compared with the results from MemBrain-seg. The bottom
section shows the comparison between the mask predicted by the hybrid model
and that obtained using the TARDIS architecture.

In the case of the VGGNet architecture, its loss performance of
0.0152 was very close to that of the hybrid model. It achieved seg-
mentations that were similar to those of the hybrid model but had
minor imperfections, such as slightly less defined edges. This model is
an excellent choice if we are looking for architectural simplicity with
minimal loss of accuracy.
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The U-Net architecture performs slightly worse than the hybrid
model, achieving an error rate of 0.0178. Its encoder—decoder design,
which includes skip connections, helps to preserve spatial details. This
structure yields more complete segmentations in continuous regions but
may be sensitive to noise. In complex areas, it can produce slightly
coarser or fragmented masks. While the U-Net is powerful for capturing
large or continuous structures, it requires further fine-tuning to segment
small objects, such as vesicles effectively.

The EMAN2 model demonstrated a high loss rate of 0.0594, indicat-
ing a weak performance in semantic segmentation. It tends to produce
a significant number of false positives and negatives, resulting in fuzzy
contours and inadequate detection of small structures. As it stands,
EMAN2 was not suitable as a primary model for membrane and vesicle
segmentation unless its architecture undergoes further improvements.

The InceptionNet model, while a deep architecture featuring mul-
tiple kernel sizes and parallel paths, demonstrated subpar loss perfor-
mance (0.0621). It struggled to capture relevant contextual information
necessary for accurately segmenting objects that closely resemble the
background. This resulted in issues such as mask fragmentation, false
positives where no relevant structures are present, and difficulty in
detecting low-contrast vesicles.

The ResNet model was a slow architecture, achieving the highest
loss result of 0.0649, which indicated poor performance. While its
skip connections help with gradient propagation, they do not ensure
sufficient spatial attention. The model demonstrated issues such as
artifact generation, inconsistent segmentation between similar regions,
and overfitting in areas with structural noise. Ultimately, its high
complexity did not lead to improved performance.

Since each semantic segmentation model presented significant dif-
ferences in architecture, learning, representation capacity, and conver-
gence speed, we decided to use different numbers of epochs during
training, using a batch size of 32. This strategy enabled the optimization
of individual network performance. Each model has a different propen-
sity for overfitting. Training all models with the same number of epochs
can cause the models to either not learn enough (underfitting) or to
memorize the data excessively (overfitting).

Additionally, in Fig. 10, we compare the predictions of the hybrid
neural network model with MemBrain-seg and TARDIS segmentations
in a selected image from the test database. The performance metrics
evaluating the hybrid model are shown in Table 3. The hybrid model
achieved the highest accuracy at 0.7145, indicating its strong ability to
distinguish real membranes from artifacts. In comparison, TARDIS and
MemBrain-seg achieved lower accuracy values of 0.6733 and 0.6524,
respectively. High accuracy is crucial as it reflects a lower false positive
rate, which is especially important in cryo-ET. This helps prevent the
oversegmentation of diffuse structures, such as fragmented vesicles or
adjacent membranes.

High recall is vital because it ensures that more true structures
are detected, helping to avoid the omission of biologically significant
details. The TARDIS model had an impressive recall score of 0.7253,
which is an improvement over the hybrid model’s recall score of
0.6925. This indicates that the TARDIS is more effective at captur-
ing true positives and is more sensitive to faint structures, such as
small vesicles and discontinuous membrane segments. However, this
increased sensitivity comes at the cost of lower precision. As a result,
higher recall with lower precision may lead to an increase in false
positives, particularly in noisy areas.

The mCov (mean coverage) metric measures the average overlap
between the predicted mask and the reference mask. TARDIS achieved
the best mCov score of 0.7285, indicating a greater completeness in
its segmentations. In contrast, MemBrain-seg exhibited a significantly
lower mCov of 0.3542, suggesting poor overlap with the ground truth
regions. This discrepancy occurs despite MemBrain-seg’s high Dice
score, which may indicate the presence of isolated or incomplete false
positives.
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The coefficients of validation metrics evaluate the performance of neural network models. The
similarity measure between the segmentation predicted by each neural network model and the
reference segmentation ranges from 0 to 1, where 1 indicates complete overlap between the

segmentations and 0 means no overlap.

CNN # Metric

Model Epochs  Accuracy  Loss Value Value mCov Dice F1
precision  recall

Hybrid model 50 0.8284 0.0134  0.7145 0.6925  0.6813  0.8565  0.7033

TARDIS 50 0.6733 0.7253 0.7285 0.6812

MemBrain-seg 5 0.6524 0.7011 0.3542 0.9251  0.3751

In the case of the Dice Coefficient, MemBrain-seg achieved the
highest value of 0.9251. However, this high value was not reflected
in the F1 score or mCov, suggesting that the predictions were highly
localized rather than extensive. This may indicate overfitting to specific
membrane and vesicle classes or a bias toward certain regions. When
segmenting long membranes or interconnected vesicles, this can result
in significant topological errors.

In terms of the F1 score, the hybrid model achieved the highest
score of 0.7033, indicating a strong balance between precision and
recall. This suggests that it effectively detects real structures while mini-
mizing false predictions. The TARDIS model follows closely with a score
of 0.6812; however, MemBrain-seg performs significantly lower with a
score of only 0.3751, despite its high Dice coefficient. This indicates
that the predictions from MemBrain-seg are not useful for further quan-
titative analysis. Only available for the hybrid model are the metrics
accuracy (0.8284) and loss (0.0134), indicating good convergence.

In Figs. 11 and 12, we compare the predictions of the hybrid neural
network model with the reference segmentations in select images from
the test database. The predictions of the hybrid model demonstrate
precise contour segmentation. By combining local and global features,
the model effectively handled long-range contexts and paid attention to
fine details. As a result, it achieved accurate and detailed segmentation
of structures in cryo-ET images.

5. Discussion and conclusions

In this work, we present a novel approach for automated detection
that efficiently segments various structural features of membranes and
vesicles. This method closely mimics the performance of an expert
human annotator, thereby saving valuable time and resources. We
implement a hybrid model that combines the strengths of recurrent and
convolutional neural networks. This integration allows us to capture
fine details, facilitating the accurate segmentation of membranes and
vesicles.

Some proposed methodologies work directly with 3D data with-
out extensive filtering or retraining. However, this direct segmenta-
tion approach demands significant computing power. This can become
costly, especially when handling large volumes of data, and it may be
inefficient without powerful GPUs or high-performance clusters.

Additionally, earlier studies have relied on variations of U-Net,
which restrict their adaptability to different scales and noise levels.
Traditional U-Nets are designed to capture local contexts but are highly
dependent on the quality and quantity of manually annotated training
data. As a result, they may struggle to accurately segment complex,
diffuse, or poorly defined structures, such as vesicles in cryo-ET.

The hybrid model addresses these limitations by combining mul-
tiple complementary architectures. This integration preserves spatial
details, captures intricate features, facilitates accurate edge segmenta-
tion, and effectively handles complex cellular structures while reducing
computational demands. Additionally, it employs multi-scale semantic
segmentation by utilizing dilated convolutions to expand the receptive
field and spatial attention modules, which are essential for segmenting
membranes and vesicles of various sizes. The inclusion of attention
mechanisms allows the hybrid model to filter out irrelevant information
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Fig. 11. Hybrid neural network model predictions for the datasets are as fol-
lows: 1. EMPIAR-10236 (top) showcases CryoET images of cis-mutated mouse
protocadherin gamma B6 on membranes. 2. EMPIAR-12038 (middle) presents
a Cryo-ET dataset of purified SARS-CoV-2 double membrane vesicles formed by
nsp3-4. 3. EMPIAR-11751 (bottom) ER-derived vesicles from HEK293F cells.
The images include a 2D tomogram slice, the input segmentation mask for the
hybrid model, and the mask predicted by the model.

and emphasize meaningful features. As a result, it can capture fine
edges and structural details, even when there are subtle variations
in pixel intensity or when these changes are concealed by noise and
artifacts. This capability is vital for segmenting thin membranes.

In addition, the hybrid architecture effectively captures long-term
spatial, contextual, and temporal dependencies. This capability en-
hances semantic segmentation between successive slices in a 3D stack
or within nearby regions. Its recurrent layer contributes to smoother
segmentation and greater spatial coherence by learning temporal or
sequential patterns from the extracted features.

The hybrid model is not limited to membranes and vesicles. How-
ever, it may encounter challenges when performing semantic segmen-
tation on microorganisms or viruses with morphologies that differ from
the training data. This model serves as a generic semantic segmentation
architecture that can be adapted to other classes, provided it learns
enough representative examples. To achieve good segmentation accu-
racy for new classes, fine-tuning or retraining with specific annotations
for those structures is necessary. If the hybrid architecture has never
encountered annotated examples of other structures, it will be unable
to segment them accurately, even if it can detect their presence.
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Fig. 12. Hybrid neural network model predictions for the datasets are as
follows: 1. EMD-10439 (top) features an in situ tomogram of intact P19 cells
acquired using a phase plate. 2. EMD-16084 (middle) includes the Muncl3-
SNAP25 cryo-ET dataset, specifically the synapse tomography of Munc13 DHet
115. 3. EMPIAR-10498 (bottom) examines how the arrangement of proteins
at reconstituted synaptic vesicle fusion sites depends on membrane separation.
The images presented include a 2D tomogram slice, the input segmentation
mask for the hybrid model, and the mask predicted by the model.

If segmentation of additional cellular structures is needed, there
are two approaches: multi-task or multi-class training. This can be
accomplished using the categorical cross-entropy loss function. In cryo-
ET, similar architectures, such as various versions of U-Net, have been
employed to segment protein complexes like ribosomes, organelles such
as mitochondria, microtubules, and filaments. This suggests that, with
sufficient data, the hybrid model can be extended to include other
structures.

The weights learned by our hybrid architecture effectively capture
general features such as texture patterns, contours, and spatial relation-
ships. These features are valuable for various related tasks. This hybrid
architecture can serve as a foundation for specific applications in cryo-
ET, including 3D reconstruction of cellular structures, segmentation
of biological particles, and analysis of the structural variability of
macromolecular complexes.

Potential practical applications for the hybrid model can be vari-
ous, such as in structural biology laboratories that conduct repetitive
analyses of similar cells. Our approach is particularly useful in studies
involving vesicular trafficking or membrane fusion, because it can be
specifically trained with annotations related to vesicles. Additionally,
in clinical and pharmacological settings, the hybrid model would po-
tentially enable fast segmentation of cellular components, something
that is essential for modeling the effects of different compounds.

Code availability

The code generated in this study can be accessed at https://github.
com/AlainMm/DLCryoTomo.
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Appendix A. Hybrid architecture

The hybrid architecture features two essential components: a com-
pression path, referred to as the encoder, and an expansion path, known
as the decoder, as shown in Fig. A.13.

The encoder—decoder structure enables the transformation of a high-
resolution image into a more abstract feature representation, which can
then be reconstructed at a finer resolution. The incorporation of skip
connections facilitates the incorporation of features extracted in the
earlier layers of the network, as shown in Fig. A.13. This process is
crucial for preserving fine spatial details.

We incorporate an Attention block, which includes both spatial
and channel attention mechanisms (see Fig. A.14). These mechanisms
enhance the robustness of the hybrid neural network against variations
in image quality and noise.

The spatial attention mechanism enhances the efficiency of the
hybrid network by focusing on identifying the most significant areas,
leading to improved accuracy as the model can concentrate on the
most critical areas and features for the segmentation task. Conversely,
the channel attention mechanism enables the hybrid network to de-
termine which input features should be prioritized by assigning them
different levels of relevance (see Section 2.1). This channel attention is
implemented as shown in Table A.4.

The implementation of the spatial attention mechanism begins with
the incorporation of a single-7 x 7-filter 2D convolutional layer with
a Sigmoid activation function and applying padding as necessary, see
Fig. A.14.

We also incorporate a Convolutional block, consisting of two con-
secutive 2D convolutional layers, each using a 3 x 3-kernel, followed
by a ReLU activation to introduce nonlinearity and enable the hybrid
model to learn more complex representations of the extracted features,
see Table A.5. Following these two consecutive layers, we add a channel
attention mechanism trailed by one of spatial attention, see Fig. A.14.

The Encoder block consists of a Convolutional block followed by
a MaxPooling2D layer, see Fig. A.14, a layer that reduces the spatial
dimensions of the input image. Pooling is performed in 2 x 2 pixel
blocks, which helps lowering the spatial resolution of the image while
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Fig. A.13. Hybrid neural network model combining an encoder-decoder architecture with skip connections, see details in Tables A.10-A.12.
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Fig. A.14. Spatial and channel attention mechanisms. Representation of the layers that form the attention, convolution, and encoder blocks, see details in Tables

A.4-A.6.

Table A.4

The channel attention mechanism enables the hybrid network to determine which input features
should be prioritized by assigning them different levels of relevance. This mechanism is imple-

mented for 64, 128, 256, 512, 1024, and 2048 filters, see Section 2.1.

Layer Hybrid model (Channel Attention block)

type No. Size No. Output Activation Options
filters params function

GlobalAveragePooling2D 64 64)

Dense 4 260 (€] ReLu

Dense 64 320 ©4) Sigmoid

Reshape 64 1x1 (1,1,64)

Multiply 64 (224,224,64)

Table A.5

The Convolutional block is implemented for 64, 128, 256, 512, 1024, 2048, and 4096 filters, see Section 2.1.

Layer Hybrid model (Convolutional block)
type No. Size No. Output Activation Options
filters params function
Conv2D 64 3x3 640 (224,224,64) ReLu padding = same
Conv2D 64 3x3 36,928 (224,224,64) ReLu padding = same
GlobalAveragePooling2D 64 64
Dense 4 260 “@ ReLu
Dense 64 320 ©4) Sigmoid
Reshape 64 1x1 (1,1,64)
Multiply 64 (224,224,64)
Spatial Attention 1 7x7 99 (224,224,64) Sigmoid padding = same
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The Encoder block is implemented for 64, 128, 256, 512, 1024, 2048, and 4096 filters.

Layer Hybrid model (Encoder block)
type No. Size No. Output Activation Options
filters params function
Conv2D 64 3x3 640 (224,224,64) ReLu padding = same
Conv2D 64 3x3 36,928 (224,224,64) ReLu padding = same
GlobalAveragePooling2D 64 64)
Dense 4 260 (€] ReLu
Dense 64 320 (64) Sigmoid
Reshape 64 1x1 (1,1,64)
Multiply 64 (224,224,64)
Spatial Attention 1 7%x7 99 (224,224,64) Sigmoid padding = same
MaxPooling2D 2 X 2 pool size (112,112,64)
Table A.7

Atrous Spatial Pyramid Pooling (ASPP) block uses multiple convolutions with different dilation rates, see Section 2.1.

Layer Hybrid model (ASPP block)
type No. Size No. Output Activation Options
filters params function
Conv2D 256 1x1 1,048,832 (3,3,256) ReLu padding = same
Conv2D 256 3x3 9,437,440 (3,3,256) ReLu dilation rate = 6
Conv2D 256 3x3 9,437,440 (3,3,256) ReLu dilation rate = 12
Conv2D 256 3x3 9,437,440 (3,3,256) ReLu dilation rate = 18
Conv2D 256 1x1 1,048,832 (3,3,256) ReLu padding = same
Concatenate (3,3,1280)
Conv2D 256 1x1 327,936 (3,3,256) ReLu padding = same
Table A.8
The LSTM layer has an unique capability to process sequential data and learn long-term patterns, see Section 2.1.
Layer Hybrid model (LSTM block)
type No. Size No. Output Activation Options
filters params function

Reshape 256 1x1 (9,256)

LSTM 512 1,574,912 (9,512)

Dropout (9,512) p=05

Reshape 512 1x1 (3,3,512)

Table A.9
The Decoder block is implemented for 1024, 512, 256, 128, 64 and 32 filters.
Layer Hybrid model (Decoder block)
type No. Size No. Output Activation Options
filters params function

Conv2DTranspose 1024 2 x 2 stride 4,719,616 (6,6,1024) padding = same
ZeroPadding2D 1024 (7,7,1024) padding = same
Dropout (7,7,2048) p=0.5
Concatenate (7,7,3072)
Conv2D 1024 3x3 28,312,576 (7,7,1024) ReLu padding = same
Conv2D 1024 3x3 9,438,208 (7,7,1024) ReLu padding = same
GlobalAveragePooling2D 1024 (1024)
Dense 64 65,600 (64) ReLu
Dense 1024 66,560 (1024) Sigmoid
Reshape 1024 1x1 (1,1,1024)
Multiply 1024 (7,7,1024)
Spatial Attention 1 7%x7 99 (7,7,1024) Sigmoid padding = same

preserving the most important features, see Table A.6. This process also
reduces the computational complexity in the later stages.

In this way, the compression path consists of six encoder blocks,
each with 64, 128, 256, 512, 1024, and 2048 filters, as shown in
Section 2.1. To prevent overfitting, each of these blocks is followed
by a Dropout layer, as shown in Fig. A.15, with a dropout rate set to
p = 0.5 (i.e., during training, 50% of the neurons in the Dropout layer
are randomly deactivated at each training step).

Importantly, we incorporate an Atrous Spatial Pyramid Pooling
(ASPP) block that uses multiple convolutions with different dilation
rates; these are used to determine the spacing between filter elements,
allowing each filter to cover a larger area without increasing its size
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or the total number of parameters, see Fig. A.15. The ASPP block is
implemented in according to Table A.7.

We integrate an LSTM layer for its unique capability to process
sequential data and learn long-term patterns. Thus, the Conv2D output
from the ASPP block is reshaped to be fed into an LSTM layer, which
consists of 512 filters (see Fig. A.15). The LSTM layer is implemented
as illustrated in Table A.8.

The Decoder block includes a layer that performs transposed con-
volution (i.e., deconvolution) to increase the resolution of the input
features and serves as an upsampling method.

Then, we concatenate the upsampling result with the skip connec-
tion to merge detailed information from the encoder with processed
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Fig. A.15. Hybrid neural network model combining an encoder-decoder architecture with attention blocks and dilated convolutions. This design enables multi-
scale segmentation, capturing fine details. Additionally, the model’s capacity to sequentially process extracted features allows it to identify temporal patterns and
relationships, see details in Tables A.10-A.12.

Table A.10
Hybrid neural network model that combines recurrent and convolutional neural networks, with spatial and channel attention
mechanisms, dilated convolutions, and that captures long-term spatial, contextual, and temporal dependencies, see Section 2.1.

Layer Hybrid model (Section A)
type No. Size No. Output Activation Options

filters params function
Input 224 x 224
Conv2D 64 3x3 640 (224,224,64) ReLu padding = same
Conv2D 64 3x3 36,928 (224,224,64) ReLu padding = same
Channel Attention 64
Spatial Attention 1 7%x7 99 (224,224,64) Sigmoid padding = same
MaxPooling2D 2 X 2 pool size (112,112,64)
Conv2D 128 3x3 73,856 (112,112,128) ReLu padding = same
Conv2D 128 3x3 147,584 (112,112,128) ReLu padding = same
Channel Attention 128
SpatialAttention 1 7 X7 99 (112,112,128) Sigmoid padding = same
MaxPooling2D 2 x 2 pool size (56,56,128)
Conv2D 256 3x3 295,168 (56,56,256) ReLu padding = same
Conv2D 256 3x3 590,080 (56,56,256) ReLu padding = same
Channel Attention 256
Spatial Attention 1 7%x7 99 (56,56,256) Sigmoid padding = same
MaxPooling2D 2 X 2 pool size (28,28,256)
Conv2D 512 3x3 1,180,160 (28,28,512) ReLu padding = same
Conv2D 512 3x3 2,359,808 (28,28,512) ReLu padding = same
Channel Attention 512
SpatialAttention 1 7x7 99 (28,28,512) Sigmoid padding = same
MaxPooling2D 2 X 2 pool size (14,14,512)
Conv2D 1024 3x3 4,719,616 (14,14,1024) ReLu padding = same
Conv2D 1024 3x3 9,438,208 (14,14,1024) ReLu padding = same
Channel Attention 1024
SpatialAttention 1 7%x7 99 (14,14,1024) Sigmoid padding = same
MaxPooling2D 2 X 2 pool size (7,7,1024)

information from the decoder. A final refinement is achieved by passing
the output through a Convolutional block, as shown in Table A.9.

Therefore, the expansion path consists of six decoder blocks with
1024, 512, 256, 128, 64, and 32 filters, as shown in Fig. A.15. These
blocks reverse the encoding process to put together the segmented
image from its compressed features. At each step, a convolution block
is applied to enhance the image resolution, and the outputs from the
corresponding encoder blocks are concatenated. Finally, our hybrid
network includes a Conv2D layer with a 1 x 1 filter and Sigmoid
activation to generate the final output (see Table A.13).

Ultimately, in Table A.10, Tables A.11 and A.12, we show the dif-
ferent types of layers that make up the elements of hybrid architecture.
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Appendix B. Individual architectures

The U-Net uses spatial and channel-wise attention mechanisms us-
ing a 2D convolution layer with a 7 x 7 filter and Sigmoid activation
to generate these attention maps. The compression path of this archi-
tecture consists of layers of 16, 32, 64, and 128 filters. In addition,
Global Average Pooling is introduced, which is then processed by two
Dense layers to represent attention. Both layers, along with a Residual
block that improves training stability, are applied in the expansion
path using layers of 128, 64, 32, and 16 filters, respectively. In this
case, the Residual blocks facilitate training by using skip connections
that allow information and gradient to flow more easily through the
architecture. While the expansion path utilizes Residual and Dropout
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Hybrid neural network model that combines recurrent and convolutional neural networks, with spatial and channel attention
mechanisms, dilated convolutions, and that captures long-term spatial, contextual, and temporal dependencies, see Section 2.1.

Layer Hybrid model (Section B)
type No. Size No. Output Activation Options
filters params function

Conv2D 2048 3x3 18,876,416 (7,7,2048) ReLu padding = same
Conv2D 2048 3x3 37,750,784 (7,7,2048) ReLu padding = same
Channel Attention 2048
Spatial Attention 1 7%x7 99 (7,7,2048) Sigmoid padding = same
MaxPooling2D 2 x 2 pool size (3,3,2048)
Conv2D 4096 3x3 75,501,568 (3,3,4096) ReLu padding = same
Conv2D 4096 3x3 150,999,040 (3,3,4096) ReLu padding = same
Channel Attention 4096
Spatial Attention 1 7%x7 99 (3,3,4096) Sigmoid padding = same
Dropout (3,3,4096) p=05
ASPP block 256
LSTM block 512
Conv2DTranspose 1024 2 x 2 stride 4,719,616 (6,6,1024) padding = same
ZeroPadding2D 1024 (7,7,1024) padding = same
Dropout (7,7,2048) p=0.5
Concatenate (7,7,3072)
Convolutional block 1024
Dropout (7,7,1024) p=0.5
Conv2DTranspose 512 2 x 2 stride 4,719,104 (14,14,512) padding = same
Dropout (14,14,1024) p=05
Concatenate (14,14,1536)
Convolutional block 512
Dropout (14,14,512) p=05
Conv2DTranspose 256 2 x 2 stride 1,179,904 (28,28,256) padding = same
Dropout (28,28,512) p=0.5
Concatenate (28,28,768)
Convolutional block 256
Dropout (28,28,256) p=0.5

Table A.12

Hybrid neural network model that combines recurrent and convolutional neural networks, with spatial and channel
attention mechanisms, dilated convolutions, and that captures long-term spatial, contextual, and temporal dependencies,

see Section 2.1.

Layer Hybrid model (Section C)
type No. Size No. Output Activation Options

filters params function
Conv2DTranspose 128 2 x 2 stride 295,040 (56,56,128) padding = same
Dropout (56,56,256) p=05
Concatenate (56,56,384)
Convolutional block 128
Dropout (56,56,128) p=05
Conv2DTranspose 64 2 x 2 stride 73,792 (112,112,64) padding = same
Dropout (112,112,128) p=05
Concatenate (112,112,192)
Convolutional block 64
Dropout (112,112,64) p=05
Conv2DTranspose 32 2 x 2 stride 73,792 (224,224,32) padding = same
Dropout (224,224,64) p=05
Concatenate (224,224,96)
Convolutional block 32
Dropout (224,224,32) p=05
Conv2D 1 1x1 33 (224,224,1) Sigmoid

blocks to prevent overfitting, it is followed by a 2 x 2 MaxPooling filter
to increase the receptive field.

In the case of the SegNet architecture, it uses a pre-trained ResNet50
model (He et al., 2016) as the encoder; this way, the encoder extracts
features using only the convolutional layers and excludes the fully
connected layers at the end of the ResNet50 model, which captures fea-
tures at different abstraction levels. In the expansion path, the spatial
dimensions are doubled and 3 x 3 successive convolutions with 512
filters are applied along with Batch Normalization, concatenating the
encoder features at each stage. This process is repeated in subsequent
decoding stages with different filter layers: 256, 128, and 64. The
process concludes with a 1 x 1 convolution and a Sigmoid activation
function, which produces a binary segmentation mask.
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The DeepLab architecture utilizes an encoder-decoder structure
with skip connections. It includes an ASPP block to capture contextual
information at multiple scales through the use of dilated convolutions,
specifically with rates of 1, 6, 12, and 18. Dilated convolutions en-
hance the receptive field without sacrificing resolution. Additionally,
the model incorporates spatial attention modules. The contraction path
begins with an encoding block that utilizes an initial convolutional
layer to extract fundamental image features, followed by Batch Nor-
malization and ReLU activation. The spatial dimension is then reduced
using a MaxPooling2D layer with a 2 x 2 kernel size, increasing the
feature depth to 64, 128, 256, and 512 filters in successive blocks. In
the ASPP block, 2D convolutions with a 3 x 3-kernel size are performed,
applying Batch Normalization and ReLU activation at various dilation
rates. Subsequently, Global Average Pooling and 1 x 1 convolutions are
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Overview of the components integrated into the proposed hybrid model for semantic segmentation in cryo-ET. Each component
plays a unique role in enhancing the segmentation of membranes and vesicles, especially in low signal-to-noise conditions. The
U-Net and SegNet architectures focus on optimizing spatial preservation and capturing local details. DeepLab improves contextual
understanding through the use of dilated convolutions. Gated-SCNN is effective for edge detection, particularly in data with a
high noise level. Long Short-Term Memory (LSTM) models maintain volumetric continuity across tomogram slices. Additionally,
the incorporation of a Generative Adversarial Network (GAN) aids in generating segmentations that are structurally plausible.
This comprehensive integration addresses the inherent challenges associated with cryo-ET data, including structural heterogeneity,

noise, and low resolution.

Architecture Component
Key contribution Improvement in cryo-ET
U-Net Fusion of context and local details Precise capture of fine structures
SegNet Upsampling guided by pooling indexes Precise spatial preservation
DeepLab Multiscale context and dilated convolutions Handling of variable size structures
Gated-SCNN Edge detection and refinement Sharper contours in high-noise environments
LSTM Modeling continuity between slices (3D volume) Structural coherence in 3D
GAN Generation of additional synthetic data Provides more variability and examples

employed to tune the number of filters and scale the dimensions of the
output. In the expansion path, the spatial dimension is expanded by an
8 x 8 Upsampled layer, followed by convolutions with 256 filters. It
concludes with a 1 x 1 convolution and Sigmoid activation to generate
a binary segmentation mask.

In addition, for the Gated-SCNN architecture we utilize a variant
of the DeepLabV3 architecture (Papandreou et al., 2017), where the
encoder is implemented using a pre-trained ResNet50 model (He et al.,
2016) as a feature extractor. Furthermore, the fully connected layers
are dropped at the end of the ResNet50 model, using only the con-
volutional layers. This architecture also includes an ASPP block and
introduces Global Average Pooling to reduce the dimensions of the
output of convolutional layers to a more compact and global represen-
tation, which helps simplify the architecture and avoid overfitting. A
7 x 7-convolutional layer with 256 filters, ReLU activation, and dilation
rates of 6, 12, and 18 is used to extract features at different resolutions.
The spatial size is then resized using bilinear interpolation, and the
ASPP block is used to extract multi-scale features. Finally, an 8 x 8
upsampled layer and a 1 x 1 convolution with Sigmoid activation are
used to obtain the segmentation predictions.

Finally, a Generative Adversarial Network (GAN) architecture is
utilized to generate additional synthetic data. Specifically, a Pix2Pix
model is implemented, which consists of two neural networks: a gen-
erator (G) with a U-Net architecture that takes a mask as input and
produces a realistic synthetic image, and a discriminator (D) with a
PatchGAN architecture that assesses mask-image pairs to determine
whether each image is real (from the original dataset) or generated by
G. The real dataset used comprises 1,200 images, each with a size of
224 x 224 pixels. To simulate structural diversity, transformations like
random rotations, flips, and Gaussian blur are applied to the masks.
During the training process, the generator optimizes a loss function that
combines both the adversarial loss (Lgay) and the L1 loss, while the
discriminator employs only binary cross-entropy. The training phase
lasts for 100 epochs. Once training is complete, the model generates a
new dataset consisting of pairs of synthetic images and the correspond-
ing known masks. This allows the hybrid model to be trained without
the need for additional manual annotations.

Appendix C. Statistical tests

The Friedman statistic is utilized to compare different treatments
or conditions in experimental designs that involve repeated measures
or paired data, particularly when the assumptions of normality are not
satisfied, making it a nonparametric test. In this paper, it will be used to
determine whether there are significant differences among the various
metrics employed to evaluate the performance of the hybrid model.
Given a set of n epochs, each evaluated with k different metrics, the
Friedman statistic is calculated as follows:

k
[2 Rf] —3nk+1)
j=1

12n
X = k(k+ 1)
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where n number of epochs, k number of metrics being compared, and
R; sum of ranks of metric j across the entire hybrid model training
dataset. Each epoch is evaluated using each metric, and the results are
then converted into ranks for that epoch.

During the hybrid model training, segmentation metrics are calcu-
lated for each epoch. Ranks are assigned based on these metrics (with
1 being the best and k being the worst; for example, a higher Dice
coefficient indicates better performance). The value R ; is determined
as the sum of ranks for each segmentation metric. The Friedman test
is then applied to assess whether there is a significant difference in
performance, which can be indicated by either a critical value of X?
or a p-value.

Under the null hypothesis, which posits that there is no difference
between the metrics, the statistic Xf, approximately follows a chi-
square distribution with k — 1 degrees of freedom when n > 10. The
p-value is then calculated as follows:

p=P@X* > X})

This represents the area to the right of Xﬁ on the chi-square curve with
k — 1 degrees of freedom. If p < a (typically 0.05), the null hypothesis
is rejected, indicating that significant differences exist between the
metrics. If p > a, then no significant differences are evident.

The hybrid model was trained over 50 epochs, during which the
accuracy, Dice coefficient, Intersection over Union (IoU), and Jaccard
metrics were evaluated at each epoch. The Friedman statistic calculated
for this evaluation is 3.114, and the p-value is 0.37445. This indicates
that there is insufficient statistical evidence to conclude that the metrics
behave significantly differently from one another, see Fig. C.16.

If the metrics show convergence, it is justifiable to use a primary
metric (like Dice or IoU) without compromising representativeness.
This approach simplifies comparisons with other proposed methods and
aids in the interpretation of the results.

To enhance this study, we conduct a convergence and stability
analysis of the hybrid model over recent epochs. This involves running
descriptive statistics on the validation dataset, where we calculate the
mean, standard deviation, maximum and minimum values, as well as a
95% confidence interval (CI) for the last 10 epochs, as shown in Table
C.14.

Descriptive statistics, along with a 95% confidence interval (CI),
provide insights into the average value of each final metric, the varia-
tion of each metric (measured by standard deviation), and the expected
range (95% confidence interval) in which the true performance of the
hybrid model is likely to be at the conclusion of training. This allows us
to analyze how much each metric changes between consecutive epochs.
If the change is small on average, it indicates stability or convergence.

In according to Table C.14, the mean change for each metric over
the last 10 epochs is very low. This indicates that the metrics have
remained stable during this period. Ultimately, this provides statistical
evidence that the hybrid model has demonstrated robust, stable, and
reliable performance.
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Fig. C.16. Distribution of metrics by epoch. The hybrid model demonstrates consistency across all metrics, with none of them standing out or exhibiting radically
different behavior. This is particularly important since the metrics assess different aspects of performance, such as overlap, area, and sensitivity.

Table C.14

Statistical results of the hybrid model validation metrics are presented. This includes the final average values
for performance metrics such as Accuracy, IoU, Dice, and Jaccard, along with their standard deviations (STD)
and 95% confidence intervals. Additionally, the average changes from previous epochs and a qualitative stability
rating are included. All results correspond to the final stage of model training.

Metrics Statistical summary of validation metrics
Final STD IC 95% Mean Stability
mean change
Accuracy 0.8226 0.0092 (0.8156,0.8295) 0.007412 High
ToU 0.7745 0.0092 (0.7728,0.7762) 0.003115 High
Dice 0.8558 0.0015 (0.8547,0.8570) 0.001482 High
Jaccard 0.7313 0.0104 (0.7234,0.7391) 0.008746 High

Data availability

The datasets generated and analyzed in this study can be accessed
at https://github.com/AlainMm/DLCryoTomo.
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