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ABSTRACT: U-Net, a fully convolutional neural network (FCNN) with U-shaped features, has demonstrated signif-
icant success in biomedical image segmentation. However, the locality of convolution operations in the U-Net limits
its ability to learn long-range dependencies. Transformers, originally developed for natural language processing, have
recently been adapted for image segmentation because of their global self-attention mechanisms. Inspired by the long-
range feature learning capability of transformers, we propose Dense-Transformer (DenT), an architecture designed for
volumetric microscopy image segmentation. DenT incorporates transformers as encoders within each convolutional
layer to capture global contextual information. Additionally, dense skip connections at multiple resolutions enhance
feature propagation, enabling precise localization. We evaluated DenT on mitochondrial segmentation using our
confocal microscopy dataset and a public fluorescence microscope dataset from the Allen Institute for Cell Science.
The experimental results demonstrate that DenT incrementally improves the segmentation of mitochondria and
mitochondrial DNA substructures from transmitted light microscopy images. DenT offers a tool for visualization,
measurement, and analysis of mitochondrial morphology and mitochondrial DNA in label-free microscopy.
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1 Introduction
In recent years, deep learning has been widely adopted for image analysis applications, particularly in

biomedical image segmentation [1–3]. High-performance medical image segmentation plays a crucial role
in computer-aided detection and diagnosis [4,5]. Among the different deep learning-based segmentation
methods, fully-convolutional neural networks (FCNNs) and their architectures [6–8] are the primary
approaches. A widely used FCNN with a U-shaped structure, the so-called U-Net [7], features a symmetric
encoder-decoder architecture with skip connections. The encoder extracts features from an input image
using convolutional and downsampling layers, while the decoder upsamples these extracted features back to
the input resolution for pixel-wise (or voxel-wise in 3D) semantic prediction. Additionally, output features
of different scales from the encoder are merged into the decoder through the skip connections, allowing the
recovery of spatial information lost during the downsampling process. Because of the excellent performance
and ease of use, many variants of U-Net have been introduced to the area of both 2D and 3D medical
segmentation [9–12], and all have achieved extensive success. In fact, many architectures, such as 3D
U-Net [13], U-Net++ [14], ResUNet [11], and nnU-Net are all based on U-Net, and have been applied in
various medical applications [15].
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Despite their strong representation capabilities, CNN-based approaches often struggle when segment-
ing structures with significant shape and size variations, such as mitochondria within cells [16,17]. This
limitation arises from the inherently localized nature of convolution operations, which restricts the ability of
CNNs to capture global, long-range semantic information. While some studies have attempted to mitigate
this issue by incorporating atrous convolutional layers [18,19], these modifications remain constrained by the
fundamental locality of convolution-based processing. Consequently, CNN-based segmentation models may
yield suboptimal results in some challenging datasets [20–22] where long-range dependencies are essential
for accurate segmentation. On the other hand, combining a self-attention mechanism with a CNN [23,24]
has been proposed to improve the capability of learning long-range semantic information.

Recently, the transformer [25], which has been highly successful in natural language processing (NLP),
was introduced to the computer vision domain [26–28]. Unlike CNN-based methods, the mechanism of
a transformer allows it to learn long-range dependencies. In Dosovitskiy et al. [28], a Vision Transformer
(ViT) treats an image as a sequence of patch embeddings along with position embeddings that will later be
used as input for image classification. TransUNet [26,29] combines a transformer with the U-Net, indicating
that a transformer can be used for medical image segmentation. Both ViT and TransUNet demonstrate
that a transformer can be applied to various vision domain tasks and image segmentation tasks [30,31].
Transformer-based models therefore have been adopted in computer vision and applied in medical image
analysis (MIA) [32,33].

Inspired by TransUNet, we propose the Dense-Transformer (DenT), which consists of multiple
transformers and dense skip connections, to leverage the power of transformers for biomedical image
segmentation. To effectively learn the global context from different scales, DenT employs multiple trans-
formers after each downsampling stage in the encoder. The extracted features from each transformer are then
upsampled in the decoder. Like UNet++, we build nested and dense skip connections so that the features in
the decoder can be fused with multiscale features from the encoding path for voxel-wise segmentation pre-
diction. DenT performed as expected in extensive experiments on both our dataset of confocal microscopy
images of mitochondria and DNA [17,34] and a dataset from the Allen Institute for Cell Science [12]. In this
study, we position Dense-Transformer (DenT) as a task-driven architectural refinement rather than a funda-
mentally new segmentation paradigm. Label-free transmitted-light microscopy presents distinct challenges
compared with fluorescence imaging, including low intrinsic contrast, ambiguous organelle boundaries,
and densely clustered subcellular structures. Under these conditions, purely convolutional models may
encounter disambiguating spatially separated but visually similar regions, whereas fully transformer-based
architectures typically require large-scale pretraining, which is challenging for biological datasets. DenT is
therefore designed to integrate multiscale self-attention with convolutional feature extraction in a lightweight
and data-efficient manner, explicitly targeting the needs of label-free volumetric microscopy segmentation.
In this context, ‘label-free’ refers to segmentation performed on transmitted-light microscopy images without
fluorescence staining. The model is trained in a weakly supervised manner using fluorescence-derived
annotations but operates on unstained transmitted-light inputs during inference.

2 Methods

2.1 Architecture Overview
In this work, inspired by TransUNet, we employ multiple CNN-Transformer blocks as encoder units

to build a U-shaped architecture for 3D biomedical image segmentation, along with dense skip connections
similar to the UNet++. The overall architecture of the proposed DenT is shown in Fig. 1a. Unlike existing
hybrid models that apply a single transformer at the bottleneck, DenT introduces transformer blocks at
multiple encoder depths. This design allows global contextual information to be captured at different spatial
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resolutions, which is particularly important for resolving clustered mitochondria and fragmented structures
in label-free images. Dense skip connections further stabilize optimization by promoting feature reuse and
improving information flow between encoder and decoder stages, mitigating potential information loss
caused by patch tokenization.

The network consists of an encoder, decoder, and nested skip connections. The basic transformer unit
is adapted from the ViT and TransUNet. The goal is to predict the corresponding segmentation map from
an input image size C × Z ×H ×W, where Z, H, and W represent the 3D spatial resolution, and C represents
the number of channels. In the encoder part, after each downsampling layer and CNN, we transform the
input image into a sequence embedding by flattening the patches that are split from the image. With a patch
size of P × P × P, the dimension of the sequence becomes P × P × P × C, where the total number of patches
N = Z ×H ×W/P3. In addition, a linear projection is implemented on the sequence embeddings, projecting
them into a D-dimensional embedding space. Similar to ViT and TransUNet, we add position embeddings
to patch embeddings to preserve spatial information. The patch tokens then undergo transformer blocks to
extract features in each stage. Unlike the transformer in the TransUNet, we apply several transformers in the
encoder, creating multiscale transformers. In the decoder, we employ a series of CNNs that decode the high-
level features back into the image with the same resolution C × Z × H ×W. To address the need for precise
segmentation of high-resolution images, we implement dense skip connections [14]. Such skip pathways
allow the extracted features to be fused with features from the multiscale transformers and the convolution
blocks in the encoder and thus reduce the loss of spatial information during the downsampling process.

The overall architecture of the DenT is explained in the following sections.

2.1.1 Transformer Block
Transformers perform on 1D input such as words and sentences. By reshaping a 3D input into 1D

sequences, we obtain the sequence x ∈ RP3 C and number of patches N = Z×H×W
P3 .

In Fig. 1a,b, linear projection is applied to the patch tokens, creating a D-dimensional embedding space.
The position embeddings Epos ∈ RN×D are added to embeddings E ∈ R(P3 C)×D as follows:

z0 = [x 1
pE; x2

pE; . . . ; xN
p E] + E pos (1)

After the embeddings, we use transformer block as encoders. The blocks include two parts: multihead
self-attention (MHSA) and multilayer perceptron (MLP) or FFN (feed forward network) according to:

z ,
i = MHSA(LayerNorm (z i−1)) + z i−1 (2)

z i = MLP (LayerNorm (z ,
i)) + z ,

i (3)

where LayerNorm represents layer normalization, i is the number of layers repeated in the blocks and zi is
the input of each transformer block.
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(a)

(b)

Figure 1: Architecture of DenT and transformer block details. (a) Overview of DenT architecture. DenT consists of a
3D convolutional encoder, a multi-scale Transformer module, and a nested dense decoder. The encoder produces multi-
resolution feature maps E0–E4 with progressively reduced spatial dimension and increased channel widths. For scales
E1–E4, features are tokenized using scale-specific 3D patches, yielding 512 tokens per scale with embedding dimensions.
Tokens are processed by 12 Transformer blocks to capture long-range dependencies, then reshaped via volumetric
reconstruction to a common low-resolution grid (2 × 16 × 16) with corresponding channels. These Transformer-
enhanced features are upsampled to match the target skip resolutions and fused with encoder skip features. The nested
dense decoder is organized as nodes Xi , j , where i denotes resolution level and j the nested decoding stage; each node
aggregates features by dense concatenation of prior nodes in the same row and an upsampled feature from the next
deeper level, followed by two 3 × 3 × 3 Conv–BN–ReLU operations. The final node X0,4 produces segmentation logits
using a convolutional head, followed by sigmoid (binary) during training/inference. (b) Transformer block used in
the multi-scale transformer. Each block applies a layer normalization, multi-head self-attention (MHSA), and residual
addition, followed by layer normalization, a feed-forward network (FFN/MLP), and another residual addition. The
token sequence shape is preserved throughout the transformer stack. The figures were created in BioRender.com.

https://www.biorender.com/
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2.1.2 Multiscale Transformers
In our U-shaped network, the input image first goes through CNNs and downsampling layers, similar to

the U-Net. Then, multiscale transformers take the features from each convolution block as input and create
1D sequences as output. To reconstruct the 3D feature maps, we reshape the 1D sequences with size Z×H×W

P3

into 3D tensors of size Z
P ×

H
P ×

W
P .

2.1.3 Decoder
In the decoder, the reshaped 3D feature maps are first upsampled to increase their resolution, followed

by convolution layers, batch normalization (BN) layers, and rectified linear activation unit (ReLU) layers.
Note that each transformer needs to perform the upsampling process multiple times (from 1 to 3), depending
on the depth of the transformers.

Second, each resized feature map is concatenated with the feature maps from previous convolution
blocks. After that, the concatenated part is fed into upsampling blocks, where each block consists of 3 × 3 × 3
convolution layers, BN layers, and ReLU layers and a 2-times upsampling operator. This process is repeated
until the input resolution is reached. In the end, the final output is passed through a 3 × 3 × 3 convolution
layer, creating the segmentation map.

2.1.4 Dense Skip Connection
Similar to the U-Net++ [14], we create nested, dense skip connections to better preserve spatial

information. As Fig. 1 shows, not only the convolution features but also the transformer features are passed
through the dense skip connections, allowing both the global and local information to be preserved. In the
dense skip connection, each convolution block receives a feature map that fuses the features from the previous
convolution blocks. With all the features fed into the decoder via dense skip connections, the similarity of the
encoder feature map and the decoder feature map is higher than the original skip connection, which leads
to better optimization [14]. The impact of the difference between a simple skip connection and a dense skip
connection will be discussed in the result section.

2.1.5 Loss Function
The loss function we use is binary cross-entropy loss combined with Dice loss, which can be defined as:

L (X , Y) = 1 − 2∑N
n=1 XnYn

∑N
n=1 Xn +∑N

n=1 Yn
−

N
∑
n=1
(Yn log σ (Xn) + (1 − Yn) log (1 − σ (Xn))) (4)

where N is the number of voxels, and Xn and Yn denote the predicted probability and the ground truth for
voxel n, respectively.

2.1.6 Tokenization in the Multi-Scale Encoder
The model employed a multi-scale tokenization strategy to capture hierarchical representations. The

tokenization process was implemented using the PatchEmbedding module. This module divided the input
image into non-overlapping patches using a convolutional layer with a kernel size and stride equal to the
specified patch size. The input image is partitioned into patches of varying sizes with scaling factors [2,4,8,16].
These varying patch sizes allow the model to process features at multiple resolutions, capturing both fine-
grained and coarse-level spatial information.
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For each scale level, feature maps are extracted using a hybrid U-Net-based feature extractor and then
tokenized through convolutional layers. Each convolutional block operates with a different kernel size and
stride, corresponding to the computed multi-scale patch sizes. The extracted tokens are further augmented
with scale-specific positional embeddings, ensuring the model retains spatial awareness at each resolution.
The four sets of positional embeddings correspond to different tokenization levels, reinforcing hierarchical
feature representation. The multi-scale token sequences are processed independently before being fused
within the transformer encoder.

2.2 Dataset and Evaluation
For application on high-resolution confocal microscopy images, the dataset comprises 70 sets of 3D

confocal high-resolution images collected in our lab [17,34]. Imaging was performed using an LSM800 Zeiss
microscope with a Plan-apochromat 1.40-NA, 63× objective, and images were acquired using Zeiss ZEN
Blue 2.6 software. Three imaging channels were used: transmitted light (TL), SYBR Gold for nuclear and
mitochondrial DNA labeling, and TMRM for mitochondria labeling. Each confocal image stack consists of
32 slices with an interval of 0.15 μm and a YX resolution of 917 × 917 pixels, with a pixel scale of 0.085 μm/px.
To achieve uniform spatial resolution along all axes and remove voxel anisotropy, we adopted Ounkomol
et al.’s method [12] to resample all z-stack volumes using cubic interpolation to obtain isotropic voxel
dimensions of 0.15 μm× 0.15 μm× 0.15 μm. This resampling step removes voxel anisotropy, enabling spatially
consistent learning from cubic patches (e.g., 16 × 16 × 16 voxels) in both voxel space and corresponding
physical dimensions. Of the dataset, 46 samples were allocated for training, whereas 24 samples were used
for validation.

For another microscopy image application, DenT was tested on the mitochondria image dataset from the
Allen Institute for Cell Science [12]. The cell and organelle structures were imaged using a Zeiss spinning disk
microscope with a 100×, 1.25-NA objective and Zeiss ZEN Blue 2.3 software, and mitochondria were labeled
with the EGFP-tagged protein Tom20. The entire dataset was split into 60 training sets and 20 validation sets
for model training. Each image consists of 50 to 75 slices with an interval of 0.29 μm, and a YX resolution of
624 × 924 pixels (with pixel scale of 0.108 μm px−1) [12].

Both datasets were preprocessed and transformed into mask images for ground truth labeling. The
preprocessing steps include histogram equalization, background subtraction, Gaussian noise removal, sigma
filtering, gamma correction, and Contrast Limited Adaptive Histogram Equalization (CLAHE). Binary
masks were generated by thresholding fluorescence microscopy signals (SYBR Gold and TMRM) using
established intensity cutoffs. The transmitted light images used as model input were raw images without
processing. Notably, these binary masks serve as the ground truth for voxel-wise binary segmentation
of organelle presence. Preprocessing steps were applied only to fluorescence channels to enhance the
accuracy of thresholding during ground truth mask generation. Since ground truth masks were generated by
thresholding fluorescence signals and represent approximate voxel-wise semantic labels rather than instance-
accurate annotations, they may introduce systematic uncertainty, particularly for small or low-contrast
structures such as mitochondrial DNA. As a result, reported segmentation metrics should be interpreted as
relative performance indicators rather than absolute measures of structural accuracy.

All segmentation tasks are treated as binary segmentation tasks with 1-channel input. The average Dice
similarity coefficient (DSC) is used as an evaluation metric for each corresponding structure (mitochondria,
DNA). The Dice score is defined as:

Dice (X , Y) = 2∑N
n=1 XnYn

∑N
n=1 Xn +∑N

n=1 Yn
(5)
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where Xn and Yn denote the value of the prediction and the ground truth for voxel n, respectively.
In addition to Dice, we also use Cross-Entropy (CE) Loss to evaluate the difference between the

predicted probability distribution and the ground truth.

Cross Entropy = −∑Yi log(Xi) (6)

Yi is the true label, and Xi is the predicted probability for each voxel.

2.3 Implementation
All the neural networks are implemented in Python 3.6 and PyTorch 1.9. The input size of an image is

set to 32 × 256 × 256 for high-resolution confocal images and 64 × 192 × 128 for light microscopy images.
The patch size is set to 16 × 16 × 16. We trained our models on multiple Tesla V100s with 32 GB of memory
provided by the Taiwan Computing Cloud (TWCC; https://www.twcc.ai/). During the training process, the
batch size is 2 unless otherwise specified. The models are trained using the Adam optimizer with a learning
rate of 2e−4 and a weight decay of 5e−4. The number of training iterations is approximately 10,000 (200
epochs). We apply data augmentations such as random rotation and flipping for all the experiments. Note
that to compare our model with other methods, we adjust the hyperparameters of each method individually
to ensure their best performance. In the inference part, the whole image is fed into the model to reconstruct
the 3D prediction.

For computational efficiency, we evaluated DenT in terms of model complexity and practical efficiency.
Despite incorporating multiple transformer blocks, DenT maintains comparable parameter counts and
training times (Table 1). In Table 1, computational efficiency comparison was performed on a single GPU
with input size 1 × 1 × 32 × 256 × 256 and batch size = 1. FLOPs were estimated using fvcore profiling
tools, representing lower-bound estimates. Empirically, training time differences across models remained
within the same order of magnitude, indicating that the additional computational overhead introduced by
multiscale attention is manageable in practice.

Table 1: Computational efficiency comparison of transformer-based architectures.

Model Parameters (M) FLOPs (G) Inference Time (ms)
TransUNet 132.36 404.04 102.83

DenT 162.45 1990.68 417.48

3 Results
The DenT segmentation performance on our confocal microscopy image dataset (Fig. 2), using label-

free transmitted light images as input, was first evaluated by DSC, CE, and a hybrid score combining both
metrics (Table 2). We also compared DenT performance with the other four methods (Table 3, Fig. 2). Given
the nature of the dataset, we adapted the U-Net [7], UNet++ [14], ResUNet [11], and TransUNet [26,29]
settings from 2D to 3D. The results indicate that DenT achieves the highest segmentation accuracy of 53.64%
(DSC) among all the tested methods. For 3D dataset training, runtime comparisons show that DenT, U-
Net, UNet++, ResUNet, and TransUNet have relatively similar training times (~4 h). Although DenT is a
more complex model, its training time does not significantly exceed that of the other models, suggesting that
its additional computational cost remains manageable. Compared with TransUNet, our method achieves a
notable DSC improvement of 4.80%, demonstrating its effectiveness for 3D biomedical image segmentation.

https://www.twcc.ai/
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Furthermore, by integrating multiscale transformers with dense skip connections, DenT enables accurate
segmentation even in regions with clustered mitochondria (Fig. 2). Although the improvements achieved by
DenT over CNN-based baselines are modest, they are consistent across datasets and segmentation targets.
Given the inherent difficulty of label-free microscopy segmentation and the presence of annotation noise
in fluorescence-derived ground truth masks, small numerical gains may still correspond to meaningful
improvements in boundary delineation and structural continuity. Accordingly, DenT is not presented as a
transformative performance leap, but as a stable and reproducible refinement that incrementally improves
segmentation quality under challenging imaging conditions.

Figure 2: The segmentation results of different methods on the high-resolution confocal image dataset with transmitted
light images as input [17,34]. The first row shows the mitochondrial predictions (TMRM stain) and the second row
shows the mitochondrial DNA predictions (SYBR Gold stain). Scale bar: 50 μm (shown in the input images and
applicable to all corresponding segmentation panels).

Table 2: The performance of the mitochondria and mitochondrial DNA segmentation task on the high-resolution
confocal image dataset.

Evaluation Metric Overall Score (%) Mitochondria Score (%) DNA Score (%)
Dice (DSC) 53.64 60.96 46.32

Cross Entropy (CE) 45.33 58.03 32.62
Cross Entropy + Dice (Hybrid) 53.89 61.38 46.39

Table 3: Segmentation accuracy of the different methods on the high-resolution confocal image dataset.

Model DSC Score Mitochondria DNA
U-Net 52.12 58.34 45.89

U-Net++ 51.56 59.36 43.75
ResUNet 48.25 55.60 40.89

TransUNet 48.84 55.61 42.06
DenT 53.64 60.96 46.32
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Figure 3: Performance comparison across independent runs. Dice scores of DenT, TransUNet, and UNet++ for
segmenting Mitochondria (left) and MitoDNA (right) across 12 independent training runs. Each dot represents one run;
the central marker and error bars indicate the mean ± SD. Brackets denote pairwise statistical comparisons between
DenT and other models, with corresponding p-values shown above the brackets.

To evaluate DenT’s applicability across different types of microscopy images, we compare its perfor-
mance with that of other methods on the Allen Institute dataset (Table 4). DenT achieves good results on
the mitochondrial segmentation task, demonstrating its generalizability to other datasets. Fig. 4 presents a
comparison of the mitochondrial segmentation predictions on the Allen Institute dataset.

Figure 4: The segmentation results of various methods on mitochondria from the microscopy image dataset of the
Allen Institute for Cell Science [12]. Scale bar: 50 μm (applies to all panels).
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Table 4: Segmentation accuracy of various methods on the light microscopy image of mitochondria from the Allen
Institute for Cell Science.

Model DSC (Mitochondria)
U-Net 52.13

U-Net++ 52.30
ResUNet 51.18

TransUNet 44.35
DenT 52.65

3.1 Ablation Studies
To evaluate the influence of several factors on the performance, we performed ablation studies on the

dataset of high-resolution confocal images, including the decoder backbone, optimizer choice, input size,
and type of skip connections.

3.1.1 Influence of the Decoder Backbone
The results of the model using different backbones in the decoder are shown in Table 5. The backbone

used in our decoder is standard convolution layers followed by batch normalization and ReLU layers. Unlike
TransUNet and ViT, we do not use ResNet [35] and its pretrained weights as our backbone because our
dataset is 3D (Z×Y×X). Additionally, ResNet architecture typically requires large-scale datasets for effective
training, making them less practical for medical imaging tasks, where annotated data are often limited. Since
our dataset consists of 3D images (Z × Y × X), we opt for convolutional layers without residual connections
as our backbone throughout all the experiments.

Table 5: Ablation study on the influence of the decoder backbone.

Backbone Overall DSC Score Mitochondria DNA
ResUNet 49.99 57.17 42.84

Standard convolution 53.64 60.96 46.32

3.1.2 Influence of the Optimizer
Following the original settings of the TransUNet, we first used the stochastic gradient descent (SGD)

method as our optimizer. However, the performance was unstable and did not yield consistently better
results. Since SGD is commonly used with ResNet, we hypothesized that it might not be ideal for training
DenT, which integrates transformers. Therefore, we switched to the Adam optimizer. As shown in Table 6,
Adam outperformed SGD across all metrics, confirming our hypothesis regarding the choice of optimizer.

Table 6: Ablation study on the influence of the optimizer.

Optimizer Overall DSC Score Mitochondria DNA
SGD 51.04 57.89 44.19

Adam 53.64 60.96 46.32
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3.1.3 Influence of the Input Size
To investigate the effect of the input size, we conducted experiments on our model with different input

resolutions. The results with 16 × 128 × 128 and 32 × 256 × 256 resolutions as inputs are shown in Table 7.
With the same patch size of 16 × 16 × 16, the increased input size results in a larger sequence length for the
transformer, consequently improving the performance of the model. The average DSC is improved by 8.98%
when the input size is increased by a scale of 2. Note that a model with a lower input resolution has better
computational efficiency. In our experiment, to ensure the segmentation accuracy of the model, the default
resolution of the input is set to 32 × 256 × 256.

Table 7: Ablation study on input size.

Input Size Overall DSC Score Mitochondria DNA
16 × 128 × 128 44.66 49.36 39.95
32 × 256 × 256 53.64 60.96 46.32

3.1.4 Influence of the Skip Connection
We further discuss the influence of different skip connections. As presented in Table 8, a dense

skip connection structure leads to better performance than the simple skip connection implemented in
TransUNet and others. As a result, we conclude that combining a transformer with a dense skip connection
can preserve both the global and local features more effectively. Thus, we adopt the dense configuration for
our model.

Table 8: Ablation study on the influence of the skip connection.

Skip Connection DSC Mitochondria DNA
Simple 51.52 57.67 45.37
Dense 53.64 60.96 46.32

3.1.5 Influence of the Position Embedding
In convolutional networks, spatial relationships are inherently captured through convolution and

pooling operations, which can implicitly serve as positional encodings. However, in transformer-based archi-
tecture, explicit position embeddings are often required to encode spatial information. Since DenT integrates
both convolutional layers and transformers, it is important to evaluate the impact of explicit positional
encoding on performance. To assess this, we conducted an ablation study on positional embeddings in DenT
(Table 9).

Table 9: Ablation study on position embedding.

Position Embedding DSC (%) Mitochondria (%) DNA (%)
Activate 53.89 61.3 46.39

Deactivate 53.64 60.86 46.41

The Dice Similarity Coefficient shows a small increase of 0.25% when positional encoding is activated,
suggesting a limited but positive influence on overall segmentation accuracy. Additionally, positional
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encoding appears to enhance the localization of mitochondrial structures more effectively than mitochon-
drial DNA substructures. This suggests that additional factors, such as feature representation at different
resolutions, may play a more significant role in segmenting smaller substructures.

3.1.6 Influence of the Transformer Blocks
To understand the role of transformer blocks at different depths, we conducted an ablation study,

sequentially removing each block and evaluating its impact on segmentation performance (Table 10). The
results reveal that removing the first (shallowest) transformer block leads to the most significant drop
in performance, particularly for mitochondria segmentation, while the effect of removing deeper blocks
is less pronounced. This indicates that early transformer layers play a crucial role in high-resolution
feature extraction, whereas later layers contribute more to global context aggregation. Since mitochondrial
structures have complex shapes, early transformers enhance spatial encoding beyond the receptive field of
convolutions, leading to better localization. DNA segmentation, on the other hand, may benefit slightly from
later transformer blocks because mitochondrial DNA is a smaller substructure that requires context from
surrounding features.

Table 10: Ablation study on transformer blocks.

Transformer Block in Different Level DSC (%) Mitochondria (%) DNA (%)
DenT Model 53.89 61.38 46.39

1st Transformer Block 53.57 60.63 46.51
2nd Transformer Block 53.68 60.85 46.37
3rd Transformer Block 53.80 61.02 46.57
4th Transformer Block 54.1 61.15 47.05

4 Discussion
The development of the Dense-Transformer (DenT) model is driven by both the limitations and

advancements of existing methods in medical image segmentation. The traditional U-Net, a fully convo-
lutional neural network (FCNN) with a U-shaped structure, has been highly successful in medical image
segmentation tasks due to its symmetric encoder-decoder architecture and skip connections. These design
choices allow U-Net to extract and utilize multi-scale spatial information from medical images effectively.
However, the reliance on convolutional operations, which are inherently local, restricts the U-Net’s ability
to capture long-range dependencies within the data. This limitation becomes particularly significant for
tasks where understanding the global context is crucial, such as in the segmentation of complex anatomical
structures or varying features across large image regions. On the other hand, transformer-based neural
networks have also demonstrated success in computer vision tasks. Transformers offer an alternative to
convolutional layers by enabling the model to learn long-range dependencies without being constrained by
the local nature of convolutional operations. However, they often rely heavily on extensive pretraining on
large-scale datasets.

Therefore, in this work, we introduce an alternative approach by using pure convolutional layers as
the backbone, enabling end-to-end training of the transformer without requiring pretraining. This not
only simplifies the training process but also enhances the model’s adaptability to specialized datasets.
DenT integrates the global self-attention mechanisms of transformers, into the U-Net architecture. By
incorporating transformers as encoders at each convolutional layer of the U-Net design, the DenT aims
to capture global features that are critical for accurate segmentation of biomedical images. Additionally,
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the DenT introduces dense skip connections, which enhance the model’s ability to fuse encoded features
at different resolutions with the decoder. Dense connection methodologies inspire this design choice as in
UNet++ to improve semantic information flow and facilitate localization in segmentation tasks.

Interestingly, our segmentation results for subcellular structures show that the mitochondria score con-
sistently outperforms the mitochondrial DNA score, suggesting that the model is more effective at learning
mitochondrial features. The observed performance gap between mitochondria and mitochondrial DNA
segmentation likely reflects differences in annotation reliability and visual distinguishability in transmitted-
light images. Mitochondria exhibit larger and more coherent morphological features, whereas mitochondrial
DNA lacks chromatin organization and is more sparsely distributed, making it inherently more difficult
to segment from label-free inputs. In other words, unlike nuclear DNA, which is densely packed with
chromatin and forms distinguishable structural patterns, mitochondrial DNA exists in a more dispersed and
less structured state within the mitochondrial matrix. This lack of chromatin-based contrast likely makes
it more challenging for the model to extract clear features for mitochondrial DNA segmentation compared
to nuclear DNA segmentation in our previous study [17]. Conversely, mitochondria, being larger and well-
defined organelles with distinct morphological characteristics, provide more reliable spatial cues. This allows
the transformer blocks to learn more effective features, contributing to the consistently higher segmentation
performance of mitochondria.

While our segmentation masks do not explicitly represent mitochondrial subtypes such as puncta, rods,
or networks, they provide biologically meaningful voxel-wise labels derived from validated fluorescence
signals. The focus of this work is on semantic segmentation, where the objective is to identify regions
of mitochondrial and mtDNA presence, rather than performing instance segmentation or morphological
classification. The appearance of partial structures is a result of thresholded fluorescence signals, which is a
standard and widely accepted practice in biological image annotation. Future work may incorporate shape-
aware post-processing or instance-aware models to further delineate mitochondrial morphotypes. While
mitochondria are considered local, in dense or low contrast regions, CNN-based models can fail to resolve
boundaries between closely packed or overlapping organelles. Transformers provide global context, which
helps in disambiguating such cluster-heavy regions.

We acknowledge that the size of the available training data, particularly for the high-resolution confocal
dataset, is limited relative to typical transformer training requirements. This constraint may restrict the
extent to which long-range dependencies can be learned and raises potential overfitting concerns. To mitigate
this risk, DenT avoids large pretrained backbones and instead employs lightweight transformer blocks
combined with convolutional feature extractors, dense skip connections, and extensive data augmentation.
Nevertheless, future work incorporating larger datasets, self-supervised pretraining, or parameter-efficient
attention mechanisms may further improve robustness and generalization.

High-resolution imaging techniques such as confocal, light-sheet, super-resolution, and electron
microscopy generate rich volumetric data that require sophisticated segmentation methods [36,37]. Recent
advances in microscopy and deep learning-based mitochondria segmentation have significantly improved
our ability to analyze mitochondrial structures in biomedical research [38–40]. These methods have been
applied to a variety of biological studies, including mitochondrial morphology analysis, disease-related mito-
chondrial dysfunction assessment, and cell metabolism research. Furthermore, segmentation advancements
enable automated and high-throughput analysis of mitochondrial dynamics, aiding in drug discovery and
personalized medicine [41–43]. The integration of advanced imaging modalities with robust segmentation
algorithms continues to drive breakthroughs in mitochondrial research, enhancing our understanding of
cellular bioenergetics and pathology. While DenT does not aim to redefine the state of the art in medical
image segmentation, it provides a solution for label-free volumetric microscopy. By combining transformers
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with the U-Net architecture, DenT leverages both convolutional and self-attention mechanisms, resulting in
enhanced feature learning and improved segmentation accuracy.

5 Conclusion
In summary, DenT provides a CNN–Transformer integration for label-free microscopy segmentation.

While the proposed architecture represents an incremental refinement rather than a paradigm shift, it
consistently improves segmentation performance under realistic biological data constraints without relying
on large-scale pretraining. DenT can provide an alternative tool for applications where fluorescence labeling
is undesirable or unfavorable.
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