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Abstract

Subcellular structure segmentation is a fundamental task
in biological imaging. Existing self-supervised representa-
tion learning combined with classical k-means clustering
achieved unsupervised image segmentation, but it was con-
strained by time-consuming test-time pixel-wise feature ex-
traction and clustering synchronization. This study introduces
SCCS, a lightweight graph neural network-based spectral
clustering framework for end-to-end subcellular structure
segmentation upon superpixel graphs, greatly relieving the
computational complexity in test-time numerical spectral
clustering and inter-graph label inconsistency. Specifically,
SCCS exploits the self-supervised masked autoencoder for
representation learning and the construction of superpixel
graphs (spG). Unlike per-graph scalar affinity-based spec-
tral clustering, the proposed SCCS parameterizes the map-
ping from learned deep spG representations to coordinates in
the spectral embedding space and the clustering assignments.
The SCCS is optimized under unsupervised eigendecompo-
sition and incremental clustering criteria, which synchronize
the intra- and inter-graph spectral clustering. The proposed
approach is evaluated on a publicly available volumetric elec-
tron microscopy dataset. Experiments demonstrate the effec-
tiveness and performance gains of the proposed SCCS over
the state-of-the-art in discovering a variety of subcellular
structures.

Introduction
Cellular and subcellular structure segmentation plays a crit-
ical role in a variety of biological downstream tasks, includ-
ing biological organization, morphology measurement, and
function analysis (Stephens and Allan 2003; Witvliet et al.
2021). With the advent of high-throughput imaging tech-
nology, larger-scale microscopic image dataset collections
have become efficient and economic (Peddie et al. 2022;
Xu et al. 2017). Volumetric electron microscopy (VEM)
enables efficient volumetric imaging of the underlying ul-
trastructures of cells with superior resolutions and scales
(Peddie et al. 2022). Manual segmentation involves a te-
dious annotation burden and reliance on expert knowledge.
The deep neural network (DNN)-based segmentation frame-
work has shown superior performances in computer vision
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and image processing scenarios, where neural networks pa-
rameterize the mapping from images to segmentation maps.
However, labor-intensive annotations cause scanty anno-
tated data, impeding the generalization capacity of the su-
pervised segmentation models (Heinrich et al. 2021; Mekuc
et al. 2020). Additional domain adaptations are required
when confronted with novel datasets and cases.

To relieve labor-intensive annotations, self-supervised
representation learning and clustering have been applied
to discovering pixel-level labels (Wang et al. 2022b, 2023;
Melas-Kyriazi et al. 2022). Considering that adjacent pix-
els with similar feature embedding are likely to belong to
the same category of subcellular structures, the local pixel-
wise correlations need to be addressed in self-supervised
segmentation. Moreover, the global correlation handles the
co-occurring subcellular structures for feature enhance-
ment and multi-class segmentation. Transformer-based self-
supervised feature learning has shown promising outcomes
in spatial correlation modeling of contextual patches in a
variety of image processing tasks (Dosovitskiy et al. 2020;
Liu et al. 2021; Vaswani et al. 2017). Deep representation
learning and pre-trained models, such as DINO and MAE,
have been used in graph construction and clustering (Melas-
Kyriazi et al. 2022; Xie et al. 2023). However, when con-
fronted with subcellular segmentation of biological VEM
images with a large number of fine-grained structures, we
need to address two challenging issues.

First, subcellular structures in the high-resolution VEM
slices take on a large variety of morphologies, where pixel
features have critical influences on clustering and structure
segmentation. Existing work used the self-supervised fea-
ture extractor to acquire patch representations (Xie et al.
2023). Considering the low granularity of subcellular struc-
tures, the patches need to be small enough to bear homoge-
neous appearances, resulting in a large number of tokens and
computationally expensive test-time feature extraction. The
situation is even worse when it comes to extracting pixel-
level features from VEM images. Economic feature extrac-
tion is desirable for efficient subcellular segmentation. Sec-
ond, considering the random initialization of the clustering
centroid, there is no guarantee for consistent inter-image
clustering. Additional synchronization, such as Hungarian
matching, is required for consistent clustering across images
(Melas-Kyriazi et al. 2022). Furthermore, as to spectral clus-
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tering, the additional affine transformation has been used to
discover consistent spectral embedding across images (Stre-
icher, Cohen, and Gilboa 2022). It is desirable to construct
an intra- and inter-image consistent spectral embedding and
clustering.

To tackle these challenges, we propose a novel subcel-
lular segmentation framework, SCCS, consisting of self-
supervised representation learning and an end-to-end deep
neural spectral clustering model for consistent label assign-
ments. To address time-economic feature extraction and
label assignments, we construct a superpixel graph (spG)
via masked autoencoder (MAE)-based image representation
learning and superpixel decomposition. We formulate the
subcellular segmentation as a cut over the spG and relieve
the test-time cost of pixel-wise feature extraction. More-
over, we build a lightweight GNN for spectral embedding
and clustering to ameliorate the numerical eigendecomposi-
tion and iterative label assignments. To address the incon-
sistency labeling across images, we learn the neural spectral
clustering under the unsupervised spectral decomposition of
graph Laplacian and incremental k-means clustering crite-
ria, avoiding additional clustering synchronization.

We have evaluated the proposed SCCS on dominant sub-
cellular structure segmentation from primary mouse pancre-
atic islets β cells of the BetaSeg dataset (Heinrich et al.
2021; Müller et al. 2021). Experiments demonstrate the ef-
ficiency and performance gains over existing benchmarks.
The contributions of this work are as follows:
• We propose SCCS, using learnable spectral clustering to

acquire a more consistent understanding of subcellular
structures.

• We design an incremental clustering learning framework
that capitalizes on the anchor clustering centroid and con-
structs inter-graph consistent cluster assignments, avoid-
ing post-processing synchronization.

• We demonstrate that our SCCS achieves state-of-the-art
performance on self-supervised subcellular structure seg-
mentation from VEM images in comprehensive experi-
ments.

Related Work
Unsupervised Segmentation. Clustering-based methods,
such as STEGO (Hamilton et al. 2022) and PiCIE (Cho
et al. 2021), achieved self-supervised semantic segmen-
tation. Open-vocabulary semantic segmentation methods
of the LSeg (Li et al. 2022) and GroupViT (Xu et al.
2022) adapted CLIP (Radford et al. 2021), which real-
ized zero-shot open-vocabulary semantic segmentation. The
pre-trained models, such as DINO (Caron et al. 2021)
and Stable Diffusion (Rombach et al. 2021), have been
used for unsupervised segmentation and correspondence (Li,
Shakhnarovich, and Yeh 2022; Lis et al. 2022; Zhou, Loy,
and Dai 2021; Dombrowski et al. 2022). The heuristically
designed decoder of the DINO features has been used for in-
stance segmentation (Wang et al. 2022a,b). Anchors defined
by text embedding or manual selection enabled dense corre-
spondence via the stable diffusion features (Tang et al. 2023;
Rombach et al. 2021; Hedlin et al. 2023). The learned neural

features were used to make affinity graphs and spectral clus-
tering (Wang et al. 2022b, 2023; Melas-Kyriazi et al. 2022).
Considering the multi-channel features of a neural network,
the graph construction relied on feature channel selection.
Zhang et al. (Zhang, Yunis, and Maire 2023) addressed the
correlation of affinity matrix across neural network layers,
which used a gradient descent-based method to solve the
eigendecomposition of the joint Laplacian matrix.

When it comes to biomedical image segmentation, self-
supervised segmentation of biological images takes advan-
tage of image registration (Liu, Avilés-Rivero, and Schon-
lieb 2020) and patch-level image clustering to assign pixel
labels, greatly relieving the manual annotation burden. Mo-
mentum Contrast (MoCo) employed the unsupervised con-
trastive learning, which used a dynamic dictionary with a
queue and a moving-averaged encoder (He et al. 2019).
CLMorph utilized unsupervised feature contrastive registra-
tion learning for medical image segmentation (Liu, Avilés-
Rivero, and Schonlieb 2020). Joint unsupervised learning
(JULE) benefited from deep representations and image clus-
ters (Yang, Parikh, and Batra 2016), where deep representa-
tion learning and clustering were reciprocal. Moriya et al.
(Moriya et al. 2018) used JULE for unsupervised image
segmentation, which alternately conducted clustering and
refined CNN-based feature extraction using cluster labels.
The k-means was applied to the learned representation for
medical image segmentation. Han et al. (Han et al. 2022)
used variational auto-encoder and metric learning for voxel-
level representation and unsupervised cellular segmentation.
MAESTER (Xie et al. 2023) utilized the MAE for pixel-
level feature extraction, where k-means clustering is used to
assign pixel labels. However, when it comes to subcellular
images with large amounts of fine-grained structures, there
is a computationally expensive test-time feature extraction
and a large-scale clustering problem. Patch partitioning is
feasible to reduce the clustering complexity, but it requires
additional synchronization to ensure consistent cluster as-
signments across images.
Representation Learning. Transformer has been a main-
stream neural network architecture, where a stacking of at-
tention blocks and multi-layer perceptions (MLP) (Vaswani
et al. 2017) are used to model long-range attention. Trans-
former was initiated in the field of natural language pro-
cessing. The masked language modeling (MLM) used ran-
dom masking and self-supervised learning for the word
prediction (Devlin et al. 2019). Vision transformer (ViT)
(Dosovitskiy et al. 2020; Liu et al. 2021) embeds image
patch sequences similar to words in a sentence. The MAE
has demonstrated potential in self-supervised representation
learning (He et al. 2021). The MAE combined with the to-
ken embedding has been used in biological image process-
ing, where the semantically relevant tokens of image patches
have been used for image clustering and classification (Xie
et al. 2023). As to image segmentation, the MAE-based rep-
resentation enables feature learning of small patches with
context information from large view fields. In this work,
we utilize the MAE-based feature extractor. Unlike existing
work that relied on test-time pixel-level feature extraction
with a large computational complexity, we introduce a com-
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Figure 1: Pipeline overview of our SCCS. We consider subcellular segmentation of VEM images as a deep cut of the superpixel
graph (spG) via SLIC-based superpixel decomposition (spD). We compute superpixel-wise features and construct spG with
pre-trained transformer-based features F . We construct our inter-image consistent deep neural spectral clustering model by
minimizing loss functions Lspe and Lclu to ensure consistent spectral embedding and clustering when given incremental k-
means clustering P̂ . We impose the smoothness regularization Lsmo on clustering assignments. The linear graph convolutional
network (LGC) is used to approximate spectral bases Z, which are fed to an MLP to produce the final cluster assignment P for
the end-to-end semantic segmentation inferences about subcellular structures.

pact image representation of the spG and a neural spectral
clustering model for efficient subcellular segmentation.

Method
We aim to find semantic segmentation of multi-class subcel-
lular structures from VEM images I ∈ Rm×n. Our main
idea is to formulate the subcellular segmentation as cuts of
spG via a learnable deep neural spectral clustering model,
as shown in Figure 1. With that, the spG constructed via
transformer-based representation learning is fed to a shallow
GNN for end-to-end inference of clustering assignment P ∈
Rns×k and subcellular segmentation while ensuring that
1) intra-image label consistency for spatially co-occurring
subcellular structures is maintained, and 2) inter-image la-
bel consistency is retained with the congruent cluster label
for the same category of subcellular structures across im-
ages. ns and k denote the spG node number and the cluster
number, respectively. In a self-supervised manner, we opti-
mize SCCS using combinational criteria for graph Laplacian
eigendecomposition and incremental k-means clustering.

In the following subsections, we first discuss transformer-
based representation learning for the construction of the spG
specific to VEM images, followed by the presentation of our
neural spectral clustering-based subcellular segmentation.

Feature Extraction and spG Construction
We employ the MAE (He et al. 2021) for self-supervised
deep representation learning. Given a VEM image with a
resolution of m×n, the MAE divides the image into mn/p2

patches and uses a predefined mask ratio for patch sampling.
The ViT encoder receives the unmasked patches and uses
embedding to reconstruct the entire image. We up-sample
the outcome of the optimized ViT-based encoder as the q-
channel image features F ∈ Rm×n×q for downstream seg-
mentation tasks.

spG Construction. Considering the small size of subcellu-
lar structures, existing patch-based image clustering meth-
ods require patches to be small enough to be inside a specific
structure. Moreover, in order to conduct the pixel-level clus-
tering and classification, the MAE-based feature extraction
needs to be conducted on patches around each pixel, with
great test-time computational complexities (Xie et al. 2023).
Unlike time-consuming pixel feature extraction, we conduct
SLIC (Achanta et al. 2012)-based superpixel decomposition
and construct a weighted spG G(S, E) using the pre-trained
feature extractor. S denotes the superpixel node set and E
superpixel-wise connections.

We construct the weighted spG by computing the affinity
matrix using q channel pre-trained MAE features. We use
the 2q-channel supervoxel feature Fs as a concatenation of
the mean and standard deviation of pixels belonging to a
superpixel s. The affinity matrix A is an ns×ns matrix with
entries aij = exp

−∥Fs,i−Fs,j∥2
2

κ via the RBF kernel, 1 ≤
i, j ≤ ns. κ denotes the variance of the kernel. Considering
the downstream graph embedding and clustering, we modify
the affinity matrix with a reduced band width as follows:

A← max

(
A− maxA

α
, 0

)
. (1)

The hyperparameter α > 1 is related to the repulsion forces
to suppress node-wise weak connections (Aflalo et al. 2022).
The large value of α tends to produce a low number of clus-
ters. We further remove the negative correlation entries for a
sparsified affinity matrix.

Deep Neural Spectral Clustering
We formulate the subcellular segmentation as graph node
partition on spG, where spG nodes are divided into k dis-
joint sets Si|1≤i≤k.

⋃
i Si = S , and Si ∩ Sj = ∅. The node

partition can be represented by a ns × k dimensional clus-
tering assignment matrix P , where the entry Pij = 1 when
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Figure 2: Sampled approximated spectral bases of the graph
Laplacian matrix regarding the spG.

node i belongs to the j-th cluster and 0 otherwise. Classical
spectral clustering performs the graph partition via eigen-
decomposition of the graph Laplacian matrix and k-means
clustering on the selected spectral bases. Specifically, the
graph Laplacian matrix L = D − A, where D is a diago-
nal degree matrix with Dii =

∑
j Aij . The u-dimensional

embedding Z ∈ Rns×u is the solution of the eigendecom-
position of the graph Laplacian matrix, and LZ = ZΛ. Λ
denotes the diagonal matrix with eigenvalues. The k-means
clustering is applied to Z for graph partition.

Existing methods used self-supervised deep feature rep-
resentation learning to construct the affinity matrix for im-
age segmentation (Wang et al. 2023, 2022b; Melas-Kyriazi
et al. 2022). The affinity matrix construction relies on node
feature embedding and affects test-time per-graph eigen-
decomposition. The naive numerical eigendecomposition is
known to have a computational complexity of O(n3

s), which
is computationally burdensome for a large graph. Moreover,
considering the repetitive occurrence of various categories
of subcellular structures across images, we need to address
inter-image consistent spectral embedding and clustering. In
this work, we present a neural spectral clustering model for
consistent cluster assignments.

Neural Spectral Embedding Instead of per-graph eigen-
decomposition, we leverage a lightweight GNN to param-
eterize the eigendecomposition of the normalized graph
Laplacian matrix. The neural spectral embedding model
takes both the node features and the normalized affinity
matrix as input, where the l-th linear graph convolution
(LGC) (He et al. 2020) updates q(l)-channel node embed-
ding Z(l) ∈ Rns×q(l) with learnable weights W (l). Z(l+1) =
D−1/2AD−1/2Z(l)W (l), where Z is initialized as the spG
node feature Fs, and Z(0) = Fs. Since the graph convo-
lution with the Chebyshev approximation polynomial is a
power multiplication of the normalized affinity matrix by re-
moving the nonlinear activation function and the weight, the
GCN-based model has been used to discover a set of eigen-
functions (Sun et al. 2022). We define the spectral embed-
ding loss Lspe based on the eigendecomposition criteria of
graph Laplacian matrices.

Lspe =
∑
i̸=j

[
(ztizj) + µ(ztiLzj)

2
]
. (2)

zi and zj denotes the i-th and j-th column vectors of Z.
The first term is used to guarantee the orthogonality of the

approximated spectral bases Z. The second term is used to
minimize the off-diagonal entry of matrix ZTLZ, consider-
ing the diagonalization transform of the graph Laplacian ma-
trix satisfies Λ = ZTLZ. Unlike per-graph numerical eigen-
decomposition, the learned neural spectral embedding mod-
ule parameterizes the mapping from the MAE-based node
feature to its spectral coordinates in the embedding space
with knowledge of node-wise correlations. Figure 2 shows
sampled spectral bases of a spG. It is interesting to note that
spectral bases of different frequencies have activations with
respect to various subcellular structures.

Neural Clustering Existing clustering GNN is optimized
using N-Cut or the correlation clustering loss for training
(Aflalo et al. 2022). Considering the large scale and reso-
lution of biological images, we subdivide the images into
smaller FOVs and conduct a graph cut on the spG. We ex-
pect to assign the nodes belonging to the same category of
subcellular structures across the FOVs to the same cluster.
However, the per-graph evaluation of the clustering loss does
not handle the cross-graph consistent cluster assignments.
We propose to optimize the neural clustering module under
the supervision of incremental k-means clustering, which
enables us to correct cross-graph inconsistent clustering as-
signments. The main steps are as follows:

We first define anchor clustering assignments. Consid-
ering the subcellular categories of interest, we select one
reference spG and conduct k-means clustering to initial-
ize the anchor clustering assignments with cluster centroid
C = {c1, . . . , ck}. Each cluster is associated with a specific
category of subcellular structures, and such associations are
retained in the following batches for model training.

We secondly incrementally update clustering in the
new batch. We draw nodes from spGs in the new batch
and assign node s to the nearest center c∗ when c∗ =
argminc∈C ∥z(s) − c∥22. z(s) denotes the spectral coor-
dinate. We update the node assignment matrix with entry
P̂ij = 1 when superpixel si is assigned to the j-th cluster.
The cluster centroids are updated with newly added graph
nodes, and ci = 1/ni

∑
s∈Si

z(s), where ni denotes the
node number in the i-th cluster. We simplify the incremental
clustering by fixing the cluster number and batch-updating
the cluster centers. Unlike incremental k-means to update
the centroid with each newly added node, we conduct cen-
troid updates once per eight spGs.

We thirdly introduce supervision to neural clustering
learning. We use the MLP-based clustering module to assign
clustering labels. Unlike the per-graph evaluation of cluster-
ing criteria, we employ the incremental clustering assign-
ment P̂ as the supervision. The binary cross-entropy-based
clustering loss Lclu is defined as follows:

Lclu =− 1

ns · k
∑

1≤i≤ns,1≤j≤k

[P̂i,j logPi,j

+ (1− P̂i,j) log(1− Pi,j)],

(3)

where P̂i,j and Pi,j denote the ij-the entry of cluster as-
signment matrices obtained by the incremental k-means and
the neural clustering module. In order to enhance consistent
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Figure 3: Subcellular structure segmentation by the proposed approach and the compared state-of-the-art, including classical
k-means clustering, spectral clustering (Shi and Malik 1997) on pre-trained MAE features and the spG graphs, DSM (Melas-
Kyriazi et al. 2022), and MAESTER (Xie et al. 2023). (yellow: nucleus, green: mitochondria, blue: granules)

label assignments, we impose smoothness regularization on
clustering labels.

Lsmo =
1

n2
s

∑
1≤i,j≤ns

(aij−η)δ(Pi, Pj)+ν

∣∣∣∣∑i ∥Pi∥1
ns

− 1

∣∣∣∣ ,
(4)

where δ(pi, pj) = 1 − Pi·Pj

∥Pi∥∥Pj∥ , and Pi and Pj denote the
i-th and j-th row vectors of matrix P . The scalar value η is
used as a similarity threshold. Superpixel pairs with similar-
ity above η are penalized when they are assigned different
clustering labels. Conversely, we encourage the superpixel
pair with similarity below η to have different labels. The sec-
ond term is to avoid a trivial solution by requiring the sum
of cluster assignment probabilities equal to the node number
ns of the spG. By minimizing Lsmo, similar superpixels are
encouraged to bear the same labels and to promote consis-
tent labeling of subcellular structures. Note that, by employ-
ing the proposed neural clustering, the cluster assignment
with respect to various subcellular structures is consistent
across non-overlapped FOVs, which relieves test-time clus-
tering corrections and synchronization.

Loss The final loss function is defined as a linear com-
bination of the neural spectral embedding and regularized
clustering losses.

L = Lspe + γ1Lclu + γ2Lsmo. (5)

Hyperparameters γ1 and γ2 are used to trade off the spec-
tral embedding and the regularized clustering in the spectral
embedding space.

Experiments
Experimental Setup
Dataset and Metric. To evaluate the efficacy of the pro-
posed method for self-supervised subcellular segmentation,
we conduct experiments on standard benchmarks. The ap-
proach is trained and evaluated on the primary mouse pan-
creatic islet β cell dataset named BetaSeg proposed in
OpenOrganelle (Heinrich et al. 2021; Müller et al. 2021).
The VEM dataset of two pancreatic tissue samples are cap-
tured by focused ion beam scanning electron microscopy,

consisting of four cell volumes. We compare SOTA meth-
ods with the high-dosage group as (Xie et al. 2023). In
the preprocessing, we perform cell cropping from the tis-
sue stack into separated volumes. The cell volumes are as-
sociated with segmentation maps of subcellular structures by
manual annotation or the deep learning models (Müller et al.
2021). In this work, we consider four dominant categories,
i.e., nucleus, granules, mitochondria, and the unrecognized,
as (Xie et al. 2023). We use the first three cell volumes for
training and the remaining volume for testing.

We evaluate all subcellular segmentation using the Dice
similarity coefficient (DSC), Intersection over Union (IoU),
Sensitivity, and Accuracy, which allow us to measure the
consistency between the estimated structural segmentation
and the ground truth.
Implemental Details. To reduce the computational com-
plexity and spGs with similar numbers of nodes, we divide
the VEM slice into non-overlapping regions with a resolu-
tion of 560 × 560 and a physical size of 5.02 micrometers
squared area. We conduct superpixel decomposition using
the SLIC algorithm, with the compactness parameter set to
0.2. Each superpixel has an average of 100 pixels. There are
approximately 3000 superpixels in each image. As to the
MAE feature extractor, the input image region has a reso-
lution of 80 × 80, which is divided into 5 × 5 patches. As
(Xie et al. 2023), we use a weight of 0.08 to reduce the effec-
tiveness of positional encoding for feature extraction. We set
the masking ratio to 0.5. The ViT encoder is composed of 14
transformer layers and one attention head. The MAE-based
features channel number q is set to 192. κ in the RBF kernel-
based affinity computation is set to 2. We retain u = 12 ap-
proximated spectral bases. We set the cluster number k to 8.
Hyperparameter α in affinity matrix computation is set to 4.
The hyperparameter µ in the spectral embedding loss Lspe

is set to 1. The scalar threshold η and coefficient ν in Lsmo

are both set to 0.1. The hyperparameters γ1 and γ2 in the
loss function L are set to 1 and 0.1 to balance the criteria of
spectral embedding and the regularized clustering.

The LGC-based spectral embedding module consists of
three linear graph convolutional layers with 384× 96, 96×
48, and 48× 12 weight matrices. The MLP-based clustering
modules consist of two fully connected layers with 12× 12
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k-means DSM DeepCut Han et al. MAESTER w/o NSC w/o NChm w/o NCinc SCCS

nucleus 0.803 0.848 0.861 - 0.943 0.903 0.740 0.945 0.954
granules 0.571 0.345 0.333 - 0.556 0.365 0.485 0.500 0.573
mitochondria 0.679 0.742 0.694 - 0.778 0.769 0.664 0.785 0.861
unrecognized 0.858 0.817 0.778 - 0.868 0.848 0.802 0.858 0.875
Average 0.728 0.688 0.666 0.659 0.786 0.721 0.673 0.772 0.816

Table 1: Subcellular segmentation accuracy regarding the DSC by compared methods, including k-means, DSM (Melas-Kyriazi
et al. 2022), DeepCut (Aflalo et al. 2022), Han et al. (Han et al. 2022), MAESTER (Xie et al. 2023), and variants of the proposed
SCCS without using neural spectral clustering (NSC) or neural clustering (NC).

and 12×8 weight matrices. We use the Adam optimizer with
a momentum of 0.9 and 0.999. For training the MAE-based
feature extractor, we use a learning rate of 1e-5 and a batch
size of 32. We set the learning rate to 0.01 with a batch size
of 1 for training the neural spectral clustering model. The
training is performed on a PC with an NVIDIA RTX 2080Ti
GPU, consuming 6 hours with 6,000 iterations. In the online
testing process, the feature extraction, spG construction, and
neural spectral clustering of a 560 × 560 image take 1.997
seconds, 1.129 seconds, and 0.003 seconds, respectively.

Experimental Results
Subcellular Segmentation. We summarize our main results
on four categories of subcellular structures in Figure 3, Table
1, and Appendix Table 1. SCCS outperforms the compared
state-of-the-art, MAESTER (Xie et al. 2023), on all reported
categories of structures. In particular, SCCS improves by
0.011 on the nucleus, 0.017 on the granules, 0.083 on the
mitochondria, and 0.007 on the unrecognized category re-
garding the DSC. Note that we only need to extract features
for the spG instead of time-consuming patch feature extrac-
tion for each pixel (Xie et al. 2023), where our approach is
more efficient in test-time feature extraction.

We compare with classical k-means clustering on pre-
trained MAE features, where our approach shows a per-
formance gain of 0.088 regarding the DSC. We compare
patch clustering on VAE features (Han et al. 2022), where
the Mini-Batch k-means was used to conduct large scale
clustering. Our approach shows superior clustering perfor-
mance, with a DSC of 0.816 vs. 0.659 (Han et al. 2022). Un-
like the per-graph solution of clustering on the patch graph
using pre-trained feature extractors (Melas-Kyriazi et al.
2022; Aflalo et al. 2022), our approach learns neural spectral
clustering with consistent inter-graph cluster assignments.
We observe performance gains of 0.128 over DSM (Melas-
Kyriazi et al. 2022) and 0.150 over DeepCut (Aflalo et al.
2022). Moreover, our SCCS achieves competitive perfor-
mances with supervised segmentation models (Strudel et al.
2021; Dosovitskiy et al. 2020) (Appendix Table 2).

The proposed SCCS enables self-supervised multi-class
subcellular structure segmentation, as shown in Figure 4.
We note that SCCS is feasible for spectral embedding and
clustering on the spG. The approximated spectral bases of
the graph Laplacian matrices have been found to be acti-
vated similarly across images regarding subcellular struc-
tures. This is because the neural spectral embedding makes

it possible to assign similar spectral coordinates to nodes of
same category of structures. Moreover, the learned cluster-
ing model generates consistent label assignments, where the
same category of subcellular structures across images bear
congruent labels. We note that SCCS is feasible for spectral
clustering on the spG even when confronted noisy images as
shown in Appendix Table 3.

Ablation Study
To investigate the necessity of each module in SCCS, we
conducted a comparison of SCCS and its variants: (1) SCCS
(w/o NChm) that removes the neural clustering module and
uses per-graph k-means clustering and Hungarian matching
with the ground truth, (2) SCCS (w/o NCinc) that removes
the neural clustering module and uses incremental k-means,
(3) SCCS (w/o NSC) that removes neural spectral cluster-
ing modules and conducts numerical spectral clustering as
(Melas-Kyriazi et al. 2022). We compare with all variant
models using the same MAE-based features and spG graph
as ours (Table 1). The experiments demonstrate that even
when we use the same refined features and spG graphs, the
proposed SCCS outperforms the classical clustering, w/o
NChm and w/o NCinc, by 0.143 and 0.044. Moreover, our
approach outperforms the numerical spectral clustering (w/o
NSC) by a DSC of 0.095. This demonstrates the benefits of
learning a neural spectral embedding and clustering module
to distill consistent inter-image spectral clustering assign-
ments. Moreover, we provide ablation study of the smooth-
ness regularization (Appendix Figure 1), where the smooth-
ness regularization is feasible to remove inconsistent label-
ing, especially around structural boundaries.

Parameter Analysis
Cluster Number. Table 2 reports the effectiveness of the
cluster number in subcellular segmentation. We note that
the performance reaches a local maximum when the clus-
ter number is set to 8. In unsupervised clustering, large or
small cluster numbers show limitations. For instance, nu-
cleus segmentation deteriorates when k is set to 6, where the
morphology of the nucleus cannot be captured. On the other
hand, granule segmentation accuracy decreases with k of 9,
where a large number of repetitively occurring fine-grained
granules cannot be assigned to the same cluster.
Superpixel Granularity. Unlike the patch-based methods
(Xie et al. 2023; Melas-Kyriazi et al. 2022), the spG is more
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Figure 4: Subcellular segmentation by the proposed SCCS. (a) Input raw images. (b) The approximated spectral bases produced
by the proposed neural spectral embedding module. (c) k-means clustering without synchronization. (d) Our approach (yellow:
nucleus, green: mitochondria, blue: granules).

k 6 7 8 9

nucleus 0.047 0.934 0.954 0.926
granules 0.521 0.521 0.573 0.477
mitochondria 0.876 0.866 0.861 0.781
unrecognized 0.794 0.871 0.875 0.859

Average 0.559 0.798 0.816 0.761

Table 2: The DSC when using different cluster number k.

flexible to represent variable morphologies of the subcellular
structures than regular patches. Figure 5 (a) reports segmen-
tation accuracy with superpixel numbers ranging from 2000
to 4000. We note that a local maximum DSC occurs at 3000
superpixels. The spG is feasible to control the graph size and
provide a compact representation of the VEM image. In con-
trast, the patch graph requires small enough patches to fit in
the subcellular structures. The graph node number of spG
is 6.53 times smaller than the patch graph of DSM (Melas-
Kyriazi et al. 2022), allowing for efficient test-time feature
extraction and clustering. Moreover, our method is 137.61
times faster than MAESTRER (Xie et al. 2023) which re-
quires time-consuming pixel-level feature extraction.
Spectral Basis Number. We evaluate the effectiveness of
the spectral basis number, as shown in Figure 5 (b). Consid-
ering the immune nature of the spectral embedding to high-
frequency perturbations, we conduct clustering in the low-
dimensional spectral embedding space. We observe slight
performance variations on most structures when the spectral
basis number u varies from 8 to 16. However, the perfor-
mance decreases greatly when u is set to 4. Moreover, the
granule segmentation accuracy is significantly higher when
u is set to 12 than others. We think enough spectral bases are

Figure 5: The DSC when using different (a) superpixel num-
ber ns and (b) spectral basis number u.

required to cover the variations of fine-grained structures,
while a large number of spectral bases entails the risk of
high-frequency perturbations.

Conclusion
We have presented a novel deep neural spectral clustering
model for self-supervised and consistent subcellular struc-
ture segmentation. Our key insight is to learn a neural spec-
tral embedding and clustering model on superpixel graphs.
This allows for the use of the pre-trained model for efficient
test-time feature extraction and label assignments with inter-
graph consistency. Specifically, our work is inspired by re-
cent advancements in deep clustering-based image segmen-
tation (Xie et al. 2023; Melas-Kyriazi et al. 2022). We aug-
ment these methods with learnable modules that discover
spectral clustering, allowing for efficient and consistent la-
beling of subcellular structures across images and alleviating
the need for additional cluster synchronization. Experiments
demonstrate that our approach achieves state-of-the-art sub-
cellular structure segmentation accuracy.
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