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Abstract

The continuous advancements in life science technology have
enabled spatial transcriptome technology to achieve an im-
pressive level of resolution at the single-cell level. This tech-
nology has emerged as a crucial method for studying the
cellular composition and differentiation states of tissues, in-
vestigating cell-cell interactions, and unraveling the molecu-
lar mechanisms underlying diseases and developmental pro-
cesses. A key component in this analysis is the accurate seg-
mentation of cells. However, existing segmentation methods
often fail to fully leverage the valuable information provided
by spatial transcriptomics, leading to inaccurate cell seg-
mentation. In this study, we introduce SSL-CST, a cell seg-
mentation for single-cell spatial transcriptome method based
on self-supervised learning. SSL-CST employs a pre-trained
model for foundational contour segmentation. Following the
denoising process, it utilizes a self-supervised neural network
to correct the cell boundaries to obtain accurate cell bound-
aries. Through this approach, SSL-CST outperforms other
state-of-the-art methods in various tests conducted on mul-
tiple datasets. The improved segmentation provided by SSL-
CST further enhances the analysis of single-cell spatial ex-
pression, providing effective tools for biological discovery.

Code — https://github.com/wlhuo/SSL-CST

Introduction
Cancer, a significant challenge of the 21st century,
poses substantial social, public health, and economic bur-
dens(Bray et al. 2024). It is responsible for a sizeable
amount, about 22.8%, of deaths globally attributable to non-
communicable diseases(Sung et al. 2021). Disturbingly, the
incidence of new cancer cases is projected to rise to around
30 million globally by 2040, exerting immense pressure on
healthcare systems and communities(Chhikara, Parang et al.
2023). A series of studies have consistently demonstrated
that high heterogeneity is a major obstacle in effectively
treating tumors(Bhang et al. 2015). Consequently, charac-
terizing tumor heterogeneity is paramount for advancing our
knowledge of cancer biology. Indeed, inter-tumor hetero-
geneity and intra-tumor heterogeneity are the two primary
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categories into which tumor heterogeneity can be gener-
ally divided. Inter-tumor heterogeneity refers to the varia-
tions observed between tumors in different patients. A crit-
ical necessity in clinical practice is the single-cell identi-
fication of cell types and their distribution within the tu-
mor microenvironment(Dagogo-Jack and Shaw 2018). This
comprehensive understanding can unravel the mechanisms
underlying cancer occurrence and development, and ulti-
mately provide valuable strategies and methods for clini-
cal management. Unraveling cellular heterogeneity has be-
come easier with the use of single-cell sequencing tech-
niques(Gohil et al. 2021). However, it is difficult to char-
acterize intra-spatial cell interactions within tumors because
this technique causes the loss of spatial histology infor-
mation during the cell separation procedure(Tellez-Gabriel
et al. 2016). This loss of spatial context hampers the ability
to comprehend the intricate cellular relationships and com-
munication networks that exist within the tumor microenvi-
ronment.

An increasing number of studies are utilizing spatial tran-
scriptome analysis to investigate the spatial heterogeneity
of cancer(Zheng and Fang 2022). Based on the methods
of detection used, spatial transcriptome technology can be
divided into two main categories: sequencing-based meth-
ods(Zhuang 2021) and in situ-based methods(Liu et al.
2020). These approaches cover a range of cellular resolu-
tions, from subcellular to multicellular levels(Asp, Bergen-
stråhle, and Lundeberg 2020). In the in situ-based method,
high-precision spatial transcriptomic sequencing technol-
ogy(Racle et al. 2017) offers nanoscale resolution for detec-
tion. By combining a DNA nanosphere pattern array chip
and RNA in situ hybridization, this method can capture
hundreds of cells at each spatial point, enabling accurate
identification of cell types at the single-cell level and pro-
viding insights into the cell distribution and composition
within the tumor microenvironment. Methods that convert
raw spatial transcriptomics data into spatial expression pro-
files at the single-cell level are integral to the process of
cell type identification. As it allows for precise localization
of cell positions and regions, thereby enhancing the overall
accuracy of spatial transcriptomic technology. Commonly
used methods usually utilize transcriptome data to clas-
sify individual transcriptomes for cell segmentation, such as
Baysor(Petukhov et al. 2022), Sparcle(Prabhakaran 2022),
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and ClusterMap(He et al. 2021), frequently operate under
the assumption that RNA expression is uniform across the
entire cell. This foundational assumption represents a sig-
nificant limitation of these approaches, as it overlooks the
inherent spatial and functional heterogeneity that can exist
within a single cell. With the continuous development of
analysis tools and methods, researchers have recognized the
importance of incorporating auxiliary staining methods and
histological images into the cell segmentation process(Wang
et al. 2019). JSTA(Littman et al. 2021) enhances the seg-
mentation results by integrating cell type probabilities for
each pixel and iteratively refining the assignment of bound-
ary pixels based on these probabilities. However, the effec-
tiveness of JSTA diminishes under conditions of low seg-
mentation quality. SCS(Chen, Li, and Bar-Joseph 2023) em-
ploys a comprehensive strategy that integrates staining im-
ages with spatial transcriptome gene expression data to en-
hance the accuracy of cell segmentation. However, SCS se-
lects only spots with high transcriptome expression inten-
sity as positive samples during the sample selection process.
While this method effectively identifies regions of interest,
it may be susceptible to biases introduced by technical ar-
tifacts or random fluctuations in transcript abundance. Al-
though existing methods have shown promising results, they
may not fully exploit the expression information from spa-
tial transcriptomics data and staining image information to
address the cell segmentation problem.

Aiming at this problem, we present SSL-CST, a cell seg-
mentation method for single-cell spatial transcriptome based
on self-supervised learning. The main contributions of this
work are summarized as follows:

1) We performed initial contour segmentation using a pre-
trained model, combined with a dynamic adaptive morpho-
logical erosion algorithm for denoising. Additionally, we
employed a self-supervised network to refine cell bound-
aries, thereby overcoming the limitations of traditional
methods that rely heavily on labeled data and struggle to
capture cellular heterogeneity.

2) We innovatively integrated positional information from
nuclear staining images, gene expression intensity, and spa-
tial distance features to construct a multi-dimensional input.
This was achieved through a hybrid encoding architecture
that combines self-attention mechanisms with a reparame-
terized multilayer perceptron(RMLP) for feature extraction,
effectively leveraging the multi-source information inherent
in spatial transcriptomics data.

3) Experimental results demonstrate that our method out-
performs state-of-the-art approaches across multiple high-
resolution spatial transcriptomics datasets(SeqFISH+(Eng
et al. 2019), Stereo-seq(Chen et al. 2022), and Merscope-
Ovarian(Huang et al. 2024)). This advancement provides a
more reliable tool for analyzing the tumor microenviron-
ment.

Material and Methods
The data required for the method is segregated into two com-
ponents: spatial transcriptomics sequencing data and cor-
responding nuclear staining images. The sequencing data

should encompass essential information, including the gene
type, coordinates, and gene expression intensity.

Nuclei segmentation
The absence of ground truth labels for cells in spatial
transcriptomic staining images and the different imaging
methods of different source data renders the training of
models or the fine-tuning of pre-trained models exceed-
ingly virtually impossible. We employed pre-trained mod-
els for nuclei segmentation and assessed the performance
of four prominent cell segmentation frameworks: Cell-
pose(Pachitariu and Stringer 2022), DeepCell(Bannon et al.
2021), and StarDist(Schmidt et al. 2018), Watered(Kornilov
and Safonov 2018), utilizing spatial transcriptome stain-
ing images as the evaluation medium. Experimental re-
sults(Fig. 3 and Fig. 4) indicate that the pre-trained model
”cyto2” within the Cellpose framework is the most suitable
choice for the whole framework. Cellpose is built upon the
architecture of convolutional neural networks and U-Net, it
performs high-quality segmentation and classification of dif-
ferent types of cell images. The model can accurately iden-
tify the majority of cell nuclei in spatial transcriptome stain-
ing images, thereby enhancing the reliability of subsequent
analyses in spatial transcriptomics.

Post processing
The selection of positive and negative samples in self-
supervised learning is crucial to the model. To mitigate the
noise generated by the Cellpose and to ensure the acquisi-
tion of more reliable positive samples, we employed a dy-
namic adaptive morphological erosion algorithm to optimize
the cell nucleus boundaries generated by the segmentation
model. Through multi-scale iterative erosion operations, we
progressively eliminated edge artifacts and discrete noise
points, while excluding overly small or irregularly shaped
areas resulting from erosion. Ultimately, regions with intact
morphology and clear gene expression signals were identi-
fied, providing a high-confidence training data foundation
for subsequent self-supervised learning. The pseudocode is
shown in Algorithm 1.

Algorithm 1: Cell Contour Erosion

Require: X = n×matrix, cell contour maxrix for n cells
M : a rotation matrix of a random angle
fwarpaffine: affine transformation function

Ensure: E: cell contour matrix after erosion
1: for i in iterator(X1, X2, ...Xi) do
2: S = Fwarpaffine(M,Xi)
3: E(Xi, S)(x, y) = min(sx,sy)∈S I (x+ sx, y + sy)
4: end for

Cell correction
For each labeled nucleus region we calculate its centroid.
The centroid coordinates represent the central point of the
nucleus. This can be achieved by computing the average
of the x-coordinates and y-coordinates of all the N pixels
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Figure 1: SSL-CST framework. a, It indicates that the orange region outlines the nucleus, while the green area represents
gene expression information. Positive samples are identified within the nucleus where gene expression is strong, depicted in
white, whereas negative samples are those located far from the nucleus with little to no gene expression. b, When a sample is
positioned in proximity to two adjacent cells, it is more likely to be associated with the closer cell. c, Self-supervised learning
network architecture. The weight of each cell point expression is adaptively learned through the Transformer-based multi-head
self-attention mechanism. See Cell correction for details.

within the nucleus region:

Ci(x, y) =[∑N
j=1 nucleus x[i][j]

N
,

∑N
j=1 nucleus y[i][j]

N

]
(1)

The proximity of a point to the center of mass of a nucleus
serves as evidence of its association with the cell. The closer
a point is to the nucleus’s center of mass, the stronger the
indication that it belongs to the cell. For each sample point
outside the nucleus, calculate the euclidean distance to the
centroid of each nucleus and normalize the distance using
the exponential function:

di,j(x, y) =
√

(xi − xcj )
2 + (yi − ycj )

2 (2)

di = min(di1 , di2 , . . . , din) (3)
Upon obtaining the nucleus region, SSL-CST employs

a self-supervised learning algorithm to delineate the cyto-
plasm region(Fig. 1). To ensure the selection of accurate
samples for cell identification, a specific criterion is used to
define positive and negative samples.

Positive Samples Points that exhibit gene expression
within the nucleus are selected after applying image ero-
sion. This selection criterion ensures that only those points
indicative of active gene expression are considered as posi-
tive samples. Conversely, points located within the nucleus
that do not show gene expression are excluded from this cat-
egory.

Negative Samples The points that are not located within
a nucleus, exhibit a distance to the nearest nucleus that ex-
ceeds a predefined threshold, and demonstrate no gene ex-
pression are selected as negative samples.

The nearest neighbor distance in negative samples is sub-
jected to exponential normalization, while the positive sam-
ple is also normalized. The coordinate information of the
sample is also subjected to normalization:

pi =

[
xi−minx

maxx −min x
yi−miny

max yy−min y

]
(4)

To forecast a point’s gradient direction into its cell and
whether it is within or outside the cell, we employ the fol-
lowing classifier. By taking gene expression information(g),
position information(p) and distance information(d) as in-
put, the encoded tensor is obtained through a process in-
volving linear projection and encoding using three fully con-
nected layers:

t = gW1 + pW2 + dW3 (5)

W1 ∈ RN×D,W2 ∈ R2×D,W3 ∈ RD represent the
weight matrices of the three dense layers.

To facilitate feature extraction, we employ an encoder
composed of eight identical modules. Each module com-
prises two essential components: a self-attention(Vaswani
et al. 2017) mechanism and a RMLP. The self-attention
mechanism plays a crucial role in capturing dependencies
and relationships among different elements within the input
data. It makes it possible for the model to provide distinct
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segments of the input sequence varying degrees of priority,
facilitating efficient feature extraction:

[q, k, v] = rUqkv (6)

A = softmax(
qkT√
D
) (7)

SA(r) = Av (8)
In the self-attention architecture, the tensor Uqkv is re-

sponsible for projecting each point representation into a
three-dimensional vector. The dot product between each
query and all keys is calculated, and it is then scaled by
the square root of D to yield the attention score A. These
dot products are passed through the softmax function, re-
sulting in attention scores that represent the weights as-
signed to neighboring points. These attention scores are
then used to weight the corresponding values v, resulting
in a D-dimensional weighted representation for each point.
Through the use of this process, the model is able to concen-
trate on pertinent neighboring points and include their data
into the representation of each individual point.

In the second module of the architecture, the representa-
tion obtained from the attention mechanism undergoes fur-
ther transformation. This module consists of a stack of mul-
tiple RMLP layers. The RMLP layers employ a unique ap-
proach where the reparameterization matrix is randomly ini-
tialized during each training iteration. This reparameteriza-
tion matrix is then applied as a linear transformation to the
input tensor during forward propagation:

RMLP (r) = I ×W (9)

This process of random initialization and change can be
seen as a noise injection mechanism, which aids in enhanc-
ing the model’s generalization ability. Within the RMLP
layers, the reparameterized matrices are trainable, allow-
ing the model to learn and adjust the transformation based
on the given task and data. During each forward propaga-
tion, the input tensor is multiplied by the reparameterized
matrix through matrix multiplication. The resulting tensor
is then processed through the GELU activation function,
which introduces nonlinearity and helps capture complex
patterns and relationships. By incorporating these RMLP
layers, the architecture enables the model to exploit the ben-
efits of noise injection and adaptive linear transformations.
This mechanism enhances the model’s capacity to general-
ize well and learn meaningful representations from the input
data.

In each encoder layer, the input tensor undergoes layer
normalization before being processed by the subsequent
block. Layer normalization normalizes the values along each
feature dimension of the input tensor, ensuring that the dis-
tribution of values remains consistent across different sam-
ples. In the architecture, each encoder layer takes the output
rl−1 of the previous layer as input and generates the output
rl for the subsequent layer. This sequential process contin-
ues until we reach the last layer of the encoder:

r′l−1 = SA(LN(rl−1)) + rl−1 (10)

rl = RMLP (LN(r′l−1)) + r′l−1 (11)

Establish point-to-nucleus direction labels for selected
training samples, a whole circle is divided evenly into 16
direction classes:

dir =



floor
(

arctan( yc−y
xc−x )

2π × 16

)
if yc − y >= 0 and xc − x >= 0

floor
(

arctan( yc−y
xc−x )+π

2π × 16

)
if xc − x < 0

floor
(

arctan( yc−y
xc−x )+2π

2π × 16

)
if yc − y < 0 and xc − x >= 0

(12)
Points in close proximity to the nucleus tend to have more

predictable gradients. We adjust direction prediction by ad-
justing the prior probability of direction classification based
on prior knowledge such as nucleus coordinates and size.
Based on the preset cell radius r and the standard deviation
per unit cell σ, where the standard deviation is one quarter
of the radius. Different expected radii can be set for differ-
ent parts of the dataset. If the coordinates of the surrounding
cell nuclei are not known, we make the assumption that the
prior probability of the gradient direction of a point dg is
uniformly distributed:

Pold(dg = i) =
1

16
, for i ∈ [0, 15] (13)

Once the surrounding nuclear coordinates of a point are
known, the prediction options for the direction are narrowed
down to the region where the center of the nucleus can be
found. With this additional information, we can restrict the
possible directions for the point’s gradient to a specific area:

Pnew(dg = i) =

{
0 No nucleus within r + σ in the area
1
n Nucleus within r + σ in the area

(14)

Provided that there are n possible directions containing the
nucleus, the predicted probability of the point in the i direc-
tion can be calculated as follows:

Pnew(dg = i|x, s) =
Pold(dg = i|x, s)Pnew(dg = i)/Pold(dg = i)∑n

k′=0 Pold(dg = i|x, s)Pnew(dg = i)/Pold(dg = i)
(15)

The pseudocode of the algorithm is shown in Algorithm
2. Take the direction class with the highest probability and
convert it back to a two-dimensional direction vector. These
gradients represent the direction and magnitude of the sig-
nal associated with each point. The gradient flow tracking
algorithm(Li et al. 2007) is then employed to perform unit
segmentation. In the gradient flow tracking algorithm, the
direction vectors act as guides for the flow of information.
The vectors flow towards a receiver, which corresponds to
the center of the nucleus of each cell. Noise present in the
orientation vector of the sequenced section or in spots where
no RNA is detected can lead to unexpected termination of
the flow trace. Therefore, we smooth point-level predictions
by averaging the direction vectors and target probabilities of
each point and the eight nearest neighbors of the point itself.
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Algorithm 2: Main Learning Algorithm

Require: x ∈ X: training samples, each sample x contains
three inputs: gene expression (xg), position (xp), and
distance (xd).

Ensure: (y, ya) ∈ Y : y binary classification probability
and angle.

1: for sampled minibatch {xk}Nk=1 do
2: v = W1 × xg +W2 × xp +W3 × xd + b

3: headi = softmax
(

QKT

√
dk

)
V

4: MultiHead(Q,K, V ) =
5: Concat(head1, head2, . . . , headh)× W
6: for i to n do
7: v1 = MultiHead(norm(v))
8: v2 = Add(v1, v)
9: for units to hidden units do

10: v3 = v2 ×Wunits

11: v4 = c× v3 ×
(
1 + erf

(
v4√
2

))
12: v =

{
xi

1−p with probability (1− p)

0 with probability p

13: end for
14: return v
15: end for
16: end for
17: Define Ly(y, ŷ) = −y log(ŷ)− (1− y) log(1− ŷ)
18: Update networks W and b to minimize L

Experiments
Experimental Setup All experiments conducted in the
study were performed on a server equipped with an eight-
core Intel(R) Xeon(R) Gold 6240 CPU and an NVIDIA
A100-SXM4-80GB GPU. All experiments use the Adam
optimizer unless otherwise stated. The initial learning rate is
set to 1e−4. The batchsize is set to 256. To prevent overfit-
ting and enhance training efficiency, we established a max-
imum of 200 epochs and implemented an early stopping
mechanism: training was automatically terminated if the val-
idation loss did not decrease for 10 consecutive epochs.

Datasets We conducted the evaluation of the proposed
cell segmentation method on three spatial transcriptomics
datasets obtained by different techniques: Stereo-seq, Seq-
FISH+ and Merscope-Ovarian.
SeqFISH+ (Eng et al. 2019): The dataset comprises single
decoded mRNA point positions obtained from experiments
conducted on NIH/3T3 cells, encompassing a total of 10,000
genes. Notably, the database includes the true expression
values for each individual cell.
Stereo-seq (Chen et al. 2022): The dataset is a three-
dimensional sequencing data of mouse embryos. encom-
passing a significantly greater number of genes compared to
other datasets. The specific specimen utilized in this study is
E14.5E1S3, which contains 27,413 genes and 4,873 cells.
Merscope-Ovarian (Huang et al. 2024): The Merscope-
Ovarian dataset comprises spatial transcriptomics data de-
rived from pathological sections of human ovarian cancer.

Figure 2: The intersecting area, depicted in yellow, repre-
sents the region where the cells identified by both methods
overlap. The green and blue areas correspond to the disjoint
regions identified by each method individually. Calculate the
correlation between gene expression levels in the disjoint
area and the intersecting area.

For our analysis, we specifically utilized data from the third
section, which includes 500 sequenced genes and 71,381
cells.

Evaluation indicators In the datasets obtained from the
Stereo-seq and Merscope-Ovarian methods, no ground truth
of cell segmentation was provided. To evaluate these
datasets, Viktor Petukhov(Petukhov et al. 2022) proposed
a common method for evaluating cells generated by differ-
ent segmentation methods. In this evaluation method, the
segmentation results from various algorithms are compared
to derive their intersection and difference areas. The inter-
section area typically corresponds to the central region of
the cell, which serves as a critical reference point for as-
sessing segmentation accuracy(Fig. 2). The correlation be-
tween gene expression levels in each difference area and
those in the intersection area is calculated using the Pear-
son correlation coefficient. A stronger correlation indicates
a greater similarity between the gene expression profiles in
the difference areas and those in the intersection area, the
more precise the cell segmentation achieved by the respec-
tive method.

Experimental Results The number of nucleus segmented
by four distinct segmentation methods(C-cellpose, W-water,
D-deepcell, S-stardist) was assessed in both the Stereo-seq
and SeqFISH+ datasets(Fig. 3). Cellpose achieved the high-
est segmentation count of nuclei in both datasets(The num-
ber of cell nuclei in the Stereo-seq dataset was 4126 and in
the SeqFISH+ dataset this number was 857). Further anal-
ysis revealed the watershed algorithm shows a large area of
nucleus adhesion, while the startdist algorithm shows vary-
ing degrees of nucleus fragmentation(Fig. 4). This observa-
tion further substantiates the conclusion that the watershed
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Figure 3: Comparison of the number of nuclei segmented by
different algorithms in Stereo-seq and Seqfish+ with ground
truth. The x-axis represents the different segmentation meth-
ods, while the y-axis indicates the number of cells.

staining image watered deepcell 

stardist cellpose cellpose_v2

staining image watered deepcell 

stardist cellpose cellpose_v2

Figure 4: The segmentation results of various algorithms ap-
plied to nucleus staining images.

exhibits a low correlation with other segmentation methods.
The transcriptome data obtained through the watershed algo-
rithm often do not correspond to the same cell. Although the
DeepCell algorithm can more accurately identify the outline
of the nucleus, some nucleus are still not identified.

In the analysis of the Stereo-seq dataset, the average cor-
relation coefficient of the SSL-CST segmentation results is
found to be 23% higher than that of Cellpose, demonstrat-
ing a marked improvement over other segmentation meth-
ods(Fig. 5). The increased correlation underscores the ca-
pability of SSL-CST to accurately delineate the cytoplasm
region.

We measured the cell diameters obtained through SSL-
CST segmentation and compared them with the diameters
of cell nuclei segmented by other methods(Fig. 6). The re-
sults indicated that SSL-CST provided a more realistic es-
timation of cell diameter, consistently yielding values that
exceeded those of any cell nucleus diameter measured by
the alternative segmentation techniques. This finding indi-
cates that SSL-CST effectively integrates the cytoplasm into
cell segmentation results, enhancing the overall accuracy of
the segmentation process.

In the SeqFISH+ dataset, the manually annotated cell

Figure 5: Correlation of SSL-CST with other methods on
Stereo-seq datasets. The correlation between SSL-CST and
Cellpose is observed to be the highest, indicating a strong
alignment between the segmentation results produced by
these two methods. This can be attributed to the fact that
SSL-CST leverages the foundational segmentation results of
cell nuclei generated by Cellpose as its starting point.

segmentation ground truth can be obtained from the
original dataset. We used the Intersection over Union
(IoU)(Rezatofighi et al. 2019) metric to evaluate the con-
sistency of cell segmentation with the ground truth when
assessing the performance of several algorithms on the se-
qFISH dataset. The results (Fig. 7) of the study indicate that
the cell segmentation method performs exceptionally well in
the SeqFISH+ dataset, surpassing other segmentation meth-
ods in terms of accuracy.

Furthermore, we conducted a comparative analysis of the
correlation between the SSL-CST method and the other
three segmentation methods using the Merscope-Ovarian
dataset(Fig. 8). The results indicated that SSL-CST achieved
an average correlation that was over 4% higher than that of
the SCS method and exhibited an impressive increase in cor-
relation compared to the other two methods. One noteworthy
phenomenon observed is that when transcriptome through-
put is low, the segmentation results obtained from various
methods do not perform as well as those derived from high-
throughput stereo datasets. This discrepancy suggests that
lower throughput may limit the amount of available tran-
scriptomic information, potentially affecting the accuracy
and reliability of cell segmentation.
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Figure 6: Comparison of nuclei diameters by different meth-
ods(Cellpose, Watered, DeepCell, StarDist) and cell diame-
ters segmented by SSL-CST on the Stereo-seq dataset.

Figure 7: In the case of the cell segmentation method ap-
plied to the seqFISH dataset, the average IoU score of SSL-
CST across all cells was found to be 0.772. SCS achieves
an average of 0.687, Baysor scores 0.495 and JSTA scores
0.496. This enhanced performance underscores the potential
of SSL-CST for reliable cell segmentation.

Ablation study We conducted ablation experiments uti-
lizing the SeqFISH+ dataset, which includes true values,
to assess the impact of specific features on model perfor-
mance(Fig. 9). In these experiments, we systematically re-
moved the distance feature and the position feature from
the model during training. Upon training the model for 200
epochs, the removal of the distance feature resulted in a de-
crease in accuracy of nearly 20% and the removal of the
position feature led to a reduction in accuracy of approxi-
mately 10%. These results highlight the significance of both
the distance and position features in enhancing the model’s
performance, underscoring their contributions to the overall
accuracy of the segmentation process.

Conclusion
In this study, we proposed a novel cell segmentation method
based on the principles of self-supervised learning. A unique
property is that the method fully integrates the informa-
tion from staining images and gene expression data, lever-

Figure 8: A comparative analysis of the correlation between
SSL-CST and the segmentation methods SCS, Baysor, and
JSTA was conducted using the Merscope-Ovarian dataset.
The results reveal that the correlation coefficient for SSL-
CST is slightly higher than that of SCS, indicating a
marginal improvement in segmentation accuracy. In con-
trast, SSL-CST exhibits a significantly higher correlation
when compared to both Baysor and JSTA.

Figure 9: Testing of different options of model parts. Figure
a showcases the result of utilizing the watershed method as
a replacement for the Cellpose model in the segmentation
process. Figure b demonstrates the outcome of removing the
distance feature engineering from the analysis.

aging both the positional characteristics and gene expres-
sion profiles of each point within the tissue sample. A self-
supervised network is employed to classify all points in the
stained image to obtain high-precision cells. Through exten-
sive testing on multiple datasets, the method outperforms
other state-of-the-art methods, demonstrating superior seg-
mentation performance. Given the substantial computational
demands associated with integrating high-dimensional tran-
scriptomic and imaging data, we plan to further optimize the
algorithm’s runtime and memory usage in future work. This
will enable the development of practical solutions for large-
scale multimodal biomedical data analysis. Furthermore, in-
corporating domain-specific knowledge and prior informa-
tion into the segmentation framework is worth exploring.
Leveraging prior knowledge about cell morphology, tissue
structure, or specific staining patterns can guide the segmen-
tation process and improve its accuracy and efficiency.
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