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Abstract

Automated 3D pulmonary vessel segmentation from CT im-
ages is crucial for improving early screening and assess-
ment of pulmonary vessel related diseases. However, it
remains an extremely challenging task due to the complex
and tree-like structures of vessels, large scale-variations,
and the existence of highly similar tissues in the back-
ground. Existing segmentation models either cannot suffi-
ciently capture long-range structural dependencies, which
are of great importance in vessel segmentation, or are con-
strained by insufficient computational resources in clinical
settings. In this paper, we propose VesMamba, a novel
model for 3D pulmonary vessel segmentation that compre-
hensively addresses these challenges. Specifically, we first
devise a spatial-gated structural perception (SSP) module,
which employs Mamba to efficiently capture long-range de-
pendencies. In SSP, we design dynamic spatial attention
convolutions (DSAC) for dynamically learning the tree-like
3D vessel structures, providing Mamba with the spatial per-
ception capability to better track the complicated topologies
of vessels. Second, we propose an innovative bidirectional
scale-aware filter (BSF) module to strengthen the represen-
tation capability of the encoder, facilitating our model to fo-
cus on vessels of different scales under noise. Moreover, we
apply a mask-constrained decoder to further improve seg-
mentation consistency and accuracy, which constrains the
inference of adjacent low-layer decoders directly by high-
layer masks. Extensive experiments on the public Parse22
and internal Lung79 datasets demonstrate that our method
can achieve better performance than SOTAs. Code is avail-
able at https://github.com/Lzpbright/VesMamba.

1. Introduction

Pulmonary vessel diseases have become one of the most
important causes threatening human health [14]. Com-
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Figure 1. Challenges in 3D pulmonary vessel segmentation:
(a) complex tree-like anatomical structure, (b) large variation in
scales, (c) small vessels with low contrast, (d) motion artifacts in
CT images, (e) complex overlapping, and (f) high similarity be-
tween artery and vein.

puted tomography (CT) is the major imaging modality for
the diagnosis and treatment planning of pulmonary ves-
sel diseases. However, manual pulmonary vessel analy-
sis based on CT images is time-consuming, labor-intensive,
and experience-dependent. To this end, automated and ac-
curate pulmonary vessel segmentation from CT images is of
great clinical significance in practice. Yet, it is an extremely
challenging task for the following reasons. First, pulmonary
vessels present a very complicated tree-like anatomical
structure with large variation in scales, as shown in Figure 1
(a-b). Second, there are many small-scale vessels with quite
low contrast in CT images, while motion artifacts in CT im-
ages make them even more difficult to identify, as shown in
Figure | (c-d). Third, it is difficult to discriminate overlap-
ping vessels, as well as tissues with high similarity, such as
the arteries and veins, as shown in Figure | (e-f).

A lot of effort has been dedicated to addressing these
challenges. Early investigations attempt to segment ves-
sels via grayscale features [23, 33, 41], but they largely
fail to address most of the aforementioned challenges. In



recent years, many deep learning-based approaches have
been proposed. CNN-based models are first applied for
3D vessel segmentation [12, 31]. Later, CNN-Transformer
hybrid models [38] are proposed to employ transformers
to extract vessel distribution information, and then com-
bine the local features obtained from CNNs to improve seg-
mentation accuracy. However, most of these methods ig-
nore or do not sufficiently leverage the topological structure
of vessels. To further improve performance, some stud-
ies introduce tree-like topological structures to guide the
model in learning the semantic features of vessels [13],
while other studies propose adaptive convolutions to sim-
ulate vessel topology [3, 25] or design special losses for
vessel structures [29]. However, these methods are still in-
capable of efficiently modeling complicated and multi-scale
vessels with reasonable computational resources in clini-
cal settings, particularly under noise and complex back-
grounds. Recently, Mamba [6], which is based on the state
space model (SSM) [4], has shown significant advantages
in sequence modeling with linear time complexity. Given
its strong long-term modeling capability and computational
efficiency, some studies redesign Mamba for 3D medical
image segmentation [21, 40]. There are also a few studies
that investigate how to employ multi-scale SSM for blood
vessel segmentation [35]. However, while Mamba exhibits
great potential in 3D pulmonary vessel segmentation, exist-
ing models do not sufficiently explore its advantages in this
task, neither improving segmentation accuracy nor reducing
computational burdens.

In this paper, to comprehensively address the above-
mentioned challenges, we propose a novel 3D vessel seg-
mentation model based on Mamba; we call it VesMamba.
Specifically, we first incorporate Mamba into an innova-
tive spatial-gated structural perception (SSP) module to ef-
ficiently capture the long-range topological dependencies
of the vessels. In SSP, we devise a novel dynamic spa-
tial attention convolution (DSAC) that dynamically adjusts
directional weights to cope with the spatial anisotropy of
3D vessel data, ultimately highlighting features along the
spatial direction of vessels. This enables Mamba to model
long-term dependencies while also acquiring the spatial per-
ception capability. Furthermore, we propose a bidirectional
scale-aware filtering (BSF) module, which, considering the
issues of feature interference and propagation, innovatively
employs the bidirectionally fused features not as the out-
put but for multi-scale noise filtering to enhance the rep-
resentation capacity of encoder features at each layer. Fi-
nally, we design a mask-constrained decoder (MCDecoder)
based on deep supervision, where high-layer masks are har-
nessed to directly constrain the inference of adjacent low-
layer encoders to ensure the consistency of vessel segmen-
tation while improving accuracy. Extensive experiments
on a benchmarking public 3D pulmonary vessel dataset,

Parse22 [20], and an in-house 3D pulmonary airway-artery-
vein dataset, Lung79, demonstrate that our method achieves
better performance than SOTA approaches. Our main con-
tributions are summarized as follows.

* We propose a novel VesMamba for 3D pulmonary vessel
segmentation from CT images, where Mamba is innova-
tively adapted for efficient long-range dependency mod-
eling and spatial perception to capture the structural and
topological features of 3D vessels.

* We further propose a BSF module to suppress noise in en-
coder features at different scales while highlighting ves-
sels in complicated background, thereby producing more
robust features to counteract noise interference.

* We extensively evaluate the proposed VesMamba on a
public dataset and an in-house dataset, achieving better
performance than SOTAs on both datasets.

2. Related Work
2.1. 3D Vessel Segmentation

Early 3D vessel segmentation methods rely on threshold-
ing [33], morphological operations [23], and region grow-
ing [41], but fail to segment low-contrast small vessels.
With the development of deep learning, some CNN-based
models [12, 31] (CNNs) achieve preliminary 3D vessel seg-
mentation. However, CNNs are limited in capturing global
features, inevitably susceptible to background noise. There-
fore, transformers [5] are developed in CNN-Transformer
models [38] to improve segmentation performance. More-
over, to address the characteristics of vessel morphology,
DSCNet [25] simulates vessel morphology by using adap-
tive convolution kernels and topological continuity loss for
vessel structures. However, it is prone to background in-
terference and struggles with the task of segmenting non-
tubular objects.

2.2. Mamba-based Medical Image Segmentation

Recently, state space models (SSMs) [4] represented by
Mamba have attracted widespread attention. SSMs are orig-
inally proposed for sequence processing, but their efficient
long-range dependency modeling capability has also shown
significant potential in vision tasks. With VMamba [19] pi-
oneering the application of Mamba to vision tasks, some
Mamba-based methods are developed for medical image
segmentation. UMamba [21] designs a hybrid CNN-SSM
block to capture long-range dependencies within 3D med-
ical images. However, due to the characteristics of recur-
sive state updates in the standard Mamba, it cannot di-
rectly perceive adjacent local features. In addition, Vi-
sionMamba [42] proposes a bidirectional modeling method
that is not fully explored in 3D segmentation tasks. Seg-
Mamba [40] proposes a 3D medical image segmentation
framework with its Triple-Space Mamba (ToM) module,
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Figure 2. Overview of VesMamba, which primarily consists of two innovative modules: spatial-gated structural perception (SSP) module
and bidirectional scale-aware filter (BSF) module. SSP is composed of a spatial gate mamba (SGM) and a self-attention mechanism,
enabling efficient feature extraction with spatial perception. BSF fuses encoder features of each layer and filters out noise at different
scales from the encoder features to obtain more robust feature representations. Additionally, a mask-constrained decoder (MCDecoder)
directly constrains the adjacent low-layer predictions inference by using contour and position information in the high-layer masks, further

improving the segmentation consistency and accuracy.

which is able to model in three orthogonal directions. How-
ever, such a triple-scan mechanism significantly increases
the computational overhead, and it is difficult to segment
small vessels due to insufficient local feature extraction.

Based on Mamba, some efficient 3D medical segmen-
tation models [15, 36] are proposed. However, standard
Mamba cannot meet the spatial perception requirements for
visual tasks [42]. Although some studies design various
multidirectional scans of Mamba [17, 19, 28] to address
this issue, stacking scanning strategies may increase com-
putational overhead with suboptimal performance improve-
ments [7, 39, 43]. In contrast, we propose a dynamic spatial
attention convolution, endowing Mamba with powerful 3D
spatial perception capabilities.

3. Method

3.1. Overview

Figure 2 presents an overview of the VesMamba archi-
tecture, which mainly consists of four parts: the en-
coder, the bidirectional scale-aware filter (BSF) mod-
ule, the spatial-gated structural perception (SSP) bottle-
neck, and the decoder. Specifically, given an input I €
RIXHXWXD " stem layer [30] extracts preliminary fea-
tures Fy € R32XHXWXD The five-layer encoder processes
F} through successive blocks to extract multi-scale encoder
i H w D
features F; € ROZZIXT X575 for i € 1,...,5. The first
three encoder layers employ residual convolutions to ex-

tract low-layer features, while the last two layers use the
SSP module to extract high-layer features. SSP consists of
a spatial gate mamba (SGM) block and a self-attention [34]
block, where the former enables efficient feature extraction
with dynamic spatial perception and the latter further cap-
tures long-range dependencies [8]. In addition, BSF bidi-
rectionally fuses encoder features to aggregate both local
and global information. The fused features highlight ves-
sel structures by filtering noise at different scales in F;, and
the obtained enhanced encoder features are denoted as F.
In the SSP bottleneck, the self-attention is replaced by the
multi-scale spatial attention gate (MSAG), which guides the
model to focus more on vessels of different scales. Finally,
F! and the high-level features of the SSP bottleneck are fed
into the decoder, where high-layer masks containing vessel
contours and position information are used to directly con-
strain adjacent low-layer prediction inference, further im-
proving segmentation robustness and consistency.

3.2. Spatial-gated Structural Perception Module

For deploying Mamba on 3D vessel segmentation, 3D data
should be converted into sequences [21], which may destroy
spatial locality, leading to the absence of spatial percep-
tion. To address this, we propose the spatial-gated struc-
tural perception (SSP) module. As shown in Figure 2, SSP
comprises a spatial gate mamba (SGM) and a self-attention
block. SGM has a top-down architecture with upper, mid-
dle, and lower layers according to the input branches. As-
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Figure 3. Illustration of DSAC, which consists of directional sep-
aration convolution (DSC) and dynamic spatial fusion (DSF).

suming C input channels, the upper and middle layers each
receive % channels, while the lower layer receives all C'
channels. The upper layer employs the state space model
(SSM) with a bidirectional scanning strategy to comprehen-
sively model long-range dependencies, where the obtained
bidirectional features are then aligned and added together.
In addition, the middle layer uses convolution to extract lo-
cal features, which are combined with the upper layer out-
put to aggregate both local and global information, hence
highlighting blood vessels of different scales. We use SMM
and SSMj, to denote the two branches of SSM in the upper
layer, M to represent the operation of 1D convolution and
Silu activation, and Flip to indicate the reverse operation
on sequence. The corresponding output of the upper and
middle layers s; can be formulated as:

l‘/lb7.7;‘/1,$/2 = Ml(FIip(xl))’M2(‘r1)7M3($2)’

1
s1 = Concat(Flip(SSM,(x7;,)) + SSM(x} ), x5) W
where x; and x5 are the % inputs after linear projection.

x, is the reversed sequence.

Due to spatial anisotropy in 3D vessel data, targets ex-
hibit long-strip morphology parallel to vessels and elliptical
morphology perpendicular to vessels. Traditional convolu-
tions perform the same operation in each spatial direction,
which fails to focus on the anisotropic features. Therefore,
at the bottom layer of SGM, we propose the dynamic spa-
tial attention convolution (DSAC). As shown in Figure 3,
we first use direction-separated convolutions to extract three
spatial anisotropic features, each with C' channels. These
features are concatenated into a single 3C' feature. Then,
the space of the concatenated features is compressed into a
shape of 3C x 1 x 1 x 1 by an average pooling operation.
Subsequent convolution reduces the number of channels to
3, followed by a Softmax function to generate directional
weights. Finally, the spatial anisotropic features are fused
according to the directional weights to obtain the output ss.

x,y, 2z = Convy (X ), Conva(X), Convs(X),
Wy, Wy, w, = 0(Convy(Pool(Concat(z,y, 2)))), (2)

S0 =Wz T+ Wy Y+ w, 2

where {Convi, i = 1,2, 3,4} represents convolutions with
kernel sizesof 1 x1x3,1x3x1,3x1x1,and1x1x1,re-
spectively. w,, wy, and w, are the directional weights, Pool
represents average pooling, and o is the Softmax function.
DSAC effectively characterizes both vessel distribution and
spatial anisotropy. Furthermore, the concatenated features
are processed by the bottom layer using a gating mecha-
nism, endowing SGM with the powerful spatial perception
capability. The final output of SGM s3 is defined as:

S3 = 81 ® 6(52) (3)

where © represents the Hadamard product, and ¢ is the Sig-
moid function. Finally, a self-attention block is applied
to enhance the long-range dependency modeling of SGM,
which is expressed as:

S4 = Attn(33) 4)

where Attn is the self-attention block. For the SSP bottle-
neck, the self-attention is replaced with a multi-scale spatial
attention gate (MSAG), where enhanced encoder features
are used to further constrain the output of the high-layer
SGM, enabling the model to focus more on vessel features
at different scales. The output of MSAG s5 can be formu-
lated as:

F = Concat(Resize(F] ~ F3)),
F' = §(DSAC(F) + DSAC(s3)), )
s5 = s3 @ e(Atn(F"))

where F| ~ F} represent enhanced encoder features. § and
¢ are ReLU and Sigmoid functions, respectively. Resize
operation aligns the size of F| ~ F} with s3.

3.3. Bidirectional Scale-aware Filter Module

Fusing vessel details and contour information contained
in multi-layer encoder features is able to further improve
model performance on 3D pulmonary vessel segmenta-
tion tasks. Common methods include feature pyramid net-
works [16] and Path Aggregation Networks (PAN) [18].
However, if low-layer and high-layer features are extracted
in different manners, it may induce significant feature dis-
tribution gaps, and directly fusing these features may cause
mutual interference [9]. In addition, the excessive convolu-
tions in PAN cost large computational resources. Therefore,
we propose a bidirectional scale-aware filter (BSF) module.

As shown in Figure 4, BSF adopts a bidirectional fusion
approach to ensure that the fused features contain both lo-
cal and global information. First, the high-layer semantic
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Figure 4. Illustration of BSF. ShiftConv is Depth-shift convolu-
tion. FHL denotes high-to-low layer fusion, while FLH is low-to-
high layer fusion.

encoder features containing vessel contour information in
F; are transmitted layer by layer to the low layers. After
obtaining the intermediate fusion features, the vessel detail
information is transmitted layer by layer to the high layers.
Meanwhile, in order to reduce mutual interference between
features and ensure information transmission, we concate-
nate the features instead of element-wise addition in the fu-
sion process. Moreover, we employ depth-shifted convo-
lution (ShiftConv) [37], in which feature interaction in the
depth direction is only performed through data movement.
This allows for appropriately extracting 3D data features
with the efficiency of 2D convolution. The fusion methods
can be formulated as follows:

FHE(F;, Mit1) = Conv(S(F;, Up(Mi11))),

6
FEL(OM | M) = S(M,Down (M)

where FH L represents fusion from high layer to low layer,
and FXH represents fusion from low layer to high layer. S
represents fusion using ShiftConv after concatenation. F;
represents the encoder features. M; and M/ represent the
intermediate and final fusion features, respectively. Conv
represents convolution with a kernel size of 1 x 1 x 1.
Up and Down represent upsampling and downsampling, re-
spectively. The feature fusion process can be expressed as:

Ml,M5 = S(Fi,Up(MQ))7COHV(F5),
My ~ My = FEL(Fy ~ Fy, M3 ~ Ms), (7
M, My ~ M} = My, FFH (M| ~ M}, My ~ M)

The final fusion features M contain both local and global
information, while the low-layer and high-layer decoders

are mainly responsible for extracting vessel details and ves-
sel contour information [16], respectively. If the fusion
features are directly used for decoding, local information
may interfere with high-layer decoding processes, while
global information could disrupt low-layer encoders [1, 26].
Therefore, we employ a gating mechanism to filter out noise
within the encoder features Fj at different scales, to further
highlight vessel information and enhance the feature repre-
sentations. This process can be defined as:

F/=e(M]))o® F; ®)
where F represents the enhanced encoder features, ¢ is the
Sigmoid function, and © represents the Hadamard product.

3.4. Mask-constrained Decoder

As shown in Figure 2, to further enhance the guiding role
of deep supervision on the model, we propose a Mask-
constrained Decoder (MCDecoder). The high-layer masks
contain both vessel contour and position information, while
the low-layer masks are rich in local details. As the differ-
ences between adjacent masks are relatively small, we use
the high-layer masks as the input for the adjacent low-layer
decoder, providing the low-layer decoder with the contour
and position information of the vessel. This directly con-
strains the prediction of the low-layer masks, further im-
proving segmentation consistency and accuracy. The de-
coding process can be formulated as follows:

T; = ResConv(Concat(F;, Up(T},,))),
Mask; = Conv(Concat(Mask;1+1,T;)),
T =T, ©® Mask;,
Mask; = Conv(Concat(Fy, Up(Ty), Masks))

9

where {T;,7 = 2,3, 4} denotes the intermediate features of
the decoder, 7 represents the feature outputs, and F de-
note the enhanced encoder features. ResConv is the resid-
ual convolution. Mask; are the mask outputs for deep su-
pervision. Up stands for the upsampling operation. M ask;
is the final segmentation result.

3.5. Loss Functions

For deep supervision, we use binary cross-entropy (BCE)
loss and Dice loss to calculate the stage loss, then weight
and aggregate all stage losses to calculate the total loss:

4

L= ki-(Lpor + Lpice) (10)

=1

where Lpcg and L p;.. are BCE loss and Dice loss, respec-
tively. k; represents the weight of different layers, which is
obtained by normalizing the ratio of the mask size to the
input size at each stage.



Table 1. Quantitative comparisons with different state-of-the-art methods on the Lung79 dataset, which includes three categories of airway,

artery, and vein.

Method ‘ Airway Artery Vein
‘ Dicet clDicet HD95] NSDT Dicet clDicet HD95] NSDt Dicef clDicet HD95| NSDT
3D-UNet 84.07 90.49 347 9329 83.87 80.70 8.05 87.61 84.11 8321 6.82  87.55
nnUNet 84.15 91.23 350 93.61 8427 8200 7.80 8841 8507 83.64 6.17  88.55
DSCNet 77.62 7542 2539 8511 77.09 6922 1271 77.88 7823 7252 25.63 78.23
SegFormer3D | 76.47 70.66  10.08 80.42 80.27 70.89 1041 82.16 81.56 74.45 871  82.78
UNETR++ | 82.04 88.31 4.02 91.62 82.12 78.60 897 86.83 83.62 81.79 6.73  87.29
Swin-UNETR | 81.12  86.05 388 91.60 80.05 7126 1096 81.46 81.11 7490  9.67 82.13
UMamba 84.63  90.80 334 9385 8396 81.33 7.68 88.78 84.89 83.61 6.01 88.72
SegMamba | 83.38  89.90 332 92.89 8345 80.00 831 87.18 84.16 82.01 698 87.44
LKM-UNet | 84.28 91.18 394  93.63 84.74 82.13 723 8877 8491 83.56 6.29  88.61
Ours 8485 9146 3.10 9408 8496 8244 7.01 89.03 8576 8424 571 88.86

Table 2. Quantitative comparisons with different state-of-the-art
methods on the Parse22 dataset.

Method ‘ Parse22
| Dicet cIDicet HD95| NSDt
3D-UNet 8525  82.93 496  90.65
nnUNet 8420  80.85 6.21 89.11
DSCNet 76.63  63.92 1227  76.19
SegFormer3D | 77.69 60.06 10.70 78.45
UNETR++ | 8527  84.02 461 9136
Swin-UNETR | 79.96  67.18 1078 81.08
UMamba 85.94  86.64 3.69 9274
SegMamba | 8523 8421 499 9132
LKM-UNet | 8621  87.14 3.31 92.95
Ours 86.65  87.46 298  93.21

4. Experiment

4.1. Datasets and Evaluation Metrics

To evaluate the performance of our model, we select two

3D pulmonary CT datasets:

* Parse22: A public dataset for segmenting complex pul-
monary arteries from CT images. Image sizes range from
512 x 512 x 228 to 512 x 512 x 376, with a total of 200
cases. This study uses 100 of the publicly available cases.
The segmentation targets vary in size.

e Lung79: An in-house dataset for segmenting three com-
plex structures (arteries, veins, and airways) from CT
images. Image sizes range from 512 x 512 x 209 to
512 x 512 x 657, with a total of 79 cases. The segmenta-
tion targets are multiple and highly similar to each other.

This study uses four metrics: Dice, clDice [29], HD9S5 [10],
and NSD [22] to fully evaluate model performance.

4.2. Implementation Details

We implement VesMamba based on the UMamba frame-
work, and all experiments are conducted on a single
NVIDIA A100 PCIle 40GB GPU. The SGD optimizer
is used, with an initial learning rate set to le-2. The
PolyLRScheduler is employed as the scheduler, and the net-
work is trained for 200 epochs. The batch size is 2. The
Parse22 and Lung79 datasets are split into training, vali-
dation, and test sets in the ratios of 64:16:20 and 55:8:16,
respectively.

4.3. Comparison with State-of-the-art Methods

We compare our method with nine state-of-the-art 3D
medical segmentation competitors on the Parse22 and
Lung79 datasets. The comparison methods can be cate-
gorized into three types: convolutional-based methods in-
cluding 3D-UNet [2], nnUNet [11], and DSCNet [25];
Transformer-based methods including SegFormer3D [24],
UNETR++ [27], Swin-UNETR [32]; and Mamba-based
methods including UMamba [21], SegMamba [40], and
LKM-UNet [35]. Table 2 shows the quantitative compar-
ison results between our method and the above methods on
the Parse22 dataset. The outstanding performance of the
Mamba-based approach demonstrates the superiority of the
Mamba architecture for this task. Moreover, our method
outperforms other Mamba-based methods across all met-
rics. Compared to the baseline model UMamba, our method
improves the Dice and clDice scores by 0.71% and 0.82%,
respectively, on the Parse22 dataset, demonstrating that our
model learns better the overall distribution of vessels while
ensuring vessel continuity. The improvements in HD95 and
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Figure 5. Visual comparison of challenging cases with state-of-the-art methods on the Parse22 and Lung79 datasets. Green, yellow, and
red represent true positives, false positives, and false negatives, respectively.

Table 3. Ablation studies of SSP, BSF and MCDecoder on the
Parse22 and Lung79 datasets, comparing Dice scores.

SSP BSF  MCDecoder | Parse22 | Lung79
85.94 84.49
v 86.42 84.95
v 86.35 84.87
v v 86.55 85.06
v v v 86.65 85.19

NSD indicate that our model exhibits superior spatial simi-
larity while focusing more on boundary information. In ad-
dition, Table | presents the quantitative comparison results
on the in-house dataset Lung79. On this more challenging
segmentation task, our model still achieves excellent perfor-
mance across three segmentation targets compared to other
methods, fully demonstrating the robustness of our method
in 3D vessel segmentation tasks.

Figure 5 presents the comparison results between our
method and other state-of-the-art methods on Parse22 and
Lung79. This intuitively demonstrates the robustness of our
method in segmenting targets of different scales. Compared
with other methods, our method yields significantly fewer
missegmented and under-segmented parts, while the conti-
nuity of small branches is also well preserved.

4.4. Ablation Studies

We conduct all ablation experiments on the Parse22 and
Lung79 datasets. As shown in Table 3, adding the SSP
module results in the greatest performance improvement on
both datasets, indicating that SSP effectively learns vessel

features. As shown in Figure 6, compared to the baseline,
the model using SSP is able to focus more on the vessel re-
gions, significantly increasing attention to large-scale ves-
sels while alleviating interference from non-vessel areas.
Next, after adding the BSF module, the Dice scores of both
datasets improve steadily, indicating the enhancing effect
of BSF on encoder features. As shown in Figure 7, the
model combined with BSF better segments vessels of differ-
ent scales, with a significant reduction in false positive and
false negative regions compared to the baseline. In addition,
after adding both the SSP and BSF modules, the model per-
formance exceeds that of a single module. Finally, when
further combined with MCDecoder, the model achieves op-
timal performance. These ablation studies demonstrate that
the proposed modules cooperate effectively, allowing the
model to possess robust spatial perception capability, ef-
ficiently learn the 3D vessel distribution, and significantly
enhance vessel features.

Additionally, to further analyze the effectiveness of the
intra-module designs, we conduct detailed ablation exper-
iments on the Parse22 and Lung79 datasets for SSP, BSF,
and MCDecoder modules respectively. Table 4 shows the
ablation studies results. Conv, represents replacing DSAC
in all SSP modules with convolution, and Atten means re-
placing MSAG at the SSP bottleneck with a self-attention
mechanism. Add represents using element-wise addition
to replace the connection operation in BSF, Conv, repre-
sents using convolution to replace ShiftConv in BSF, and
w/o gate denotes without the gating mechanism in BSF, di-
rectly using the fusion features as output. constraint; de-
notes constraints on the current decoder features output,
while constraint, represents constraints on the position and
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Figure 6. Visual comparison of the results of the SSP module ab-
lation study on Parse22 dataset. Green, yellow, and red represent
true positives, false positives, and false negatives, respectively.

Table 4. Ablation studies of the design of SSP (1), BSF (2), and
MCDecoder (3) modules on the Parse22 and Lung79 datasets.

‘ Method ‘ Parse22 ‘ Lung79

‘ ‘ Dice? clDice?t ‘ Dice? clDice?t
Conv; + Atten | 86.25 86.89 | 84.75 85.40
0 DSAC + Atten | 86.38 87.15 | 84.81 85.66
Conv; + MSAG | 86.32 87.09 | 84.76 85.53
SSP 86.42 87.38 | 84.95 85.78
Add + Conv, |84.32 84.66 | 8298 83.87
Concat + Conv, | 85.75 87.11 | 84.42 85.32
(2) | Add + ShiftConv | 86.06 86.97 | 84.78 85.68
w/o gate 85.84 86.48 | 84.38 85.62
BSF 86.35 87.26 | 84.87 85.89
w/o constraint; | 86.24 87.11 | 84.67 85.48
(3) | w/o constrainty | 86.20 87.07 | 84.74 85.51
MCDecoder 86.29 87.18 | 84.76 85.64

contour information of the adjacent shallow decoder. Ac-
cording to these results, the designs in these modules collec-
tively enable SSP, BSF and MCDecoder modules to achieve
optimal performance.

4.5. Discussions and Limitations

Figure 8 shows that our method achieves a balance be-
tween performance and efficiency, where LKM-UNet per-
forms similarly to our method, but our method requires only
about a quarter of the computational effort. In addition, our
method still has some limitations, as shown in Figure 9.
Compared to the normal segmentation target (a), segmen-
tation targets with excessive vascular branching (b-c) and
abnormal and uneven shapes (d-e) may limit our method.

Baseline

Baseline+BSF

Figure 7. Visual comparison of the results of the BSF module
ablation study on Lung79 dataset. Green, yellow, and red represent
true positives, false positives, and false negatives, respectively.
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Figure 8. Performance-efficiency comparison with other state-of-
the-art methods on Parse22.

Figure 9. Failure cases. Green, yellow, and red represent true
positives, false positives, and false negatives, respectively.

5. Conclusion

We propose a novel 3D pulmonary vessel segmentation
model in this paper, named VesMamba, which primarily
comprises two innovative modules. Firstly, we propose an
SSP module, which combines SGM and self-attention. In
SGM, DSAC dynamically learns the 3D vessel distribution,
endowing SGM with powerful spatial perception capabil-
ities. The self-attention is then used to further enhance
SSP’s ability to capture long-range dependencies. Addi-
tionally, we introduce a BSF module, which uses bidirec-
tionally fused features to filter out noise of different scales
in the encoder features, thereby increasing the focus on ves-
sels. Finally, we propose a MCDecoder to ensure the accu-
racy and consistency of predictions. Benefiting from these
modules, VesMamba achieves outstanding performance in
experiments on both public and in-house datasets.
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