Li et al. BMC Medical Imaging (2025) 25:80
https://doi.org/10.1186/512880-025-01611-6

BMC Medical Imaging

MTMU: Multi-domain Transformation

®

Check for
updates

based Mamba-UNet designed for unruptured
intracranial aneurysm segmentation

Bing Li', Nian Liu', Jianbin Bai?, Jianfeng Xu?, Yi Tang* and Yan Liu'"

Abstract

The management of Unruptured Intracranial aneurysm (UIA) depends on the shape parameters assessment of lesions,
which requires target segmentation. However, the segmentation of UIA is a challenging task due to the small volume
of the lesions and the indistinct boundary between the lesion and the parent arteries. To relieve these issues, this arti-
cle proposes a multi-domain transformation-based Mamba-UNet (MTMU) for UIA segmentation. The model employs

prospects.

a U-shaped segmentation architecture, equipped with the feature encoder consisting of a set of Mamba and Flip
(MF) blocks. It endows the model with the capability of long-range dependency perceiving while balancing com-
putational cost. Fourier Transform (FT) based connection allows for the enhancement of edge information in feature
maps, thereby mitigating the difficulties in feature extraction caused by the small size of the target and the limited
number of foreground pixels. Additionally, a sub task providing target geometry constrain (GC) is utilized to constrain
the model training, aiming at splitting aneurysm dome from its parent artery accurately. Extensive experiments have
been conducted to demonstrate the superior performance of the proposed method compared to other competi-
tive medical segmentation methods. The results prove that the proposed method have great clinical application

Keywords Intracranial aneurysm segmentation, Mamba unit, Fourier transform, Geometry constrain

Introduction

Intracranial aneurysm (IA) is generated by the abnormal
dilation of blood vessels, which has a relatively high inci-
dence and an onset occult. Once rupturing, it will result
in subarachnoid hemorrhage (SAH), a kind of serious
malady with high mortality [1, 2]. Therefore, the man-
agement of unruptured intracranial aneurysm (UIA) is
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important, including risk evaluation as well as treatment
planning based on lesion appearance parameters assess-
ment. In current clinical practice, the measurement of
shape parameters is manual work depending on the
experience of experts, let alone its high inter- and intra-
observer variability and time consumption. With the help
of semantic segmentation, measuring the appearance
parameters could become objective and reproducible as
well as fast to meet clinical demand [3]. Thus, automatic
delineation of lesions is critical for UIA management.
Currently, there are two categories of UIA segmen-
tation methods. The first category is traditional rule-
based 2D/3D shape analysis. The main idea of which is
to use image processing algorithms like region-grow-
ing and level set models to identify abnormal regions
from the radiology scans [4, 5]. These methods perform
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segmentations mainly based on the image to be pro-
cessed itself therefore they usually work well on typical
targets and need target wise parameter tuning in order
to guarantee performance. To be specific, the volume
size or shape of aneurysm lesions are supposed to meet
the requirement of methods. These constrains limit their
clinical applications. The other category of methods is
neural network based ones, which has become increas-
ingly popular alongside the development of deep learn-
ing. The main idea of them is to model the segmentation
task as a pixel-wise classification problem and train a
neural network model to solve it. Methods based on con-
volutional neural network (CNN) have been proven to be
effective in detecting UIAs, namely the famous seman-
tic segmentation architectures UNet and its variants [6].
However, the CNN based methods usually pay attention
to relatively small regions due to limited receptive fields,
resulting in incomplete contours of delineated UIAs.
Obtaining long-range dependency is one of the key fac-
tors for success of image segmentation, specifically for
medical targets like vessels since they are widely distrib-
uted in human body and supposed to have similar image
features. Limited by local receptive field, traditional neu-
ral network like CNN will lead to the inadequate feature
extraction, resulting in suboptimal contour segmentation
results [7]. Recent studies have integrated transformer
modules into segmentation frameworks to enhance the
network’s ability to capture global information through
self-attention mechanisms. These methods show great
potential in applying on UIA segmentation [8]. Although
demonstrating remarkable performance in medical seg-
mentation tasks, it incurs a high computational cost,
with computational complexity quadratic to the input
sequence length, which makes it face considerable limita-
tions in clinical use.

Briefly speaking, the automatic delineation of UIA has
always been a focal point of scientific research and clini-
cal work, yet it remains poorly resolved. The primary
obstacle encountered in crafting UIA segmentation
algorithms lies in the following aspects. First, most UIA
lesions are relatively small, IA larger than 10 mm typi-
cally requires attention due to the risk of rupture which
escalates with size, making UIA segmentation a chal-
lenging instance of small object semantic segmentation
[9, 10]. Accordingly, the lesion contains a limited count
of pixels on radiology scans, which has increased the
difficulty of feature extraction on pure spatial domain.
Second, due to the pathogenesis of UIA, it is challeng-
ing to separate it from the parent vessel on tomographic
scans. An aneurysm is the result of arterial wall damage
or degeneration. Both aneurysm and arterial are filled
with blood internally. In another words, similar features
exhibited on images limit the algorithm’s capability to
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differentiate the aneurysm dome from the vessel. Last but
not least, escalating complexity of segmentation models,
while enhancing segmentation performance, has also led
to a substantial increase in hardware and software costs,
which severely constrains the model’s clinical utility. To
overcome the aforementioned issues, there is a need for
a method that can aggregate non-purely spatial features
while achieving an optimal balance between efficiency
and performance in IA segmentation task.

In this paper, we propose a novel network called
MTMU, which is based on a multi-domain transforma-
tion and consists of a U shape encoder-decoder architec-
ture enhanced by Mamba blocks for the segmentation
of intracranial aneurysm. Inspired by the fact that the
original Mamba block could balance the global feature
aggregation capability and computational workload
well, we explore the use of it to equip the feature extrac-
tor of our segmentation model thereby constructing
a new block called Mamba & Flip (MF) block. In addi-
tion, starting from the fact that the high-frequency com-
ponents of the whole image usually contain the edge
information, in another words, boundaries of UlAs, we
propose to embed the Fourier Transform (FT) into tra-
ditional skip connection to construct FT connection. The
FT connection enriches the high-frequency information
transferring across different network levels, allowing the
boundaries to receive more attention during decoding
phase. Meanwhile, it works in frequency domain whose
effectiveness is not compromised by the limited num-
ber of target pixels. In order to address the challenge of
accurately segmenting aneurysms from parent vessels,
we introduce an extra geometry constrain as subtask (GC
subtask) to regularize the learning of network, which
utilizes target-wise geometric prior constrains as a com-
pensation of pure pixel-wise classification. The main con-
tributions of this study are as follows:

1. We design a novel network called MTMU for UIA
segmentation, in which MF block is proposed to con-
struct the feature encoder, thereby incorporating the
ability to extract long-distance dependencies while
also balancing segmentation performance and com-
putational workload.

2. FT connection is proposed to provide feature aggre-
gating capability in non-spatial domain, which allows
the performance of the network getting rid of the
influence of the limited number pixels in small UIA
lesions.

3. GC subtask is introduced to the main segmentation
task to help enhance the accuracy of the delineation
of boundaries between the UIA dome and the parent
artery, this enhancement is achieved by using geo-
metric priors.
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Related work

Semantic segmentation of UlAs

UIAs segmentation is aimed to accurately extract UIA
domes from complex surroundings, with the current
mainstream approach being neural network-based seg-
mentation. CNN-based semantic segmentation models
have been widely and effectively used in the delineation of
various medical targets, including UNet and FCN as well
as their variants. Podgorsak et al. claimed a CNN model
based on VGG —16 to automatically segment aneurysms
from digital subtraction angiography (DSA) images,
yielding competitive performance compared with man-
ual delineations [11]. Bizjak et al. proposed a two-stage
method consisting of multilayer neural networks to work
well for segmentation of aneurysms with various sizes
and shapes, and it could work effectively even though
the configuration of surrounding vessels is complex [12].
Park et al. designed a model named HeadXNet con-
structing 3-dimensional CNNs into an encoder-decoder
structure for extracting the intracranial aneurysms from
computer tomography angiography (CTA) scans, which
has been proved to be able to improve the ability of clini-
cal doctors to correctly identify aneurysms in challenging
imaging contexts [13]. As time goes by, the improvement
in model performance is proved to be limited by the finite
size of the receptive field. Transformer is introduced to be
the basic component of semantic segmentation networks
to model global long-range capability, yielding better
segmentation accuracy. For example, UNETR, a model
designed for 3D medical segmentation, could effectively
capture global multi-scale information by utilizing trans-
formers as encoders across different scales [14]. Yawu-
Zhao developed ConTNet consisting of two encoders, a
CNN based one and a transformer based one respectively
[15]. Thanks to the combination of local and global infor-
mation, ConTNet achieved impressive performance in
IA segmentation task. However, the transformer-based
segmentation models usually face challenges of balancing
performance and computational cost. In addition, it pays
attention to the entire image space which weakens its
sensitivity of small targets, like IA. We propose to con-
struct our segmentation model aiming at superior deline-
ation performance and computational efficiency.

Mamba in semantic segmentation

Recently, Mamba, a newly coming neural network com-
ponent originating from state space sequence models, has
emerged as a powerful long-sequence modeling approach
[16]. The linear computational complexity of Mamba
guarantees the high efficiency of the training and infer-
ence processes. It has demonstrated performance that
surpasses Transformers in both natural language pro-
cessing and computer vision domains [17]. Researchers
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have preliminarily tried the Mamba block in the task of
medical semantic segmentation, achieving good perfor-
mance. The innovative architecture of Mamba-UNet,
which integrates the U-Net with Mamba, consists of
encoder and decoder components that are purely com-
posed of visual Mamba elements. This novel structure
has demonstrated effective segmentation performance
across various datasets [18]. U-Mamba introduces a
hybrid architecture of CNN-Mamba, combing the local
feature extraction capability of CNN with the long-range
dependency capture capability of Mamba [19]. It proves
to be effective in delineating boundary of cells task and
abdomen task respectively. Meanwhile, Vision Mamba
UNet inserts Mamba block in each encoder layer, and
fuse the low-level and high-level information extracted
by Mamba block, it exhibits competitive performance
in many medical datasets [20]. To the best of our knowl-
edge, there is no work that utilizes the Mamba structure
for the task of small-object semantic segmentation. We
propose to incorporate it into our model to explore its
potential in improving the UIA delineation performance
and decreasing the computational cost.

Frequency domain feature in semantic segmentation
Fourier transform is a technology which is widely used in
signal processing, providing a way to understand feature
maps in transformed domain. In neural network-based
computer vision tasks, people begin to try involving fre-
quency information to guide the learning of models and
further improve the performance. FcaNet [21] proposed
frequency channel attention mechanisms to address the
deficiency of extracting features in pure image domain,
and achieved good performance in object detection
tasks. Yang et al. [22] introduced Fourier transform in
semantic segmentation task by using it to swap the low
frequence spectrum of the synthetic datasets and real
dataset, this swap can preserve the low frequence infor-
mation which is not obvious in image domain. Overall,
the motivation for incorporating frequential features is
that the spatial features of the target do not possess suf-
ficient discriminative characteristics. In this case, the
frequential features work as compensation. Similar con-
cerns have been proposed in our case. Due to the small
size of the UIA target, the number of foreground pixels
is limited, which increases the difficulty of feature extrac-
tion, not to mention providing boundary information.
We propose to introduce Fourier transform to enhance
the feature aggregating capability in our model from the
perspective of frequency domain.

Geometry priors in semantic segmentation
Due to the low contrast and uneven texture of medical
images, segmentation accuracy is often compromised.



Li et al. BMC Medical Imaging (2025) 25:80

Some studies have attempted to improve performance
by incorporating anatomical priors which contain lesion
shapes and locations. For instance, Huang et al. inte-
grated organ anatomical priors into deep learning models
using probabilistic atlases as component of the loss func-
tion, which enhanced the accuracy of their segmentation
framework [23]. Similarly, Zheng et al. proposed Deep
Atlas Prior combined segmentation frameworks with
probabilistic atlases to aid segmentation, achieving nota-
ble accuracy [24]. Additionally, You et al. introduced the
shape prior module to explicitly incorporate geometric
priors as input, guiding the model for better target seg-
mentation [25]. These studies demonstrate that leverag-
ing geometric priors can enhance segmentation accuracy.
According to the fact that point cloud is one of the most
widely used geometric characteristic descriptors, we pro-
pose to utilize it to as geometric priors to constrain the
delineated target shape to improve our segmentation
accuracy.

Method

In this section, we describe the proposed MTMU net-
work designed for the automatic segmentation of the
aneurysm. Our model is an encoder-decoder network
architecture consisting of the newly designed feature
aggregation block (MF block), the Fourier Transform
based edge enhancing skipping connection (FT con-
nection) and the extra geometry constrain subtask (GC
subtask), as illustrated in Fig. 1. The feature extractor MF
blocks cascaded in the encoder are based on the basic
Mamba unit with improvement of ability to model global
information, aiming to abstract the features from similar
anatomy structures (arterial vessels) hidden behind the
long space distance. The FT connection is used as skip-
ping connection across corresponding levels of encoder
and decoder, enhancing the model’s capability of paying
attention to high-frequency information during decoding
phase, and our decoder phase is composed of convolution
layers. GC subtask is applied to ensure geometry consist-
ence of the delineated intracranial aneurysm lesions.

Mamba & Flip direction (MF) block

To balance the network receptive field and the computa-
tion cost, we propose a feature extracting unit named MF
block to benefit the model with capability of capturing
long-range dependency while avoiding too much compu-
tational burden.

The introduced MF block consists of a set of paral-
lel basic mamba units to perform feature calculation
and corresponding flip operations to ensure rotational
invariance during the calculation. From our point of
view, incorporating features from different directions
could help the model perceive correlations among
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them, thus make the captured dependency solid. The
detailed structure of MF block is showed in Fig. 2.

Let the input feature F;_; € RO-1>*Di-1xWiixHi
where C;_q, D;_1, Wj_1, H;_; indicate the channels,
depth, width and height of the [ — 1/ layer feature map
F;_;. Due to the requirement of flattening the feature
maps before utilizing the original Mamba unit, during
which there is a significant risk of losing spatial infor-
mation. To compensate for the potentially lost spatial
information, F;_; has been flipped along specific direc-
tions as preprocessing, yielding a set of flipped feature
maps as shown in Eq. (1). Meanwhile the simultaneous
multi-directional flipping could help improve the rota-
tional invariance capability of the model.

EPgim = Flipgim (F)_1), dim € {8, C, DWH, CDWH)

(1)

where the subscript dim indicates the specific opera-
tional directions of the multi-directional flipping.
For example, dim = C means to flip along the chan-
nels and dim = DWH refers to the sequential flip-
ping along the depth, width and height dimensions
respectively. Here, the symbol ¢ indicates that no flip-
ping operation is performed. In the next step, FPgi,
will be flattened, denoting as fym, = Flatten(FPgiy,)
where fiim € RO-1Pi-1x(WiiHi-1) The obtained fiim
in each direction will be fed into the original Mamba
unit Mamba(-) to aggregate the internal feature vec-
tor from the input F;_;. The resulting feature vector
is the mean of the vectors derived from the subpaths.
Finally, by deflating the vectors back to the dimensions
F; € RO>*PixWixHi the output feature map F of the /"
MF block is obtained. The calculation of F; is shown in

Eq. (2).

1
F; = unFlatten <4 Z Mamba(fjirm ) ) 2)

where unFlatten(-) is the inverse operation of Flatten(-).

As the core functional unit of our MF block, the
detailed structure of the Mamba unit Mamba(-) is
shown in Fig. 3. After directly feeding the feature vector
fdim into Mamba unit, two learnable linear projection
operators are applied to transfer fy, into representa-
tive vectors, denoting as projy. ., (faiim) and projw, (fgim)-
Here projw (-) means projecting the input vector onto
the direction W. Wy, indicates the linear projection
of State-Aware Feature (SAF) branch and W, indicates
that of the stable branch. In branch SAF, the repre-
sentative vector Sy, will be calculated sequentially
from the input fy;y, through a depth-wise convolutional
operator convgy,(-) and a State Space Sequence model
(SSM) as shown in Eq. (3).
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Fig. 1 The pipeline of our segmentation framework

Sdim = ssm (SiLU (convdp (projwm (fdim) ) ) ) (3)

where SiLU (x) = x/ (1 + e—x) is the nonlinear activation
function. ssm(-) is the SSM whose detail will be talked in
the next paragraph. The two branches will be combined
together and produced the output of Mamba unit follow-
ing Eq. (4).
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Mamba(fgim) = projw.,,, (Hadamard (Saim, SiLU (projw, (fim)))) (4)

where Hadamard (-, -) indicates the Hadamard product of
the two inputs and Wy, is the linear projection located at
the output of mamba unit.

The inside of ssm(-) is a discrete state space model
that calculates model output y depending on the input
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vector x and the implicit state vector % in a recursive way.
The calculation rules follow the state space equation in

Eq. (5).

hy = Ahg_1 + Bxy

5
Yk = Chy ©)

Where A represents the state matrix, B is input matrix,
C is the output matrix and subscript k, kK — 1 mean kth
and (k — 1)th element. All of which are learnable param-
eters. The updating of both A and B will lead to corre-
sponding updating of /1. Figure 4 illustrates the updating
process of h.

Fourier transform connection

As target delineation focus the contours which indicate
the boundary of foreground and background and usually
locate in the position with large intensity gradient, we
assume the performance of segmentation would benefit
from enhancing the high frequency information during
feature extraction. however, the number of contour pixels
is limited comparing with the whole image specifically for
those tiny targets. it might lead to loss the edge features,
during the depth extension of encoder for abstracting
semantic information. Consequently, the decoder could
not produce satisfied predictions no matter how subtle
architecture is designed if not fed by edge correspond-
ing features. To relieve this issue, we design the Fourier
transform block and insert it into skipping connection
to introduce edge corresponding features to decoder
directly, avoiding missing them during the layer-by-layer
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feature aggregating. As shown in Fig. 5, the FT block
utilize Fourier transform to recognize edge features and
enhances the network representation of them.

FT is commonly employed in signal processing, aiding
in the oriented analysis of signals according to their fre-
quency components. For the feature map encoded by the
1" layer MF block F; € RC*PrxWixHi the high frequency
components usually denoted as those vary frequently,
namely edges and textures, while the low frequency com-
ponents indicate the smooth region, like the internal
of targets. By attenuating low-frequency signals, high-
frequency signals can receive more attention, furtherly,
edge details can be preserved effectively. To convert the
spatial feature map into frequency domain information,
we employ an 4-dimensional Discrete Fourier Transform
(4-D DFT) to get the frequency map of the features Fj,
denoting as FFT; = DFT4(F;), where DFT, indicates the
4-D DFT transform.

The high-frequency component FFT)_pignpass is
obtained by filtering out the low-frequency components
from FFT). In this paper, we use the high-pass Gaussian
filter shown in Eq. (6).

FFT;

FFTl—highpass =l—e 2° (6)

where o is the cutoff frequency. The high frequency fea-
ture map FFT}—pighpass i transformed back to the spatial
domain feature map F = IDFT, (FFTl—highpass)r where
IDFT, represents the inverse 4-dimensional Discrete
Fourier Transform.
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Finally, to fully leverage both spatial and frequency
domain features, the original feature map F; and the high
frequency enhanced feature map E; are fused together
following Eq. (7).

FT(F)=F +F @)

The feature map FT(F;) is forwarded to the corre-
sponding decoder layer via FT connections as shown in
Fig. 5.

GC subtask

With the aforementioned edge features enhancement and
feature map enhancement through MF block and FT con-
nection, the UIA can be well segmented from the back-
ground via the U shape encoder-decoder neural network
solving pixelwise classification problem. However, con-
sidering that the UIA is a part of the abnormal expansion
of the parent vessels, segmentation remains a challenge
when considering accurately extract UIA dome from par-
ent vessels. There is actually not a real border described
by the variance of image pixels since blood fills the entire
cavity of UIA and parent vessel which significantly has
negative impact on the accurate delineation of neck part
via pure visual perception method. To overcome this
problem, it’s important to involve the prior knowledge
about lesion geometry provided by experienced doctors
into the delineation as a compensation. Therefore, in this
work we take the advantage of point clouds in character-
izing geometry information and utilize extra subtask to
constrain our predicted masks to have similar structures
with the manual delineations. Working in a multi-task
learning mode, it helps the improvement of the neck
region delineation.

Instead of pixelwise calculation, the newly added sub-
task tries to constrain the target wise similarity. In this
case, the marching cubes algorithm, originally described
by Lorensen and Cline [26], is applied to convert the pre-
dicted segmentation mask P and corresponding ground
truth G into target described by a set of point clouds. To
be specific, let S, and Sg the surface mesh generated by
the marching cubes algorithm from P and G. The vertices

5

of S, and Sg are Vi = {Vp1,Vp2, . Vpu }» Vpi € R® and
Vg = {vgl, Vg2, oo vgy}, Vgi € R3, which are the target wise
representation of P and G, respectively.

To measure the similarity between the structure
defined by Vp and the structure of Vg, the Chamfer dis-
tance (CD), which is commonly used in point cloud
reconstruction task, is utilized here. Given two set of
point clouds, CD measures how close these two shapes
are to each other by calculating the average nearest-
neighbor distance between points in one set to those in
the other set. CD effectively reflects the global similarity
between Vp and V. The subtask defined in PC block is to
align Vp to Vs under measure of CD. In another word, the
calculated distance in Eq. (8) should be minimized during
learning.

AW Vo) = 5= Y, min el 3, min el
(8)
where Ny, is the number of points in Vp, Ny, is the num-
ber of points in V.

Therefore, the newly added subtask could be incorpo-
rated into our framework and supervise the learning of
the neural network model, improving the overall perfor-
mance via multitask learning.

Experiment

Datasets

In this article, we employ the publicly available data-
set from reference [3] to validate our approach. The ini-
tially released dataset comprises 1338 CTA cases from
six institutions, encompassing a variety of conditions,
including ruptured and unruptured lesions, as well as a
wide range of lesion sizes. In line with our research objec-
tives, we aim to establish a segmentation model which is
capable of delineating UIA lesions to assist in the man-
agement of unruptured IAs. Hence, we have excluded 516
cases of ruptured CTA from our study. Similar to refer-
ence [3], we exclude the 50 negative cases from our study
to mitigate the data imbalance that may arise during the
model training process. Since aneurysms with a volume
less than 0.1 cc are considered to have a negligible risk of
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rupture, and clinically, no proactive medical intervention
is typically taken for such minimal lesions, we have used
0.1cc as the threshold to exclude all images with volume
sizes below this threshold [9]. As a result, the dataset uti-
lized in our study comprises 284 CTA images with 348
lesions, the average lesion per case is 1.22 £ 0.59.

The images are acquired from 11 devices belonging to
3 manufactures, featuring an in-plane resolution of 512 x
512 and varying slice thickness from 0.6 mm to 1.0 mm.
All images have been resampled to a resolution of 1.0
mm x 1.0 mm x 1.0 mm. Some of the CTAs contain the
neck or heart regions besides head, we manually review
each case and remove the non-head regions in order to
exclude the potential interference.

Evaluation metrics

We employ two widely recognized metrics commonly
used to assess segmentation performance, including
Dice coefficient (Dice), 95% Hausdorff Distance (HD95).
Dice is usually used to gauge the overlapping between
a segmentation prediction mask P and the correspond-
ing ground truth mask G, whose calculation is following
Eq. (9). To accurately measure the accuracy of boundary
identification and maintain the overall numerical stabil-
ity, we use HD95 to represent the maximum distance
between the predicted segmented region boundary and
the real region boundary, as shown in Eq. (10).

2(PNG)

Dice = —————
ice PUG )

HD(Sp, Sg) = max (h(Sp, $6), h(SG, Sp)) (10)

h(Sp,Sg) = max {min || — n||}
mESp

HESG
h(Sg, Sp) = max {min ln — mll}
neSg | meSp

where Sp and S represent the surface of mask volume P
and G correspondingly.

Implementation details

The development environment is Ubuntu 20.04, python
3.8 and PyTorch 2.30. The experiments are conducted on
workstation with Intel Core i7-12700H and two pieces
of NVIDIA GeForce GTX 4090. We utilize online data
augmentation during training, applying random intensity
scaling and positional rotation to the images through the
toolbox MONAI with a random probability [27].

We adopt an experimental protocol similar to Atten-
tionUNet. And the dataset is split into training, vali-
dation, and test sets with a ratio of 7:2:1. The proposed
model has been trained from scratch with initial weights
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sampled from a random uniform distribution and the
total number of training epoch is 200. The Adam algo-
rithm is employed for optimization. The initial learning
rate is set to 1 x 1073, whose weight decay and beta are
set to le-4 and (0.9, 0.99). The entire training process
is divided into two phases, the warm-up phase and the
refinement phase. During the warm-up phase, the pure
dice loss is employed to constrain the model to get a
coarse segmentation. Otherwise, the GC subtask which
highly depends on the geometrical characteristics won't
make sense. Once the model converges to a suboptimal
solution after a few epochs, the CD loss given in Eq. (8) is
added as compensation. The weights for the CD loss and
the Dice loss are set to 0.1 and 0.9, respectively. In this
paper, the warm-up phase consists of 180 epochs, while
the refinement phase comprises 20 epochs.

Compared methods

We compare our MTMU with 7 State of the Art (SOTA)
methods, including SwinUNetr [28], UNetr [14], Seg-
ResNet [29], U-Net [30], AttentionUNet [31], DynUNet
which is the implementation of nnUNet’s [32] archi-
tecture in MONAI, GLIANet [3]. Among these meth-
ods, U-Net, SegResNet, DynUNet, GLIANet are classic
convolution-based methods for medical image segmen-
tation. The UNetr and SwinUNetr have demonstrated
outstanding performance in medical image segmentation
by leveraging transformer architectures. The GLIANet is
the model proposed alongside the dataset we have cho-
sen. For the sake of completeness, we have compared our
method against it. From an architectural perspective, the
GLIANet employ a two-stage framework which is popu-
lar in small target segmentation. It utilizes two serial net-
works, one for localizing the region of interest and the
other for segmenting the target. This approach trades off
model parameters for performance. Except for it, the rest
competitive methods, as well as our proposed MTMU,
are all one-stage framework, which produce segmenta-
tion mask via one end-to-end model. This structure is
incapable of excluding background interference by focus-
ing on the region of interest explicitly. Therefore, models
must address the severe class imbalance issue inherent
in small-object segmentation tasks implicitly by them-
selves. The implementation of the SwinUNetr, UNetr,
SegResNet, U-Net, AttentionUNet and DynUNet follow
the standard code released in MONAI The GLIANet
algorithm is implemented using the original author’s ver-
sion available on GitHub.!To ensure fairness, all models
are trained on the same data partitioning.

! MeteorsHub/GLIA-Net: A segmentation network for intracranial aneu-
rysm on CTA images using pytorch (github.com).
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Experiment results

We report the quantitative results in Table 1. From
which, it could be seen that our method outperformed
others in terms of Dice (78.47%) and HD95 (7.67mm). It
is also noteworthy that the Dice score of the transformer-
based SwinUNetr is higher than that of UNet and GLI-
ANet, demonstrating that capturing global information
is beneficial for IAs segmentation. The convolution-
based methods, namely U-Net, SegResNet, AttentionU-
Net and DynUNet, demonstrate similar performance,
which indicates that local features are critical for the
pixelwise delineation task. However, the transformer-
based approaches, UNetr and SwinUNetr, underperform
in our experiments. We think that is because the global
attention mechanism requires a large number of train-
ing data, for example in the thousands, so that to lead its
failure. Even though, our model also incorporates global
attention via the MF blocks and yield competitive per-
formance, indicating that extracting global attention
for long-term dependencies is helpful, but the structure
of the feature extraction module needs to be carefully
designed. The superior Dice score of our method indi-
cates its strong capability in identifying and segmenting
target areas. The two approaches that lead in terms of
Dice coefficient are our MTMU model and the Atten-
tionUNet. In terms of the Dice coefficient, the former
achieves a slight advantage of 0.1 percentage point over
the latter. Nevertheless, compared with AttentionUNet,
our model achieves significant improvement in the HD95
metric. We also calculated the p-value, and the p-value
of all methods are less than 0.05, which means segmenta-
tion methods are statistically effective. The experiments
have demonstrated that our MTMU model can accu-
rately extract the boundaries of the target, showcasing its
excellent capability to preserve geometric morphology.
We attribute this success to the high-frequency enhanced
FT connection and the geometric priors introduced by
the GC subtask.

Table 1 Statistical comparisons with various SOTA methods

Model Dice(%) HD95(mm) p-value
SwinUNetr 7726+0.16 1036 £ 13.62 1.28e-20
UNetr 69.97 £0.21 1691+ 15.14 5.46e-29
SegResNet 77.714+0.13 9.03£11.58 2.6e-2
U-Net 7741 +0.15 920+£12.23 3.1e-2
AttentionUNet 7792+£0.17 928+13383 1.52e-09
DynUNet 7792+0.19 9.51+£12.99 2.2e-2
GLIANet 7453 £0.22 114541321 2.9e-2
Ours 78.47 +£0.16 7.67 £11.69 6.35e-11
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Figure 6 visually presents the segmentation effects of
aneurysms by each competitive model. Figure 6(a) dem-
onstrates five different CTA cases and Fig. 6(b) zooms in
the region of interest to observe the details of IA targets,
from left to right denoted as case I to case V. Figure 6(c)-
(j) show the segmentation contours from SwinUNetr,
UNetr, SegResNet, U-Net, AttentionUNet, DynUNet,
GLIANet and MTMU(ours); the lower right corner of
each image displays the Dice coefficient (%). In the seg-
mentation results of Case I, there is evident interfer-
ence from surrounding blood vessels that confounds
the models UNetr, U-Net, AttentionUNet, and DynNet,
leading to over-segmentation. Similar situation was also
observed in case IV. Over-segmentation also corrobo-
rates the poor HD (Hausdorff Distance) metrics of these
models as shown in Table 1. For SegResNet, under-seg-
mentation could be observed in multiple cases, which
is detrimental to the accurate measurement of mor-
phological parameters, one of our potential important
applications. From the Fig. 6, it could be found that our
proposed segmentation method MTMU could effectively
delineate the boundaries of small targets while preserving
their shape information, even when the textural features
in their vicinity are highly similar.

In order to clearly observe the geometric shape of the
delineated IAs, the corresponding point cloud and mesh
format of IAs are shown in Fig. 7, and the corresponding
Dice coefficient (%) is located at the bottom right corner
of each image. It could be observed that over-segmenta-
tion will produce an erroneous lesion shape in 3D space,
thereby affecting the measurement of parameters such
as lesion diameter and volume, for example the results
of UNetr (Fig. 7(c)). Under-segmentation would lead to
over-smooth in 3D shape, for example the result of GLI-
ANet on case V(the last column of Fig. 7(h)). From a
geometric perspective, our segmentation results validate
the effectiveness of our method in extracting boundary
details. Additionally, the shapes we obtained are more
closely aligned with the ground truth shapes.

Overall, our method has a good capability in extracting
richer boundary information for small IA lesion segmen-
tation and producing more similar geometry structure
with the ground truth. We believe that the superior per-
formance of our model is attributed to the proposed
MF module designed to capture global information, the
FT module that enhances high-frequency edge infor-
mation, and the GC that integrates geometric prior fea-
tures. These design elements of the model contribute
to enhancing its capability in segmenting small targets,
achieving precise boundary and shape capture for these
minor objectives.

As aforementioned, the design of the segmenta-
tion model requires a balance between model size
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Fig. 6 Visual comparisons with various SOTA methods. Fron top to down are (a) original CTAs, (b) manual labels, (c) SwinUNetr, (d) UNetr, (e)
SegResNet, (f) U-Net, (g) AttentionUNet, (h) DynUNet, (i) GLIANet, (j) MTMU(ours). The display window is [ —138, 302] HU

and performance. The model size will also affect its its operation. Table 2 details the network parameter
application prospects to a certain extent, consider- counts, the Floating Point Operations (FLOPs), train-
ing the hardware and software support required for ing times and inference times. The parameter count
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Fig. 7 The geometric structure of the ground truth and the segmentation results. Fron top to down are (a) ground truth, (b) SwinUNetr, (c) UNetr,
(d) SegResNet, (e) U-Net, (f) AttentionUNet, (g) DynUNet, (h) GLIANet, (i) MTMU(ours)

Table 2 Statistical comparisons with various SOTA methods on
performance metrics

Method Params(M) FLOPs(G) Training Inference
Times(s) Times(ms)
SwinUNetr 61.99 329.29 5834 5341
UNetr 101.62 264.66 33.87 36.59
SegResNet 7.16 1249 8.10 20.26
UNet 1.78 24.27 641 20.75
AttentionUNet 591 61.77 12.79 20.12
DynUNet 33.09 829.44 2223 2145
GLIANet 13.09 814.77 49.74 39.19
Ours 2.10 2571 31.62 34.25

reflects the model’s complexity, while the FLOPs indi-
cate the computational burden. From Table 2, there are
only two models have trainable parameters less than
5.0M, UNet and our MTMU. Although our model’s
parameter count is a little bit larger than that of UNet,
our segmentation performance surpassed that of UNet
significantly. In terms of FLOPs, the situation is simi-
lar. Compared to our approach, AttentionUNet, which
is the most competitive in terms of segmentation per-
formance, incurs three times the FLOPs. OQur MTMU
yields FLOPs of 25.71, which is only slightly lower than
UNet and SegRestNet, but our evaluation metrics out-
perform both of them. Notably, in comparison to the
transformer-based SwinUNetr, our model significantly
reduces computational cost and complexity. While both
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methods are capable of capturing global information,
our approach achieves a lower computational load due
to the integration of the Mamba unit within the feature
extractors. Additionally, we have recorded the train-
ing and inference times for each method in Table 2. To
measure the training time per epoch, we use a batch
size of 4 and record the implementation time for each
epoch, calculating the average value. For the infer-
ence time per sample, we use a batch size of 4, record
the implementation time for each sample, calculating
the average value. In the training phase, the proposed
method takes longer per epoch compared to the pure
CNN based model, we think the convolutional opera-
tions are deeply optimized on modern hardware. They
make efficient use of GPU parallel computing and
memory access, thus offering better performance. Ours
is faster than the transformer-based methods UNetr
and SwinUNetr. Among the compared models, SwinU-
Netr’s segmentation performance is closest to that of
the proposed method, although it incurs a significant
increase in both training and inference time. We think
that our method has a lower FLOPs compared to Trans-
former-based methods, but it significantly reduces the
number of parameters. Consequently, it entails less
computational load, making it faster than the trans-
former-based approaches. Among CNN based models,
the use of custom operators or network architectures
may lead to inconsistencies in the correlation between
FLOPs, parameters, training times and inference times.
In brief, the proposed MTMU demonstrates superior
segmentation performance with relatively low compu-
tational load and model complexity.

Ablation Studies

The MTMU is designed with three modules to improve
the end-to-end segmentation performance from different
perspectives, including MF block, FT connection and GC
subtask. To demonstrate their effectiveness, we show the
corresponding segmentation results with different com-
binations in Table 3. Based on the quantitative metrics, it
could be concluded that as the three modules are ensem-
bled, the performance of the segmentation model gradu-
ally enhances. It proves the effectiveness of our model’s
design.

Interpretability of the model

Although the data-driven deep learning models are
usually treated as a dark box, we try to interpret our
models via observing the changes in features obtained
during model’s convergence. Figure 8 illustrates the
effect of the FT connection on the obtained feature
maps. We visualize three different IA cases, whose
features enhanced by FT connection as well as that
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Table 3 Ablation study investigating effectiveness of different

modules

# MF FT GC Dice(%) HD95(mm)

1 N 7807 £0.16 827+12.14
2 V 77464018 828+ 1194
3 N 7751+0.16 1060+ 13.36
4 v V 78.1340.13 9.26+ 1237
5 V N 78.09£0.16 84341202
6 \J N 776940.16 11.10+£14.13
7 N V V 78.47 +£0.16 7.67 £11.69

without FT are shown. For visualization, we plot the
red contour around the region with the highest gray-
scale value, which corresponds to the area of pri-
mary attention of the network, as well as surrounding
regions with grayscale values above 1000. It is evident
that in the feature maps enhanced by the FT connec-
tion (Fig. 8), target regions with high feature values
are more concentrated. In another word, these fea-
ture maps would play a more active role in accurately
delineating IAs. Whereas in the feature maps without
frequency enhancement, the distribution of high value
feature points is more scattered. As a result, it increases
the difficulty for the network to focus on useful fea-
tures. This explains the reason why our method has a
stronger capability to converge to the boundaries.

To illustrate the working process of the GC subtask, we
also tracked the changes in IA shape during the refinement
phase of training. Figure 9 shows that after introducing the
GC subtask, the geometric structure of the network pre-
diction gradually approximates that of the ground truth
mask (Fig. 9(a)). To facilitate the observation of geometric
shape changes, we perform mesh reconstruction on the
model output. And the closer the color is to that of the
ground truth, the better the segmentation performance is.
As shown in Fig. 9(a), the ground truth color is dark blue,
the color in (b), (c), and (d) transitions from light blue to
dark blue, simulating the process where the models pre-
diction gradually approaches the ground truth as training
progresses. And, in the lower right corner of each figure,
the Dice coefficient is displayed. Notably, the right half of
the aneurysm structure increasingly protrudes, closely
resembling the ground truth. Meanwhile, the creases on the
surface of IA lesion were gradually fitted to ground truth.
These creases are precisely the regions where geometric
features are most typical. It explains the reason that our
model could maintain the geometric features of the target
during segmentation process. Incorporating geometric pri-
ors via the GC subtask helps our model align the structure
of the delineated target more closely with the actual target.
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Case III

Fig. 8 lllustrates three cases of the feature maps with and without FT enhancement. In this figure, (b) represents the ground truth, (c) shows
the feature map without FT enhancement, and (d) displays the feature map with FT enhancement

76.59

(a) (b)

71.56 77.93

(©) (d)

Fig. 9 In the geometric visualization of segmentation results across different epochs, (a) represents the ground truth, while (b), (), and (d)

represent the mesh for epochs 180, 190, and 200, respectively

Discussion

We propose a semantic segmentation model named
MTMU for the automatic delineation of intracranial
aneurysm lesions from the CTA scans. Comparing with
other medical targets, intracranial aneurysm lesions are

usually very tiny, which leads an obstacle for the feature
extracting. It is because in most cases image features are
computed from the foreground pixels, and if the num-
ber of available pixels is limited the feature computation
will lose accuracy. That’s the common problem the small
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target delineation algorithms have to face. Another chal-
lenge is that the pixel intensities of the IA region are
similar to those of the parent vessel region, as both the
aneurysm and the vessel are filled with blood. It leads to
the difficulty in accurately identifying the IA neck. To
solve these issues meanwhile balance the performance
and the cost of hardware and software, we employ MF
block consisting of multi-orientation Mamba units to
construct the feature encoders. It equips the model with
the capability in perceiving long-range dependencies
while avoiding the introduction of excessive additional
computational workload. FT connection which aims to
enhance the edge information in feature maps is proposed
and used to replace the traditional skip connections of
the two deepest layers. Empirically speaking, the deeper
the layer is, the less spatial information are kept in feature
maps. Therefore, enhancing the edge information of the
deep features could significantly improve the segmenta-
tion performance. The GC subtask, which focuses on the
consistence of the target wise geometric characteristics,
is used as compensation to constrain the training of the
whole model. With the help of it, the proposed model
performs well on the delineation of IA contour, especially
on the delineation of neck boundary, so that to yield bet-
ter segmentation metrics. These contributions are proved
to be effective in handling the IA segmentation task.

Extensive experiments have been carried out to dem-
onstrate the superiority of the proposed framework.
We compare our model with those popular bench-
mark semantic segmentation models, namely convo-
lution-based ones and transformer-based ones. From
Table 1, our results surpass the rest competitive mod-
els on both Dice score(78.47%) and 95% Hausdorff
Distance(7.67mm). Taking computational cost into con-
sideration (Table 2), the proposed model balances the
cost and the segmentation performance best. It only pays
one third resources of the AttentionUNet, which wins the
second place in segmentation performance. From the vis-
ualization of Fig. 6, it could be observed that our model
delineates the contours that are most close to the ground
truth, avoiding over- and under-segmentation. To be spe-
cific, the Fig. 7 shows the 3D view of the segmentation
results of each case. Our method achieves a high degree
of consistency in lesion shape compared to manual anno-
tations, especially on the regions with significant geomet-
ric variations. From the ablation study (Table 3), the MF
block contributes to basic segmentation performance,
with five per mille improvement of Dice score. With the
help of FT connection and GC subtask, the performance
will be further improved, which prove the contributions
of this paper are solid.

In brief, our method balances the performance and the
computational cost so that to make its clinical application
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possible. It could be helpful in assessing the IA appear-
ance parameters. For example, with the 3D segmentation
masks, the mesh view of IA lesion could be reconstructed
(as shown in Fig. 7). The geometric characteristics such
as volume size and diameters are easy to be measured,
avoiding any subjective bias. Meanwhile, once trained
well, the model inference speed is far faster than manual
work, which could help accelerate clinical workflow. The
model also has advantages on model size and the require-
ment of hardware and software is easy to meet. Both of
these characteristics are beneficial for the potential clini-
cal applications of the model.

Although our method demonstrates the superior per-
formance, its limitations should also be noted. By inte-
grating the MF block, our algorithm gains the ability to
capture global information while maintaining low param-
eters count and achieving higher FLOPs. However, when
introducing the GC task, the process of converting vol-
ume into point clouds using the marching cubes algo-
rithm and adding labels to the point clouds is performed
on the CPU, resulting in slower runtime and significantly
affecting the model’s training speed. In the future, we
plan to accelerate the GC task by offloading the point
clouds conversion process to the GPU, thereby improving
the overall training efficiency.

Conclusions

In this paper, we proposed the MTMU network to
achieve the task of automatically delineating IA lesions.
Our network architecture incorporates Mamba-based
MEF blocks to enhance the capability of capturing global
contextual information with low computation cost.
Additionally, to increase sensitivity to boundaries, we
introduced FT blocks to make our model focus more
on high-frequency information. Moreover, GC subtasks
were introduced to further constrain the geometric
structure of our segmentation results, making them more
closely aligned with the ground truth. Experiments show
that MTMU network has outstanding performance in IA
segmentation.
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