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Abstract

Medical image segmentation plays a crucial role in clini-
cal diagnosis, lesion quantification, and preoperative plan-
ning. However, existing Mamba-based architectures, which
rely on fixed-direction sequence modeling and flatten im-
ages into one-dimensional (1D) sequences, struggle to cap-
ture hierarchical anatomical features and spatial dependen-
cies, thereby limiting their representational capacity for com-
plex medical structures. To address these limitations, we pro-
pose EccoMamba (Enhanced Cross-hierarchical Continuity
Orthogonal Mamba), a U-shaped encoder—decoder frame-
work designed for medical image segmentation. In the en-
coder’s downsampling path, we introduce a Hierarchical Ag-
gregation Enhancement (HAE) module that integrates multi-
scale convolutions with hierarchical attention mechanisms.
The attention branch further incorporates cross-channel in-
teractions, allowing the model to selectively enhance seman-
tically relevant features while suppressing irrelevant back-
ground responses. For skip connections, we design a Struc-
tural Continuity Orthogonal (SCO) module to preserve spa-
tial continuity by modeling cross-dimensional dependencies
via orthogonal Axial Shifts (AS), thereby mitigating direc-
tional bias and improving anatomical consistency. Extensive
experiments on four benchmark datasets—ISIC 2018, ISIC
2017, Synapse, and ACDC—show that EccoMamba consis-
tently outperforms state-of-the-art methods in both segmen-
tation accuracy and structural fidelity.

Code — https://github.com/Biowust/EccoMamba

Introduction

Medical image segmentation plays a crucial role in clinical
diagnosis, lesion detection, preoperative planning, and treat-
ment evaluation (Ronneberger, Fischer, and Brox 2015). It
is essential for identifying complex organ structures and de-
tecting subtle pathological regions. However, medical im-
ages often exhibit substantial modality heterogeneity (e.g.,
CT, MRI, WSI), ambiguous structural boundaries, high
anatomical variability, and a scarcity of labeled data (Chen
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et al. 2024; Zhou et al. 2018). These challenges significantly
hinder the generalization ability of traditional segmentation
approaches.

Recent advances in medical image segmentation pri-
marily fall into two categories. The first category focuses
on CNN-based architectures. Models such as U-Net and
its variants (e.g., UNet++ (Zhou et al. 2018), Attention-
UNet (Zhu et al. 2022), UCTransNet (Wang et al. 2022),
and UNetR (Hatamizadeh et al. 2022)) leverage encoder—
decoder structures and skip connections to capture lo-
cal spatial context and achieve strong boundary localiza-
tion. Nevertheless, CNNs inherently suffer from limited
receptive fields, restricting their ability to model global
interactions and often resulting in fragmented anatomi-
cal predictions. The second category involves Transformer-
based models (Dosovitskiy et al. 2020), including Tran-
sUNet (Chen et al. 2024), Swin-UNet (Cao et al. 2022), and
MISSFormer (Huang et al. 2022). These models utilize self-
attention to capture long-range dependencies but face two
critical limitations: substantial computational overhead and
insufficient spatial priors, both of which constrain boundary
precision and positional consistency.

More recently, the Mamba architecture (Gu and Dao
2023), a selective state-space model, has emerged as a
promising alternative to CNN- and Transformer-based de-
signs for medical image segmentation, as demonstrated
in VM-UNet (Ruan, Li, and Xiang 2024) and Mamba-
UNet (Wang et al. 2024). Thanks to its linear computational
complexity, Mamba efficiently models long-range depen-
dencies with a relatively compact parameter budget. How-
ever, Mamba processes images as flattened one-dimensional
(1D) sequences, which disrupts the intrinsic 2D or 3D spa-
tial structures essential for medical imaging. This leads to
difficulties in capturing fine anatomical details, such as car-
diac subregions and tumor boundaries, that rely heavily on
continuous spatial cues. Moreover, Mamba’s unidirectional
sequence processing introduces directional bias, reducing
its ability to symmetrically perceive horizontal and verti-
cal structures. In addition, the absence of explicit multi-
scale mechanisms limits its capacity to model hierarchical
anatomical features, resulting in imbalanced perceptual rep-



resentations and suboptimal segmentation performance, par-
ticularly in anatomically complex regions.

To address these limitations, we propose the Enhanced
Cross-hierarchical Continuity Orthogonal Mamba (Ecco-
Mamba), a U-shaped encoder—decoder architecture tailored
for medical image segmentation. EccoMamba enhances the
Mamba backbone by improving its ability to model lo-
cal spatial continuity, multi-scale anatomical structures, and
orthogonal directional dependencies. Specifically, we de-
sign two key components: the Hierarchical Aggregation
Enhancement (HAE) module and the Structural Continu-
ity Orthogonal (SCO) module. The HAE module enriches
multi-scale feature representation through parallel multi-
scale convolutions combined with a lightweight hierarchi-
cal attention mechanism. This attention mechanism inte-
grates channel-wise modulation with spatial emphasis, en-
abling precise boundary localization and effective suppres-
sion of irrelevant background regions. The SCO module mit-
igates directional bias by performing orthogonal Axial Shifts
(AS) along horizontal and vertical axes, thereby capturing
cross-dimensional spatial dependencies. It further incorpo-
rates lightweight convolutional fusion to enhance continu-
ity across symmetric structures and preserve fine-grained
anatomical details.

The main contributions of this work are summarized as
follows:

* We propose a novel HAE module to address Mamba’s
limitations in modeling hierarchical anatomical features.
HAE integrates parallel multi-scale convolutions with hi-
erarchical attention to capture features across varying
spatial resolutions while enhancing anatomically relevant
regions and preserving structural boundaries.

We introduce the SCO module to overcome Mamba’s
directional bias and spatial discontinuity. SCO applies
orthogonal AS in both horizontal and vertical direc-
tions, followed by feature fusion and context aggrega-
tion, yielding more consistent spatial representations and
improved structural fidelity.

Extensive experiments on four benchmark datasets (ISIC
2018, ISIC 2017, Synapse, and ACDC) demonstrate the
effectiveness and strong generalization capability of Ec-
coMamba across diverse evaluation metrics.

Related Work
Deep Learning in Medical Image Segmentation

Deep learning has become the dominant paradigm for
medical image segmentation, with convolution-based and
attention-based architectures achieving strong performance
across diverse imaging modalities and anatomical targets.
U-Net and its variants, such as U-Net++ (Zhou et al. 2018)
and Attention-UNet (Zhu et al. 2022), effectively capture
fine-grained spatial details through hierarchical feature ex-
traction and skip connections. TransUNet (Chen et al. 2024)
integrates Transformer blocks into the U-Net encoder to
enhance global context modeling, while Swin-UNet (Cao
et al. 2022) leverages the hierarchical design of Swin
Transformers for improved multi-scale representation. UN-
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etR (Hatamizadeh et al. 2022) directly applies ViT-style en-
coders to 3D volumes, enabling end-to-end learning of vol-
umetric spatial dependencies. TransBTS (Wang et al. 2021)
further explores modality-specific attention strategies for
multi-modal fusion. SegFormer (Xie et al. 2021) balances
accuracy and efficiency by combining a lightweight Trans-
former backbone with compact fusion heads, and DeiT-
UNet (Touvron et al. 2021) employs knowledge distilla-
tion to improve training stability in data-scarce scenarios.
Despite their effectiveness in modeling long-range depen-
dencies, these hybrid CNN-Transformer models often ex-
hibit high memory consumption and potentially unstable
long-range attention, which limits their scalability to high-
resolution inputs in practical applications.

State Space Models

As a selective state-space model, Mamba has recently at-
tracted considerable attention in vision applications, in-
cluding medical image segmentation. A number of re-
cent works have explored its potential in various architec-
tures. VM-UNet (Ruan, Li, and Xiang 2024) integrates en-
hanced attention mechanisms with multi-scale fusion, im-
proving both segmentation accuracy and efficiency. LightM-
UNet (Liao et al. 2024) introduces a lightweight Mamba
module, improving suitability for deployment in resource-
constrained environments. Swin-UMamba (Liu et al. 2024)
combines pre-trained Swin Transformers with Mamba to
strengthen feature extraction and generalization. Mamba-
UNet (Wang et al. 2024) employs purely visual Mamba
blocks to better handle complex imaging patterns. Ultra-
Light VM-UNet (Wu et al. 2025b) adopts parallel Mamba
branches, reducing parameter overhead while maintaining
competitive performance in dermoscopic lesion segmen-
tation. MTMamba (Lin et al. 2024) designs a Mamba-
based decoder for dense multi-task segmentation, yielding
consistent improvements across multiple subtasks. MMR-
Mamba (Zou et al. 2025) incorporates Mamba with spa-
tial frequency-aware fusion, significantly enhancing detail
preservation and contrast consistency in multi-contrast MRI
reconstruction.

Despite these advances, Mamba still exhibits inherent
limitations. Its unidirectional sequential structure struggles
to capture direction-invariant and symmetric spatial struc-
tures that are prevalent in medical images, often resulting
in perceptual asymmetries between horizontal and vertical
axes. Moreover, the absence of an explicit multi-scale mech-
anism restricts its ability to model semantic variations across
organs of different sizes, which is essential for achieving ac-
curate and robust medical image segmentation.

Method
Overview of EccoMamba

As shown in Fig. 1, EccoMamba is built upon a U-shaped
encoder—decoder architecture inspired by VM-UNet (Ruan,
Li, and Xiang 2024). It integrates selective state-space mod-
eling with structural enhancement modules to effectively
capture multi-scale features and spatial dependencies in
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Figure 1: (a) Overview of the proposed EccoMamba architecture. (b) Hierarchical Aggregation Enhancement (HAE) module.
(¢) Structural Continuity Orthogonal (SCO) module. (d) Axial Shifts (AS) applies orthogonal shifts (horizontal and vertical)
and dual convolutional pathways to model fine-grained spatial dependencies.

medical images. The input image is first projected into fea-
ture representations via a patch embedding layer, and is
then processed by a four-stage encoder that performs hier-
archical feature extraction and progressive downsampling.
Each encoder stage incorporates a Hierarchical Aggrega-
tion Enhancement (HAE) module and a vision state space
(VSS) block. The VSS block leverages the selective state-
space mechanism to model long-range dependencies with
linear computational complexity, enabling efficient capture
of global contextual information. The HAE module extracts
multi-scale features in parallel and integrates both channel-
wise and spatial attention mechanisms to enhance feature
representation. To mitigate the directional bias inherent in
Mamba, the skip connections are augmented with a Struc-
tural Continuity Orthogonal (SCO) module, which performs
Axial Shifts (AS) along horizontal and vertical directions.
In the decoder, feature maps are progressively upsampled
through VSS blocks and fused with the SCO-refined encoder
features to restore spatial resolution and generate the final
segmentation output.

Hierarchical Aggregation Enhancement

Medical images often exhibit highly variable spatial struc-
tures, ranging from fine cellular patterns to complex organ
boundaries. This variability necessitates capturing hierarchi-
cal anatomical features across different scales while main-
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taining spatial coherence. To address this challenge, we in-
troduce the HAE module.

The HAE module begins by splitting the input feature
map X € REXHXWXC into two equal parts along the chan-
nel dimension: X1, Xy € REXHXWxX(C/2) 'where B is the
batch size, H is the height, W is the width, and C' is the num-
ber of channels. As shown in Fig. 1(b), HAE consists of two
primary branches: a multi-scale convolutional branch and a
hierarchical attention branch. In the convolutional branch,
X is further divided into two pathways, z; and z2. 21 un-
dergoes a 1 x 1 pointwise convolution, followed by a depth-
wise separable 3 x 3 convolution (DWConv) and GELU
activation to extract fine-grained local features. zo passes
through a 3 x 3 max-pooling operation, followed by a1 x 1
convolution and GELU activation to aggregate coarse-scale
context. The outputs of the two convolutional paths are fused
toformY;.

The second part of the input, X o, is processed through
channel attention and spatial attention. Channel attention
first applies global average pooling and max pooling to ob-
tain Flaye(X 2) and Fe (X 2), which are passed through a
two-layer multilayer perceptron (MLP) to generate channel-
wise weights:

Wca
X5

0(MLP(F (X 2)) + MLP(Fa (X 2))),

(1)
X2 © Wcaa



where o(-) denotes the sigmoid function.

The spatial attention module applies average pooling and
max pooling along the channel dimension of X, to generate
F3h.(X5) and F}%, (X3). These maps are concatenated and
passed through a 7 x 7 convolution to obtain:

W, = U(COHV7X7(C0ncat [F2,(X5), F;gax(xg)]c)) .
@

The enhanced feature is given by:
Y, =X,0W,,. (3)

The final output is obtained by concatenating Y; and Yo
and applying a residual connection with the original input.

Structural Continuity Orthogonal Module

Medical images inherently exhibit strong spatial continu-
ity along anatomical structures. However, traditional Mamba
architectures flatten 2D feature maps into 1D sequences and
apply unidirectional processing, which disrupts spatial co-
herence and leads to structural discontinuities. The SCO
module addresses this issue by explicitly modeling orthogo-
nal dependencies across spatial axes.

As shown in Fig. 1(c), the input X is split into two parts
along the channel dimension. Each part is processed by a
distinct AS branch: one uses a 1 x 1 convolution for effi-
cient channel-wise interaction, while the other usesa 3 x 3
convolution to capture richer local patterns. Within each AS
branch (Fig. 1(d)), the features are projected into two com-
ponents: one is shifted horizontally and the other vertically.
Zero-padding preserves the original spatial size. The shifted
features are convolved and fused through element-wise ad-
dition, followed by a second projection:

F, = Conv(Shift;, (F1)),
F, = Conv(Shift, (F5)),
FAS = COI1V1><1(‘F‘h + FV)

“

The outputs of the two AS branches are combined and
refined:

Fiyeq = FAS1><1 + FA53><37

)
F,, = MLP(LayerNorm(Fyseq)) + Frused-

This orthogonal design allows SCO to better capture
structural continuity while preserving anatomical details. By
combining cross-directional shifts with dual-scale convolu-
tions and channel-wise interactions, SCO mitigates direc-
tional bias and strengthens boundary delineation.

Loss Function

To improve performance in multi-class medical image seg-
mentation, we adopt a hybrid loss consisting of Dice loss and
cross-entropy loss. Cross-entropy enforces accurate pixel-
wise classification, while Dice loss directly optimizes the
overlap between predictions and ground truth. The total loss
is:

Ltotal = /\ceLce + AdiceLdicea (6)

where A\, and Agc balance the contributions of the two
components.
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Experiments
Datasets

Extensive experiments are conducted on four publicly avail-
able datasets to evaluate the effectiveness and robustness
of the proposed method. The ISIC 2017 and ISIC 2018
datasets (Milton 2019), used for skin lesion segmentation,
consist of 2,150 and 2,694 dermoscopic images with pixel-
level annotations, respectively. For ISIC 2017, the data are
splitinto 1,500 training and 650 testing images following the
official protocol. For ISIC 2018, we follow a standard 7:3
train—test split, resulting in 1,886 training and 808 testing
images. The ACDC dataset (Bernard et al. 2018), devel-
oped for automatic cardiac diagnosis, contains MRI scans
from 100 patients with manual annotations for the right ven-
tricle (RV), left ventricle (LV), and myocardium (MYO),
partitioned into 70 training, 10 validation, and 20 testing
samples. The Synapse dataset (Landman et al. 2015), de-
signed for multi-organ CT segmentation, includes annota-
tions for eight organs from 30 subjects, split into 18 training
and 12 testing cases.

Evaluation Metrics

The performance of all methods on the Synapse and ACDC
datasets is evaluated using the Dice similarity coefficient
(DSC) and the 95th percentile Hausdorff distance (HD95).
For the ISIC 2018 and ISIC 2017 datasets, we use sensitiv-
ity (Sens), specificity (Spec), accuracy (Acc), and DSC as
evaluation metrics.

Implementation Details

All models are implemented in PyTorch and trained on a
single NVIDIA RTX 4090 GPU. We adopt the AdamW op-
timizer with an initial learning rate of 1 x 10~ and a weight
decay of 1 x 1072, together with a cosine learning rate de-
cay schedule. The batch size is uniformly set to 24 for all
datasets. Each model is trained for 300 epochs, and the best
checkpoint is selected based on the validation DSC. During
inference on the Synapse dataset, a sliding-window strategy
is employed to mitigate boundary artifacts. Mixed-precision
training (AMP) is used to accelerate computation and reduce
memory usage.

Comparisons with State-of-the-Art Methods

We compare EccoMamba with state-of-the-art (SOTA)
methods from three categories. U-Net-based methods in-
clude MALUNet (Ruan et al. 2022), Attention Swin U-
Net (Aghdam et al. 2023), ASP-VM-UNet (Bao et al.
2025), MSCD-VM-UNet (Huang et al. 2025), LeViT-UNet-
384 (Xu et al. 2023), UNetR (Hatamizadeh et al. 2022),
and TransClaw U-Net (Yao et al. 2022). Transformer-
based methods include TransUNet (Chen et al. 2024),
Swin-UNet (Cao et al. 2022), MISSFormer (Huang et al.
2022), SynergyNet (Gorade et al. 2024), MixFormer (Liu
et al. 2025a), HiFormer-L (Heidari et al. 2023), CSWin-
UNet (Liu et al. 2025b), and GLoG-CSUNet (Zarch
et al. 2025). Mamba-based methods include VM-
UNet (Ruan, Li, and Xiang 2024), HC-Mamba (Xu 2024),
H-VmUNet (Wu et al. 2025a), and CC-ViM (Zhu et al.



ISIC 2018 | ISIC 2017

Method

Sens Spec Acc DSC ‘ Sens Spec Acc DSC
MALUNet 88.90 97.25 9548 89.31 | 88.24 97.62 95.83 88.96
Attention Swin U-Net 80.57 98.26 94.80 85.40 | 84.92 98.47 9591 88.59
UltraLight VM-UNet  88.32 95.96 93.86 88.76 | 85.02 98.11 96.14 86.89
LightM-UNet 88.29 97.65 95.55 88.98 | 87.04 97.74 95.95 87.80
HC-Mamba 88.90 97.08 94.84 89.26 | 86.99 97.47 95.17 88.18
VM-UNet 88.82 96.49 94.39 89.67 | 91.87 96.30 95.63 86.35
H-VmUNet 89.96 95.37 93.89 88.97 | 84.94 98.20 96.21 87.09
CC-ViM 88.74 97.32 95.23 90.06 | 88.70 97.19 95.60 88.74
MSCD-VM-UNet 89.71 97.05 95.26 90.21 | 90.44 97.23 95.92 88.78
ASP-VM-UNet 89.97 95.33 93.83 89.09 | 83.25 96.64 93.48 85.77
EccoMamba 90.84 96.82 95.17 91.18 | 88.60 98.29 96.84 89.39

Table 1: Comparison of segmentation performance on the
ISIC 2018 and ISIC 2017 datasets.

2025). All methods are reproduced and evaluated under our
experimental setting.

Skin Lesion Segmentation on the ISIC Datasets. As
shown in Table 1, EccoMamba achieves the best overall per-
formance on both ISIC 2018 and ISIC 2017. On ISIC 2018,
it attains a DSC of 91.18%, outperforming the previous best
method (88.98%) by 2.20 percentage points. On ISIC 2017,
EccoMamba also obtains the highest DSC (89.39%) and the
highest classification accuracy (96.84%), while maintaining
competitive sensitivity and specificity. These results indicate
that the proposed architecture is particularly effective for de-
lineating challenging lesion boundaries under diverse imag-
ing conditions.

Cardiac Segmentation on the ACDC Dataset. As re-
ported in Table 2, EccoMamba achieves the highest perfor-
mance on the ACDC dataset, with a DSC of 91.83%, out-
performing VM-UNet (Ruan, Li, and Xiang 2024), which
achieves 91.04%. These results highlight EccoMamba’s
strong capability in maintaining segmentation consistency
and accuracy, particularly in anatomically complex regions.

Multi-Organ Segmentation on the Synapse Dataset.
As summarized in Table 3, EccoMamba achieves the high-
est average DSC (81.51%) on the multi-organ segmenta-
tion task, together with a competitive HD95 of 22.02. It at-
tains either the best or second-best performance on most or-
gans, demonstrating strong generalization across both large
and small anatomical structures. In particular, the high DSC
scores on large organs (e.g., liver) and anatomically complex
regions (e.g., stomach) highlight the effectiveness of the pro-
posed modules in modeling multi-scale context and spatial
continuity.

We further conduct paired t-tests on the DSC scores
across all test subjects. EccoMamba achieves statistically
significant improvements over all baseline models (p <
0.01), indicating that the observed gains are not due to ran-
dom variation.

Ablation Study

The ablation study in Table 4 highlights the individual
and combined contributions of the HAE and SCO mod-
ules on the ISIC 2018 dataset. Introducing the HAE module

Method RV MYO LV ‘ DSC HD95

UNetR 85.29 86.52 94.02|86.61 = 1.63 -
LeViT-UNet-384 89.55 87.64 93.76|90.32 £+ 1.24 -
Swin-UNet 87.94 86.78 94.71(89.81 £ 1.11 1.32 +0.98

MISSFormer 86.36 85.75 91.59(87.90 4+ 1.79 6.85 £ 0.21
SynergyNet 87.68 86.60 95.06(89.78 4+ 1.28 1.50 4 0.07
TransUNet 88.86 84.54 95.73|89.71 & 1.15 1.82 £+ 0.06
VM-UNet 88.44 89.22 95.45(91.04 £+ 1.12 1.30 £ 0.95
MixFormer 89.02 88.46 95.55(91.04 &+ 1.07 1.42 + 0.21
GLoG-CSUNet 86.63 88.36 94.87[89.95 4+ 1.26 4.14 4+ 0.18
EccoMamba 89.91 89.71 95.87|91.83 + 1.06 1.37 £ 0.11

Table 2: Comparison of segmentation performance on the
ACDC dataset.

46 .8 88
Figure 2: Visual comparison of EccoMamba and other mod-
els on the ISIC 2017 dataset. The ground truth is shown in

blue contours, while the segmentation results are shown in
red.

(Base+HAE) improves the DSC from 88.52% to 90.42%,
demonstrating its effectiveness in capturing multi-scale con-
textual information and refining indistinct lesion boundaries.
Adding the SCO module (Base+SCO) increases the DSC to
90.22%, indicating its ability to enhance spatial continuity
and localize lesions more accurately in anatomically struc-
tured regions. When both modules are integrated in the full
EccoMamba model, the DSC reaches 91.18%, confirming
the complementary strengths of HAE and SCO in producing
more precise and structurally coherent segmentations.

Visualization of Segmentation Results

To provide a more intuitive comparison of segmentation
performance, we visualize the results of EccoMamba and
several representative models on the ISIC 2017 dataset, as
shown in Fig. 2. The visualizations demonstrate that Ecco-
Mamba produces more accurate and smoother segmentation
contours, with higher overlap with the ground truth, partic-
ularly in challenging cases with blurry or ambiguous lesion
boundaries. Compared to other methods, EccoMamba ex-
hibits stronger contour alignment and better delineation of
fine-grained structures, reflecting its superior ability to pre-
serve anatomical consistency across diverse lesion types.



Method Aorta Gallbladder Kidney (L) Kidney (R) Liver Pancreas Spleen Stomach ‘ DSC (%) HD95

TransDeepLab 86.02 68.17 81.66 78.72 93.41 60.67 85.12 7553 |78.66 +1.71 29.38 +1.92
UNetR 89.80 56.30 85.60 84.52 94.57  60.47 85.00 7046 |7834+1.68 18.59+1.74
TransClaw U-Net 85.87 61.38 84.83 79.36 9428 57.65 87.74 7355 |78.08+1.59 26.38 + 1.83
LeViT-UNet-384 87.33 62.23 84.61 80.25 93.11  59.07 88.86  72.76 | 78.53+1.43 16.84 + 1.64
Swin-UNet 85.71 66.08 82.73 78.46 93.90 58.90 88.83 76.23 | 78.86 £ 1.39 24.80 £ 1.72
HiFormer-L 85.84 65.20 83.07 78.87 93.79  59.08 91.00 80.76 | 79.70 £ 1.41 20.82 + 1.66
TransUNet 87.22 60.04 81.92 76.39 9441 5454 84.72  76.19 | 7693+ 148 30.18 +1.94
VM-UNet 88.17 69.51 84.35 80.95 93.57 62.17 88.45 7621 | 8042+ 140 24.84+1.78
CC-ViM 85.90 67.44 85.86 80.85 94.13  62.06 89.10  79.58 |80.62 + 1.44 29.39 + 1.83
SWMA-UNet 86.04 68.84 86.97 82.60 94.19 57.33 89.82  78.05 |8048 +1.42 18.30+1.73
CSWin-UNet 87.13 63.89 82.54 78.94 94.64  64.05 88.38 80.66 | 80.03 +1.39 26.74 £1.76
GLoG-CSUNet  88.21 70.44 81.67 80.55 9333 6145 88.24 80.37 [80.53+1.41 24.12+1.74
EccoMamba 87.43 72.01 83.82 81.01 95.29 60.64 90.18 81.67 | 81.51 +1.32 22.02 +1.71

Table 3: Comparison of segmentation performance on the Synapse dataset. Results are averaged over three independent runs

(mean =+ std.).
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Figure 3: Visual comparison of EccoMamba and other models on the Synapse dataset. Red boxes highlight regions where

EccoMamba yields more accurate segmentations.

Fig. 3 presents visual comparisons between EccoMamba
and other competing models on the Synapse dataset. Red
boxes highlight regions containing anatomically challenging
organs, such as the kidneys, pancreas, and gallbladder. Ec-
coMamba consistently generates smoother boundaries and
more accurate shapes, particularly in areas with low con-
trast or structural ambiguity. For example, in the first row, it
correctly distinguishes the left and right kidneys and pro-
vides precise liver delineation. In contrast, other models
show boundary shifts and segmentation artifacts, validating
the effectiveness of EccoMamba in modeling spatial conti-
nuity and capturing anatomical structures.
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Fig. 4 shows visual comparisons on the ACDC dataset.
Even in regions with unclear boundaries, complex tissue
morphology, or tightly packed structures, EccoMamba accu-
rately delineates cardiac structures such as the LV, RV, and
MYO. In contrast, other models exhibit issues such as dis-
continuities or misaligned contours. EccoMamba, however,
delivers better structural continuity and spatial alignment,
further validating the practical efficacy and robustness of the
proposed spatial enhancement modules.



Sens Spec Acc | DSC

Base 86.63 96.56 93.84 88.52
Base+HAE 90.51 96.34 94.74 90.42
Base+SCO 90.57 96.15 94.62 90.22
EccoMamba 90.84 96.82 95.17 91.18

Table 4: Ablation study of EccoMamba on the ISIC 2018
dataset.

Ground TruthTransUNet Swin-UNet MISSFormer SynergyNet VM-UNet EccoMamba

A
Hw

B myo

H rv

Figure 4: Segmentation results on the ACDC dataset. Red
boxes highlight regions where EccoMamba yields more ac-
curate predictions.
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Figure 5: Stage-wise placement analysis of the HAE mod-
ule.

Stage-wise Placement of the HAE Module

To investigate the optimal placement of the Hierarchical Ag-
gregation Enhancement (HAE) module, we conduct experi-
ments incorporating HAE at different positions: (1) both en-
coder and decoder stages, (2) decoder-only, and (3) encoder-
only. Experimental results show that the encoder-only con-
figuration achieves the best performance, with DSC scores
of 91.18% on ISIC 2018 and 89.39% on ISIC 2017, out-
performing both the encoder—decoder (90.51% and 88.55%)
and decoder-only (89.48% and 88.76%) configurations. This
demonstrates that early-stage hierarchical feature enhance-
ment during encoding is most critical for optimal segmenta-
tion performance.
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Method Parameters FLOPs Memory
MISSFormer (2023) 42.46M 7.28G 0.56 GB
LeViT-UNet-384 (2023)  39.13M 225G 0.26GB
Swin-UNet (2023) 27.17TM 595G 0.31GB
nnFormer (2023) 150.05M  704.23G 7.09 GB
HiFormer-L (2023) 255IM  17.81G 042 GB
TransUNet (2024) 105.28M 593.00G 7.55 GB
VM-UNet (2024) 27.43M 3.15G 042GB
H-VmUNet (2024) 8.97T™M 0.57G 0.35GB
ULVM-UNet (2024) 0.18M 0.06G 0.15GB
CSWin-UNet (2025) 23.5TM 472G 031 GB
GLoG-CSUNet (2025) 40.62M 843G 0.58 GB
EccoMamba 38.30M 6.22G 0.63 GB

Table 5: Model parameters and computational complexity.

Memory and Computational Efficiency

We assess the efficiency of EccoMamba in terms of param-
eter count, FLOPs, and memory consumption. As shown
in Table 5, EccoMamba requires 38.30M parameters, 6.22
GFLOPs, and 0.63 GB of memory, offering a favorable
trade-off between accuracy and complexity. Compared with
heavy models such as nnFormer (Zhou et al. 2023) and Tran-
sUNet (Chen et al. 2024), it is substantially more efficient,
while still outperforming them in segmentation accuracy.
Although ultra-light designs (e.g., ULVM-UNet (Wu et al.
2025b)) have fewer parameters and FLOPs, they achieve
lower accuracy than EccoMamba, indicating that our design
strikes a more balanced compromise between performance
and computational cost.

Conclusion

In this paper, we have presented EccoMamba, a medical im-
age segmentation framework that incorporates two key com-
ponents: the Hierarchical Aggregation Enhancement (HAE)
module and the Structural Continuity Orthogonal (SCO)
module. The HAE module captures anatomical features
across multiple scales through parallel multi-scale convo-
Iutions and a lightweight attention mechanism, enabling
fine-to-coarse hierarchical representations. The SCO mod-
ule enhances spatial continuity by applying orthogonal Ax-
ial Shifts (AS) that model cross-dimensional dependencies
and reinforce structural consistency.

Extensive experiments across four benchmark datasets
validate the effectiveness of EccoMamba. Specifically, eval-
uations on ISIC 2018, ISIC 2017, Synapse, and ACDC show
that our method consistently achieves superior segmenta-
tion accuracy and robustness compared with existing state-
of-the-art approaches. These results highlight the practical
value of the proposed architectural design and its potential
for broader applications in medical image analysis.
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