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Abstract. Medical image segmentation is fundamental to computer-
aided diagnosis, requiring precise extraction of anatomical structures
and pathological regions. While state-space models (SSMs) have demon-
strated remarkable capabilities in capturing long-range dependencies with
linear computational complexity, existing methods often struggle to ef-
fectively balance global context modeling and local detail preservation in
medical images. To address this limitation, this paper proposes HEDS-
Net, a Hybrid Vision State-space Transformer and Enhanced Deep Su-
pervision Network. The approach introduces a Hybrid Vision State-space
Transformer (HVST) module that integrates global sequential modeling
with multi-scale local enhancement through a smooth progressive fusion
mechanism, an Axial Cross-Information Synthesis Bridge (AXIS-Bridge)
that enhances skip connections to refine cross-scale features, and a Pro-
gressively Weighted Deep Supervision Head (DS-Head) with dynamically
adjusted weights for hierarchical auxiliary supervision. Extensive exper-
imental evaluations on four medical image segmentation datasets, i.e.,
ISIC17, ISIC18, Kvasir-SEG, and Synapse, demonstrate that HEDS-Net
outperforms advanced baseline models on key evaluation metrics: in skin
lesion and polyp segmentation tasks, it achieves precise lesion detection
and background exclusion; in multi-organ segmentation, it enables sta-
ble segmentation of both small and large anatomical structures. Code is
available at https://github.com/Momentisbeused/HEDS-Net.
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1 Introduction

Medical image segmentation is fundamental to computer-aided diagnosis, re-
quiring precise extraction of anatomical structures and pathological regions [25].
CNN-based models, represented by U-Net [16], are effective in capturing local
spatial patterns but have limited capacity for long-range dependency model-
ing [17]. Transformer-based methods such as Swin-UNet [4] and TransUNet [6]
improve global context modeling, while hybrid architectures such as TransFuse
[29] and MEW-UNet [20] further explore complementary local-global representa-
tion learning through branch fusion or multi-axis modeling. SSM /Mamba-based
methods provide another efficient route for long-range modeling: VM-UNet [18]
and HC-Mamba [28] adapt Mamba-style blocks to medical segmentation, Seg-
Mamba [26] extends sequential modeling to volumetric segmentation, and LKM-
UNet [23] and GLM-SFNet [5] further investigate large-kernel or global-local
Vision-Mamba designs. These studies indicate that accurate segmentation de-
pends not only on stronger global modeling, but also on how global semantics,
local details, and decoder-side feature fusion are coordinated. This remains chal-
lenging in low-contrast lesions, scale-varying polyps, and multi-organ CT struc-
tures, where coarse semantic consistency and fine boundary preservation must
be achieved simultaneously.

To address these challenges, this paper proposes HEDS-Net, a Hybrid Vision
State-space Transformer and Enhanced Deep Supervision Network. It follows
a U-shaped encoder—decoder architecture with three coordinated innovations:
(1) HVST couples a VSS branch [13] for global sequential modeling with an
ADCA branch for multi-scale local enhancement through Smooth Progressive
Fusion, where early VSS-dominant fusion stabilizes semantic organization and
later ADCA-enhanced fusion refines boundary-sensitive details; (2) AXIS-Bridge
improves skip connections through decoder-conditioned feature mixing and axis-
wise spatial refinement; and (3) DS-Head provides progressively weighted aux-
iliary supervision during training while inference relies on the main output. Ex-
tensive experiments on four datasets demonstrate the superior performance of
our HEDS-Net.

2 HEDS-Net

HEDS-Net is a U-shaped encoder—decoder architecture designed to integrate
long-range semantic modeling, boundary-sensitive local enhancement, and decoder-
aware skip refinement. As shown in Fig. 1, the encoder is built with HVST blocks
that combine Visual State-Space modeling and ADCA-based local enhancement,
while the decoder uses AXIS-Bridge to refine skip fusion with decoder context.
DS-Head introduces progressively weighted auxiliary supervision during training
to stabilize multi-scale optimization. The three proposed modules are detailed
below.
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Fig.1. HEDS-Net architecture. A U-shaped encoder-decoder with HVST, AXIS-
Bridge, and DS-Head for global-local modeling, axis-aware skip fusion, and progres-
sively weighted supervision.

2.1 Hybrid Vision State-space Transformer (HVST)

As summarized in Fig. 2, HVST is designed to couple efficient global sequence
modeling with local detail enhancement within one encoder block. The Visual
State-Space (VSS) branch, derived from VMamba [13|, performs directional se-
lective scanning for long-range dependency modeling with linear complexity.
In parallel, the Atrous Dilated Channel Attention (ADCA) branch enriches
boundary-sensitive local cues through multi-rate depthwise separable convolu-
tions and channel attention. Smooth Progressive Fusion then makes the VSS
stream dominant in early optimization and gradually increases the ADCA con-
tribution for local refinement, followed by a residual DropPath connection.

Visual State-Space (VSS) treats spatial tokens as sequences and applies
four-direction selective scanning to capture long-range dependencies with linear
complexity [13]. Atrous Dilated Channel Attention (ADCA) expands local
receptive fields with multi-rate depthwise separable convolutions and channel
attention, enhancing scale-aware local responses.

Smooth Progressive Fusion blends the two streams with a scheduled local
weight:
Frused = (1 - Alocal)Fvss + )\localﬂocalv (1)

where Ajgcal increases smoothly according to a cosine schedule during train-
ing. This schedule first emphasizes VSS-driven semantic organization and then
strengthens ADCA-based local refinement, allowing the fused representation to
evolve from stable global structure to boundary-sensitive details. The block out-
puts Input + DropPath(Fysed)-
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Fig. 2. Detailed Architecture of the Hybrid Vision State-space Transformer (HVST)
module. (a) VSS; (b) Atrous Dilated Channel Attention.

2.2 Axial Cross-Information Synthesis Bridge (AXIS-Bridge)

The Axial Cross-Information Synthesis Bridge (AXIS-Bridge), visualized in Fig. 3,
strengthens skip fusion by aligning semantics and handling spatial anisotropy

common in vessels and organ boundaries [27]. It performs two steps: context-

conditioned mixing between encoder and decoder features, followed by axis-wise

refinement to retain fine structures. Given encoder features X € REXHXWXxCenc

and decoder features g € RE*XHxWxCace hoth are first projected to a shared

channel dimension via 1x1 convolution:

Zproj = Convy(X), gproj = Convgy(g). (2)

AXIS-Bridge derives a context gate from the sum of projected features to mod-
ulate the encoder skip based on decoder semantics. Axis-wise averaging along
horizontal and vertical directions produces direction-aware descriptors, which
are fused to generate attention weights emphasizing elongated structures. A final
1x1 convolution aligns channels before residual addition to the decoder stream.

2.3 Progressively Weighted Deep-Supervision Head (DS-Head)

An overview of DS-Head is given in Fig. 4. DS-Head adds lightweight auxil-
iary heads to intermediate decoder stages for hierarchical guidance and eas-
ier optimization. Each head predicts a mask (sigmoid for binary, softmax for
multi-class), is upsampled to label resolution, and is trained with BCE+Dice
or CE+Dice. Epoch-dependent weights wy(e) gradually decay shallow heads so
deeper semantics dominate later training. During inference, auxiliary supervision
is disabled and the final prediction is produced by the main head.
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Fig. 4. Design of the Progressively Weighted DS-Head.

3 Experiments

Datasets. HEDS-Net is evaluated on four public datasets: ISIC17 [8] and
ISIC18 [7] for skin lesion segmentation (256x256, 1500/650 and 1886/808 train/test),
Kvasir-SEG [10] for polyp segmentation (256x256, 657/165 train/test), and
Synapse [12] for multi-organ CT segmentation (224x224, 18/12 train/test).

Evaluation Metrics. For ISIC17, ISIC18 and Kvasir-SEG datasets, mIoU, Dice
similarity coefficient (DSC), Accuracy (Acc), Sensitivity (Sen), and Specificity
(Spe) are reported. For Synapse, mean DSC and HD95 are evaluated.

Implementation Details. HEDS-Net is implemented in PyTorch and trained
on an NVIDIA RTX 3090 GPU. Inputs are resized to 256 x 256 for ISIC17,
ISIC18 and Kvasir-SEG, and 224 x 224 for Synapse, normalized to [0, 1], and
augmented with random horizontal /vertical flips and rotations. AdamW is used
with an initial learning rate of 1le—3, cosine decay, and standard weight decay;
all datasets share the same 300-epoch schedule. For binary datasets, a hybrid
BCE+Dice loss is employed; for Synapse, multi-class cross-entropy is combined
with mean Dice over the eight abdominal organs.

Efficiency Analysis. Computational complexity is profiled at task-specific in-
put resolutions. HEDS-Net has approximately 44.6M parameters and requires
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Table 1. Comparative experimental results on ISIC17, ISIC18, and Kvasir-SEG binary
segmentation datasets (Bold indicates the best).

Dataset Model mloU (%) DSC (%) Acc (%) Spe (%) Sen (%)
UNet [16] 76.98 86.99 95.65 97.43  86.82
UTNetV2 [9] 77.35 87.23 95.84 98.05 84.85
TransFuse [29] 79.21 88.40 96.17 9798 87.14

ISIC17 MALUNet [19] 78.78 88.13 96.18 98.47 84.78
HC-Mamba [28] 79.27 88.18 95.17 9747  86.99
VM-UNet [18] 80.23 89.03 96.29  97.58  89.90
HEDS-Net (ours) 81.72 89.94 96.59 97.70 91.08
UNet [16] 77.86 87.55 94.05 96.69  85.86
UNet++ [30] 78.31 87.83 94.02 95.75  88.65
Att-UNet [15] 78.43 87.91 94.13 96.23  87.60
UTNetV2 [9] 78.97 88.25 94.32 96.48  87.60

ISIC18 SANet [24] 79.52 88.59 94.39 9597  89.46
TransFuse [29] 80.63 89.27 94.66 95.74 91.28
MALUNet [19] 80.25 89.04 94.62 96.19 89.74
VM-UNet [18] 81.35 89.71 9491 96.13 91.12

HC-Mamba [28] 80.60 89.25 94.84 97.08 87.90
HEDS-Net (ours) 81.84 90.01 95.09 96.41 90.98

U-Net [16] 74.60 81.82 90.01  93.27 82.58
ResUnet++ [11] 79.37 81.98 91.70  93.79  75.67
V-Net [14] 68.97 82.52 93.29 9542  78.25
Kvasir-SEG Swin-UNet [4] 75.58 86.27 91.26 92.16  76.38
TransUNet [6] 76.05 86.41 92.35 9726  77.17
VM-UNet [18] 70.84 82.93 94.87  97.69  79.66

HEDS-Net (ours) 81.43 87.97 96.20 98.49 80.25

6.06/4.65 GFLOPs for 256256 binary and 224x 224 Synapse segmentation. On
a single NVIDIA RTX 3090 GPU in FP32 with batch size 1, latency /peak mem-
ory averaged over 100 runs after 50 warm-up iterations are 19.85 ms/329.7 MB
and 19.70 ms/327.0 MB for the two settings, indicating manageable cost for
global-local modeling.

3.1 Comparative Results

HEDS-Net is compared with representative CNN-, Transformer-, and SSM-based
segmentation models, including UNet [16], Att-UNet [15], TransUNet [6], Swin-
UNet [4], and VM-UNet [18]. As shown in Table 1, HEDS-Net delivers con-
sistently strong performance across ISIC17, ISIC18, and Kvasir-SEG, outper-
forming representative CNN-, Transformer-, and SSM-based baselines on most
key metrics. The hybrid HVST encoder and AXIS-Bridge decoder jointly sup-
port complete lesion coverage and precise boundary localization, with improved
mloU and DSC over baseline models. As shown in Table 2, HEDS-Net achieves
the highest overall DSC (81.41%) and the smallest HD95 (15.79 mm) on Synapse,
with consistent improvements for both small and large organs, indicating effec-
tive mitigation of encoder—decoder semantic gaps.

Across heterogeneous datasets, HEDS-Net improves mIoU/DSC while main-
taining a balanced sensitivity-specificity trade-off. The larger Kvasir-SEG margin
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Table 2. Comparative experimental results on the Synapse multi-class abdominal
organ segmentation dataset (Bold indicates the best in each column).

Model DSC (%) HD95 (mm) Aor. Gal. Kid.(L) Kid.(R) Liv. Pan. Spl. Sto.
V-Net [14] 68.81 - 75.34 51.87 77.10 80.75 87.84 40.05 80.56 59.98
DARR [1] 69.77 - 7474 5377 72.31 7324 94.08 54.18 89.90 45.96
R50 U-Net [6] 74.68 36.87  87.47 66.36 80.60 78.19 93.74 56.90 85.87 74.16
UNet [16] 76.85 39.70  89.07 69.72 7T.77 68.60 93.43 53.98 86.67 75.58
Att-Unet [15] 77T 36.02  89.55 68.88 77.98 7TL.1l 93.57 58.04 87.30 75.75
TransUnet [6] 77.48 31.69  87.23 63.13 81.87 77.02 94.08 55.86 85.08 75.62
TransNorm [2] 78.40 3025  86.23 65.10 8218 78.63 94.22 55.34 89.50 76.01
Swin-UNet [4] 79.13 21.55  85.47 66.53 83.28 79.61 94.29 56.58 90.66 76.60
TransDeepLab [3]  80.16 2125  86.04 69.16 84.08 79.88 93.53 61.19 89.00 78.40
UCTransNet [21]  78.23 26.75 - - - - - - - -

MT-Unet [22] 78.59 2659  87.92 64.99 81.47 77.29 93.06 59.46 87.75 76.81
MEW-UNet [20]  78.92 1644  86.68 65.32 82.87 80.02 93.63 58.36 90.19 74.26
VM-UNet [18] 81.08 19.21 8640 69.41 86.16 8276 94.17 58.80 89.51 81.40

HEDS-Net (ours) 81.41 15.79 88.40 69.79 87.20 84.17 95.36 60.62 86.71 79.01

HEDS-Net TransUNet MALUNet VM-UNet

—image_____
- DODDD
- -n--g
o Muuuun

Fig. 5. Visualization of segmentation results obtained by different models on ISIC17,
ISIC18, and Kvasir-SEG datasets.

e

Attention

Fig. 6. Visualization of attention responses generated by HEDS-Net.

suggests better handling of variable polyp shapes, and the Synapse DSC/HD95
gains indicate robust generalization to multi-organ CT segmentation.
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Table 3. Main ablation study of HEDS-Net components on ISIC17, ISIC18, and Kvasir-
SEG datasets.

HVST AXIS-Bridge DS-Head ISIC17 ISIC18 Kvasir-SEG
mloU (%) DSC (%)|mloU (%) DSC (%)|mloU (%) DSC (%)
- - - 79.93 88.71 80.47 88.87 79.68 86.72
v - - 80.56 89.08 81.02 89.33 80.42 87.18
- v - 80.73 89.02 81.12 89.27 80.41 87.23
— — v 80.24 89.14 80.69 89.03 79.92 86.83
v v - 81.38 89.47 81.54 89.83 81.19 87.83
v v 80.94 89.63 81.28 89.63 80.72 87.39
- v v 81.13 89.58 81.40 89.51 80.70 87.45
v v v 81.72 89.94 81.84 90.01 81.43 87.97

3.2 Visualization Results

Qualitative evaluation on ISIC17, ISIC18, and Kvasir-SEG (Fig. 5) reveals that
HEDS-Net generates segmentation masks with superior boundary precision com-
pared to baseline models, particularly for lesions with irregular morphology
or low contrast-to-background ratios. The hybrid global-local architecture in
HVST facilitates accurate boundary delineation by integrating long-range con-
textual information with local discriminative features, which is consistent with
the quantitative improvements in mIoU and DSC metrics (Table 1). On Kvasir-
SEG, where polyps exhibit substantial shape and scale heterogeneity, the AXIS-
Bridge mechanism preserves structural details during feature fusion, enabling
robust segmentation across varying lesion sizes. The attention visualization in
Fig. 6 demonstrates that HEDS-Net’s progressive fusion strategy effectively con-
centrates attention on lesion regions while attenuating background interference,
corroborating the balanced sensitivity-specificity trade-off observed in quantita-
tive assessments.

3.3 Ablation Studies

Ablation experiments are conducted on ISIC17, ISIC18, and Kvasir-SEG. Table 3
summarizes the results when HVST, AXIS-Bridge, and DS-Head are incremen-
tally added to the baseline. The combination of HVST and AXIS-Bridge yields
substantial improvements (mIoU: 81.38%, 81.54%, 81.19%). The complete model
achieves the best performance across all datasets, with mloU improvements of
1.79%, 1.37%, and 1.75% over the baseline, confirming the synergistic effect of
the three modules.

4 Conclusion and Future Work

This paper presented HEDS-Net, an encoder—decoder segmentation network
with three proposed modules: HVST for Smooth Progressive Fusion of global
sequential modeling and local detail enhancement, AXIS-Bridge for decoder-
conditioned skip refinement, and DS-Head for progressively weighted auxiliary
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supervision. Experiments on ISIC17, ISIC18, Kvasir-SEG, and Synapse show
consistent improvements over representative CNN-, Transformer-, and SSM-
based baselines, and ablation studies verify the complementary effects of the
proposed modules. Although HEDS-Net achieves manageable inference cost, fur-
ther studies are needed on more lightweight designs, finer-grained fusion variants,
and broader validation in volumetric or multi-modal segmentation settings. Fu-
ture work will investigate sample-adaptive fusion schedules, more fine-grained
skip-refinement variants, broader external validation, and efficient extensions to
multi-modal or volumetric medical image segmentation.
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