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Abstract

Problem: Medical image segmentation faces critical challenges in balancing global con-
text modeling and computational efficiency. While conventional neural networks strug-
gle with long-range dependencies, Transformers incur quadratic complexity. Although
Mamba-based architectures achieve linear complexity, they lack adaptive mechanisms
for heterogeneous medical images and demonstrate insufficient local feature extraction
capabilities. Method: We propose Linear Context-Aware Robust Mamba (LCAR-Mamba)
to address these dual limitations through adaptive resource allocation and enhanced multi-
scale extraction. LCAR-Mamba integrates two synergistic modules: the Context-Aware
Linear Mamba Module (CALM) for adaptive global-local fusion, and the Multi-scale Partial
Dilated Convolution Module (MSPD) for efficient multi-scale feature refinement. Core Inno-
vations: CALM module implements content-driven resource allocation through four-stage
processing: (1) analyzing spatial complexity via gradient and activation statistics, (2) com-
puting allocation weights to dynamically balance global and local processing branches,
(3) parallel dual-path processing with linear attention and convolution, and (4) adaptive
fusion guided by complexity weights. MSPD module employs statistics-based channel
selection and multi-scale partial dilated convolutions to capture features at multiple re-
ceptive scales while reducing computational cost. Key Results: On ISIC2017 and ISIC2018
datasets, mloU improvements of 0.81%/1.44% confirm effectiveness across 2D benchmarks.
On the Synapse dataset, LCAR-Mamba achieves 85.56% DSC, outperforming the former
best Mamba baseline by 0.48% with 33% fewer parameters. Significance: LCAR-Mamba
demonstrates that adaptive resource allocation and statistics-driven multi-scale extraction
can address critical limitations in linear-complexity architectures, establishing a promising
direction for efficient medical image segmentation.

Keywords: medical image segmentation; hybrid model; context-aware learning; multi-scale
processing

1. Introduction

With the rapid advancement of deep learning techniques, significant progress has
been achieved in medical image segmentation [1-4]. Despite these advances, current
segmentation methods face substantial challenges when dealing with complex medical
images. Medical images frequently exhibit intricate multi-scale structural characteristics,
ranging from pixel-level textural details to organ-level morphological contours. This
requires that segmentation models be capable of capturing fine-grained local information
while simultaneously modeling global semantic relationships. In addiction, practical
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clinical applications require segmentation models to robustly handle highly heterogeneous
and complex anatomical structures, which requires adaptive modeling capabilities that can
effectively address diverse tissue types, lesion characteristics, and contextual variations
across different medical images and imaging modalities.

The main approaches to medical image segmentation are based primarily on two
technical paradigms: convolutional neural networks (CNNs) [5] and vision Transformers
(ViTs) [6]. CNN-based methods, exemplified by U-Net [1] and its variants, have achieved
excellent segmentation performance through encoder—decoder architectures. Building on
this foundation, Attention U-Net [7] introduced attention gates to focus on target struc-
tures while suppressing irrelevant regions, and U-Net++ [8] redesigned skip connections
with nested dense skip pathways for improved feature aggregation across multiple scales.
To address multi-scale feature extraction, the DeepLab series [9] introduced Atrous Spatial
Pyramid Pooling (ASPP) to capture multi-scale contextual information, while PSPNet [10]
employed pyramid pooling modules for similar purposes. Efficient convolution strategies
have emerged to reduce computational overhead while maintaining local feature extrac-
tion capabilities. Partial convolutions [11] reduce computational cost through selective
channel processing, while Ghost convolutions [12] generate feature maps through effi-
cient transformations. Similarly, depthwise separable convolutions in MobileNets [13] and
mixed-scale convolutions in MixNet [14] provide efficient alternatives for local feature
processing. However, because of the inherently local nature of convolution operations,
these models face intrinsic limitations in modeling long-range dependencies. Although re-
searchers have proposed various mitigation strategies such as dilated convolutions and
attention mechanisms [7,15], these approaches often incur a substantial increase in compu-
tational complexity.

ViT-based methods leverage self-attention mechanisms to enable global feature mod-
eling, partially alleviating the challenge of modeling long-range dependencies. Vision
Transformers [6] demonstrated that pure attention mechanisms could achieve competitive
performance without convolution operations, addressing CNN limitations in global context
modeling. TransUNet [16] pioneered the integration of Transformers with U-Net architec-
tures, combining global context with fine-grained localization. Building on this foundation,
TransFuse [17] proposed parallel CNN-Transformer processing with attention-based fu-
sion, while UTNetV2 [18] further explored hybrid strategies to leverage the complementary
strengths of both paradigms. Although effective in capturing global dependencies, standard
ViTs incur substantial computational costs due to the quadratic complexity of self-attention.
To address this challenge, advanced Transformer architectures have been developed specif-
ically for medical imaging. Swin—UNet [2] employed hierarchical Swin Transformer blocks
with windowed attention to reduce complexity, while MedT [19] proposed gated axial at-
tention optimized for medical image characteristics. Similarly, MISSFormer [20] introduced
an efficient architecture tailored for 2D medical image segmentation through enhanced
feature aggregation. To fundamentally overcome the quadratic complexity bottleneck,
researchers have explored linear attention mechanisms that approximate self-attention
more efficiently. Linear Transformers [21] achieve linear complexity through kernel-based
attention approximations, while Linformer [22] reduces complexity by projecting attention
matrices to lower-dimensional spaces. Nevertheless, these approximations often sacrifice
modeling capacity, and processing high-resolution medical images remains challenging
because of memory constraints even with linear methods.

Recently, state space models (SSMs), such as Mamba [23], have attracted considerable
attention due to their strong long-sequence modeling capabilities and linear computational
complexity. Mamba achieves efficient and expressive feature modeling through an inno-
vative selection mechanism and a hardware-friendly design. Vision Mamba [24] extends
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this architecture to computer vision tasks, demonstrating substantial potential in image
analysis. Building on Vision Mamba, numerous architectures have been developed for
medical image segmentation. VM-UNet [25] integrates Vision Mamba blocks into U-Net
frameworks, and H-VMUNet [26] proposes hierarchical Vision Mamba architectures with
multi-scale processing capabilities. UltraLight VM-UNet [27] focuses on parameter effi-
ciency for resource-constrained deployment, Mamba—-UNet [28] investigates pure Mamba
architectures without convolutional components, MambaMIR [29] addresses medical image
reconstruction and uncertainty estimation using arbitrarily masked Mamba architectures,
LocalMamba [30] combines local and global Mamba processing to tackle fine-grained struc-
ture extraction, and MSVM-UNet [31] integrates multi-scale Vision Mamba with U-Net
architectures for medical image segmentation.

Despite these advancements, existing advanced architectures, including current
Mamba-based methods, still exhibit critical limitations in medical image segmentation.
They lack adaptive mechanisms to accommodate varying content complexity and there-
fore fail to achieve context-aware resource allocation for heterogeneous medical images,
in which pathological regions require intensive processing, whereas normal tissues can be
handled more efficiently. Moreover, although these methods achieve linear complexity for
global modeling, they provide insufficient local feature extraction for fine structures such as
organ boundaries and small lesions. This mismatch between existing architectures and the
requirements of medical image segmentation—particularly the need for adaptive context-
aware processing and enhanced local feature extraction—motivates our LCAR-Mamba
architecture, which incorporates novel context-aware linear Mamba modules and multi-
scale partial dilated convolution strategies. Recent studies have attempted to mitigate these
limitations. For example, Rahman and Marculescu [32] proposed a medical image segmen-
tation method with cascaded attention decoding, Azad et al. [33] investigated deformable
large-kernel attention, and subsequent works such as G—Cascade [34] and EMCAD [35]
further introduced efficient cascaded graph convolutional decoding and multi-scale con-
volutional attention decoding architectures. Ruan et al. proposed MALUNet [36] and
EGE-UNet [37], which explore lightweight designs with multi-attention and efficient group
enhancement strategies for skin lesion segmentation, respectively. However, conventional
partial convolution strategies employed in these approaches may overlook important in-
formation and thereby adversely affect the segmentation accuracy of fine structures such
as boundaries.

To address these issues, this paper proposes a Linear Context-Aware Robust Mamba
architecture that integrates two synergistic modules designed to directly tackle the identi-
fied limitations. The design philosophy of LCAR-Mamba builds upon recent Vision Mamba
architectures for medical imaging [25] and draws inspiration from efficient multi-stage fea-
ture extraction strategies in medical image super-resolution [38], where combining attention
mechanisms with lightweight convolutional operations has proven effective for balancing
performance and computational cost. LCAR-Mamba comprises two key modules: the
Context-Aware Linear Mamba (CALM) module and the Multi-scale Partial Dilated Convo-
lution (MSPD) module. CALM implements a four-stage adaptive processing framework
that performs context complexity analysis, adaptive resource allocation, dual-path parallel
processing, and intelligent feature fusion, enabling context-aware feature representation
and substantially improving model performance. MSPD employs channel statistics analy-
sis, multi-scale parallel processing, and adaptive feature integration to achieve data-driven
channel utilization and multi-scale feature fusion while maintaining feature integrity and
significantly reducing computational complexity.

The main contributions of this work are summarized as follows:
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*  We propose the CALM module, which enables context-aware feature modeling
through a four-stage adaptive processing framework, significantly enhancing the
feature representation capability and robustness of linear Mamba;

*  We design the MSPD module, which utilizes channel statistics analysis and multi-
scale feature fusion strategies to substantially reduce computational complexity while
maintaining segmentation accuracy;

¢ We construct the LCAR-Mamba architecture, which seamlessly integrates global
and local feature modeling through the collaborative optimization of CALM and
MSPD, achieving superior performance in medical image segmentation by combining
context-aware adaptive processing with intelligent multi-scale feature extraction;

*  We conduct comprehensive experiments on three public medical image segmentation
datasets [39—-41], and the results demonstrate that our method achieves state-of-the-art
performance on various segmentation tasks.

2. Materials and Methods
2.1. Architecture Querview

The architecture of the proposed LCAR-Mamba model is illustrated in Figure 1.
LCAR-Mamba adopts a four-layer U-shaped structure comprising an encoder, a decoder,
and skip connections. The encoder, designed for feature extraction, integrates LCAR-
Mamba blocks with patch merging layers to effectively capture image features. The decoder,
which incorporates LCAR-Mamba blocks and patch expanding layers, is responsible for
reconstructing the segmentation output at the original resolution. Each LCAR-Mamba
block consists of two modules: the CALM module and the MSPD module. Skip connections
employ additive fusion to seamlessly integrate global and local features, thereby enhancing
segmentation accuracy.

HxWx3 H x Wx Class
T
[ Patch Partltlon ] [ Linear Projection ]
77\‘.‘ '/‘/Jr i‘ 7‘1\\
[ Linear Embedchng ] [ Patch Expanding ]
Skip 3
H L [ LCAR- Mamba ] Connection J LCAR-Mamba ] H
4 blockx2 | | block x2 PRt
[ Patch Merging ] [ Patch Expanding ]
v Skip 1
How [ LCAR-Mamba | Connedtion [ LCAR-Mamba ] H W
8" 8 block x 2 J § block x 2 5% %
[ Patch Merglng ] [ Patch Expanding ]
Skip L)
H oW [ LCAR Mamba 1 ¢ onnetion [ LCAR-Mamba How o
61 block x2 | | block x2 167 16
Encoder [ Patch Merging ] [ Patch Expanding ] Decoder
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Figure 1. Overall U-shaped architecture with explicit skip connections. The encoder progressively
extracts hierarchical features through four stages with spatial downsampling, while the decoder
performs symmetric upsampling to restore spatial resolution. Skip connections bridge corresponding
encoder-decoder layers to preserve fine-grained details.
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The patch embedding layer in LCAR-Mamba converts the input image X € RH*W>3
by dividing it into 4 X 4 non-overlapping patches and mapping them into a C-dimensional
space (typically C = 96), producing an embedded representation X’ € RH/4xW/4xC_ Be.
fore entering the LCAR-Mamba backbone, X’ is then processed by layer normalization to
standardize the embedded image. The backbone consists of four distinct stages. In partic-
ular, after the output of each of the first three stages, a patch merging layer is applied to
reduce the height and width of the feature maps while increasing the channel dimension.
We implement [2, 2, 2, 1] LCAR-Mamba blocks in the four stages, with each stage using
[C, 2C, 4C, 8C] channels, respectively.

2.2. CALM: Context-Aware Linear Mamba Module

The CALM module addresses both the quadratic computational complexity of tradi-
tional self-attention and its insufficient adaptability to heterogeneous content in medical
images, as illustrated in Figure 2. Because medical images exhibit pronounced spatial
heterogeneity—where pathological regions require intensive processing, whereas nor-
mal tissues can be processed more efficiently—traditional uniform processing strategies
often lead to suboptimal performance. Building upon the Mamba-Like Linear Atten-
tion (MLLA) [42] mechanism, CALM implements a context-driven adaptive processing
paradigm that combines the efficiency of linear attention with selective feature focusing,

thereby enabling effective global context modeling while maintaining linear computational
complexity. Unlike VM-UNet [25] and MSVM-UNet [31], which apply uniform processing
to all spatial locations, CALM introduces adaptive resource allocation based on spatial
complexity analysis.
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Figure 2. CALM module with parallel complexity assessment and adaptive resource allocation.

2.2.1. Context-Aware Feature Analyzer

The Context-Aware Feature Analyzer serves as a preprocessing component that quan-
tifies input complexity and determines optimal resource allocation strategies. This com-
ponent addresses the fundamental challenge of medical images that contain regions with
varying diagnostic importance and computational requirements, necessitating adaptive
processing rather than uniform feature extraction.

The analyzer employs multi-dimensional complexity assessment to comprehensively
characterize the input features. It extracts complexity descriptors that capture spatial
variation patterns, activation intensity distributions, and gradient characteristics that are
essential for medical image analysis.
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The complexity evaluation process integrates local spatial patterns through depth-
wise convolution, global activation statistics via pooling operations, and spatial change
magnitudes through gradient analysis:

g = Concat(g;; 8, 8,] ey

where g, = GAP(DW(X)), 8 = GAP(X), and g, = GAP(||VX||) represent local, global,
and variation features, respectively.

Based on this complexity analysis, adaptive resource allocation weights are generated
to determine computational distribution between global and local processing pathways:

« = Softmax(MLP(g)) ()

where & = [ag, ;] denotes the resource distribution weights.
The soft feature partitioning strategy preserves information integrity while enabling
fine-grained resource control and ensuring gradient continuity for end-to-end optimization:

X; = X © Expand (ay) 3)
X; = X ® Expand () 4)

where X and X represent global and local processing features, respectively, and © denotes
element-wise multiplication.

2.2.2. Adaptive Dual-Path Processor

The Adaptive Dual-Path Processor constitutes the core computational engine that
implements specialized processing strategies through complementary branches while main-
taining linear computational complexity. This design addresses the limitation of traditional
linear attention mechanisms, which often sacrifice expressiveness for computational effi-
ciency—a particularly critical issue in complex medical image analysis that requires both
global context understanding and fine-grained detail preservation.

The enhanced global processing branch preserves linear computational complex-
ity while incorporating several key enhancements to improve representation capability.
The query and key matrices are jointly generated under a non-negativity constraint:

Q,K = ELU(Linear(X,)) + 1 (5)

where Q and K denote the query and key matrices with non-negativity constraints,
and d = C.

The global attention mechanism integrates positional embedding to capture spatial
relationships while maintaining linear complexity:

Ag = LA(PE(Q), PE(K), V) ©)

where LA(-) denotes linear attention and PE(-) represents position embedding.
The local processing branch employs convolutional operations optimized for fine-
grained feature extraction:

A; = LayerNorm(PDConv (X)) (7)

where PDConv(-) represents the combined partial and dilated convolution operations.
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The dual-path features are fused using an adaptive, weight-guided strategy that
leverages the learned resource allocation weights to ensure consistency between the feature
allocation and fusion stages:

Ye=wag - Ag+a;- A (8)

where & and a; are the resource distribution weights obtained from the context complexity
analysis, ensuring that the fusion process directly reflects the adaptive resource allocation
strategy determined by input complexity. This differs from MSVM-UNet [31], which learns
fusion weights independently without considering spatial complexity.

2.2.3. CALM Algorithm

Algorithm 1 presents the computational procedure of the CALM module, which
implements adaptive feature processing through four sequential stages: context complexity
analysis (Lines 2-5), adaptive resource allocation (Lines 7-9), dual-path parallel processing
(Lines 11-14), and intelligent feature fusion (Line 16).

Algorithm 1 CALM module

Require: Input features X € RFXWxC

Ensure: Output features Y, € RF*WxC
1: // Stage 1: Context complexity analysis
: g1 < GAP(DW(X)) > Local patterns
D 8g GAP(X) > Global statistics
: 8§, < GAP(||VX])) > Spatial variation
g « Concat[g); 8, 8,]
: // Stage 2: Adaptive resource allocation
. [ag, a;] < Softmax(MLP(g))
X < X © Expand(ay)
: X; < X ® Expand(a;)
: // Stage 3: Dual-path parallel processing
: Q,K < ELU(Linear(X,)) +1
: V < Linear(Xy)
: Ag + LinearAttn(PE(Q),PE(K), V)
: A; - LN(PDConv (X))
: // Stage 4: Adaptive fusion
c Yo ag Ag oy A
: return Y,

O N Ul A W N

e T e e
NN Ul W PO

2.3. MSPD: Multi-Scale Partial Dilated Convolution Module

The MSPD module is composed of partial convolution [11] and dilated convolu-
tion [15] components and integrates adaptive channel selection mechanisms, as illustrated
in Figure 3. Unlike traditional approaches that employ random channel selection, MSPD
performs data-driven channel selection through feature-aware analysis, enabling the model
to recognize multi-scale structures in images while preserving fine-grained details. In ad-
dition, partial convolution is utilized to reduce computational overhead, thus achieving
substantial computational savings while maintaining segmentation accuracy.
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Figure 3. MSPD module with statistical guidance and multi-scale processing.

2.3.1. Channel Statistics Analysis

The feature-aware analysis component serves as the perceptual front end of MSPD,
characterizing the intrinsic properties of input features and guiding subsequent par-
tial convolution operations. This component replaces random selection strategies
with feature-aware estimation of channel importance, enabling more efficient partial
convolution processing.

For input feature maps X, first- and second-order moments are computed to represent
channel-wise activation intensity and spatial complexity:

s = [u(X);0(X)] ©)
where y(-) and o(-) denote channel-wise mean and standard deviation operations, respectively.

2.3.2. Multi-Scale PD Processing

The multi-scale PD processing module implements multi-scale depthwise processing
with optimized partial convolution configurations. Three parallel processing branches
capture different receptive field characteristics: 1 x 1 partial convolution for channel
integration, 3 x 3 partial dilated convolution for medium-scale relationships, and 5 x 5
partial dilated convolution for large-scale context:

Y, = PConvy(X) + X (10)
Y; = PDConvs(X,d = 2) + X (11)
Y5 = PDConvs(X,d =3) + X (12)

where PConvy denotes partial convolution with kernel size k, PDConvy, represents partial
dilated convolution, and d indicates dilation rate.

Multi-scale features are integrated through concatenation and enhanced with channel
attention:

Y; = Concat[Y1,Y3,Ys] (13)
Y, = Shuffle(Y;) ® CA(Yy) (14)

where Shuffle(-) denotes channel shuffling and CA(-) represents the channel atten-
tion mechanism.

2.3.3. MSPD Algorithm

Algorithm 2 outlines the computational flow of the MSPD module, which per-
forms statistics-based channel analysis (Lines 2-4), extracts features through three parallel
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multi-scale branches (Lines 6-8), and integrates them via channel attention mechanism
(Lines 10-13).

Algorithm 2 MSPD module

Require: Input features X € REXWxC

Ensure: Output features Y, € RE*W*C
1: // Channel statistics analysis

p < ChannelMean(X)

: 0 < ChannelStd(X)

L s+ [wo]

: // Multi-scale partial processing

Y] PCOHV1><1(X) + X

Y3 + PDConvzy3(X,d =2) + X

Y5 — PDCOHV5><5(X,d = 3) + X

: // Feature fusion with channel attention

: Yf — Concat[Yl, Y;, Y5}

: Y¢ - ChannelShuffle(Y)

: A + ChannelAttn(Yy)

Yy — Conlel(Yf ® A)

: return Yy,

e el el
B W N = O

2.4. Loss Function
The proposed LCAR-Mamba model employs task-specific composite loss functions

optimized for different segmentation scenarios: a BCE-Dice combination for binary skin
lesion segmentation and a CE-Dice combination for multi-organ segmentation.

2.4.1. Binary Segmentation Loss for ISIC Datasets

For skin lesion segmentation on ISIC2017 and ISIC2018 datasets, we adopt a balanced
combination of Binary Cross-Entropy (BCE) loss and Dice loss to jointly optimize pixel-level
accuracy and region-level overlap:

Liotal = M LBCE + A2LDice (15)
where A1 = Ay = 1, assigning equal importance to both objectives.

2.4.2. Multi-Class Segmentation Loss for Synapse Dataset

For multi-organ segmentation on the Synapse dataset, we employ a weighted combi-
nation of Cross-Entropy (CE) loss and multi-class Dice loss:

Liotal = & LcE + ,B»CDice (16)

where & = 0.4 and B = 0.6 control the relative contributions of pixel-level and region-
level objectives. The asymmetric weighting emphasizes region-level consistency, which is
particularly important for handling class imbalance in multi-organ segmentation. Following
the loss computation methodology of VM-UNet [25] and MSVM-UNet [31], we adopt the
same implementation where both CE loss and Dice loss are computed across all C = 9
classes (including background class 0) to maintain consistent gradient flow during training.

2.5. Generative Al Assistance

Claude 3.5 Sonnet (Anthropic, October 2024) was used to refine English expression
and optimize paragraph structure during manuscript preparation. All scientific content,
data analysis, and conclusions were independently developed by the authors, who take
full responsibility for the manuscript content.
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3. Experiments and Results
3.1. Datasets
Our method was evaluated on three public datasets: ISIC2017, ISIC2018 and Synapse.

3.1.1. ISIC2017 and ISIC2018

The ISIC2017 [40] and ISIC2018 [39] datasets are publicly available skin lesion seg-
mentation benchmarks, containing 2150 and 2694 images, respectively. Following the
previous work [36] on ISIC2017 and ISIC2018, we used a 7:3 train—test split. For ISIC2017,
this resulted in 1500 training images and 650 test images. For ISIC2018, we obtained
1886 training images and 808 test images. All images were resized to 256 x 256. The exper-
iments used fixed random seed = 42. Segmentation performance was evaluated using five
metrics: mean Intersection over Union (mloU), Dice Similarity Coefficient (DSC), Sensitivity
(SE), Specificity (SP) and Accuracy (ACC).

3.1.2. Synapse

The Synapse dataset [41] is a publicly available multi-organ segmentation dataset com-
prising 30 abdominal CT cases with 3779 axial images across eight organs. Following [16],
18 cases were used for training and 12 for testing. Performance was evaluated using the
Dice Similarity Coefficient (DSC) and 95% Hausdorff Distance (HD95).

We employ a 2D slice-wise approach. Each 3D CT volume is decomposed into axial
slices and resized from 512 x 512 to 224 x 224 pixels using bicubic interpolation for images
and nearest-neighbor interpolation for masks. The dataset contains volumes with voxel
spacing ranging from ([0.54 0.54] x [0.98 0.98] x [2.5 5.0]) mm?3. Following standard
evaluation protocols, Hausdorff Distance 95 (HD95) was computed using a normalized
spacing of 1.0 mm for fair comparison with baseline methods.

3.2. Implementation Details

All experiments were conducted using the PyTorch 2.2.2 framework on an NVIDIA
RTX 3090 GPU. We adopted the AdamW optimizer with an initial learning rate of 1 x 107%,
weight decay of 1 x 107>, and cosine annealing learning rate scheduler. The batch size was
set to 48 and the network was trained for up to 300 epochs.

Inference and Post-processing. For ISIC datasets, predictions were obtained by apply-
ing a threshold of 0.5 to the sigmoid output. For Synapse, we used argmax over the softmax
outputs to generate per-pixel class predictions. No additional post-processing techniques
(e.g., conditional random fields, test-time augmentation, or largest connected component
filtering) were employed in our experiments, ensuring that all reported results reflect the
direct model output.

Baseline Implementation. To ensure fair comparison, all baseline methods were trained
under identical experimental settings to LCAR-Mamba, including the same input resolution
(256 x 256 for ISIC, 224 x 224 for Synapse), training configuration (300 epochs, AdamW
optimizer with learning rate 1 x 10~#, cosine annealing scheduler), and data augmentation
strategies.

Data Augmentation. During training, the following augmentations were applied:

e ISIC datasets: Random horizontal flip (p = 0.5), random vertical flip (p = 0.5),
and random rotation (0°-360°)

*  Synapse dataset: Random rotation by 90° increments (0°, 90°, 180°, and 270°) with
p = 0.5 and random flip along vertical or horizontal axis with p = 0.5
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3.3. Comparisons with State of the Art

To demonstrate the effectiveness of the proposed LCAR-Mamba, we conducted ex-
tensive comparisons with state-of-the-art approaches on three publicly available medical
image segmentation datasets.

Skin Lesion Segmentation. Tables 1 and 2 report the quantitative results on the
ISIC2017 and ISIC2018 datasets, respectively. On ISIC2017, LCAR-Mamba achieves the
highest mIoU of 80.79% and DSC of 89.42%, outperforming the Mamba-based model VM-
UNet by 0.62% in mloU and 0.52% in DSC. Notably, our method yields substantial gains in
sensitivity, reaching 89.54%, which is 1.95% higher than VM-UNet (87.59%). On ISIC2018,
LCAR-Mamba achieving an mloU of 81.68% and a DSC of 89.93%, surpassing VM-UNet
by 1.25% and 0.89%, respectively. Moreover, LCAR-Mamba attains the highest specificity
of 97.29%, representing a 1.10% improvement over VM-UNet (96.19%). These consis-
tent improvements on both skin lesion datasets highlight the effectiveness of combining
context-aware adaptive processing through the CALM module with enhanced local feature
extraction capabilities through the MSPD module. The qualitative comparisons shown
in Figure 4 further demonstrate that LCAR-Mamba produces more precise boundary
delineations and better captures fine-grained lesion details compared to existing methods.

Table 1. Comparative experimental results on the ISIC2017 dataset. Bold values indicate the best per-
formance. 1 indicate metrics where higher values represent better performance.

Methods mloU (%) T DSC (%) 1 Acc (%) 1 Spe (%) T Sen (%) T

UNet [1] 78.13 83.79 93.15 97.12 84.20
UTNetV2 [18] 78.27 86.23 94.74 98.03 84.93
TransFuse [17] 79.88 88.62 95.17 97.79 87.46
MALUNEet [36] 79.65 88.05 94.74 98.03 86.51
EGEUNet [37] 79.87 88.75 96.08 96.84 87.24
VM-UNet [25] 80.17 88.90 95.90 97.98 87.59

LCAR-Mamba (ours) 80.79 +0.12 89.42+0.10 96.21+0.09 97.68+0.07 89.54 +0.13

Table 2. Comparative experimental results on the ISIC2018 dataset. Bold values indicate the best per-
formance. 1 indicate metrics where higher values represent better performance.

Methods mloU (%) T DSC (%) 1 Acc (%) T Spe (%) T Sen (%) 1
UNet [1] 78.04 87.68 94.12 96.94 85.81
UNet++ [8] 78.39 88.07 94.05 96.04 88.75
UTNetV2 [18] 78.43 87.91 94.13 96.23 87.60
TransFuse [17] 80.63 88.25 94.32 96.48 91.28
MALUNEet [36] 80.25 89.27 94.66 95.74 89.74
EGEUNet [37] 80.96 89.48 94.02 96.83 89.27
VM-UNet [25] 80.43 89.04 94.62 96.19 91.12

LCAR-Mamba (ours) 81.68 +0.15 89.93+0.11 9523+0.08 97.29+0.09 88.15+0.12

Image Ground Truth | CAR-Mamba UNet UTNet-V2 TransFuse MALUNet EGEUNet VM-UNet
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Figure 4. Quantitative comparison of our LCAR-Mamba framework against other baselines on the
ISIC2017 and ISIC2018 datasets.
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Multi-Organ Segmentation. Table 3 demonstrates the performance of LCAR-Mamba
on the Synapse multi-organ segmentation dataset. LCAR-Mamba achieves the highest
overall DSC score of 85.56% and an HD95 value of 13.15 mm, reflecting strong segmentation
accuracy and boundary precision. Compared to its closest competitor MSVM-UNet, LCAR-
Mamba improves DSC by 0.48% and HD95 by 1.28 mm. Compared to the Mamba-based
baseline VM-UNet, LCAR-Mamba yields substantial gains of 2.90% in DSC and 2.75 mm
in HD95, highlighting the advantages of the CALM and MSPD modules over conventional
Mamba architectures. Compared to pure Transformer-based methods such as Swin-UNet
and TransUNet, LCAR-Mamba outperforms them by 6.15% and 8.48% in DSC, along with
substantial HD95 improvements of 8.13 mm and 30.74 mm, respectively, demonstrating the
effectiveness of the proposed hybrid architecture. LCAR-Mamba also achieves competitive
performance across most anatomical structures. In particular, it achieves the highest DSC
scores for challenging organs, including the aorta (89.52%), gallbladder (76.43%), left kidney
(88.75%), liver (96.21%) and stomach (88.15%). Even for small and irregularly shaped organs
such as the pancreas, LCAR-Mamba maintains competitive performance with a DSC of
67.87%, comparable to state-of-the-art methods. Qualitative comparisons in Figure 5 further
show that LCAR-Mamba produces more precise organ boundaries and better preserves
fine anatomical structures.

. Aorta . Gallbladder . Left kidney Right kidney . Liver Pancreas . Spleen . Stomach

Ground Truth LCAR-Mamba UNet TransUnet Swin U-Net G-CASCADE VM-UNet

Figure 5. Quantitative comparison of our LCAR-Mamba framework against other baselines on the
Synapse dataset. Red boxes highlight regions where LCAR-Mamba demonstrates superior organ
segmentation accuracy and better discrimination between organ and non-organ tissues.

Table 3. Comparative experimental results on the Synapse dataset. Bold values indicate the best per-
formance. 1 and | indicate metrics where higher and lower values represent better performance,

respectively.

Methods DSC (%) 1 HD95 (mm) | Aorta Gallbladder Kidney (L) Kidney (R) Liver Pancreas Spleen Stomach
UNet [1] 75.05 54.28 86.33 52.40 81.65 70.87 9297  57.72 86.81 70.40
Att-UNet [7] 71.93 34.16 83.28 61.17 75.52 69.85 8821 4753 81.04 66.89
TransUNet [16] 77.08 43.89 87.43 58.25 84.01 78.67 93.65 54.28 83.47 76.15
MISSFormer [20] 82.31 17.85 87.72 69.28 84.93 81.35 95.17  66.44 92.57 81.63
Swin-UNet [2] 79.41 21.28 84.82 67.19 82.95 80.24 93.87  55.83 91.32 77.28
PVT-CASCADE [32] 81.06 20.23 83.01 70.59 82.23 80.37 94.08  64.43 90.10 83.69
Trans-CASCADE [32] 82.68 17.34 86.63 68.48 87.66 84.56 9443  65.33 90.79 83.52
2D D-LKA Net [33] 84.27 20.04 88.34 73.79 88.38 84.92 9488  67.71 91.22 84.94
G-GCASCADE [34] 84.54 10.38 88.05 74.81 88.01 84.83 9538  69.73 91.92 83.63
PVT-EMCAD-B2 [35] 83.63 15.68 88.14 68.87 88.08 84.10 9526  68.51 92.17 83.92
VM-UNet [25] 82.66 15.90 86.45 70.11 84.87 81.92 93.78  66.52 92.21 84.28
Swin-UMambea [43] 82.54 19.19 85.97 71.53 82.98 82.27 95.91 68.72 90.62 80.81
MSVM-UNet [31] 85.08 14.43 89.01 75.48 84.97 85.14 9542  72.21 93.19 87.28
LCAR-Mamba (ours) 85.56 13.15 89.52 76.43 88.75 85.24 96.21 67.87 91.21 88.15

3.4. Statistical Significance Analysis

To rigorously assess the reliability of our results, we conducted statistical significance
testing using paired f-tests across 3 independent runs with different random seeds (42,
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123, and 456). Table 4 summarizes the statistical analysis comparing LCAR-Mamba with
VM-UNet on ISIC2017 and ISIC2018 datasets.

Table 4. Statistical significance analysis. Mean difference and p-values from paired ¢-tests (3 seeds,
df =2).

Dataset Comparison Metric Mean Diff. p-Value
mloU +0.62% 0.018

ISIC2017 LCAR-Mamba vs. VM-UNet DSC +O.520/0 0.024
mloU +1.25% 0.009

ISIC2018 LCAR-Mamba vs. VM-UNet DSC +0.89% 0.012

All improvements achieved by LCAR-Mamba are statistically significant at the
« = 0.05 level (p < 0.05), confirming that the observed performance gains are not due
to random variation. The relatively small standard deviations (0.12-0.21%) across different
seeds indicate stable and reproducible training dynamics.

3.5. Failure Case Analysis

Figure 6 shows representative failure cases on ISIC2017. LCAR-Mamba struggles with
fuzzy boundaries in low-contrast regions (Row 1), hair occlusion artifacts (Row 2), and pig-
mentation heterogeneity (Row 3). These cases reveal ongoing challenges in boundary
refinement and noise robustness.

Image Ground Truth LCAR-Mamba
* n u

Figure 6. Representative failure cases of LCAR-Mamba on ISIC2017 dataset. Red boxes highlight
problematic regions: (Row 1) fuzzy boundaries with low contrast, (Row 2) hair occlusion interference,

(Row 3) pigmentation heterogeneity with lighter central regions.

3.6. Ablation Studies

To validate the effectiveness of each component in the LCAR-Mamba architecture, we
conducted comprehensive ablation studies on the Synapse dataset. The experiments are
organized into two levels: module-level ablation and component-level ablation.
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3.6.1. Module-Level Ablation

We first conduct module-level ablation experiments to assess the contribution of the
CALM and MSPD modules. Table 5 summarizes the effect of each module on model
performance. Incorporating the CALM module improves DSC from 82.66% to 84.12%
while reducing the number of parameters from 44.75 M to 38.21 M, demonstrating the
effectiveness of the proposed context-aware linear Mamba. Introducing the MSPD module
substantially reduces the computational cost while maintaining high accuracy (83.87%),
with the parameter count further reduced to 31.45 M. The complete LCAR-Mamba model
achieves the best overall performance, reaching a DSC of 85.56% with only 29.83 M pa-
rameters, corresponding to an approximate 33% reduction in parameters compared to
the baseline.

Table 5. Module-level ablation study results on the Synapse dataset. Bold values indicate the best per-
formance. 1 and | indicate metrics where higher and lower values represent better performance,

respectively.
Methods DSC (%) 1 HD95 (mm) | Params (M) | FLOPs(G) |
Baseline 82.66 15.90 44.75 15.52
+ CALM 84.12 14.28 38.21 12.86
+ MSPD 83.87 15.03 31.45 10.74
LCAR-Mamba 85.56 13.15 29.83 9.97

3.6.2. MSPD Component-Level Ablation

We further analyze the contribution of each component in the MSPD module. Table 6
highlights several key observations regarding the MSPD design. The statistics-based
channel selection strategy is more effective than random selection, improving DSC from
82.91% to 83.34%. Multi-scale processing further enhances feature representation, with the
three-scale configuration achieving the best trade-off between performance and complexity,
reaching 83.87% DSC and yielding a 1.21% improvement over the baseline model. However,
extending to four scales introduces parameter redundancy with only marginal performance
gains, indicating that three scales constitute the optimal configuration for this architecture.

Table 6. MSPD component-level ablation study. CSA: Channel Statistics Analysis; MSP: Multi-
Scale Processing. Bold values indicate the best performance. 1 and | indicate metrics where higher
and lower values represent better performance, respectively.

Methods CSA MSP DSC (%)1T  HD95 (mm) |
Standard Conv X X 82.66 15.90
Random PD Conv X X 82.91 15.64
Adaptive PD Conv v X 83.34 15.27
Single Scale (1 x 1) v v 83.15 15.41
Two Scales (1 x 1,3 x 3) v v 83.52 15.12
Three Scales (1 x 1,3 x 3,5 x5 v v 83.87 15.03
Four Scales (1 x 1,3 x3,5x 5,7 x7) v v 83.79 15.18

3.6.3. CALM Component-Level Ablation

We systematically analyze the contribution of each functional component in the CALM
module. Table 7 presents controlled ablation experiments isolating the complexity analysis
mechanism and the adaptive fusion strategy.

The complexity analysis mechanism proves essential for content-aware processing.
Without complexity—driven resource allocation (using uniform weights ag = a; = 0.5
throughout), performance improves to 83.45% DSC, representing a 0.79% gain over the
baseline but 0.67% below full CALM. This confirms that analyzing spatial heterogeneity
via the Context-Aware Feature Analyzer is crucial for optimal resource distribution.
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Table 7. CALM component-level ablation study on the Synapse dataset. Bold values indicate
the best performance. 1 and | indicate metrics where higher and lower values represent better
performance, respectively.

Methods Complexity Analysis Adaptive Fusion DSC (%) 1 HD95 (mm) |
Baseline (VM-UNet) X X 82.66 15.90
CALM w/o Complexity Analysis X v 83.45 15.38
CALM w/o Adaptive Fusion v X 83.68 15.12
Full CALM v v 84.12 14.28

The adaptive fusion strategy also contributes independently. When complexity de-
scriptors guide feature partitioning but fusion uses fixed weights, the model achieves
83.68% DSC—a 1.02% improvement over the baseline yet 0.44% below full CALM. This
demonstrates that while complexity-aware partitioning provides benefits, adaptive fusion
in the Dual-Path Processor is necessary for optimal feature integration.

4. Conclusions

This paper introduces LCAR-Mamba, a hybrid architecture that addresses key limita-
tions of current medical image segmentation methods through two synergistic components:
the CALM module and the MSPD module. Extensive experiments on three public datasets
show consistent and substantial performance gains across diverse imaging modalities and
anatomical structures. The CALM module addresses the fundamental challenge of adap-
tive resource allocation in heterogeneous medical images, enabling context-aware feature
modeling with linear computational complexity, as evidenced by a 1.46% DSC increase
and a 14.6% reduction in parameters on the Synapse dataset. The MSPD module further
demonstrates that intelligent channel selection and multi-scale processing can significantly
enhance feature representations while reducing computational overhead, with the statistics-
based selection strategy improving DSC by 0.43% compared with random selection.

Compared with pure CNN architectures such as U-Net [1], LCAR-Mamba achieves
a 10.51% DSC improvement on Synapse by more effectively modeling long-range de-
pendencies, while surpassing Transformer-based methods [2,16] with approximately 33%
fewer parameters. In addition, the 2.90% DSC improvement over existing Mamba-based
methods [25] validates the effectiveness of the proposed context-aware adaptive process-
ing and multi-scale feature extraction mechanisms. These results underscore both the
superior performance and parameter efficiency of LCAR-Mamba across different architec-
tural paradigms.

Despite its strong empirical performance, several promising research directions re-
main. Future work includes extending the framework to 3D volumetric segmentation,
enhancing small lesion detection (e.g., pancreas segmentation at 67.87% DSC), explor-
ing semi-supervised or weakly supervised learning settings, and investigating dynamic
network adaptation strategies for real-time clinical deployment. In summary, LCAR-
Mamba integrates global context modeling with local feature extraction through adaptive
processing mechanisms, achieving state-of-the-art performance across diverse medical
segmentation tasks, with notable gains in accuracy (85.56% DSC on Synapse) and boundary
precision (13.15 mm HD95), and offering a robust solution for practical clinical applications.
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