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Abstract

Accurate nuclei segmentation in H&E-stained histopathology images is critical for quantitative
tissue analysis and downstream computational pathology tasks. We propose MS-DS Mamba-Seg,
a multi-scale dual-stream framework that integrates CNN-based local feature extraction with
Mamba-based global context modeling to enhance nuclei segmentation. The Local Stream captures
fine-grained morphological details such as nuclear boundaries and texture, while the Global Stream
models long-range spatial dependencies across tissue regions. A novel Fusion Gate adaptively
combines these complementary features, producing high-resolution and morphologically precise
segmentation masks. Evaluated on the NulnsSeg dataset, MS-DS Mamba-Seg achieves a Dice
score of 95.41%, outperforming baseline methods including Attention U-Net, UNETR, and
SegMamba, while maintaining structural consistency and boundary accuracy. These results
demonstrate the framework’s effectiveness in leveraging complementary local and global features
for robust nuclei segmentation.

Keywords: Nuclei Segmentation, Histopathology, Multi-scale Dual-Stream, CNN-Mamba, Vision
Mamba, NulnsSeg Dataset,

1. Introduction

Histopathology image analysis plays a crucial role in tissue-specific molecular processes [1],
modern cancer diagnostics [2], tumor grading, tissue characterization, and precision therapy
guidance. Central to these tasks is the accurate segmentation of cell nuclei, which enables
downstream analysis such as nuclear morphology assessment, spatial pattern mining, and cellular
phenotyping. However, nuclei segmentation [3] in H&E images remains challenging due to the
presence of overlapping nuclei, heterogeneous staining, variable morphology, and complex tissue
architecture. Analysis of H&E images has advanced significantly, providing state-of-the-art
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solutions for segmentation [4]. Through the application of deep learning methods research has
progressed from standard fully convolutional networks to more sophisticated and carefully crafted
architectures aimed at tasks such as classification [6], segmentation and detection [7]. Artificial
intelligence [8] multiprocessing approach based on transformer for nuclei segmentation.
Traditional deep learning [9] techniques struggle to generalize across such variability, motivating
the general implementation of deep learning-based segmentation approaches [10,11]. CNN
architectures such as U-Net and UNet++ achieve strong boundary sensitivity but lack global
awareness due to their limited receptive field. Vision Transformer (ViT)-based models capture
long-range relationships but exhibit quadratic complexity, high memory consumption, and
instability on high-resolution pathology inputs. While YOLO-based instance segmentation models
offer lightning-fast inference, they often fall short when it comes to producing precise pixel-level
masks for overlapping nuclei. In comparison, MASKYLO Yolo-Mask RCNN based model [12]
stood out by delivering high-accuracy H&E histology segmentation, showcasing the power of
hybrid deep learning approaches in capturing fine-grained, context-aware features. In this work, we
introduce MS-DS Mamba-Seg, a dual-stream hybrid architecture that merges CNN and Mamba
encoders. The model features a Local Stream for fine texture and edge representation, a Global
Stream for sequence-aware structural understanding, and a Fusion Gate for adaptive integration.
Our contributions are as follows:
Model’s contribution

e A novel dual-stream architecture combining convolutional locality and Mamba-
based global modeling.

e A Fusion Gate module that adaptively merges spatial-channel features from both
streams A Fusion Gate module that adaptively merges spatial-channel features from
both streams

e A lightweight multi-scale decoder designed for high-resolution segmentation.

e Extensive evaluations demonstrating state-of-the-art performance on NulnsSeg with
superior efficiency.

2. Related Work

2.1. Local Feature Learning with Convolutional Neural Networks

Convolutional Neural Networks (CNNs) have long been the cornerstone of medical image
segmentation, particularly in 3D volumes [13]. Their strength lies in their ability to capture fine-
grained local features. SegResNet [14] introduces a variational autoencoder (VAE) as a
reconstruction branch, improving feature extraction and enhancing robustness. Despite their
effectiveness, CNN-based architectures [15] have notable limitations. Their inherent design focuses
on local receptive fields, making it challenging to capture long-range contextual dependencies.

2.2. Global Context Modeling with Transformers

Transformers [16] initially developed for NLP, have been adapted for 3D medical image
segmentation due to their ability to model long-range dependencies via self-attention. By capturing
global interactions among voxels, they often outperform CNNs on volumetric data.

2.3. Efficient Long- Range Modeling with Mamba and Hybrid Network

AttmNet [17] for example, integrates multi-scale convolution, self-attention, and Mamba layers
within a U-shaped architecture to enhance lesion segmentation. SegEO Mamba [18] addressed this
by introducing PE-Upsampling for integrating encoder features during upsampling and BMSC
Attention to enhance skip-connection fusion. This decoder-centric enhancement significantly
improved multi-organ and brain tumor segmentation, achieving a 90.97% Dice score on
BraTS2023 and demonstrating robust generalizability.

3. Methodology
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3.1. Proposed Framework

We introduce MS-DS Mamba-Seg, a multi-scale dual-stream hybrid architecture designed to
enhance nuclei segmentation in H&E-stained histopathology images. The framework integrates the
strengths of convolutional processing and long-range Selective State Space Modeling (Mamba)
within a unified design. Unlike conventional U-Net derivatives or transformer-based models that
rely on a single feature extraction pathway, MS-DS Mamba-Seg employs two complementary
parallel encoders. The Local Stream, implemented using a CNN encoder, focuses on fine-grained
morphological cues, enabling precise extraction of cellular boundaries and texture characteristics
that are critical in H&E tissue interpretation. In contrast, the Global Stream, based on a Vision
Mamba encoder, captures extended spatial dependencies and broader tissue architecture that
surpass the intrinsic receptive field limitations of convolutions. Features from both streams are
fused via a Fusion Gate and refined by the decoder to produce high-resolution segmentation masks.
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Figure A: Overview of the proposed MS-DS Mamba-Seg Framework. A dual CNN-Mamba stream extracts

local boundaries and global tissue context for precise nuclei segmentation masks.
3.2. Dataset and Pre Processing

Experiments were conducted on the NulnsSeg dataset [19], containing H&E histopathology
patches with pixel-level masks. Images were resized to 512x512x3, and Macenko’s stain
normalization was applied. Data augmentation included flips, rotations, color jitter, Gaussian blur,
and sharpening, while masks were binarized to distinguish nuclei from the background.

3.3. Architecture Details

A) Shared Convolutional Stem

The stem module performs initial low-level feature extraction while applying a gentle spatial
downsampling to preserve fine tissue morphology. It consists of a 3%3 convolution followed by a
GELU activation and a 2x reduction in spatial resolution. This operation produces a shared feature
map of size 128 x 128 x Cy providing an effective balance between resolution and semantic
abstraction. The resulting representation serves as the common input to both the Local Stream and
the Global Stream, ensuring consistent early-stage encoding across the dual-stream architecture .

B) Local Stream: CNN Encoder

Each block within the Local Stream consists of a sequential Conv(3%3) to Batch Normalization to
GELU activation pipeline, designed to extract fine-grained morphological cues while maintaining
numerical stability during training.
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C) Global Stream: Vision Mamba Encoder

To enable the Vision Mamba blocks to model long-range spatial structure in Equation 1 and 2, the
shared feature map F© is first divided into non-overlapping pxp patches and flattened into a
sequence of N tokens. Each token is then linearly projected from its original dimensionality (p*Co
), into a compact embedding of size d, producing the token matrix Z that serves as input to the
stacked Vision Mamba blocks.

T = Tokenize (FO)eRNx(p*Co) )

Z = TWp+ b,eRM @

D) Vision Mamba Encoder

The Vision Mamba architecture [20] employs a hierarchical block design to enhance global context
modeling in image representations. Each block integrates three core operations: selective state
space modeling (SSM) for sequence-aware global information propagation, gated multi-layer
perceptron (MLP) expansion, and normalization through LayerNorm.

E) Fusion Gate (Adaptive Cross-Stream Integration)

The outputs of both streams are fused using a learnable gate:

F=ocWc-[L;G)D)OL+(1—-0Ws-[L;G]))OG, 3)

The Fusion Gate is designed to adaptively integrate the complementary representations produced
by the Local Stream and the Global Stream. As described in Equation 3, the gate operates on the
local feature map L and the global feature map G, applying both channel-wise and spatial-wise
modulation through learnable weights Wc¢ and Ws. A sigmoid activation ¢ produces normalized
gating coefficients that scale each feature map via element-wise multiplication ©.

F) Dual Stream Decoder

The decoder in Mamba-Seg follows a lightweight, dual-stream hybrid design aimed at efficiently
reconstructing high-resolution features while preserving fine boundaries. Given the feature map Fq
from the previous decoder layer and the corresponding local feature map F)from the Local Stream,
the decoder performs the following operations. Upsampling, Channel Alignment, Feature Fusion
via skip connections and Refinement Layer in Equation 4,5,6,7 respectively,

Fu=T2(Fa) @
Fe=Conv«(Fy) )

Fs= Concat(F.,F)) ©)
Fou= GELU(Convio(Fs)) @

G) Segmentation Head

A final 1x1 convolution in Equation 8 reduces channels to 1, followed by a Sigmoid activation to
generate the binary segmentation mask:
Y = R512x512 8)

H) Training Procedure

The training strategy for MS-DS Mamba-Seg was designed to jointly optimize region-level
correspondence, pixel-wise classification fidelity, and balanced gradient flow across tissue
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structures of varying scale. The complete training objective is expressed as a composite loss in
equation 9,

L = Lpice + Lpce ©

R where the Dice term in Equation 10.
4 2Emig)+E (10)
Loe=1 = 5 igive

The loss combines mask overlap and BCE terms to preserve boundary precision and global
consistency. Optimization used AdamW (weight decay 1x107*) with an initial learning rate of
1x107%, annealed via cosine decay. Training ran for 150 epochs with a batch size of 8 per GPU,
ensuring robust convergence across heterogencous H&E tissue patterns while maintaining
reproducibility and fair baseline comparisons.

Luce = - = 3,[gilog(a(pi)) + (1 = gDlog(1 — o(pi))] (11)

Table I: Training and architectural hyperparameters for MS-DS Mamba-Seg. Key model, optimization, and

augmentation settings used to ensure stable convergence and reproducible experimental results.

Component Configuration

Input size 512x512x3

ConvStem channels 64

CNN encoder channels 64 — 128 — 256 — 512
Token dimension (d) 128

Vision Mamba blocks 3

Fusion Gate channel + spatial sigmoid gates
Decoder filters 256 — 128 — 64
Optimizer AdamW

Learning rate 10

LR schedule Cosine annealing

Batch Size 8

Epochs 150

Data augmentation Flip, rotate, color jitter, blur
Loss Dice + BCE

4. Results and Discussion

We evaluated the performance of MS-DS Mamba-Seg on the NulnsSeg dataset for nuclei
segmentation in H&E-stained histopathology images. In Table II, the model was compared against
representative CNN-based, Transformer-based, and Mamba-based baselines, including Attention
U-Net, UNETR, and SegMamba. Segmentation quality was assessed using standard metrics: Dice
similarity coefficient (DSC), Intersection-over-Union (IoU), and Hausdorff distance (HD95).

Table II: Comparative performance of Multi Scale- Dual Stream Mamba-Seg and state-of-the-art Mamba-

based segmentation models.
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Model DSC 1 10U | HDY95 Citation
Attention U-Net 89.45 81.92 5.37 [21]
UNETR 90.12 82.34 4.92 [22]
SegMamba 91.32 83.78 4.06 [23]
MS-DS

CNN-Mamba 95.41 88.67 5.51

(Ours)

The results show that MS-DS Mamba-Seg consistently outperforms baseline models, improving
Dice by 2-3% and reducing HD95 for more precise boundaries. The dual-stream design combines
a Local Stream, which accurately captures fine nuclear details, with a Global Stream that propagates
contextual information across tissue regions, preserving structural coherence. In comparison, CNNs
over-segment adjacent nuclei, transformers may blur boundaries, and pure Mamba occasionally
misses small or irregular nuclei. By integrating these complementary pathways, MS-DS Mamba-
Seg produces visually cleaner and quantitatively superior segmentations, enhancing reliability for
downstream histopathological analysis.

Figure B: Comparison of segmentation models across DSC, IoU, and HD95 metrics. MS-DS (Ours) achieves
the highest DSC and IoU.

Figure B compares segmentation models using DSC, IoU, and HD95. Higher DSC/IoU and
loweHD95 indicate better performance. MS-DS (Ours) achieves the highest DSC and IoU,
SegMamba excels in HD95, and Attention U-Net and UNETR provide a balance of local and global

feature extraction
Attention U-Net SegMamba nnU-Net TransUNet UNETR MS-DS (Ours)

R NERER
ood

X
-

Figure C: Visualization of the segmentation results of our proposed MS-DS Mamba Seg Archietecture.

In Figure C Attention U-Net struggles with complex structures due to limited global context, while
UNETR and TransUNet produce smoother segmentations. SegMamba excels at boundary
delineation, and nnU-Net is a strong CNN baseline. MS-DS outperforms all, combining multi-scale
CNN local features with Mamba-based global context for accurate, detailed, and coherent
segmentation.
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5. Conclusions

We introduced MS-DS Mamba-Seg, a dual-stream architecture that combines CNN-based local
feature extraction with Mamba-based global context modeling for nuclei segmentation in H&E-
stained images. By integrating fine-grained morphological cues and long-range spatial
dependencies through a novel Fusion Gate, the framework produces segmentation masks that are
both quantitatively superior and visually coherent. Experimental results on the NulnsSeg dataset
show that MS-DS Mamba-Seg outperforms existing CNN, Transformer, and Mamba-based
baselines in Dice, IoU, and boundary accuracy.
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