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Abstract 

Although Vision Transformer (ViT) architectures have resolved the global-context problem in 

medical image analysis, their quadratic computational complexity (ܱ(ܰ2)) creates hardware 

bottlenecks for high-resolution and 3D volumetric data. Mamba and Selective State-Space 

Models (Selective SSMs) provide an innovative solution to this problem by processing 

sequential data with linear computational complexity (ܱ(ܰ)). This systematic review was 

designed to examine the rapid adoption of the Mamba architecture in the field of medical 

artificial intelligence. In accordance with the PRISMA guidelines, 445 recent studies published 

between 2024 and 2026 were divided into four principal architectural typologies (Pure Mamba, 

CNN-Mamba Hybrids, Transformer-Mamba Integrations, and Novel Scanning Mechanisms) 

and passed through a Qualitative Critical Appraisal filter. The findings show that the most 

dominant and efficient approach in the literature is the CNN-Mamba hybrid, which combines 

local feature extraction with global context. Despite high diagnostic accuracy, the principal 

obstacles delaying clinical integration are the loss of spatial information arising from the 

flattening of 2D and 3D images into 1D sequences, the excessive memory consumption 

introduced by multi-directional scanning mechanisms, and the lack of multi-center external 

validation. Consequently, with the development of native 3D Mamba blocks that preserve 

spatial topology, the Mamba architecture is anticipated to become the backbone of next-

generation foundation models in medical image analysis.  

Keywords: Mamba; Selective State Space Models; Medical Image Analysis; Medical Image 

Segmentation; Deep Learning; Vision Mamba; Mamba-UNet; Multimodal Medical Imaging; 

Biomedical Imaging 

1. Introduction 

1.1 Background 

Medical image analysis plays a critical role in the processes of disease diagnosis and treatment 

planning [1]. The automatic segmentation and classification of lesions and anatomical 

structures in medical images have become a fundamental driving force of intelligent medical 

imaging technologies [2]. Convolutional Neural Networks (CNNs) [3], [4], [5]–[6], which have 

long been accepted as the standard in this field, have demonstrated superior performance in 

local feature extraction owing to their inductive bias, spatial locality, and translation 

equivariance [7]. However, owing to their limited receptive fields, CNNs remain inadequate 

for modeling the long-range dependencies of large anatomical structures [8], [9]. 

To overcome this lack of global context, Vision Transformer (ViT) architectures [10], [11], 

[12], [13], [14] have been integrated into the medical field. However, ViT models possess a 



quadratic computational complexity (ܱ(ܰ2)) with respect to the number of tokens in an image 

[15]. Given that medical images are inherently high-resolution and 3D volumetric in nature, 

this quadratic complexity leads to serious hardware and memory bottlenecks. This complicates 

the integration of such models into clinical environments [16].  

In this context, Mamba and Selective State-Space Models (Selective SSMs), introduced by Gu 

and Dao, have offered a revolutionary alternative in the deep learning literature [17]. Through 

a hardware-aware optimization design, Mamba can process sequential data with linear 

computational complexity (ܱ(ܰ)) [17], [18]. In this way, the ability of Selective SSMs to 

model long-range dependencies with linear complexity and the local feature extraction power 

of CNNs can be successfully combined in hybrid networks [19]. 

1.2 Research Gap 

Recently, Mamba-based architectures have been rapidly integrated into the field of medical 

imaging. In particular, they have been employed in a variety of tasks such as classification and 

image synthesis [18], [20], [21]. However, when the literature is examined holistically, it is 

observed that these innovative studies have predominantly concentrated on medical image 

segmentation tasks. In terms of data modalities, Mamba models adapt to clinical diversity and 

are most frequently preferred in Magnetic Resonance (MR), Computed Tomography (CT), 

dermoscopy, and fundus imaging [22]. 

Despite this rapid adoption process, current Mamba architectures face several critical 

limitations arising from the nature of medical data. In particular, standard Mamba scanning 

algorithms designed for 1D sequences are observed to experience difficulties in preserving the 

spatial context and modeling the directional features of 2D and 3D medical images [19]. In 

addition, the scalability problems encountered with the clinically important high-resolution and 

full 3D volumetric data cause memory bottlenecks on standard hardware [8], [22]. Studies in 

the literature also report that these models can be fragile against the noise, low-dose 

acquisitions, sparse sampling, and patient motion frequently encountered in clinical settings 

[22].  

Although the applications of Mamba architectures in medicine are increasing exponentially 

and new solutions are being produced with hybrid architectures, these efforts generally focus 

on a specific modality or a specific diagnosis. This situation reveals the lack of a current and 

comprehensive literature review that holistically synthesizes the current integration strategies, 

dominant modalities, network designs, and constraints of Mamba-based deep learning methods 

in medical imaging.  

1.3 Aim of the Study 

Motivated by the gap in the literature detailed in Section 1.2, the primary aim of this study is 

to examine the applications of Mamba and Selective SSMs in the field of medical imaging in 

a systematic and holistic manner. The study aims to evaluate how Mamba is integrated with 

conventional architectures (CNN and ViT), how it is adapted to high-resolution medical data, 

and how it performs against operational and methodological constraints. 

In line with this overall aim, and in order to fill the existing gaps in the literature, our study 

seeks to answer the following three principal research questions (RQs):  



● RQ1: For which clinical tasks and image modalities are Mamba-based architectures 

most frequently used in medical image analysis, and what structural advantages do they 

offer compared with conventional methods in this process?  

● RQ2: Through which structural adaptations and hybrid designs (multi-directional 

scanning mechanisms or pre-trained model integrations) do Mamba models, which are 

fundamentally designed for 1D sequences, pass in order to model the spatial context of 

2D/3D volumetric medical data?  

● RQ3: What are the principal methodological bottlenecks encountered in adapting the 

Mamba architecture to medical images, and which strategies should be followed in the 

future for clinical integration?  

2. Overview of State Space Models and Mamba 

2.1 State-Space Models 

State-Space Models (SSMs) [23]–[24], which derive their foundation from classical control 

theory, map an input stimulus (ݐ)ݔ ∈ ܴ, through a hidden state ℎ(ݐ) ∈ ܴே, to an output (ݐ)ݕ ∈ܴ by means of linear differential equations [17]. This continuous-time mapping is defined as a 

linear dynamic system using the evolution and projection matrices of the system. The 

continuous-time differential equations that constitute the backbone of the system are expressed 

as given in Equations (1) and (2) [17]: 

 ℎ′(ݐ) = (ݐ)ℎܣ  +  (1) (ݐ)ݔܤ

(ݐ)ݕ  =  (2) (ݐ)ℎܥ

 

In Equations (1) and (2), the matrix ܣ ∈ ܴே௫ே governs the hidden-state transitions of the 

system, the matrix ܤ ∈ ܴே௫1 determines the influence of the input on the hidden state, and the 

matrix ܥ ∈ ܴ1௫ே defines how the hidden state is projected onto the final output [17]. The 

standard Mamba architecture is presented in Fig. 1.  



 

Fig. 1 Architecture of the Mamba block, where the input is split into two linear projection branches, one 

applying a convolution, an activation and an SSM and the other a gating activation, whose outputs are 

multiplied and passed through a final linear projection to produce the output. 

2.2 Discretization 

For continuous-time analytical formulations to operate with the discrete data used in deep 

learning networks, such as token sequences or image pixels, discretization of the system is 

required [25]. This transformation process is carried out using a system-specific time-step or 

scaling parameter ߂ ∈ ܴ+ [17], [25]. In Mamba-based studies in the literature, the Zero-Order 

Hold (ZOH) rule is widely applied to convert the continuous-time matrices (A, B) into their 

discrete-time counterparts (ܣ,  Under the ZOH assumption, the discretized parameters are .(ܤ

derived mathematically through the formulas given in Equations (3) and (4) [17]: 

ܣ  =  (3) (ܣ∆) ݌ݔ݁

ܤ  = ݌ݔ݁)1−(ܣ∆) (ܣ∆)  − (ܫ ⋅  (4) ܤ∆

 

Once the discretization step is complete, the continuous-time system structure is transformed 

into a linear recurrent model and is operated across the time steps (t) as given in Equations 

(5) and (6) [19]: 

 ℎ௧ = ℎ௧−1ܣ  +  ௧ (5)ݔܤ

 



௧ݕ =  ℎ௧ (6)ܥ

 

2.3 Selective Scanning Mechanism 

Conventional SSMs are Linear Time-Invariant (LTI) systems, in which the matrices  ܣ, ,ܤ   ܥ
and ߂ are fixed independently of the input. This restricts the capacity of such models for data-

driven, content-based reasoning [26]. To eliminate this LTI constraint, the Mamba architecture 

introduced the Selective Scan Mechanism [27]. In this mechanism, the parameters ܤ,  ߂ and  ܥ

are no longer fixed matrices but are instead made data-dependent by being turned into dynamic 

functions of the input sequence ݔ௧ at each time step [17], [27]. In this way, in high-variance 

data such as medical images, the model can dynamically decide, according to the input content, 

which features to retain in the hidden state and which noisy information to forget [17] 

2.4 Hardware-Aware Optimization 

Making the matrices time- and input-dependent through the selective mechanism causes the 

model to lose the advantage of parallel convolutional computation. This leads to memory 

bottlenecks on GPU hardware [17], [18]. To resolve this efficiency crisis, Mamba employs a 

hardware-aware parallel scanning algorithm. Instead of materializing the high-dimensional 

hidden-state matrices in the slow High-Bandwidth Memory (HBM) of the graphics processor, 

the algorithm performs the computations directly in the SRAM cache of the GPU [17]. Through 

this optimization, which minimizes the input/output (I/O) transfer load between the memory 

hierarchies, Mamba models process long sequences with linear time complexity and thereby 

manage to avoid the quadratic memory burden of Transformer models [17], [19].  

2.5 Mamba Architectures in Image Processing 

SSMs and the original Mamba architecture were fundamentally developed to process one-

dimensional sequential data such as text.  Directly adapting the standard Mamba model to two-

dimensional (2D) image data by flattening images into 1D sequences disrupts the natural spatial 

structures and local correlations inherent to the image.  Pixels that are physically adjacent in 

the 2D plane become distant from one another in the scanning sequence, giving rise to the loss 

of spatial continuity, topological consistency, and directional dependencies (the directional 

sensitivity problem).  To solve this problem without sacrificing the linear-time complexity 

advantage of Mamba, the Vision Mamba (ViM) and VMamba architectures [28] were 

designed.  

In the Vision Mamba (ViM) architecture (Fig. 2), there are two fundamental structural 

innovations to overcome this obstacle. First, position embeddings are added to the image 

patches in order to ensure the spatial position awareness of the patches.  Second, instead of 

standard unidirectional scanning, a bidirectional SSM approach is used. Thus, image sequences 

are processed simultaneously in both the forward and backward directions, and the resulting 

outputs are then combined. In this way, ViM successfully captures the position-aware and data-

dependent global visual context in a single forward pass, without requiring the computationally 

and memory-intensive self-attention mechanisms.  

 



 

Fig. 2 Architecture of the Vision Mamba block, where the normalized input is processed by parallel backward 

and forward branches, each comprising a Conv1D and an SSM, that are gated by an activation and summed, 

then linearly projected and added to the input through a residual connection to produce the output. 

On the other hand, in the VMamba architecture (Fig. 3), a 2D-Selective-Scan (SS2D) 

mechanism is used that contains a Cross-Scan Module (CSM) and essentially consists of three 

stages, in order to bridge the discrepancy between 1D sequence scanning and the 2D visual 

plane. In the first stage, called scan expanding, the 2D image features are unfolded along rows 

and columns and converted into sequences in four different independent directions: top-left to 

bottom-right, bottom-right to top-left, top-right to bottom-left, and bottom-left to top-right.  

 

These four separate sequences are then processed in parallel by the selective-scan blocks, 

capturing features from various perspectives. In the final stage, scan merging (cross-merge), 

these sequences obtained from the independent directions are summed and reshaped back into 

a single 2D feature map. In this way, a strong global receptive field is constructed in two-

dimensional space without compromising computational efficiency, and the spatial 

relationships are successfully reconstructed.  

 

 

Fig. 3 Architecture of the VMamba block, where the normalized input is scanned in four directions (TL-BR, 

BR-TL, TR-BL and BL-TR) by parallel Mamba blocks whose outputs are merged and reshaped, gated by an 

activation, and linearly projected with a residual connection to produce the output. 

3. Methods 

3.1 Search Strategy 

The search strategy of this study is designed to systematically collect research focused on 

Selective SSMs, particularly Mamba architectures in the medical image analysis domain. To 



this end, studies between 2024-2026 were scanned from four databases: Web of Science 

(SCIE), IEEE Xplore, Scopus and ACM Digital Library.  

The search queries were specifically applied to the title, abstract, and keyword fields of the 

articles. To maximize the retrieval of relevant studies, the following search string was 

constructed using boolean operators: 

("Mamba" OR "MedMamba" OR "U-Mamba" OR "SegMamba" OR "Mamba-UNet" OR 

"VM-UNet" OR "Swin-UMamba" OR "Vision Mamba" OR "Selective State Space 

Model*" OR "State Space Model*" OR "VSSM" OR "Vision State Space Model*") AND 

("medical image*" OR "biomedical image*" OR "clinical image*" OR "MRI" OR 

"magnetic resonance" OR "CT" OR "computed tomography" OR "X-ray" OR "Xray" OR 

"ultrasound" OR "PET" OR "positron emission" OR "histopathology" OR "endoscopy" 

OR "radiology") 

3.2 Inclusion Criteria 

Studies were included in this review based on predefined criteria to ensure relevance, quality, 

and methodological rigor. Specifically, only peer-reviewed journal articles published between 

2024 and 2026 and indexed in major databases, including Web of Science (SCIE), IEEE 

Xplore, Scopus, and the ACM Digital Library, were considered. Eligible studies were required 

to focus on Mamba-based architectures or Selective SSMs applied to medical or biomedical 

imaging tasks. Additionally, only English-language articles with full-text availability were 

included, and studies were required to provide a substantive methodological contribution. 

The detailed inclusion criteria are summarized in Table 1. 

Table 1. Inclusion Criteria for Study Selection 

Criterion Description 

Topic Relevance 

Studies focusing on Mamba-based architectures or Selective SSMs in medical or 

biomedical imaging tasks (e.g., segmentation, classification, detection, 

reconstruction, fusion, report generation). 

Publication Type 
Peer-reviewed journal articles only; conference papers, workshops, preprints, book 

chapters, and theses were excluded. 

Time Frame Publications between 2024 and 2026. 

Indexing Databases Indexed in Web of Science (SCIE), IEEE Xplore, Scopus or ACM Digital Library. 

Language English-language publications only. 

Accessibility Full-text availability required. 

Methodological 

Contribution 

Studies must propose or substantially evaluate Mamba-based or SSM-based 

methods. 

 

3.3 Exclusion Criteria 



Studies were excluded from this review if they did not meet the predefined inclusion criteria 

or failed to provide sufficient methodological or contextual relevance. Specifically, non-peer-

reviewed publications such as conference papers, workshop articles, preprints, book chapters, 

and theses were excluded. Studies published outside the 2024–2026 time frame or not indexed 

in Web of Science (SCIE), IEEE Xplore, Scopus, or the ACM Digital Library were also 

omitted. Additionally, articles not written in English or lacking full-text access were excluded. 

Furthermore, studies presenting architectural incompatibility (e.g., not utilizing 

Mamba/SSMs), off-field applications (non-medical domains), or out-of-scope tasks (e.g., lack 

of substantial imaging-focused experimental evaluation) were removed. Works that only 

mentioned Mamba or Selective SSM concepts without providing meaningful methodological 

development or experimental evaluation were also excluded. 

The detailed exclusion criteria are summarized in Table 2. 

Table 2. Exclusion Criteria for Study Selection 

Criterion Description 

Off-Field 

Applications 

Studies applying Mamba/SSMs outside the domain of medical or biomedical imaging 

(e.g., natural images, satellite imagery). 

Architectural 

Incompatibility 
Studies not utilizing Mamba-based architectures or SSMs. 

Out-of-Scope Tasks Studies focusing on tasks not relevant to the core objective of the review. 

Publication Type 
Conference papers, workshops, preprints, book chapters, theses, and other non-peer-

reviewed articles. 

Time Frame Studies published before 2024 or after 2026. 

Indexing Databases 
Studies not indexed in Web of Science (SCIE), IEEE Xplore, Scopus or ACM Digital 

Library. 

Language Non-English publications. 

Accessibility Studies without accessible full text. 

 

3.4 Study Selection Process 

The study selection process was conducted following the Preferred Reporting Items for 

Systematic Reviews and Meta-Analyses (PRISMA) guidelines [29] to ensure transparency, 

reproducibility, and methodological rigor. The selection procedure consisted of multiple stages, 

including identification, screening, eligibility assessment, and final inclusion.  

In the identification phase, a comprehensive literature search was performed across four major 

databases: Web of Science (SCIE), IEEE Xplore, Scopus and the ACM Digital Library. 

Duplicate records retrieved from different databases were identified and removed prior to 

further analysis. During the screening phase, the titles and abstracts of the retrieved studies 

were independently reviewed by two researchers to exclude clearly irrelevant publications 



based on the predefined inclusion and exclusion criteria. Studies not related to Mamba-based 

architectures or medical imaging were eliminated at this stage. 

In the eligibility phase, the full texts of the remaining articles were carefully assessed to 

determine their suitability. Studies were excluded if they did not provide sufficient 

methodological detail, lacked experimental validation, or did not present a meaningful 

contribution related to Selective SSMs or Mamba-based approaches. 

Finally, in the inclusion phase, only studies that fully satisfied all inclusion criteria were 

selected for qualitative synthesis. Any disagreements during the selection process were 

resolved through discussion and consensus. 

Due to the extensive volume of included literature (n=445), a representative subset of 60 

studies, 15 for each architectural typology was purposively selected for detailed qualitative 

synthesis in the tabular summaries. This subset was strategically chosen to ensure a 

comprehensive representation of architectural diversity, various imaging modalities, and 

diverse clinical analysis tasks, rather than selecting based on performance metrics. 

3.5 Data Extraction 

In this section, data extraction was performed on articles which were selected after the literature 

review. Two of the authors investigated papers by following a common pattern to ensure the 

study is conducted in a more effective manner. Firstly, article title and general information 

were extracted, then method and data sections were focused on. The utilized architectures, 

methods such as hybridization and datasets were comprehensively analysed. At last, obtained 

information was compiled into a structured table. The key information gathered from the 

articles encompasses the following domains:  

General Information: Title, authors, publication year and journal. 

Clinical Goal and Modality: Data type used in study (MRI, CT, etc.) and task performed. 

Architectural Structure: Characteristics of the Mamba architecture used in the study (Mamba 

variants, pure Mamba, hybrid approaches etc.) 

Dataset: Details regarding the datasets. 

Performance Metrics: Metrics used for model evaluation. 

Limitations: Challenges and limitations encountered in the study. 

During this process, in cases where the required data could not be located within the articles, 

the provided complementary materials were inspected. Consequently, information that could 

be categorized under common headings were obtained from all the analysed articles. In 

instances of disagreement among the researchers, deliberations were conducted to reach a 

mutual consensus. 

3.6 Quality Assessment 

In this study, research utilizing Mamba models for medical image analysis was examined with 

a primary focus on the methodological robustness and hardware applicability of novel 

architectures rather than solely on diagnostic accuracy. In this context, the Qualitative Critical 



Appraisal approach was preferred. The articles reviewed were rated according to three 

fundamental criteria:  

1. Methodological Transparency and Reproducibility: Whether the code used is open 

source, the transparency of the architectural improvements, and whether the developed 

models are compared to current state-of-the-art models. 

2. Dataset Robustness and Validation: Whether the dataset is private or public, and the 

implementation of robust validation strategies such as cross-validation. 

3. Computational Feasibility and Clinical Applicability: The model’s parameter load, 
scanning mechanism used, computational cost, bottlenecks and generalization ability. 

Information extracted from reviewed studies was independently evaluated by the authors and 

each study was rated on a scale of Low, Medium, or High. At this stage, any disagreements 

were discussed and a consensus was reached. The findings obtained based on these criteria are 

summarized in Section 4.4 (Summary of Included Studies). In addition, the limitations of the 

studies are evaluated in Section 5 (Discussion). It should be noted that the quality assessment 

was strictly used for characterizing the methodological robustness of the included studies, 

rather than serving as an exclusion criterion. 

4. Results 

4.1 Study Selection (PRISMA Flow) 

The comprehensive literature search yielded a total of 1259 articles across four databases: IEEE 

(125), Web of Science (447), Scopus (576) and ACM Digital Library (111). The distribution 

of these studies is given in Fig. 4. With the elimination of duplicated studies, 601 unique studies 

remained. Afterwards, an initial screening was conducted to eliminate irrelevant articles. 

During the screening phase, 64 articles were excluded due to out-of-scope tasks or off-field 

applications. After the screening phase, eligibility assessment was performed and 92 articles 

were excluded due to architectural incompatibility or  falling under different publication types 

(e.g. reviews). Consequently, 445 studies met all criteria and were included in the systematic 

review. The complete list of these 445 included studies is provided in Supplementary File S1 

These remaining studies were grouped in four distinct categories: Pure Mamba Adaptations, 

CNN-Mamba Hybrids, Transformer-Mamba Integrations and Novel Scanning Mechanisms. 

PRISMA flow is given in Fig. 5. 



 

Fig. 4 Distribution of the included studies across the four source databases: Scopus, Web of Science, IEEE 

Xplore and ACM Digital Library. 

 

 

Fig. 5 PRISMA flow diagram of the study selection process, covering the identification, screening, eligibility 

and inclusion stages that yielded the 445 studies analyzed in this review. 

 



4.2 Descriptive Analysis 

The distribution of the studies according to years is presented in Fig. 6. The Mamba architecture 

developed in 2024, attracted considerable attention immediately after its emergence and was 

employed in more than 200 medical image analysis studies in 2025. This number demonstrates 

the Mamba architecture’s rapid adoption in the medical field. The main reason for this trend is 
Mamba’s linear computational complexity in contrast to quadratic computational cost of 
Transformer (ViT) models. Although literature review for this study ended in the second 

quarter of 2026, it is remarkable that there are almost the same number of studies in comparison 

to the year 2025. This highlights that the Mamba architecture has become one of the most 

dynamic research areas in literature. 

When examining the clinical focus areas of this rapidly growing literature (Fig. 7), it is 

observed that multi-modality approaches constitute the largest portion of the studies, while 

MRI and CT are the next most extensively researched fields. Specifically, 27% (n=121) of the 

reviewed studies utilized multi-modality data, followed by MRI and CT with 18% (n=82) and 

15% (n=68), respectively. The primary reason for the high preference for MRI and CT 

modalities is their 3D and high-resolution nature. Due to its capability of processing long 

sequences without bottlenecks, Mamba architecture gains a natural advantage in processing 3D 

medical data. These three leading fields are followed by general medical imaging studies in 

which independent clinical datasets are used together. Subsequently, ultrasound and X-ray 

modalities account for 10% and 5% of the studies, respectively. The fact that multi-modality 

studies hold the highest proportion among the studies performed demonstrates the flexibility 

of Mamba architecture across diverse data types. 

 

Fig. 6 Number of included studies by publication year across 2024, 2025 and 2026. 



 

Fig. 7 Distribution of the analyzed studies across the targeted medical imaging domains. 

4.3 Thematic Analysis 

The reviewed studies are categorized into four main methodological themes. The distribution 

of these studies is presented in Fig. 8. It is seen that the majority of the studies utilized CNN-

Mamba hybridizations, leading the others with a clear margin. This is followed by Pure Mamba 

Adaptations. Subsequently, these two leading methodologies are followed by Transformer-

Mamba Integrations and Novel Scanning Mechanisms which account for an almost equal 

number of studies. 

 



Fig. 8 Distribution of the analyzed studies across the four architectural typologies of Mamba-based models: 

CNN-Mamba hybrids, pure Mamba adaptations, Transformer-Mamba integrations and novel scanning 

mechanisms. 

4.3.1 CNN-Mamba Hybrids 

The number of CNN-Mamba hybrid studies is significantly higher than that of other 

methodologies. The primary objective of these models, which are employed in various clinical 

tasks such as classification [22] , segmentation [25], cross-modality synthesis [30], [31] [21] 

and object detection [32] [33], is to enhance performance by combining the local feature 

extraction ability of CNNs with the Mamba architecture’s capability to capture global context 
in long sequences. A review of prominent studies in literature reveals that these hybrid 

approaches are mostly used on complex anatomical structures such as brain [34], breast [7], 

pathology [22], eye [35], dermoscopy [25], endoscopy [36] and kidney [1]. The main reason 

for specifically targeting these areas is that the detection of lesions and pathologies requires 

both micro-level tissue detail (CNN-based) and a broad receptive field capable of grasping the 

spatial topology of the entire organ (Mamba-based) [19]. Although these hybrid architectures 

yield high diagnostic accuracy, they introduce certain limitations particularly regarding 

computation and memory overhead stemming from their dual-branch or complex integration 

structures [22]. The datasets, architectural details, achieved performance metrics and 

methodological limitations of the prominent innovative approaches in this category are 

comprehensively summarized in Table 3. 



 

Table 3. CNN-Mamba Hybrid Studies 

Reference Clinical Task & Dataset Proposed Architecture Key Performance Metrics Methodological Limitations 

[37] 

Task: Brain Tumor Seg. 

Modality: MRI 

Dataset: BraTS 2023, 

2020 

Hierarchical tri-directional 

Mamba unit combined with 

large kernel convolutions to 

balance local semantics and 

global awareness. 

Significantly surpassed current 

SOTA methodologies in whole-

volume feature dependency and 

segmentation performance. 

Tri-directional scanning alongside large 

convolutions may substantially inflate parameter 

counts, hindering deployment on memory-

constrained hardware. 

[38] 

Task: Skin Lesion & 

Tumor Seg. 

Modality: Dermoscopy, 

US 

Dataset: ISIC17/18, BUSI 

Selective Fusion Mamba and 

Multi-Scale Fusion Mamba 

mechanisms for dynamic 

local-global integration. 

Outstanding segmentation 

efficacy across three major 

datasets with an ultra-lightweight 

footprint of only 0.038M 

parameters. 

Extreme parameter reduction may severely 

bottleneck the network's capacity to recognize 

highly irregular multi-class structures outside the 

training distribution. 

[39] 

Task: Breast Cancer Seg. 

Modality: Ultrasound 

Dataset: BCDM and 

BMNP 

Brownian Bridge diffusion 

paradigm integrated with 

Semantic Correlation 

Mapping Attention and State 

Space Fusion Mamba. 

SOTA breast cancer segmentation 

with noticeably fewer inference 

steps and mitigated cross-domain 

discrepancies. 

Diffusion-based models inherently require 

significantly more inference time than traditional 

single-pass feedforward networks. 

[40] 

Task: Multitask Seg. & 

Class. 

Modality: Ultrasound, 

Derm. 

Dataset: 4 breast US, 1 

skin 

Dual-Stream CNN-Mamba 

extraction module and multi-

scale convolutional self-

attention preprocessor. 

Scored 72.86–78.45% IoU on 

breast US and 86.57% on skin 

cancer datasets, outperforming 

unitask methods. 

Complex integration of multiple preprocessors 

and dual-stream extractions likely demands 

substantial VRAM, hindering edge deployment. 



[41] 

Task: Macular Edema 

Diag. 

Modality: Fundus Imaging 

Dataset: IDRiD, Messidor 

Integrates graph convolutional 

networks (GCN) for local 

spatial correlations with 

Mamba for long-range global 

dependencies. 

Substantially outperforms 

existing approaches, ensuring 

extracted characteristics firmly 

align with actual pathological 

lesions. 

The mapping matrix for geometric 

correspondence likely exhibits high sensitivity to 

variations in retinal topography and severe 

misalignment. 

[42] 

Task: Mutation Burden 

Predict. 

Modality: Pathology WSI 

Dataset: Lung cancer 

cohort 

Parallel text-guided attention 

modules and a VMamba 

backbone, integrating 

diagnostic textual features 

with histopathology. 

Achieved a classification AUC of 

0.994 and a regression MAPE of 

0.25 without requiring whole-

exome sequencing. 

Heavy reliance on diagnostic textual features 

indicates that inaccurate or sparse clinical notes 

could directly compromise mutation burden 

predictions. 

[43] 

Task: Deformable 

Registration 

Modality: Brain MRI 

Dataset: Mindboggle, IXI 

State-space model embedded 

within a residual pyramid 

network encoder to address 

complex non-rigid brain 

deformations. 

Dice score up to 65.5, 

outperforming SOTA registration 

methods while reducing 

computational complexity. 

The model may encounter difficulties with 

extreme pathological deformations or 

topological changes not adequately represented 

in the training datasets. 

[44] 

Task: Multi-modal 

Synthesis 

Modality: MRI, CT, PET 

Dataset: multi-contrast 

MRI 

Hierarchical multi-scale 

ConvMamba framework 

combined with a GLCM loss 

function and an auxiliary 

diffusion model. 

Decisively outperforms SOTA 

generative architectures across 

diverse multi-contrast synthesis 

benchmarks. 

Employing an auxiliary diffusion model within a 

GAN generates immense computational 

overhead, significantly hindering real-time 

synthesis applications. 

[45] 

Task: Image 

Denoising/Restor. 

Modality: Spectral CT 

Dataset: PCCT and MSCT 

Mamba-assisted X-Net 

architecture guided by latent 

representation priors for 

limited-view restoration. 

SOTA proficiency in structural 

restoration and noise mitigation 

for both photon-counting and 

multi-source CT. 

Utilizing latent representations of full-spectrum 

prior images requires access to pristine, high-

quality spectral data during training, which 

remains scarce. 



[46] 

Task: Super-Resolution 

Modality: Ultrasound 

Dataset: Five different US 

datasets 

Frequency-spatial domain 

reconstruction utilizing an 

Enhanced Transform 

Combine Module and an 

Adaptive Top-k Prompt 

Module. 

Exceptional fidelity, achieving an 

average PSNR 1.31dB higher 

than SOTA approaches at a 2x 

scale factor. 

The adaptive routing-guided strategy introduces 

dynamic computational pathways that could lead 

to inconsistent real-time inference latency. 

[47] 

Task: Object Detection 

Modality: Endoscopy 

Dataset: SUN Polyp, 

PICCOLO 

State Space Model 

incorporated into the 

YOLOv10 architecture 

alongside an Efficient Multi-

Scale Attention mechanism. 

SOTA diagnostic detection 

accuracy and robustness on the 

Etis-Larib dataset for early 

colorectal cancer screening. 

The training data does not fully cover the full 

range of clinical scenarios, and model pruning 

optimizations have not yet been implemented for 

hardware-constrained devices. 

[48] 

Task: Image 

Watermarking 

Modality: X-ray, MRI, CT 

Dataset: NIH CXR, 

COVIDx 

Integrates Mamba state-space 

models and CNNs within the 

Haar wavelet domain for 

secure patient data 

embedding. 

High-fidelity embedding (PSNR 

43.8 dB) improving watermark 

robustness under complex 

composite distortion attacks by 

10.8%. 

Embedding watermarks directly into the wavelet 

frequency domain runs a persistent risk of subtly 

altering critical diagnostic textures. 

[49] 

Task: Active Domain 

Adaptation 

Modality: Brain MRI 

Dataset: BraTS cross-

domains 

Hybrid Mamba-CNN 

architecture utilizing a 

Region-level Uncertainty-

Guided Sample Selection 

strategy. 

Approaches fully supervised 

performance levels across distinct 

target domains under a strictly 

limited 5% annotation budget. 

Calculating region-level uncertainties to guide 

active learning sample selection may introduce 

latent computational bottlenecks. 

[50] 

Task: EEG-to-fMRI 

Reconstruct. 

Modality: EEG & fMRI 

Dataset: NODDI, Oddball 

Multi-directional Time-

Frequency Convolutional 

Attention Encoder with an 

efficient Vision-Mamba U-

Net decoder. 

Drastically advanced spatial 

fidelity, achieving exceptional 

structural similarity indices of up 

to 0.788 across public 

benchmarks. 

The model focuses exclusively on static single-

volume reconstruction, lacking recurrent 

mechanisms to map continuous dynamic fMRI 

time-series. 



[51] 

Task: CFD 

Hemodynamics 

Modality: CFD 

Simulation 

Dataset: Computational 

dataset 

Merging Mamba-based state-

space modeling with 

hierarchical point cloud 

processing (PointNet++) for 

vascular geometries. 

Prediction accuracies comparable 

to full CFD simulations while 

improving computational 

efficiency by several orders of 

magnitude. 

Relying strictly on synthetic CFD simulations 

for point cloud training inherently assumes rigid 

boundary conditions, failing to capture true 

physiological elasticity. 



4.3.2 Pure Mamba Adaptations 

The studies in this category are research efforts that directly adapt the Mamba and Selective 

SSM backbone to medical imaging tasks [52], [53]–[54] without using structural hybridization 

with conventional CNN- or Transformer-based architectures. The primary aim of these 

approaches is to maximize the use of the linear computational complexity of the Mamba 

architecture and its ability to model long-sequence dependencies, thereby improving parameter 

efficiency on high-resolution medical data [17], [55]. Prominent studies demonstrate the 

applicability of pure Mamba models across a broad clinical spectrum, such as segmentation 

[56], classification [34] and super-resolution [22]. These architectures are particularly preferred 

for analyzing high-dimensional data in which conventional Transformers experience memory 

bottlenecks, such as pathology, functional MR sequences, and high-resolution ultrasound. 

However, the need for pure Mamba models to compress complex 2D or 3D spatial topologies 

into 1D sequences (flattening) can lead to local feature attenuation [57].. Examples of studies 

demonstrating the potential of this architectural approach across multiple modalities and its 

current limitations are presented in Table 4.



Table 4. Pure Mamba Adaptation Studies 

Reference Clinical Task & Dataset Proposed Architecture Key Performance Metrics Methodological Limitations 

[25] 

Task: Medical Image Seg. 

Modality: Dermoscopy, 

CT/MRI 

Dataset: ISIC17/18, 

Synapse 

The first pure state-space-

based architecture for medical 

image segmentation utilizing 

an asymmetrical encoder-

decoder structure. 

Eliminated quadratic 

computational complexity, 

yielding competitive Dice scores 

of 89.03, 89.71, and 81.08 across 

diverse datasets. 

An asymmetrical structure with fewer 

convolution layers may reduce the model's 

capacity to extract extremely fine-grained, 

localized spatial details. 

[58] 

Task: Report Gen. & 

Lesion Det. 

Modality: X-ray 

Dataset: IU X-ray, 

CheXpertPlus 

Lightweight Mamba-based 

vision encoder paired with a 

large language model decoder 

and multi-stage contrastive 

learning. 

Accurately localized 

abnormalities and produced 

clinically coherent reports, 

successfully eliminating the high 

computational overhead typical of 

ViTs. 

Pairing a lightweight encoder with an LLM 

decoder inherently demands substantial GPU 

memory for autoregressive text generation, 

bottlenecking edge deployment. 

[59] 

Task: CBCT 

Segmentation 

Modality: CBCT 

Dataset: Mixed dentition 

Pure U-Mamba Bot and U-

Mamba Enc architectures 

applied for pediatric CBCT 

segmentation of dental hard 

tissues and pulp. 

Maintained highly consistent 

volumetric correlations and rapid 

processing times across varying 

dental developmental stages. 

Segmentation accuracy exhibited noticeable 

degradation when identifying primary teeth in 

older children due to root resorption 

complexities. 

[60] 

Task: Few-shot Seg. 

Modality: Medical 

Imaging 

Dataset: Not specified 

Hierarchical hypercorrelation 

vision state-space model 

integrating a multiscale 

feature matching pipeline. 

Efficiently captured long-range 

dependencies with linear 

complexity, overcoming severe 

low-contrast and contextual 

ambiguity challenges. 

Dense computation of target-level and image-

level correlations could still demand high 

VRAM during the training of large-scale 

multiscale inputs. 



[61] 

Task: IBD Subtype Ident. 

Modality: Endoscopy 

Dataset: WCE, Clinical 

cohort 

Dual-stream architecture 

combining a multimodal LLM 

and a hierarchical 

MambaVision network with 

cross-attention. 

Achieved an exceptional state-of-

the-art diagnostic accuracy of 

96.49% across a large-scale 

clinical cohort and public 

benchmarks. 

Integrating an MLLM alongside a hierarchical 

MambaVision architecture likely imposes severe 

GPU memory constraints during training. 

[62] 

Task: Connectivity 

Modeling 

Modality: fMRI & EEG 

Dataset: Public Cohorts 

Adapts state-space modeling 

to Riemannian manifolds with 

a dual-path design for 

hierarchical multi-granular 

aggregation. 

Produced highly compact, 

discriminative representations, 

demonstrating consistently 

competitive accuracy and 

robustness for neurological 

disease detection. 

High-dimensional SPD inputs may still pose 

computational bottlenecks during progressive 

dimensionality reduction on large cohort 

datasets. 

[63] 

Task: Tumor 

Segmentation 

Modality: CT 

Dataset: LiTS, 

3DIRCADb 

Integrates anatomy-aware 

prompts with Mamba-based 

state-space modeling and 

structure-aware filtering. 

Highly compact model (27.6M 

parameters) surpassed SOTA 

CNNs/Transformers, 

demonstrating exceptional 

sensitivity to small nodules. 

Heavy reliance on predefined prompts requires 

accurate initial organ localization; anatomical 

anomalies could disrupt the entire pipeline. 

[64] 

Task: 2D/3D Registration 

Modality: DXR & CBCT 

Dataset: Knee Joint Data 

Utilizes a twin-stream Vision 

Mamba-based encoder and a 

Multi-Objective Spatial 

Transformation module. 

Achieved a mean target 

registration error of 3.36 mm and 

processed single X-ray images 

within 1.22 seconds. 

Registering a continuous high-frame-rate 

dynamic X-ray video sequence would still 

demand significant cumulative computational 

time. 

[65] 

Task: Disease Detection 

Modality: Endoscopy 

Dataset: Not specified 

Foundation model leveraging 

a specialized state-space 

model and masked 

autoencoding to learn from 

unlabeled sequences. 

Matched the diagnostic 

performance of traditional, fully 

supervised systems using merely 

1% of expert-labeled data. 

The self-learning mechanism's dependency on 

unlabeled data quality might propagate biases if 

the pre-training corpus lacks pathological 

diversity. 



[66] 

Task: Deformable 

Registration 

Modality: MR-CT 

Dataset: SR-Reg 

Leverages efficient Mamba 

state space models for robust 

global feature learning 

alongside fine-grained 

extractors. 

Demonstrated impressive 

enhancements in registration 

efficacy and computational 

efficiency, vastly outperforming 

SOTA frameworks. 

Deformable registration via 1D modeling may 

struggle to maintain biologically plausible 

deformation fields across complex 3D structures 

without spatial regularization. 

[67] 

Task: Tumor 

Segmentation 

Modality: MRI 

Dataset: Multicenter MRI 

Employs a triple-domains 

Mamba module fusing 

channel, spatial, and 

frequency features to address 

class imbalance. 

Demonstrated superior diagnostic 

performance and robust 

adaptability in precisely 

segmenting both microscopic and 

massive carcinomas. 

Fusing spatial, channel, and frequency domain 

features simultaneously may result in excessive 

feature redundancy and prolonged processing 

times. 

[68] 

Task: Image Super-

Resolution 

Modality: Pathological 

Imaging 

Dataset: Not specified 

Integrates a state-space 

module into a diffusion 

encoder to achieve authentic 

optical zoom characteristics. 

Enhanced downstream 

classification accuracy by 

efficiently reformulating 

denoising processes to achieve 

accelerated sampling. 

Complex diffusion processes combined with 

state-space temporal modeling may demand 

substantial computational resources during 

whole-slide generation. 

[69] 

Task: Multimodal Fusion 

Modality: Multi-modality 

Dataset: Unnamed 

Datasets 

Utilizes structured state-space 

Mamba to aggregate 

embeddings and learn the 

Gromov-Wasserstein distance 

for feature alignment. 

Produced clearer boundary 

definitions and vastly superior 

visual consistency in fused 

images compared to existing 

models. 

Calculating the Gromov-Wasserstein distance is 

highly computationally intensive, which may 

significantly reduce inference speed for high-

resolution images. 

[70] 

Task: Biomarker 

Prediction 

Modality: Ultrasound 

Dataset: Multicenter BC 

Cohort 

Vision-Mamba architecture 

integrating 2D/strain 

elastography images with 

pixel-level radiomic feature 

maps. 

Achieved outstanding AUC 

values (0.941-0.945) on external 

cohorts for predicting Ki-67 

expression. 

Acquiring both B-mode images and specialized 

elastography maps significantly increases the 

clinical data acquisition burden. 



[71] 

Task: 3D Organ 

Reconstruction 

Modality: X-ray 

Dataset: Thoracic 

benchmarks 

Direct 3D multi-organ 

reconstruction from 

orthogonal biplanar X-rays via 

a state-space cross-view 

fusion module. 

Attained impressive Dice scores 

(up to 93.94%) for lung and heart 

segmentation without requiring 

CT priors. 

Generating comprehensive 3D anatomy strictly 

from biplanar X-rays may struggle with 

pathological deformations that overlap heavily in 

2D projections. 



4.3.3 Transformer-Mamba Integrations 

Although the Mamba architecture offers a linear computational advantage on long sequences, 

the precise spatial-alignment capabilities provided by the global self-attention mechanisms of 

ViT-based models are indispensable for some complex medical tasks [8], [22]. For this reason, 

researchers have developed hybrid networks that combine these two architectures in order to 

reduce the computational load of Transformers and to enhance the spatial awareness of Mamba 

[72], [73]. These hybrid networks are generally used in clinical applications such as report 

generation [74], image enhancement [75] and segmentation [76]. Highly successful results are 

obtained by combining Swin-Transformer [77], Segment Anything Model (SAM) [78] and 

diffusion-based encoders [22] with Mamba modules. The fundamental rationale of this 

integration is to bring together the precise inter-patch token correlations of these structures with 

the sequence-processing efficiency of Mamba [8], [72]. Nevertheless, the combination of these 

paradigms generally results in extremely dense architectures with enormous parameter counts 

[22], [72]. This increases the hardware requirements and complicates the training process [22]. 

The innovative approaches in which Transformers are integrated with Mamba, and the 

challenges encountered, are presented in Table 5. 



Table 5. Transformer-Mamba Integration Studies 

Reference Clinical Task & Dataset Proposed Architecture Key Performance Metrics Methodological Limitations 

[79] 

Task: 3D Neuron Seg. 

Modality: 3D Microscopy 

Dataset: Three datasets 

Dual U-Net architecture 

utilizing cross-attention modules 

for diverse fields-of-view and 

Mamba for adaptive high-

resolution fusion. 

Achieved the highest F1 scores 

and ensured continuous neuronal 

segmentation while maintaining 

computational efficiency. 

Running dual U-Nets in parallel 

inherently doubles the memory 

footprint, restricting the maximum 

processable patch size during training. 

[80] 

Task: Preoperative Grading 

Modality: CE-Ultrasound 

Dataset: Not specified 

Utilizes a Vision-Language 

Model (LLaVA-Med) for 

knowledge distillation into a 

Distilled Mamba Transformer 

Convolutional backbone. 

Achieved highly competitive 

non-invasive clear cell renal cell 

carcinoma grading accuracy. 

Utilizing a massive pre-trained VLM 

for distillation introduces significant 

offline computational overhead and 

requires meticulous prompt 

engineering. 

[81] 

Task: Cardiac Segmentation 

Modality: Echo & MRI 

Dataset: CAMUS, ACDC 

Aggregates multi-scale contexts 

by combining spline-based 

Kolmogorov-Arnold Networks 

(KAN) with Selective Mamba 

layers and attention gates. 

Outperformed U-Net variants, 

TransUNet, and U-Mamba 

(95.18% on CAMUS), 

exhibiting strong zero-shot 

generalization. 

Spline-based KAN layers introduce 

specialized non-linear modeling that 

may require highly delicate 

hyperparameter tuning to avoid 

overfitting. 

[82] 

Task: Surgical Phase Rec. 

Modality: Endoscopic Video 

Dataset: Cholec80, ESD385 

Synthesizes a Mamba-based 

architecture with Scaled 

Residual TranMamba blocks via 

a Hierarchical Sampling 

Strategy. 

Achieved real-time execution 

speeds alongside a state-of-the-

art 87.70% accuracy for 

endoscopic submucosal 

dissection. 

Modeling extensive temporal 

sequences via hierarchical sampling 

risks ignoring instantaneous surgical 

anomalies or extremely rapid phase 

transitions. 

[83] 

Task: Cancer Classification 

Modality: Histopathology 

Employs a Transformer block 

with Haar wavelet transforms 

alongside a Cross-Scale Mamba 

Synergistic integration of signal 

processing and sequence 

Integrating both multi-scale 

Transformer attention and Mamba in a 

single framework may negate the 



Dataset: Chaoyang CRC Block for hierarchical feature 

fusion. 

modeling achieved state-of-the-

art classification performance. 

inherent efficiency advantages of pure 

Mamba. 

[84] 

Task: Image Synthesis 

Modality: Medical Images 

Dataset: Benchmark datasets 

Utilizes a MambaTrans 

architecture to embed radiomics 

prompts, guiding denoising 

diffusion implicit models via 

Monte Carlo sampling. 

Significantly outperformed 

SOTA methods in structural 

quality, uncertainty 

quantification, and clinical 

reliability. 

Generating high-resolution images via 

diffusion combined with complex 

MambaTrans architectures limits real-

time synthesis capabilities. 

[85] 

Task: Scribble-based Seg. 

Modality: Medical Imaging 

Dataset: Two datasets 

Integrates CNN, ViT, and 

VMamba architectures via a 

cross-supervisory mechanism 

using pseudo labels. 

Successfully surpassed baseline 

weakly-supervised learning 

frameworks relying solely on U-

Net or Swin-UNet models. 

Simultaneous integration of CNN, 

ViT, and Mamba networks 

significantly increases VRAM 

requirements during the training 

phase. 

[86] 

Task: Incomplete Modality Seg. 

Modality: Multimodal MRI 

Dataset: BraTS 18/20 

Uses Multimodal Feature 

Distillation and a Cross-Modal 

Fusion module leveraging 

Mamba-Transformer hybrids for 

long-range dependencies. 

Significantly outperformed 

current state-of-the-art missing 

modality methods by 

minimizing boundary 

discrepancies. 

Accuracy remains inherently restricted 

when missing sequences contain 

exclusive, critical pathological 

signatures not present in available 

modalities. 

[87] 

Task: Autonomous Seg. 

Modality: MRI / CT 

Dataset: ACDC 

Develops a trainable Visual 

Mamba adapter mechanism 

paired with a pre-trained 

Segment Anything Model 

(SAM) ViT encoder. 

Eradicates reliance on manual 

prompts, achieving a 0.18 Dice 

improvement and 20.38 mm 

Hausdorff distance reduction vs. 

AutoSAM. 

Due to reliance on a massive pre-

trained ViT foundation model, the 

architecture remains heavyweight, 

challenging edge deployment. 

[88] 

Task: Pathology Grading 

Modality: Histopathology 

Integrates graph attention 

mechanisms with Mamba’s 
selective state space mechanism 

Achieved grading accuracy 

improvements of up to 2.90% 

Combining graph neural networks 

with Mamba necessitates complex 

graph construction, increasing 



Dataset: Two datasets to capture tumor-

microenvironment topology. 

over the highest baselines with 

superior interpretability. 

computational overhead for gigapixel 

WSIs. 

[89] 

Task: Action Triplet Detection 

Modality: Surgical Video 

Dataset: CholecT50 

Weaves Mamba and 

Transformer blocks within an 

enhanced Spatial-Temporal 

Perception decoder using 

textual-temporal trails. 

Confirmed superior performance 

in instrument localization and 

accurate action triplet detection 

in long-sequence surgical 

videos. 

Dependency on a pre-trained text 

encoder implies the model's 

performance may be highly sensitive 

to the quality of the specific textual 

prompts. 

[90] 

Task: Tumor Segmentation 

Modality: Ultrasound 

Dataset: Six datasets 

Bio-inspired architecture 

integrating ConvNets (local 

extraction), self-attention (global 

focus), and Mamba (linear 

dependency). 

Broadly outperformed existing 

models in binary accuracy, IoU, 

and Dice coefficients across six 

ultrasound cancer datasets. 

Tri-integrating ConvNets, self-

attention, and Mamba inherently 

creates a massive footprint, making it 

unsuitable for portable point-of-care 

ultrasound. 

[74] 

Task: Report Generation 

Modality: X-ray & Pathology 

Dataset: IU X-Ray, COV-CTR 

Integrates Mamba into a 

Transformer decoder to enhance 

long sequence dependency 

capturing for multi-modal 

clinical narratives. 

Mitigated normal/abnormal data 

bias, resulting in significant 

improvements in BLEU scores 

and phrase overlap. 

The ability to maintain high coherence 

over extremely long or complex 

clinical narratives might still be 

challenged by rigid vocabulary 

constraints. 

[91] 

Task: Super-resolution 

Modality: MRI 

Dataset: Clinical datasets 

Leverages a conditional 

Diffusion Transformer 

framework coupled with a 

hybrid Mamba decoder 

(MambaVision Mixer). 

Faithfully restores intricate 

anatomical structures directly 

from noisy latent inputs, 

outperforming standard U-Net 

diffusion approaches. 

Relying on a complex MambaVision 

Mixer within the decoding phase of a 

diffusion network compounds 

inferential latency. 



[92] 

Task: Synthetic CT Gen. 

Modality: CBCT to CT 

Dataset: Brain, H&N 

Conditional diffusion 

framework synergizing Group 

Multi-axis Hadamard Product 

Attention with a Mamba 

bottleneck module. 

Drastically minimized CBCT 

artifacts, yielding peak signal-to-

noise ratios up to 31.44 dB for 

synthetic CT generation. 

Integrating complex Hadamard 

attention alongside Mamba 

mechanisms into diffusion models 

further compounds inference latency 

for radiotherapy. 



4.3.4 Novel Scanning Mechanisms 

The standard Mamba architecture was developed for 1D sequential data processing. However, 

various enhancements have subsequently been made so that it can be used in image analysis 

[22]. The 2D and 3D spatial complexity of medical images causes standard scanning methods 

to disrupt anatomical integrity and to lead to semantic loss [19]. To overcome this limitation, 

innovative algorithms such as cross-scan [22], fractal [19], bidirectional slicing [9] and graph-

based [56] scanning paths have been proposed. Because preserving the continuous boundaries 

of multi-dimensional anatomical structures is critical, these content-aware scanning methods 

are widely applied in complex volumetric tasks such as 3D brain tumor segmentation [8], 

denoising [22] and image reconstruction [9]. Although customized scanning methods reduce 

directional forgetting by preserving spatial adjacency, they interrupt continuous memory-

access patterns and thereby cause latency during the inference stage [19], [22]. Examples of 

the applications of these innovative scanning algorithms in clinical imaging modalities are 

presented in Table 6. 



Table 6. Novel Scanning Mechanism Studies 

Reference Clinical Task & Dataset Proposed Architecture Key Performance Metrics Methodological Limitations 

[2] 

Task: 3D Volumetric Seg. 

Modality: MRI & CT 

Dataset: AMOS, BraTS 

Integrates custom 3D depthwise 

convolutions and a novel Tri-

scan approach to efficiently 

process high-resolution volumes. 

Consistently outperformed 

leading models (nnUNet, CoTr) 

with highly competitive 

accuracy and superior linear 

computational efficiency. 

Applying multi-directional scanning to 

3D high-resolution volumes may 

induce localized latency spikes during 

real-time surgical applications. 

[93] 

Task: Artifact Reduction/Recon. 

Modality: CBCT 

Dataset: Head and neck data 

Unsupervised data adaptation 

and image restoration pipeline 

enhanced by a spiral-Mamba 

module. 

Eliminates wedge artifacts and 

structural distortions, showing 

highly promising restoration on 

real limited-angle CBCT. 

The multi-stage unsupervised process 

may struggle to precisely recover fine 

structures in extreme limited-angle 

scenarios with insufficient sampling. 

[94] 

Task: Medical Image Seg. 

Modality: Ultrasound 

Dataset: Cross-domain US 

Integrates fast Fourier 

transforms with a deformable 

windowed selective scan to 

dynamically adjust scanning 

paths. 

Achieved exceptional Dice 

scores across four cross-domain 

ultrasound datasets, substantially 

outperforming leading SOTA 

methods. 

Dynamically adjusting scanning paths 

via a learnable offset field may 

increase susceptibility to severe 

speckle artifact misinterpretations. 

[95] 

Task: Polyp Segmentation 

 Modality: Endoscopy 

Dataset: Kvasir-SEG, CVC 

Addresses polyp scale variations 

through a Hierarchical Scan 

Mamba implementing global, 

meso-scale, and local parallel 

scanning. 

Achieved linear complexity and 

outperformed state-of-the-art 

benchmarks in mean Dice and 

IoU metrics. 

Running three parallel multi-scale 

scanning branches simultaneously 

may introduce memory allocation 

bottlenecks for high-resolution video. 



[96] 

Task: Brain Disorder Ident. 

Modality: fMRI 

Dataset: ABIDE 

Utilizes a Mamba-based multi-

scale dynamic graph learning 

module to extract spatio-

temporal features, bypassing 

sliding windows. 

Scored 73.9% accuracy and an 

AUC of 74.9% for brain disorder 

identification on the ABIDE 

multicenter dataset. 

Extracting dynamic spatio-temporal 

graphs from massive 4D fMRI 

datasets likely imposes steep memory 

constraints during multi-task 

optimization. 

[97] 

Task: Image Denoising 

Modality: Low-dose CT 

Dataset: Not specified 

Integration of an adaptive 

gradient-guided scanning 

strategy to overcome the 

limitations of fixed scanning 

paths. 

Vastly superior quantitative 

metrics and visual quality 

compared to traditional 

denoising approaches while 

preserving edges. 

The gradient-guided strategy may 

introduce computational overhead 

during dynamic path generation, 

impacting real-time processing speeds. 

[98] 

Task: Lesion Segmentation 

Modality: Pathology WSI 

Dataset: Public/Private 

Introduces a bidirectional 

scanning Mamba encoder 

synergized with a learnable 

frequency-domain encoding 

module for MIL. 

Matched fully supervised 

benchmarks using only sparse 

image-level labels in a linear-

complexity multi-instance 

learning framework. 

Reliance on initial CAMs for pseudo-

label generation might propagate noise 

if self-correction fails to identify false 

positives. 

[99] 

Task: Multi-target Seg. 

Modality: Derm. & Endoscopy 

Dataset: ISIC, Kvasir-SEG 

Multi-directional dynamic 

modeling featuring Parallel 

Cross-axis Mamba attention and 

an Edge Feature Enhancement 

Model. 

Yielded robust Dice similarity 

coefficients (up to 94.14), 

demonstrating superior 

generalization and discontinuity 

reduction. 

Parallel cross-axes mechanisms 

combined with explicit edge 

enhancement may increase 

architectural complexity, slowing edge 

device inference. 

[100] 

Task: Tumor Segmentation 

Modality: PET-CT / MRI 

Dataset: STS, LMNCLC 

Synergizes a diffusion model for 

missing modality generation 

with a cross-modal interaction 

Mamba network. 

Significantly surpassed SOTA 

segmentation methods on three 

distinct datasets, proving highly 

resilient to modality 

incompleteness. 

Integrating a score-based diffusion 

model directly into the segmentation 

pipeline drastically increases 

computational cost and inference 

latency. 



[101] 

Task: Multimodal Fusion 

Modality: Visible-IR & Medical 

Dataset: Unified benchmarks 

Implements an interval sampling 

cross-scan mechanism to convert 

non-causal images into ordered 

sequence patches. 

Achieves exceptional generation 

performance and rapid execution 

speeds for multimodal image 

fusion tasks. 

Interval sampling and bi-stride 

extraction run the risk of inadvertently 

skipping isolated, single-pixel 

anomalies critical for diagnosis. 

[102] 

Task: Coronary Artery Seg. 

Modality: X-ray Angiography 

Dataset: In-house 739 images 

Employs a rotation-aligned 

multi-directional state-space 

scan alongside a persistent high-

resolution bypass. 

Achieved a Dice score of 0.8706 

and reduced fractal dimension 

deviation by up to 57% relative 

to U-Net. 

Rotation-aligned scanning and un-

downsampled high-resolution 

bypasses significantly increase 

memory consumption, restricting 

batch sizes. 

[103] 

Task: Fluorosis Diagnosis 

Modality: Skeletal X-ray 

Dataset: SFXRay 

Dual-branch convolutional state 

space model featuring a novel 

multi-window cross-scan 

mechanism. 

Achieved diagnostic accuracies 

of 83.33% and 66.67% for 

binary and multi-classification 

tasks on a newly constructed 

dataset. 

Diagnostic generalizability remains 

constrained by the limited scale and 

diversity of the single-source dataset. 

[104] 

Task: Macular Edema Diag. 

Modality: Fundus Imaging 

Dataset: IDRiD, Messidor 

Synergizes Dempster-Shafer 

evidence theory with a multi-

scan Mamba module to 

synthesize light and dark fundus 

regions. 

Delivers unparalleled accuracy 

and robustness across three 

independent clinical image 

cohorts via confidence-aware 

networks. 

Rigidly separating features into light 

and dark domains may discard valuable 

diagnostic gradients in mid-tone 

pathological transitions. 

[105] 

Task: Retinal Disease Detect. 

Modality: OCT 

Dataset: Not specified 

Fuses multi-scale convolutions 

with customized retinal Mamba 

blocks via a multi-directional 

selective mechanism. 

Yielded formidable overall 

classification accuracies of 

98.98% and 96.21% across two 

highly variable retinal datasets. 

Multi-directional selective scanning 

likely encounters feature misalignment 

if OCT images contain severe motion 

artifacts. 



[106] 

Task: Noise Estimation 

Modality: Optical Molecular 

Dataset: Clinical & in vivo 

Integrates proximal gradient 

descent with deep equilibrium 

unfolding Mamba networks to 

decouple complex noise. 

State-of-the-art noise 

suppression performance with 

highly efficient parameter 

utilization confirmed via in vivo 

experiments. 

Deep equilibrium models require 

complex implicit differentiation 

during training, potentially leading to 

unstable convergence. 



4.4 Summary of Included Studies 

When the studies examined in detail in the Thematic Analysis (Section 4.3) are evaluated as a 

whole, the current state of the Mamba architecture in medical image analysis and the 

methodological trends become evident. The reduction in parameter counts and processing cost 

compared with Transformer (ViT) models, and the high precision achieved through the 

uninterrupted processing of long sequences, particularly in 3D volumetric data, are the two 

principal contributions offered by the Mamba architecture (see Tables 3-6). The analysis 

carried out in light of the Quality Assessment criteria applied in Section 3.6 shows that the 

great majority of the studies in the literature are at the Medium or High level in terms of 

methodological transparency. In particular, a significant proportion of the Pure Mamba and 

CNN-Mamba hybrid studies have made a major contribution to reproducibility by sharing their 

architectural designs and source code as open source. However, when examined in terms of 

datasets, it was found that the research predominantly relied on standard open-access datasets 

such as BraTS, Synapse, ISIC, and Kvasir-SEG (see Tables 3-6), and that some studies 

remained at the Low or Medium level owing to a lack of generalization (domain generalization) 

to different clinical centers and unseen domains. Although many of the models have overcome 

hardware limitations, studies tested in real time or on edge devices remain a minority.  

A summary of the distribution of the architectural typologies across the prominent clinical 

imaging modalities and of the study density is presented in Table 7. This table reveals which 

architectural approach is beginning to become a standard for which clinical data type.  



Table 7. Architectural Typologies across Primary Medical Modalities 

Architectural 

Typology 

MRI & CT (3D Volumetric / 

Cross-sectional) 

Ultrasound & 

Echocardiography (Noisy / 

Dynamic) 

Pathology (WSI / 

Gigapixel) 

Endoscopy & Dermoscopy 

(2D Surface / Video) 

Primary Clinical Tasks 

Evaluated 

CNN-Mamba 

Hybrids 

High Focus (Leveraging 
CNN local feature 
extraction for diffuse 
tumors) 

Moderate Focus (Addressing 
speckle noise via hybrid 
features) 

Moderate Focus (Patch-
level localized feature 
extraction) 

High Focus (Boundary 
refinement for polyps and 
skin lesions) 

Segmentation, Detection, 
Artifact Reduction 

Pure Mamba 

Adaptations 

High Focus (Handling 
massive 3D sequences 
efficiently) 

Low Focus 

High Focus (Processing 
gigapixel sequences 
without ViT memory 
bottlenecks) 

Moderate Focus 
Segmentation, Multi-class 
Classification, Super-
Resolution 

Transformer-

Mamba 

Integrations 

Moderate Focus (Balancing 
self-attention with sequence 
efficiency) 

Moderate Focus 
Low Focus (Often too 
computationally heavy for 
WSIs) 

High Focus (Precise spatial 
alignment for complex 
boundaries) 

Segmentation, Deformable 
Registration, Image 
Synthesis 

Novel Scanning 

Mechanisms 

High Focus (Multi-
directional / Tri-scan 
adaptations for 3D 
topologies) 

Moderate Focus 
Moderate Focus (Graph-
driven traversing of 
patches) 

Low Focus (Raster scan is 
usually sufficient for 2D) 

Volume Reconstruction, 
Multi-target Segmentation, 
Cross-modal Synthesis 



5. Discussion 

5.1 The Rise of State-Space Models in Medical Imaging 

The fundamental aim in medical image analysis is to capture local lesion features, such as 

tumor tissue, with high precision while simultaneously preserving the global context of the 

organ or tissue under examination. Although CNNs, which have been frequently used in studies 

over the years, have proven their success in local feature extraction in many different studies, 

they remain inadequate for modeling the long-range dependencies of anatomical structures 

owing to their limited receptive field. ViT architectures set a new standard by solving this 

global-context problem through self-attention mechanisms. However, the high-resolution and 

volumetric 3D structures inherent to medical images, when combined with the sequence-

length-dependent quadratic computational complexity (ܱ(ܰ2)) of ViTs, have caused memory 

and hardware bottlenecks. 

The fundamental reason that Mamba and Selective SSMs have gained acceptance in the 

literature in such a short time is precisely their ability to combine the advantages of these two 

opposing poles mathematically [17]. By processing sequential data with linear computational 

complexity (ܱ(N)), Mamba has enabled high-resolution 2D and 3D medical data to be 

analyzed as longer sequences without being subjected to the excessive downsampling found in 

conventional Transformer models [17], [19]. The findings obtained from the literature review 

(Table 7), particularly the rapid emergence of Mamba adaptations as dominant in volumetric 

scans such as MR and CT, show that this is not a methodological coincidence. By combining 

the global awareness of ViTs with the linear processing efficiency of CNNs, Mamba has 

formed a natural backbone alternative for medical image analysis that has a low computational 

cost but high semantic comprehension. 

5.2 Methodological Bottlenecks and Architectural Limitations 

Although the Mamba architecture solves the quadratic complexity problem of ViTs by 

theoretically offering a linear processing cost, its practical applications in medical image 

analysis bring serious hardware bottlenecks [22]. The fundamental reason for this bottleneck 

is that Selective SSMs, which are inherently designed to process 1D sequential data, require 

multi-directional scanning mechanisms in order to comprehend 2D and 3D anatomical 

structures. When the studies in the literature are examined, it is observed that separate state-

space matrices must be computed and held in GPU memory for each direction of the image 

[19]. This particularly increases memory usage in volumetric CT and MR scans. In addition, 

in the CNN-Mamba hybrid approaches most preferred in the literature, processing local and 

global features independently in parallel branches and subsequently fusing them increases the 

parameter count [22]. As a result, despite the high diagnostic accuracy of these hybrid and 

multi-directional models, their use in their current form on hospital hardware with limited 

memory, particularly in real-time surgical navigation and ultrasonography applications, is not 

practical at present [18], [22]. 

The computational efficiency of Mamba relies on flattening high-resolution 2D and 3D medical 

volumes into 1D sequences. However, this process leads to spatial semantic loss and to the 

fragmentation of neighborhood relationships, particularly in tumor tissues with indistinct 



boundaries or in complex microscopic vascular networks [9]. Unfolding the image matrix into 

a one-dimensional vector causes pixels that are adjacent in 2D or 3D space to become distant 

from one another [9]. The studies examined in the literature (Section 4.3.4) aim to prevent this 

loss. Although semantic loss is reduced by the various proposed scanning mechanisms, the 

anatomical continuity and tissue integrity required by the nature of medical images are still not 

fully preserved in current Mamba architectures. 

Another critical bottleneck in the studies examined is the lack of overfitting control and clinical 

generalizability. The multi-branch hybrid approaches that offer high performance in the 

literature tend to memorize the datasets owing to their high parameter counts [107]. However, 

when these networks encounter multi-center variable scanning protocols, noisy clinical 

ultrasounds (speckle noise), or missing-modality situations, they experience serious 

performance degradation [107]. For this reason, in order to integrate Mamba-based models into 

clinical workflows, it is necessary to reduce their dataset dependencies and to increase their 

robustness against real-world conditions [107]. 

5.3 Open Challenges and Future Directions 

Despite the rapid rise of Mamba and Selective SSMs in medical image analysis, the current 

state of the literature contains several open challenges and potential research directions on 

which researchers should focus: 

● Native 3D Selective SSMs: The majority of current Mamba adaptations force images 

into 1D sequences (flattening) or multi-directional 2D scans in order to process 

volumetric medical images [9]. Future studies should focus on the design of memory-

efficient Mamba blocks and isotropic scanning algorithms that can directly process 3D 

volumes without disrupting spatial topology and inter-pixel neighborhood relationships 

[2], [9] . 

● Medical Foundation Models: The lack of labeled medical data is one of the greatest 

obstacles limiting the performance of supervised learning models. The capacity of 

Mamba to process long sequences at low hardware cost offers an opportunity to build 

Mamba-based Medical Foundation Models [108], [109] on large, unlabeled clinical 

datasets using self-supervised learning paradigms [76], [107]. These models will 

provide an infrastructure that can easily be fine-tuned for different hospital systems and 

diseases [107]. 

● Edge Devices and Real-Time Integration: Although the hybrid architectures in the 

literature achieve high accuracy rates, problems are encountered in integrating them 

into low-capacity devices owing to their parameter density [22]. Mamba networks can 

be made lighter using model-compression techniques such as pruning, quantization, and 

knowledge distillation [18], [22]. In this way, edge-computing scenarios such as instant 

diagnosis on portable ultrasound devices or real-time navigation in surgical robotic 

systems can be realized [18]. 

6. Limitations 

This study has some methodological limitations that should be taken into account. First, the 

Mamba architecture is a very new, exponentially growing, and fast-paced research area in the 



literature. Because the literature review was concluded in the second quarter of 2026, 

potentially breakthrough studies published after this date were not included in this review. 

Second, the clinical tasks, the modalities used (MRI, CT, Ultrasound), and the performance 

evaluation metrics (Dice, IoU, Accuracy) on which the 445 studies included in the PRISMA 

flow focused exhibit very high heterogeneity among themselves. Owing to this excessive 

diversity, a quantitative meta-analysis statistically combining the results of the studies could 

not be conducted. Instead, a Qualitative Critical Appraisal had to be presented. Finally, the 

search strategy was limited to full-text articles published only in English. Potentially significant 

findings in conference proceedings (MICCAI, CVPR), preprints, and unpublished gray 

literature, which are of great importance in the deep learning literature, were not included in 

this study.  

7. Conclusion 

This systematic review comprehensively reveals, across 445 studies, the rapid adoption of the 

Mamba architecture in medical image analysis and the transformative potential it offers. The 

review shows that, owing to its linear (ܱ(ܰ)) computational complexity, Mamba overcomes 

the quadratic hardware bottleneck (ܱ(ܰ2))  of ViTs and sets a new standard for high-resolution 

and 3D volumetric medical data. It was found that the most dominant, efficient, and clinically 

applicable approach in the literature at present is the CNN-Mamba hybrid, which combines the 

local feature extraction power of CNNs with the global-context capability of Mamba. 

Despite all these innovative steps, several methodological obstacles remain before Mamba-

based models can be directly integrated into clinical decision-support systems. Foremost 

among these obstacles are the spatial information losses arising from the flattening of images 

into 1D sequences, the heavy parameter loads caused by hybrid networks, and the lack of multi-

center external validation. 

In the future, native 3D Mamba blocks that preserve spatial topology should be developed, and 

model-compression techniques aimed at edge-computing hardware should be integrated into 

the literature. With these methodological improvements, the Mamba architecture is anticipated 

to become not merely a passing trend in the field of medical artificial intelligence but the 

principal backbone architecture that will shape next-generation foundation models. 
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