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Abstract. Clothing parsing is a pivotal subtask of semantic segmentation with 

significant research and practical implications. However, it faces persistent chal-

lenges, including substantial scale variations among clothing components, pos-

ture-induced occlusions, and high inter-class visual similarity, which necessitate 

models capable of synergizing global semantics with local details. While CNN-

based models are restricted by narrow receptive fields, Transformer-based archi-

tectures—though adept at capturing long-range dependencies—often struggle 

with uniform input processing that weakens fine-grained details. To mitigate 

these issues, we introduce SDGMamba, an innovative clothing parsing frame-

work which effectively exploits scale‑dependent features for global modeling 

while preserving intricate characteristics. First, we design the Stage-Aware At-

tention VSS (SASS) Block, which dynamically allocates attention based on net-

work depth to facilitate hierarchical structure-aware adjustments. Second, we in-

troduce the Deformable Detail Retention (DDR) module, which employs deform-

able convolutions to dynamically align and aggregate multi‑scale depth cues, thus 

strengthening texture representations. Finally, the Gated Cross-Scale Fusion 

(GCSF) module employs a gating mechanism to refine shallow features guided 

by high-level semantics, strengthening semantic coherence among components. 

Experimental results on the CFPD and ATR datasets demonstrate that SDG-

Mamba attains 94.48% PA / 58.57% mIoU and 95.60% PA / 62.73% mIoU, re-

spectively, outperforming CNN‑, Transformer‑, and Mamba‑based counterparts. 

Keywords: Clothing Parsing, Visual State Space Model, Stage-Aware Atten-

tion, Deformable Detail, Gated Fusion. 

1 Introduction 

Clothing parsing, a fine-grained subtask of semantic segmentation, aims to decompose 

clothing images into distinct semantic regions via pixel-level classification, accurately 

identifying components ranging from primary garments to intricate accessories. This 

technology not only serves as a cornerstone for emerging applications such as virtual 

try-on [1] and fashion clothes matching [2], but also functions as a vital instrument for 

designers to analyze consumer preferences, possessing substantial research and com-

mercial value. However, as illustrated in Fig. 1, the task confronts several domain-spe-

cific challenges, including significant scale variations among clothing items, occlusions 
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and deformations caused by complex human poses, and high inter-class visual similar-

ity. These factors severely exacerbate the difficulty of discriminating fine-grained fea-

tures, rendering clothing parsing a formidable challenge in computer vision. 

 

Fig. 1. Some images in the CFPD dataset, illustrating challenges like scale variations and com-

plex poses. 

With the emergence of Fully Convolutional Networks (FCN) [3], clothing parsing 

has witnessed substantial progress. However, standard convolutional layers suffer from 

local operations, leading to inadequate contextual modeling. Although DeepLabv3+ [4] 

incorporates context-aware mechanisms, it fails to fully exploit intra-class correlations 

and inter-class differences. Furthermore, Vision Transformers (ViTs) [5] enable global 

modeling but typically treat image patches uniformly. This process risks diluting dis-

criminative local details with background interference, hindering fine-grained identifi-

cation. Hence, it becomes essential to devise an architecture which seamlessly unifies 

global semantic context with local structural details. 

In this paper, we propose SDGMamba (Stage-Aware Mamba with Deformable De-

tail and Gated Fusion), a novel framework designed to bolster the joint representation 

of global semantics and local details in clothing images. By explicitly addressing the 

multi-scale characteristics of clothing, our approach significantly improves robustness 

to deformations, preserves fine-grained details, and deepens semantic understanding. 

Experimental results demonstrate the competitive performance of SDGMamba on 

clothing parsing benchmarks. 

2 Related Work 

2.1 Clothing Parsing 

Clothing parsing, a pivotal component of fashion analysis, aims to perform pixel-level 

semantic segmentation of garment images. Early methodologies predominantly utilized 

probabilistic graphical models, specifically MRF and CRF, incorporating hand-crafted 
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features and human pose priors for categorization. For instance, Hasan et al. [6] intro-

duced an MRF-based method for segmenting instance components, while Yamaguchi 

et al. [7] established the Fashionista dataset to facilitate pose-aided parsing. However, 

these conventional approaches relied heavily on labor-intensive feature engineering. 

With the rise of deep learning, FCN [3] and its variants became dominant. Yoo et al. 

[8] designed a Context-aware Encoder for improving accuracy, while He et al. [9] in-

corporated a color attention component in TANet to leverage color consistency. Nev-

ertheless, the inherent locality of convolutional operations constrains global context 

modeling. Recently, Transformer architectures have shown considerable promise in 

visual tasks by modeling long‑range interactions through self‑attention mechanisms. 

Although Tang et al. [10] integrated this mechanism with feature projection to achieve 

promising results, the feature dilution arising from the uniform processing of image 

patches remains a critical bottleneck for fine-grained clothing parsing. 

2.2 Mamba Based Method 

State Space Models (SSMs) are distinguished by their linear computational complexity 

with respect to sequence length. Early advancements, such as S4 [11], mitigated com-

putational and memory bottlenecks by imposing diagonal structures on state matrices. 

Building on this, S5 [12] enhanced performance by integrating Multi-Input Multi-Out-

put (MIMO) SSMs with parallel scanning mechanisms. Mamba [13] further advanced 

the field by proposing a hardware-conscious selective scanning strategy, which lever-

ages input-dependent dynamics to filter information. This architecture has demon-

strated the capability to outperform Transformers in natural language processing while 

significantly reducing parameter counts and computational overhead. In the visual do-

main, adaptations like VMamba [14] have bridged the gap by devising scanning strat-

egies tailored for non-causal image data. Subsequent works, such as MSVMamba [15], 

have incorporated multi-scale feature fusion to optimize performance in tasks including 

classification and segmentation. However, existing research primarily targets general 

scenes, and the potential of Mamba architectures for fine-grained tasks, particularly 

clothing parsing, remains largely unexplored. 

3 Our Method 

3.1 Overall Architecture 

As depicted in Fig. 2(a), SDGMamba employs an encoder-decoder design. Taking an 

image 𝐼 ∈ ℝ3×𝐻×𝑊 as input, a patch embedding layer projects it into feature tokens  

𝑋 ∈ ℝ𝐶×𝐻
4⁄ ×𝑊

4⁄  prior to the encoder. The encoder is organized into four stages, each 

comprising downsampling layers and stacked Stage-Aware Attention VSS (SASS) 

Blocks, with the SASS block counts configured as [2, 2, 5, 2] respectively. Specifically, 

the SASS Block adaptively modulates attention at each stage, identifying fine-grained 

structures while maintaining consistency between stripe directions and global seman-

tics. Concurrently, Deformable Detail Retention (DDR) modules are integrated across 

stages 1-4. These modules dynamically adjust sampling positions to align with local 
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deformations, while simultaneously employing parallel multi-kernel depth-wise con-

volutions to preserve medium-to-small-scale details. Furthermore, Gated Cross-Scale 

Fusion (GCSF) modules in stages 1-3 facilitate precise, spatially-aware fusion across 

high-resolution details and low-resolution semantic features. Finally, the standard 

UPerNet [16] serves as the decoder to generate the final segmentation masks. 

 

Fig. 2. (a) Overview of the SDGMamba architecture. (b) Detailed structure of the Stage-Aware 

Attention VSS (SASS) Block. 

3.2 Stage-Aware Attention VSS Block 

Serving as the core component within the VMamba framework, the VSS Block lever-

ages a selective scan mechanism for efficient visual feature extraction. However, when 

applied to the fine-grained task of clothing parsing, its homogenous feature processing 

mechanism exposes critical limitations. Specifically, the SS2D module employs a chan-

nel-agnostic scanning strategy, causing subtle semantic cues—such as those defining 

intricate accessories—to be overshadowed by background noise. Moreover, its fixed 

spatial interaction mechanism struggles to accommodate the diverse morphological and 

structural variations inherent in clothing components, impeding the precise delineation 

of structured regions like collars and cuffs. To overcome these obstacles, we propose 

the Stage-Aware Attention VSS (SASS) Block, which employs differentiated attention 

mechanisms to perceive clothing structures, thereby sustaining efficient global model-

ing capabilities while simultaneously empowering the model to dynamically capture 

and selectively enhance clothing structural features. 

The structure of the SASS Block is shown in Fig. 2(b). Input features 𝑥 ∈ ℝ𝐶×𝐻×𝑊 

first undergo Layer Normalization (LN) and the SS2D transformation to extract long-

range dependencies, yielding the intermediate representation 𝑢. The formulation is de-

fined as follows: 

 𝑢 = SS2D(LN(𝑥)) (1) 
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Subsequently, the features are enhanced by applying Stage-Aware Attention (SAA) 

for dynamic refinement and gated fusion, as follows: 

 𝑢′ = 𝑢 + 𝛾 ⋅ 𝜎(𝑔) ⊙ A(𝑢) (2) 

The refined features are subsequently combined with the initial input 𝑥 through a 

skip connection to produce the merged features 𝑣. formulated as: 

 𝑣 = 𝑥 + DropPath(𝑢′) (3) 

Finally, 𝑣 undergoes normalization once more and is transformed through a Feed-

Forward Network (FFN), culminating in the final output 𝑦 through a residual connec-

tion. This formulation is expressed as follows: 

 𝑦 = 𝑣 + DropPath(FFN(LN(𝑣))) (4) 

Here, A(⋅) denotes the Stage-Aware Attention (SAA) operator, which instantiates as 

Coord, Strip, or Global attention variants depending on the stage. 𝛾 ∈ ℝ represents the 

learnable residual scaling factor, 𝑔 ∈ ℝ𝐶×1×1 denotes the learnable channel gate, 𝜎 de-

notes the Sigmoid function, and ⊙ signifies element-wise multiplication. 

The SAA mechanism dynamically allocates attention operators according to network 

depth. In the shallow stages (Stages 1-2), Coord Attention [17] is employed. This mech-

anism encodes spatial coordinate information via axial pooling to enhance sensitivity 

to the orientation of clothing edges. Given an input tensor 𝑧 ∈ ℝ𝐶×𝐻×𝑊 , direction-

aware feature maps 𝑧ℎ and 𝑧𝑤 are generated by aggregating features across the height 

together with width spatial axes, individually. The formulation is given as follows: 

 
𝑧ℎ = AvgPool

(1,𝑊)
(𝑧)

𝑧𝑤 = AvgPool
(𝐻,1)

(𝑧)
 (5) 

Subsequently, the two feature representations are concatenated along the spatial axis, 

followed by a shared convolution and non-linear activation. The resulting tensor is then 

split along the spatial dimension to yield the coordinate-specific vectors 𝑧ℎ
′  and 𝑧𝑤

′ . 

This process is expressed as follows: 

 [𝑧ℎ
′ , 𝑧𝑤

′ ] = Split(ReLU(Conv1×1([𝑧ℎ; (𝑧𝑤)⊺])), [𝐻, 𝑊]) (6) 

Here, [⋅;⋅] represents the concatenation operation, while Split(⋅, [𝐻, 𝑊]) indicates 

splitting the tensor along the spatial dimension into heights and widths. Each vector 

undergoes independent convolutional transformation to yield attention maps. Finally, 

these maps are passed through a Sigmoid function and imposed on the original features 

via element-wise multiplication to perform re-weighting, as follows:  

 Coord(𝑧) = 𝑧 ⊙ 𝜎(Conv1×1
ℎ (𝑧ℎ

′ )) ⊙ 𝜎(Conv1×1
𝑤 ((𝑧𝑤

′ )⊺)) (7) 

In the intermediate stage (Stage 3), Strip Attention [18] is utilized to perform strip-

wise aggregation along both the height and width axes, thereby capturing long-range 

structural dependencies. This mechanism is particularly effective for modeling elon-

gated structures, such as pleats and sleeves. With the input tensor 𝑧 ∈ ℝ𝐶×𝐻×𝑊, the 
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axial features 𝑧ℎ and 𝑧𝑤 are computed as defined in Eq. (5). Subsequently, both feature 

vectors undergo independent sequential convolutional transformations and non-linear 

activations. They are then broadcast back to the original spatial dimensions to yield the 

horizontal and vertical attention weights 𝑎ℎ and 𝑎𝑤, as follows: 

 
𝑎ℎ = Conv1×1

(ℎ,2)
(ReLU(Conv1×1

(ℎ,1)
(𝑧ℎ)))

𝑎𝑤 = Conv1×1

(𝑤,2)
(ReLU(Conv1×1

(𝑤,1)
(𝑧𝑤)))

 (8) 

The attention maps from both directions are aggregated via summation and pro-

cessed by a Sigmoid function to produce a unified weight map capable of highlighting 

long-range dependencies. This map is subsequently used to re-weight the original fea-

tures in an element-wise manner, as illustrated below: 

 Strip(𝑧) = 𝑧 ⊙ 𝜎(𝑎ℎ + 𝑎𝑤) (9) 

In the deep stage (Stage 4), Global Attention is deployed to synergize global channel 

context with spatial gating mechanisms, enabling high-level semantic verification. For 

an input tensor 𝑧 ∈ ℝ𝐶×𝐻×𝑊, global average pooling is first performed to compress 

spatial dimensions into a global channel descriptor, as follows: 

 𝑓 = AvgPool
(𝐻,𝑊)

(𝑧) (10) 

Subsequently, the channel pathway computes a channel focus descriptor 𝑎𝑐 via two 

layers of 1 × 1 convolutions and activations to model global dependencies. Concur-

rently, the spatial attention branch produces the spatial gating map 𝑎𝑠 through a 1 × 1 

convolutional projection, facilitating pixel-level semantic refinement, as follows: 

 
𝑎𝑐 = 𝜎(Conv1×1

(2)
(ReLU(Conv1×1

(1)
(𝑓))))

𝑎𝑠 = 𝜎(Conv1×1
𝑠 (𝑧))

 (11) 

Finally, the two attention maps are combined via element-wise multiplication and 

imposed on the input representations to perform selective modulation of higher-order 

semantics. The formulation is defined as follows: 

 Global(𝑧) = 𝑧 ⊙ 𝑎𝑐 ⊙ 𝑎𝑠 (12) 

3.3 Deformable Detail Retention 

The Deformable Detail Retention (DDR) module is explicitly designed to bolster ro-

bustness against non-rigid deformations while effectively preserving fine-grained gar-

ment details. It achieves this objective by synergizing adaptive deformable receptive 

fields with multi-scale depth-wise feature aggregation. The structure of the DDR com-

ponent is shown in Fig. 3.  

Given input features 𝑧 ∈ ℝ𝐶×𝐻×𝑊, a dynamic transformation is initiated via offset-

guided convolutions. Specifically, a learned offset map   guides adaptive deformable 

convolution sampling from the regular grid ℛ =  {(−1, −1), (−1,0), … , (0,1), (1,1)}. 
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Fig. 3. Architecture of the Deformable Detail Retention (DDR) module. 

Batch Normalization (BN) together with a non-linear activation is subsequently em-

ployed to stabilize training. This process is formulated as follows: 

 
𝛥 = Convoffset(𝑧)

𝑓 = ReLU(BN(DeformConv(𝑧, 𝛥)))
 (13) 

To capture small-to-medium scale details, the aligned feature f  undergoes further 

multi-scale refinement. First, the channel dimension is expanded via a pointwise con-

volution. parallel multi-scale depth‑wise operators with kernels of 3 × 3, 5 × 5, and  

7 × 7 are leveraged to extract structural details over a range of receptive field sizes. 

The outputs from these branches are aggregated via summation. To synthesize these 

multi-scale features, the Value Projection and Fusion block, denoted as 𝛷, is applied to 

prepare for channel recalibration: 

 𝑧val = 𝛷(∑ DWConv𝑘𝑘∈{3,5,7} (Conv1×1(𝑓))) (14) 

Here, 𝛷(⋅) denotes the Conv-BN-ReLU sequence. Following this, a Squeeze-and-

Excitation (SE) block [19] employs global average pooling for extracting per-channel 

statistics and producing scaling weights via a pair of fully connected layers, which are 

subsequently used to recalibrate the feature representations. Finally, a channel projec-

tion is carried out through a 1 × 1 convolution, whose output is merged with the local 

representation 𝑓 through a skip connection. The final output 𝑜 is obtained as follows: 

 𝑜 = ReLU(BN(Conv1×1(𝑧val ⊙ SE(𝑧val)) + 𝑓)) (15) 

3.4 Gated Cross-Scale Fusion 

The Gated Cross-Scale Fusion (GCSF) module is designed to bridge the gap between 

high-resolution garment details and low-resolution semantic context. It dynamically 

filters and integrates cross-level information via a gating mechanism, the detailed ar-

chitecture of which is illustrated in Fig. 4.  
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Fig. 4. Architecture of the Gated Cross-Scale Fusion (GCSF) module. 

Given high-resolution features 𝑧ℎ𝑖𝑔ℎ ∈ ℝ𝐶ℎ×𝐻×𝑊  and coarse-grained features 

𝑧𝑙𝑜𝑤 ∈ ℝ𝐶𝑙×𝐻𝑙×𝑊𝑙 , both are first projected into a unified latent space. The query branch 

(𝑞) emerges from the high-resolution feature maps, whereas the key (𝑘) and value (𝑣) 

branches are built upon the coarse-grained representations, facilitating cross-scale se-

mantic alignment. To resolve spatial discrepancies, the low-resolution feature maps are 

upsampled to the high-resolution space via bilinear interpolation, ensuring spatial con-

sistency for subsequent operations: 

 

𝑞 = Conv1×1
ℎ𝑖𝑔ℎ

(𝑧ℎ𝑖𝑔ℎ)

𝑘 = Bilinear(Conv1×1
𝑙𝑜𝑤 (𝑧𝑙𝑜𝑤), (𝐻, 𝑊))

𝑣 = Bilinear(Conv1×1
𝑣𝑎𝑙𝑢𝑒(𝑧𝑙𝑜𝑤), (𝐻, 𝑊))

 (16) 

Here, (𝐻, 𝑊) denotes the target spatial resolution. The query is merged with the up-

sampled key across the channel axis. Subsequently, a 3 × 3 convolution extracts local 

fusion patterns, then Batch Normalization, ReLU activation, plus a 1 × 1 compression 

layer. Finally, a Sigmoid function generates a spatial gating map to model adaptive 

cross-scale attention, as follows: 

 𝑔𝑎𝑡𝑒 = 𝜎(Conv1×1(ReLU(BN(Conv3×3([𝑞; 𝑘]))))) (17) 

This gating signal applies element-wise weighting to the value features, enabling 

adaptive filtering that effectively suppresses irrelevant contextual noise. The modulated 

features are then projected back into the high-resolution channel space and fused with 

the original features via a residual connection. This approach preserves fine-grained 

details while injecting semantic context, thereby refining structural boundaries. This 

process is formulated as follows: 

 𝑜 = 𝑧ℎ𝑖𝑔ℎ + Conv1×1(𝑔𝑎𝑡𝑒 ⊙ 𝑣) (18) 



 SDGMamba: Stage-Aware Mamba with Deformable Detail and Gated Fusion 9 

4 Experiments 

4.1 Dataset 

We assess our approach on two standard datasets. The primary evaluation is conducted 

on the Colorful Fashion Parsing Dataset (CFPD) [20], which comprises 2,682 images 

(600 × 400 pixels) with 23 pixel-level semantic categories covering main garments, 

accessories, and background regions. To further validate the generalization capability 

of SDGMamba on large-scale data, we additionally adopt the ATR human parsing da-

taset [21], which contains 17,706 images annotated with 18 semantic classes. 

4.2  Implementation Details 

All experiments were conducted using PyTorch with NVIDIA RTX 3090 GPU (24GB 

VRAM). The backbone was initialized with ImageNet-pretrained VMamba-tiny [14] 

weights, while the proposed SAA, DDR, and GCSF modules were randomly initialized. 

Both datasets employed the AdamW optimizer [22]  and a batch size 4, with an initial 

learning rate of 2.5 × 10−4, and gradient clipping with a maximum norm of 2.0. Eval-

uation metrics are Pixel Accuracy (PA) and mean Intersection over Union (mIoU). 

On the CFPD dataset, training was performed over 30,000 iterations using a three-

stage schedule: linear warm-up for the first 3,000 iterations (starting factor 0.03), pol-

ynomial decay (power 0.9) for the middle 26,000 iterations, and a constant learning rate 

for the final 1,000 iterations. On the ATR dataset, the model was trained for 100,000 

iterations following a similar three-stage schedule, consisting of linear warm-up for the 

initial 8,000 iterations (starting factor 0.03), polynomial decay for the subsequent 

90,000 iterations, and a constant learning rate for the last 2,000 iterations. 

4.3 Comparison Experiments 

For evaluating the effectiveness of SDGMamba, it is benchmarked against CNN-, 

Transformer-, and Mamba-based counterparts using the CFPD dataset (Table 1).  

Table 1. Quantitative results against compared methods on the CFPD Dataset. 

Method PA (%) mIoU (%) 

Deeplabv3+ [4] 94.15 56.18 

ConvNeXt-T [23] 94.26 56.37 

SegNeXt-B [24] 94.41 57.57 

Segformer-B2 [26] 94.16 55.17 

Segmenter-S [27] 93.90 54.56 

Swin-T [25] 94.18 56.44 

VMamba-T [14] 94.24 56.49 

MSVMamba-T [15] 94.34 57.55 

SDGMamba (Ours) 94.48 58.57 
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 DeepLabv3+ [4] and ConvNeXt [23] yield notable results via atrous spatial pyramid 

pooling and modern convolutional architectures, respectively. SegNeXt [24] advances 

accuracy by aggregating local details via multi-scale convolutions, while Swin [25] 

leverages shifted windows to capture global dependencies. VMamba [14] achieves 

global receptive fields, further enhanced by MSVMamba [15] via multi-scale improve-

ments. Notably, SDGMamba achieves superior performance (94.48% PA, 58.57% 

mIoU). Synergizing global semantics with local details, it exceeds the runner-up by 

0.07% PA and 1.00% mIoU.  

To further examine per-category segmentation accuracy, we report IoU scores on 

representative clothing components from the CFPD dataset. As presented in Table 2, 

SDGMamba surpasses the competing approaches over all selected categories. The im-

provements are particularly pronounced on structurally complex items such as stocking 

and sweater, where our method yields gains of 8.08% and 6.64% IoU over the second-

best result, respectively. For small accessories including bag, belt, and scarf, which 

pose challenges in precise boundary localization, SDGMamba also maintains clear ad-

vantages over competing approaches. The above findings validate the capability of our 

approach in addressing diverse clothing parsing challenges, spanning fine-scale details, 

elongated structures, and semantically ambiguous regions. 

Table 2. Per-category IoU (%) comparison on the CFPD dataset. 

Method bag belt blazer jeans scarf  shorts stocking sweater 

ConvNeXt-T [23] 73.46 45.83 40.00 50.38 36.98 65.25 66.33 23.07 

Swin-T [25] 71.95 44.61 42.45 57.81 45.49 58.97 67.06 18.60 

MSVMamba-T [15] 72.97 47.41 39.26 55.59 40.08 66.54 69.24 23.80 

SDGMamba (Ours) 74.24 48.75 46.48 59.46 46.27 69.70 77.32 30.44 

We further evaluate SDGMamba on the ATR dataset to assess its generalization ca-

pability. Table 3 summarizes the comparison regarding Pixel Accuracy (PA), mean In-

tersection over Union (mIoU), number of parameters, FLOPs, and inference speed 

(FPS). SDGMamba achieves the best PA (95.60%) and mIoU (62.73%), outperforming 

ConvNeXt-T, Swin-T, and MSVMamba-T, and it surpasses the second-best mIoU by 

1.91%. SDGMamba contains 67.36M parameters and 256G FLOPs, slightly higher 

than ConvNeXt-T and Swin-T, yet it runs at 12.29 FPS, substantially faster than 

MSVMamba-T (4.47 FPS) and competitive with the convolutional architectures. These 

results highlight a favorable accuracy–efficiency balance. 

Table 3. Quantitative results on the ATR dataset. 

Method PA (%) mIoU (%) Params (M) FLOPs (G) FPS (img/s)  

ConvNeXt-T [23] 95.30 60.68 59.25 234 10.64 

Swin-T [25] 95.19 59.51 58.95 236 17.42 

MSVMamba-T [15] 95.32 60.82 63.70 234 4.47 

SDGMamba (Ours) 95.60 62.73 67.36 256 12.29 
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Fig. 5 visualizes qualitative results of SDGMamba against the compared approaches 

for the CFPD dataset. As shown in the first row, our approach effectively rectifies pixel-

level misclassifications, demonstrating superior global semantic consistency. The sec-

ond and third rows highlight the discriminative capability of our model in distinguish-

ing visually similar categories, such as T-shirts versus blouses and varying pant styles. 

Accurate separation of these categories is particularly challenging due to their overlap-

ping appearances, and the results indicate that SDGMamba can reliably capture the 

subtle differences between them. The fourth row underscores performance on fine-scale 

details, where our model precisely segments small components like socks that require 

high spatial precision. Overall, these visual comparisons indicate that SDGMamba pro-

duces more refined boundary delineations across diverse and challenging cases. 

 

Fig. 5. Visual results of SDGMamba and the compared methods on the CFPD dataset. 

4.4 Ablation Study 

To investigate the contribution of individual components within SDGMamba, we con-

ducted ablation studies on the CFPD dataset, as summarized in Table 4. The baseline 

model yields 94.24% PA and 56.49% mIoU. Incorporating the SAA module yields 

gains of 0.20% in PA and 1.07% in mIoU—the largest single‑component improve-

ment—demonstrating that stage‑aware attention effectively strengthens clothing struc-

tural perception. The subsequent integration of the DDR module further elevates PA 

and mIoU by 0.02% and 0.45%, respectively, underscoring its capability in refining 

fine‑grained feature representation. The addition of GCSF brings the full configuration 

to peak performance (94.48% PA / 58.57% mIoU), demonstrating that the gating mech-

anism effectively suppresses irrelevant cross‑scale information and strengthens seman-

tic coherence. Overall, the complementary gains validate the robustness of the SDG-

Mamba framework. 
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Table 4. Ablation study of our method on the CFPD Dataset. 

Components Metrics 

SAA DDR GCSF PA (%) mIoU (%) 

   94.24 56.49 

✓   94.44 57.56 

✓ ✓  94.46 58.01 

✓ ✓ ✓ 94.48 58.57 

5 Conclusion 

This work presents SDGMamba, an innovative clothing parsing architecture that 

strengthens the joint representation of holistic semantics as well as fine-grained de-

tails..Specifically, the Stage-Aware Attention VSS (SASS) Block performs hierarchical 

structural calibration, while the Deformable Detail Retention (DDR) module improves 

robustness against non‑rigid deformations and preserves multi‑scale details. The Gated 

Cross‑Scale Fusion (GCSF) module further refines semantic coherence across compo-

nents. Together, these modules address the challenges of intricate clothing structures 

and varied visual details. Evaluations on the CFPD as well as ATR benchmarks demon-

strate that SDGMamba attains competitive results against CNN, Transformer, and 

Mamba counterparts, validating its effectiveness for clothing parsing. 
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