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Highlights


What are the main findings?




	
We propose RFM-UNet, a hybrid Frequency–Mamba network featuring an ADAMamba encoder that jointly captures local geometries and global dependencies at linear computational complexity.



	
By integrating a Multi-Scale Adaptive Fusion Module (MAFM) and a Dual-Spectrum Aggregation Module (DualSpec), the network effectively preserves narrow-road connectivity and mitigates shadow occlusions, achieving a superior performance–efficiency balance across three public datasets.








What are the implications of the main findings?




	
The success of the ADAMamba block demonstrates that rigorous topological continuity in remote-sensing imagery can be achieved efficiently without the quadratic computational bottleneck of traditional Vision Transformers.



	
The proposed spatial–frequency synergy offers a highly robust approach for extracting continuous structures under severe occlusions, significantly reducing the need for manual post-processing in applications like GIS updating and autonomous navigation.









Abstract


Road-network extraction from very high-resolution (VHR) remote-sensing imagery remains a challenging task owing to the structural sparsity, topological complexity, and severe occlusions of road networks. Conventional graph-based approaches preserve topological consistency yet incur considerable computational overhead, whereas prevailing convolutional neural network (CNN) and Transformer architectures struggle to reconcile long-range contextual modeling with computational efficiency. To address these limitations, this study proposes RFM-UNet, a hybrid frequency and state–space network designed for road-network segmentation. Specifically, the encoder integrates Mamba blocks with an Anisotropic Directional Attention (ADA) module to jointly capture local geometric cues and global dependencies at linear computational complexity. In addition, a Multi-Scale Adaptive Fusion Module (MAFM) is introduced to dynamically recalibrate multi-stage features, thereby suppressing cross-scale interference and preserving the connectivity of narrow roads. To enhance robustness against shadow-induced occlusions, a Dual-Spectrum Aggregation Module (DualSpec) decouples the phase and amplitude spectra in the frequency domain and fuses them with spatial features, effectively mitigating spurious responses and background noise characterized by similar textures. Quantitative and qualitative experiments on three public datasets demonstrate that RFM-UNet consistently outperforms current state-of-the-art methods.
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1. Introduction


Very high-resolution (VHR) remote-sensing imagery serves as a foundational data source for geospatial extraction, particularly for mapping critical infrastructure such as road networks. Accurate road extraction is essential for urban planning, traffic management, and disaster emergency response [1]. Traditionally, map updating heavily relied on manual interpretation [2], a process that is inherently labor-intensive and lacks scalability. Although conventional computer vision methods have been introduced to automate this process, they frequently struggle to handle variations in road appearance across different scenes and scales. Consequently, automating road extraction from VHR imagery remains a complex and challenging research endeavor [3]. In recent years, the rapid development of deep-learning (DL) techniques has provided a promising avenue for addressing this issue. By learning hierarchical features and contextual information from imagery, DL models are better equipped to handle the diversity of road characteristics, thereby advancing automated road extraction significantly.



Within the deep-learning paradigm, Convolutional Neural Networks (CNNs) have become the predominant architecture for road extraction due to their robust hierarchical feature extraction capabilities [4,5]. However, the intrinsic locality of convolution operations restricts the receptive field, thereby constraining the modeling of long-range spatial dependencies. This locality limitation frequently yields fragmented topologies in complex scenes characterized by occlusions, shadows, and contextual interference [6,7]. To overcome these limitations, Vision Transformers (ViTs) [8] and hybrid architectures utilize self-attention mechanisms to capture long-range dependencies, outperforming conventional CNNs in global feature modeling [9,10,11]. Nevertheless, as illustrated in Figure 1a,b, the quadratic computational complexity of self-attention and its tendency to overlook fine-grained spatial details impede the precise delineation of narrow, continuous road networks. Therefore, reconciling global context modeling with precise local feature representation remains a primary bottleneck in VHR road extraction [12,13].



Recently, State–Space Models (SSMs), particularly the Mamba architecture [14], have garnered significant attention for modeling global dependencies with linear computational complexity. Their adaptations, such as Vision Mamba [15] and VMamba [16], have demonstrated substantial potential in computer vision tasks. Leveraging these attributes, Mamba-based architectures are highly suitable for VHR image analysis in remote sensing, as illustrated in Figure 1c. Several recent RS-specific variants, including RS-Mamba [17], RS3Mamba [18], and CM-UNet [19] have validated this potential. However, similar to ViTs, Mamba’s sequential processing nature introduces inherent limitations when applied to visual data [20]. Specifically, the unordered nature of spatial relationships among pixels and the prevalence of localized spatial patterns challenge this strictly sequential paradigm, thereby constraining effective spatial feature integration and parallel processing efficiency.



Beyond architectural advancements, the effective fusion of multi-level features remains a fundamental bottleneck in VHR road extraction [21,22]. Conventional strategies (e.g., simple concatenation, element-wise addition, or bilinear pooling) inadequately bridge the representational gap between deep semantic features and shallow, fine-grained details, thereby limiting their capacity to delineate narrow, elongated, and complex road structures. This necessitates dedicated bridging mechanisms to align high-level semantics with low-level spatial details prior to fusion. Recent efforts have sought to address this gap [23]; for instance, Xu et al. [24] introduced a coarse-to-fine interaction strategy, while flow-based alignment and deformable convolutions [25] have been employed for spatial pre-alignment. However, these intricate multi-scale interactions typically incur substantial computational overhead, thereby hindering practical efficiency.



Moreover, complex backgrounds and uneven illumination frequently induce feature blurring and spatial aliasing in the spatial domain [26], impeding precise road delineation [27]. The Fourier transform decomposes an image into phase and amplitude spectra; the former encapsulates structural semantics, whereas the latter encodes texture and background styles [28]. This distinction highlights their complementary roles in frequency-domain road modeling (Figure 2). Frequency-domain transformation techniques, such as the Discrete Wavelet Transform (DWT) [29] and the Fast Fourier Transform (FFT) [23], exploit this property to enhance structural details while suppressing background noise. Nevertheless, most existing approaches process spatial and frequency information in isolation, overlooking their potential synergy. This limitation significantly restricts their capability to resolve weak boundaries and suppress spurious responses in complex road scenes [30].



To address these limitations, this study proposes RFM-UNet, an efficient hybrid frequency–state–space network tailored for road extraction from VHR imagery. The framework synergistically couples global context modeling with local structural representation under linear computational complexity. The main contributions of this work are summarized as follows:




	1.

	
We propose an ADAMamba encoder to reconcile local structural details with global context modeling without incurring quadratic computational complexity. By integrating an Anisotropic Directional Attention (ADA) module with 2D cross-directional scanning, it jointly captures local geometric anisotropy and global semantic dependencies.




	2.

	
To mitigate semantic oversmoothing and cross-scale interference prevalent in hierarchical decoding, we design a Multi-Scale Adaptive Fusion Module (MAFM). This module dynamically recalibrates multi-stage features, thereby preserving edge connectivity and topological consistency of narrow roads during feature fusion.




	3.

	
To enhance robustness against shadow-induced occlusions and background noise characterized by similar textures, we introduce a Dual-Spectrum Aggregation Module (DualSpec). Employing FFT-based spatial–frequency decoupling, it independently refines phase and amplitude spectra before adaptively fusing them with spatial features, thereby significantly enhancing structural integrity.










2. Related Work


2.1. CNN- and Transformer-Based Road Extraction Methods


Early CNN-based methods focused on enhancing boundary delineation and multi-scale feature representation [31,32]. UNet [4] employs an encoder–decoder structure with skip connections to fuse semantic and spatial features, but its limited depth restricts performance on fine-scale regions. Zhou et al. [33] proposed D-LinkNet by integrating skip connections with a multi-scale feature extraction mechanism. Li et al. [34] introduced BD-LinkNetPlus as an improvement upon D-LinkNet. Yi et al. [35] utilized multiple parallel branches with varying dilation rates and global average pooling (GAP) to capture global information. Wang et al. [36] introduced FRCFNet, which fuses multi-scale features for road extraction. Hua et al. [37] proposed MADSNet by integrating strip convolutions and attention mechanisms to improve topological continuity. Nevertheless, the inherent locality of convolutions restricts long-range dependency modeling, frequently causing topological fractures under occlusions or illumination variations. Although CNN-based methods have made significant progress, they still face challenges when dealing with complex remote-sensing scenes. Their limited receptive fields restrict the ability to capture global contextual information, making it difficult to mine crucial spatial dependencies between geo-objects and accurately segment remote-sensing imagery.



In recent years, ViTs, which treat 2D images as 1D sequences for modeling, have gradually become mainstream for computer vision tasks, especially semantic segmentation [6,38]. ViTs circumvent receptive field limitations by modeling global context through self-attention across image patches. Luo et al. [39] proposed BDTNet, incorporating pyramid or deformable attention mechanisms to capture multi-scale contextual information. Yang et al. [40] introduced OARENet, which adopts varying dilation rates to capture texture features in semantic feature maps. Furthermore, Yu et al. [41] proposed SegRoadv2, a hybrid network that strategically fuses convolutional branches with Transformers to preserve fine-grained spatial details and maintain road connectivity structures. Despite these advancements, ViT-based road extraction faces dual bottlenecks: (1) contextual information alone is insufficient for disambiguating roads in scenes characterized by low inter-class variance and high intra-class variability; (2) the quadratic computational complexity of self-attention severely restricts the scalability of these models for high-resolution remote-sensing imagery.




2.2. Application of Mamba Architectures in Deep Learning


Mamba, an SSM-based architecture, has recently garnered significant attention in vision tasks due to its ability to model long-range dependencies while maintaining linear computational complexity, offering a favorable alternative to Transformer-based models. VMamba [16] introduces an orthogonal SSM into a linear-complexity visual backbone, effectively bridging one-dimensional sequence modeling with two-dimensional spatial structures.



In the field of remote sensing, several Mamba-based semantic segmentation frameworks have been developed. RS-Mamba [17] pioneered the application of SSMs for remote-sensing semantic segmentation, while CM-UNet [19] synergizes CNN-based local feature extraction with Mamba-based global context modeling. Chen et al. [18] proposed RS3Mamba, which explores Mamba-Transformer hybrids for remote-sensing semantic segmentation. Building upon this, architectures such as TDFNet [42] further investigate Mamba-CNN hybrids to enhance spatial dependency modeling. Furthermore, Wang et al. [43] introduced PyramidMamba, which employs a dense spatial pyramid pooling (DSPP) module to encode multi-scale semantic features and a pyramid fusion Mamba (PFM) module to reduce semantic redundancy during feature fusion. However, akin to ViTs, pure Mamba architectures remain deficient in extracting fine-grained localized spatial details. Integrating Anisotropic Directional Attention into a Mamba-based backbone for localized feature refinement presents a promising paradigm to reconcile linear computational efficiency with robust topological preservation in complex scenes.




2.3. Application of Frequency-Domain Information in Deep Learning


The aforementioned methods predominantly extract road features within the spatial domain. However, due to variations in satellite viewing angles, VHR remote-sensing imagery frequently exhibits significant color and texture similarities between roads and surrounding buildings. Relying solely on spatial-domain features renders the extraction process susceptible to interference from spectrally similar backgrounds, thereby inducing errors in road topology. To address this, recent studies have explored frequency-domain representations. For instance, Zhou et al. [44] integrated spatial and frequency branches via modality-aware Fourier transforms to capture global context, while FDINet [45] and FIMP [29] employ frequency-decoupled interactions and adaptive filtering to isolate subtle, task-specific variations. Yu et al. [46] introduced FMISeg, demonstrating the efficacy of spectral–visual interactions in guided segmentation tasks. Furthermore, Song et al. [47] recently proposed a cross-domain Mamba network that jointly learns spatial and frequency representations for robust SAR oil spill detection, showcasing the potential of integrating Mamba with frequency-domain modeling for complex remote-sensing tasks. Concurrently, Xue et al. [48] introduced SDFFNet, which employs a dual-branch architecture to decouple spatial and frequency features, enhancing the model’s capacity to capture both local and global information.



Despite their proven success in medical imaging and change detection, the explicit integration of frequency-domain modeling in remote-sensing road extraction remains underexplored. Specifically, the synergistic fusion of spatial structural features and frequency-domain global context to resolve topological ambiguities caused by shadow occlusions and complex backgrounds remains a critical, unresolved gap.





3. Methodology


This section details the overall network architecture and the design principles of its key components. Mathematical formulations are provided to facilitate a clear understanding of the proposed method.



3.1. Overall Architecture


The overall architecture of CoastMamba is illustrated in Figure 3a. The model follows an encoder–decoder paradigm and comprises three components: an ADAMamba-based encoder, an MAFM, and a DualSpec decoder. The encoder leverages ADA to capture local connectivity and Mamba blocks to model long-range dependencies. MAFM adaptively fuses multi-scale features to preserve narrow-road details, while the DualSpec decoder employs FFT-based spatial–frequency decoupling to robustly reconstruct roads under shadowed and complex backgrounds.




3.2. ADAMamba Block


Large-scale road extraction from VHR imagery necessitates models that effectively integrate global semantic information with local structural features. While ViT-based architectures have demonstrated remarkable success in computer vision via self-attention mechanisms, their quadratic computational complexity with respect to input size limits scalability for high-resolution remote-sensing data. To address this limitation, we propose the ADAMamba block, as illustrated in Figure 3b. This architecture integrates ADA with Mamba to preserve the global modeling capability of ViTs while efficiently capturing local features. Unlike traditional isotropic convolutions, which introduce substantial background noise when expanding the receptive field, the ADA module decouples spatial encoding into four lightweight directional branches. This design facilitates the precise capture of long-range linear dependencies in road networks across multi-dimensional spatial orientations.



To capture anisotropic topological features, the input feature map   X ∈  R  C × H × W     first undergoes channel compression via a   1 × 1   convolution to constrain the computational cost of the multi-branch parallel structure. This yields a reduced feature map:


   X  r e d   = SiLU  ( BN  (  W  r e d u c e   ⊗ X )  )  ,  



(1)




where ⊗ denotes the matrix multiplication;   BN ( · )   and   SiLU ( · )   denote batch normalization and the SiLU activation function, respectively;    W  r e d u c e   ∈  R  d × C × 1 × 1     represents the convolution weights; and   d = C / r   signifies the reduced channel dimension. Subsequently,   X  r e d    is processed by four parallel depthwise convolution (  D W C o n v  ) branches to extract contextual information along the horizontal (H), vertical (V), main diagonal (  D 1  ), and anti-diagonal (  D 2  ) orientations.



For horizontal and vertical extraction, standard asymmetric convolutions are employed:


   Y H  = D W C o n  v  1 × 3    (  X  r e d   )  ,   Y V  = D W C o n  v  3 × 1    (  X  r e d   )  .  



(2)




For diagonal branches,   3 × 3   depthwise convolution kernels are masked to strictly constrain the receptive field. Let   W  3 × 3    denote the convolution weights; non-diagonal elements are nullified via the Hadamard product with mask matrices    M  m a i n   ,  M  a n t i   ∈  R  3 × 3    , which contain values of 1 on the main and anti-diagonals, respectively, and 0 elsewhere:


   Y  D 1   =  (  W  3 × 3   ⊙  M  m a i n   )  ⊗  X  r e d   ,   Y  D 2   =  (  W  3 × 3   ⊙  M  a n t i   )  ⊗  X  r e d   .  



(3)




where ⊙ denotes the Hadamard product. Each branch utilizes an asymmetric zero-padding strategy to maintain spatial alignment. The resulting directional features are concatenated along the channel dimension:


   Y  c o n c a t   =  [  Y H  ,  Y V  ,  Y  D 1   ,  Y  D 2   ]  ,   Y  c o n c a t   ∈  R  4 d × H × W   .  



(4)







To mitigate feature isolation between orientations and align channel dimensions, a   1 × 1   fusion convolution is applied, followed by a sigmoid activation to generate the final anisotropic attention map:


   A  d i r   = σ  ( BN  (  W  f u s i o n   ⊗  Y  c o n c a t   )  )  ,  



(5)




where   σ ( · )   is the sigmoid function and    W  f u s i o n   ∈  R  C × 4 d × 1 × 1     represents the fusion weights. Notably, the batch normalization parameters in   BN ( · )   are initialized to 0; this forces   A  d i r    to approach   0.5   initially, thereby enhancing training stability.



Concurrently, the Mamba branch processes the input feature X to model long-range spatial dependencies via a lightweight 2D Selective Scan Module (2D-SSM). The 2D-SSM flattens image features into 1D sequences and scans them along four directions: top-left to bottom-right, bottom-right to top-left, top-right to bottom-left, and bottom-left to top-right. This multi-directional scanning captures long-range dependencies through a selective state–space model, after which the sequences are merged to reconstruct the 2D structure.



The Mamba block comprises a linear projection, depthwise convolution (DWConv), 2D-SSM, layer normalization (LN), and a final linear layer. The forward propagation is formulated as:


     F 1     = LN   2 D - SSM   SiLU  DWConv  Linear ( X )     ,     



(6)






     F  o u t      = Linear (  F 1  ⊙  A  d i r   ) + X .     



(7)




Here, the output of the Mamba branch,   F 1  , is modulated by the attention map   A  d i r    via element-wise multiplication (⊙). This mechanism adaptively highlights continuous tubular structures while suppressing background noise, ensuring stable gradient flow. Finally, a residual connection integrates the original input X to produce the block’s output,   F  o u t   . This architecture effectively balances global context modeling with local structural preservation, proving particularly suitable for VHR road extraction. The pseudocode is provided in Algorithm 1.






	Algorithm 1 ADAMamba Block



	
	Require:  

	
Input feature   X ∈  R  B × C × H × W    , Reduction ratio r




	Ensure:  

	
Output feature    F out  ∈  R  B × C × H × W    




	1:

	
1. Anisotropic Directional Attention (ADA) Extraction




	2:

	
   X red  ← SiLU  ( BN  (  Conv  1 × 1    ( X )  )  )    {Channel compression to   d = C / r  }




	3:

	
   Y H  ←  DWConv  1 × 3    (  X red  )    {Horizontal context}




	4:

	
   Y V  ←  DWConv  3 × 1    (  X red  )    {Vertical context}




	5:

	
   Y  D 1   ←  (  W  3 × 3   ⊙  M main  )  ⊗  X red    {Main-diagonal context}




	6:

	
   Y  D 2   ←  (  W  3 × 3   ⊙  M anti  )  ⊗  X red    {Anti-diagonal context}




	7:

	
   Y concat  ← Concat  (  [  Y H  ,  Y V  ,  Y  D 1   ,  Y  D 2   ]  , dim = 1 )       {  Y concat  ∈  R  B × 4 d × H × W   }  




	8:

	
   A dir  ← σ  (  BN  γ = 0    (  Conv  1 × 1    (  Y concat  )  )  )    {BN initialized to 0 for stability}




	9:

	
2. 2D Selective State–Space Modeling (Mamba Branch)




	10:

	
   X proj  ← Linear  ( X )   




	11:

	
   X dw  ← DWConv  (  X proj  )   




	12:

	
   X ssm  ←  2 D - SSM   ( SiLU  (  X dw  )  )    {Multi-directional sequence scan}




	13:

	
   F 1  ← LN  (  X ssm  )   




	14:

	
3. Modulation and Residual Fusion




	15:

	
   F mod  ←  F 1  ⊙  A dir    {Adaptive structural modulation}




	16:

	
   F out  ← Linear  (  F mod  )  + X   {Residual connection}




	17:

	
return    F out  















3.3. Multi-Scale Adaptive Fusion Module (MAFM)


In encoder–decoder architectures, directly summing or concatenating features from shallow, high-resolution branches with those from deep, low-resolution branches often causes fine-grained geometric details to be dominated by high-level semantic features. This imbalance can result in inaccurate road boundaries or topological disconnections in narrow areas, as fine structural details are easily disrupted.



To address this limitation, we propose the MAFM as shown in Figure 4a. Unlike simple feature aggregation, MAFM introduces a cross-attention mechanism where shallow features actively guide and modulate deep representations before fusion. By strictly aligning tensor dimensions and adaptively weighting the features, MAFM effectively prevents deep semantics from overwhelming shallow geometric cues, thereby mitigating the “dominance” problem and preserving narrow-road connectivity.



Let    F s  ∈  R   C s  ×  H s  ×  W s      and    F d  ∈  R   C d  ×  H d  ×  W d      denote the input shallow and deep features, respectively. To generate the shallow guidance signal, we apply global max pooling and average pooling to   F s   in parallel. The pooled descriptors are processed by a shared channel squeeze-and-excitation (cSE) block to extract channel-wise statistics. We then apply a   1 × 1   convolution   Conv  s → d    to align the channel dimension from   C s   to   C d  , followed by a sigmoid activation to produce the shallow attention map    A s  ∈  R   C d  × 1 × 1    :


   A s  = σ   Conv  s → d     cSE shared   ( MaxPool  (  F s  )  )  +  cSE shared   ( AvgPool  (  F s  )  )    .  



(8)







Simultaneously, the deep features   F d   are refined through a spatial and channel squeeze-and-excitation (scSE) block to capture internal spatial–channel dependencies. A subsequent depthwise separable convolution (DSConv) and sigmoid activation yield the deep attention map    A d  ∈  R   C d  ×  H d  ×  W d     :


   A d  = σ  DSConv ( scSE  (  F d  )  )  .  



(9)







The core of MAFM lies in the dual-modulation of the deep features. We apply both the shallow geometric guidance   A s   (spatially broadcasted) and the deep semantic attention   A d   to modulate   F d  , obtaining the refined deep representation   F d att  :


   F d att  =  F d  ⊙  A s  ⊙  A d  ,  



(10)







To perform the final fusion,   F d att   is spatially aligned with the shallow features via bilinear interpolation to match the resolution   (  H s  ,  W s  )  , yielding   F d up  . The features are concatenated along the channel dimension and passed through a fusion block (comprising a   1 × 1   convolution, batch normalization, ReLU, and a   3 × 3   DSConv) to integrate the multi-scale representations. A residual connection from   F d up  , aligned to the output channel dimension   C out   via   Conv res  , is added to yield the final fused feature    F f  ∈  R   C out  ×  H s  ×  W s     :


   F f  = FusionConv  Concat (  F s  ,  F d up  )  +  Conv res   (  F d up  )  .  



(11)







This explicitly aligned, cross-attention-driven fusion guarantees that critical spatial cues from the shallow branch are structurally preserved during semantic integration. The pseudocode for MAFM is provided in Algorithm 2.






	Algorithm 2 Multi-Scale Adaptive Fusion Module (MAFM)



	
	Require:  

	
Shallow features    F s  ∈  R  B ×  C s  ×  H s  ×  W s     , Deep features    F d  ∈  R  B ×  C d  ×  H d  ×  W d     




	Ensure:  

	
Fused features    F f  ∈  R  B ×  C out  ×  H s  ×  W s     




	1:

	
1. Shallow Feature Guidance Generation




	2:

	
   F  s  avg  ←  AdaptiveAvgPool 2 d   (  F s  )   




	3:

	
   F  s  max  ←  AdaptiveMaxPool 2 d   (  F s  )   




	4:

	
   A  s  raw  ←  cSE shared   (  F  s  max  )  +  cSE shared   (  F  s  avg  )   




	5:

	
   A  s  proj  ←  Conv  s → d    (  A  s  raw  )    {Align channels:    C s  →  C d   }




	6:

	
   A s  ← Sigmoid  (  A  s  proj  )   




	7:

	
2. Deep Feature Self-Refinement




	8:

	
   F  d  scse  ← scSE _ block  (  F d  )   




	9:

	
   F  d  dsconv  ← DSConv  (  F  d  scse  )   




	10:

	
   A d  ← Sigmoid  (  F  d  dsconv  )   




	11:

	
3. Cross-Attention Modulation




	12:

	
   F  d  att  ←  F d  ⊙ ExpandAs  (  A s  ,  F d  )    {Spatial broadcast of   A s  }




	13:

	
   F  d  att  ←  F  d  att  ⊙  A d    {Element-wise modulation}




	14:

	
4. Spatial Alignment




	15:

	
   F  d  up  ← Interpolate  (  F  d  att  , size =  (  H s  ,  W s  )  )    {Bilinear upsampling}




	16:

	
5. Feature Fusion




	17:

	
   F concat  ← Concat  (  [  F s  ,  F  d  up  ]  , dim = 1 )   




	18:

	
   F refined  ← FusionConv  (  F concat  )   




	19:

	
   F f  ←  F refined  +  Conv res   (  F  d  up  )   




	20:

	
return    F f  















3.4. Dual-Spectrum Aggregation Module (DualSpec)


In remote-sensing road extraction, complex backgrounds and uneven illumination often lead to blurred or aliased spatial-domain features under shadow occlusions, thereby reducing road identification accuracy. Frequency-domain transformations explicitly decompose spectral information, effectively separating global structural patterns captured by the phase spectrum from fine-grained details represented by the amplitude spectrum, such as road edges and intersections.



To fully exploit this property, we propose a novel DualSpec decoder as shown in Figure 4b. Unlike conventional feature aggregators, DualSpec explicitly decouples the complex frequency spectrum into independent real-valued amplitude and phase components. This allows standard convolutional layers to independently optimize high-frequency details and low-frequency structural shapes before recombining them with spatial-domain features.



Specifically, given the decoder feature   F dec   and the encoder fusion feature   F enc  , we first align their spatial resolutions via bilinear interpolation and concatenate them. A bottleneck layer (comprising a   1 × 1   convolution, batch normalization, and ReLU) reduces the channel dimension to generate the intermediate hybrid feature   X ∈  R  C × H × W    :


  X = ReLU  BN   Conv  1 × 1    ( Concat  (  F  dec  ↑  ,  F enc  )  )    .  



(12)







The feature X is then processed by two parallel branches: the Frequency Branch and the Spatial Branch.



Frequency Branch: To enable cross-domain cooperative optimization, we map X to the frequency domain using the 2D Real FFT (RFFT2), yielding the complex spectrum  X . Instead of applying operations directly to the complex tensor, we decouple  X  into its real-valued amplitude A and phase  Φ :


    X    =  RFFT 2  ( X ) ,     



(13)






    A    = | X | ,  Φ = ∠ X .     



(14)




To independently enhance these components, we apply channel-wise   1 × 1   grouped convolutions (  Conv group  ), followed by batch normalization and Leaky ReLU activations. This creates two distinct optimization paths, yielding the refined amplitude   A ′   and phase   Φ ′  :


     A ′     = LReLU  BN   Conv group   ( A )    ,     



(15)






     Φ ′     = LReLU  BN   Conv group   ( Φ )    .     



(16)




The complex spectrum is then reconstructed using Euler’s formula and transformed back to the spatial domain via the 2D Inverse Real FFT (IRFFT2) to produce the frequency-enhanced feature   F freq  :


     X ′     =  A ′  ⊙  cos  (  Φ ′  )  + j sin  (  Φ ′  )   ,     



(17)






     F freq     =  IRFFT 2  (  X ′  ) .     



(18)







Spatial Branch: Simultaneously, the spatial branch captures multi-scale contextual information using parallel DSConv with varying kernel sizes (  k ∈ { 3 , 5 , 7 }  ). The multi-scale features are summed to form   F  s 1   :


   F  s 1   =  ∑  k ∈ { 3 , 5 , 7 }    DSConv  k × k    ( X )  .  



(19)




To emphasize critical spatial regions, an attention mechanism is applied. Global spatial dependencies are captured via adaptive average pooling, compressed by a   1 × 1   convolution, and activated by a sigmoid function. The modulated features are further refined by a final   3 × 3   DSConv and batch normalization to yield   F spatial  :


     F  s 2      =  F  s 1   ⊙ σ   Conv  1 × 1    AvgPool (  F  s 1   )   ,     



(20)






     F spatial     = BN   DSConv  3 × 3    (  F  s 2   )   .     



(21)







Hybrid Fusion: Finally, the outputs from both branches are aggregated to leverage the complementary strengths of the structural frequency cues and the multi-scale spatial details. The final fused representation   F out   is obtained by element-wise addition followed by batch normalization:


   F out  = BN  (  F freq  +  F spatial  )  .  



(22)







This explicitly decoupled dual-spectrum mechanism significantly improves the model’s robustness and representational capacity, ensuring accurate road extraction even under severe shadow occlusions.





4. Experimental Settings and Results


4.1. Datasets


To comprehensively evaluate the effectiveness and generalization capability of the proposed RFM-UNet for remote-sensing road extraction, we conducted extensive experiments on three representative, publicly available datasets: Massachusetts Roads [49], DeepGlobe Road [50], and CHN6-CUG Roads [51]. Table 1 summarizes the statistics of the original images in the datasets, and Figure 5 illustrates their characteristics.



	
Massachusetts Roads: This dataset comprises 1171 high-resolution aerial images from the state of Massachusetts, each with a size of   1500 × 1500   pixels, covering approximately   2.25   km 2    per image and over   2600   km 2    in total. The road structures exhibit significant variations in width, shape, texture, and color, making the dataset highly challenging. Following the official data split, all images were padded to   1536 × 1536   pixels and cropped into   512 × 512   patches, resulting in 9972 training images, 126 validation images, and 441 test images.



	
DeepGlobe Road: Released for the CVPR 2018 DeepGlobe Road Extraction Challenge, this dataset contains 8570 high-resolution satellite images from regions such as India, Indonesia, and Thailand. Each image has a size of   1024 × 1024   pixels with a spatial resolution of   0.5  m  , covering diverse landscapes from urban to rural areas. Since official test labels were not publicly available, we utilized 6226 labeled images and split them into 4696 training samples and 1530 testing samples for our experiments. All images were directly cropped into   512 × 512   patches for training and evaluation.



	
CHN6-CUG Roads: Developed by the URSmart team at the China University of Geosciences (Wuhan), this VHR imagery dataset contains pixel-level manual annotations. It covers six representative urban areas: Beijing, Shanghai, Wuhan, Shenzhen, Hong Kong, and Macau, capturing diverse urbanization levels and city characteristics. Road annotations include both covered and uncovered roads, categorized according to coverage extent, and encompass various types such as railways, highways, urban roads, and rural roads. The dataset consists of 4511 images of size   512 × 512   pixels, with 3608 used for training and 903 reserved for testing and evaluation.







4.2. Evaluation Metrics


Following standard practice in semantic segmentation evaluation, four pixel-level metrics are adopted, all derived from the confusion matrix: Precision (P), Recall (R), F1-score (  F 1  ), and Intersection over Union (IoU). These are formulated as:


    P    =    T P   T P + F P        



(23)






    R    =    T P   T P + F N        



(24)






     F 1     =    2 × P × R   P + R        



(25)






    IoU    =    T P   T P + F P + F N        



(26)




where   T P  ,   F P  , and   F N   denote the numbers of true positives, false positives, and false negatives, respectively. Among these,   F 1   and IoU serve as the primary composite indicators of overall segmentation performance.



Furthermore, to assess the model’s ability to preserve road topology, we employ road-specific topological indicators: Centerline Dice (cIDice) and Average Path Length Similarity (APLS). The cIDice metric evaluates the overlap between predicted and ground-truth road centerlines, while APLS measures the similarity of path lengths between the predicted and reference road networks, providing a comprehensive assessment of topological accuracy.


    cIDice    =     2 × |   C  p r e d   ∩  C  g t    |     |   C  p r e d    | + |   C  g t    |         



(27)






    APLS    = 1 −   1 N     ∑  i = 1  N   min      |   L  p r e d    ( i )  −  L  g t     ( i )  |     L  g t    ( i )     , 1      



(28)




where   C  p r e d    and   C  g t    represent the predicted and ground-truth centerline sets, respectively, and    L  p r e d    ( i )    and    L  g t    ( i )    denote the lengths of the i-th path in the predicted and ground-truth road networks. APLS values closer to 1 indicate better topological similarity.




4.3. Experimental Setup


The experimental environment is detailed in Table 2. All models were implemented using the PyTorch framework and trained on a single NVIDIA RTX 4090 GPU with 24 GB of VRAM. The AdamW optimizer was employed with a cosine annealing learning rate schedule. Data augmentation included random horizontal and vertical flipping to enhance model generalization. For the Massachusetts Roads dataset, all models were trained from scratch for 105 epochs with an initial learning rate of   1 ×  10  − 3     and a batch size of 12. For the DeepGlobe and CHN6-CUG datasets, all models were fine-tuned using weights pre-trained on the Massachusetts dataset, leveraging a unified transfer learning strategy, for 105 epochs with a learning rate of   5 ×  10  − 4     and a batch size of 8. During inference, test-time augmentation (TTA), including horizontal and vertical flips, was applied to all models to improve prediction stability and robustness. All experiments were conducted under identical conditions to ensure fair comparisons.




4.4. Comparative Experiments with Different Image Sizes


To determine the optimal input scale, we evaluated RFM-UNet on the Massachusetts dataset (1 m GSD) using four patch sizes:   128  ×  128  ,   256  ×  256  ,   512  ×  512  , and   1024  ×  1024   pixels. Although larger inputs theoretically encapsulate broader spatial contexts, Table 3 demonstrates that the   512  ×  512   configuration yields the optimal performance (IoU = 68.59%, cIDice = 89.13%, and APLS = 74.04%), notably outperforming the   1024  ×  1024   configuration. This indicates that a moderate receptive field optimally balances fine-grained detail preservation with contextual aggregation for the proposed architecture. Consequently, a   512  ×  512   input size was adopted for all subsequent experiments to maximize both accuracy and computational efficiency.




4.5. Experimental Results


To further validate the effectiveness of the proposed method, we conducted comparative experiments on three benchmark datasets: Massachusetts, DeepGlobe, and CHN6-CUG. We compared RFM-UNet with several representative methods, including UNet [4], LinkNet [52], D-LinkNet [33], DeepLabV3+ [53], TransUNet [54], SwinUNet [55], UNet* (based on ConvNeXt), RCFSNet [56], RoadExNet [57], OARENet [40], RS3Mamba [58], SegRoadv2 [41], and MADSNet [37]. All methods were trained and evaluated under identical experimental settings, including the same transfer learning strategy for the DeepGlobe and CHN6-CUG datasets.



While the full metrics are detailed in Table 4, we highlight the primary performance here. On the Massachusetts Roads dataset, RFM-UNet achieves an IoU score of 68.59%, outperforming the second-best method by 0.77%. On the DeepGlobe Road dataset, it obtains an IoU of 70.71%, surpassing the second-best method by 1.45%. Similarly, on the CHN6-CUG Roads dataset, RFM-UNet reaches an IoU of 64.52%, yielding an improvement of 0.19%. Compared with state-of-the-art methods, RFM-UNet consistently demonstrates significant improvements across all datasets, proving its superior overall performance. These results validate the strong representational capacity and excellent generalization ability of the proposed model in complex remote-sensing scenarios characterized by diverse road geometries and structural patterns across different regions.



Figure 6 presents a visual comparison of different methods on the Massachusetts Roads dataset. The first two columns display the input images and their corresponding ground-truth annotations, while the remaining six columns show the predictions from RFM-UNet, MADSNet, RS3Mamba, RS-Mamba, OARENet, and RoadExNet. Overall, most models accurately detect prominent features such as intersections and straight road segments, demonstrating their ability to capture structural patterns. However, challenges remain in handling curved roads and shadowed areas caused by buildings or vegetation, which often lead to misclassification between road patterns and background textures. In contrast, RFM-UNet exhibits clear advantages in distinguishing road pixels from visually similar non-road categories (e.g., trees and buildings), thereby reducing false positives. It also maintains superior continuity in road structures and effectively mitigates the impact of shadows and occlusions. Furthermore, RFM-UNet accurately delineates road boundaries under varying illumination conditions, demonstrating robust performance across diverse imaging scenarios. These improvements are attributed to the proposed ADAMamba architecture, which efficiently integrates global contextual information with local spatial details to enhance structural consistency.



Figure 7 shows qualitative results on the DeepGlobe dataset. In complex rural and suburban environments, road extraction is challenged by dense vegetation, occlusions, and illumination variations. As observed in areas such as intersections, narrow roads, and farmland-adjacent regions, most models misclassify non-road elements as roads due to a reliance on local pixel information, which limits their ability to capture global semantic relationships between roads and their surroundings. In contrast, RFM-UNet maintains strong structural continuity and topological consistency even when roads are partially obscured or visually confounded with background textures. Moreover, the model effectively distinguishes non-road regions resembling dirt roads, demonstrating superior robustness and generalization in complex rural and suburban scenes.



Figure 8 presents qualitative results on the CHN6-CUG Roads dataset. We evaluated model performance under various shadow-interference scenarios, including continuous shadows and vegetation occlusions, as well as complex conditions such as intersections and curved roads. While most models perform adequately in non-shadowed regions, their performance degrades significantly in densely shaded areas due to a reliance on local pixel features. This limitation hinders the capture of structural relationships, particularly the connectivity required along curved roads. RFM-UNet, in contrast, demonstrates superior performance under these challenging conditions by effectively leveraging spatial–frequency features for robust and stable predictions. These results further confirm the advantage of the proposed model in jointly integrating spatial and frequency-domain representations to improve road extraction in complex remote-sensing scenarios.




4.6. Experimental Analysis of Road Topology Accuracy


To further assess the topological accuracy of the extracted road networks, we conducted a detailed analysis using the cIDice and APLS metrics. Unlike traditional pixel-level metrics, these topological metrics are crucial for evaluating whether the extracted roads form a continuous, graph-level structure, which is essential for practical routing applications. Table 5 presents the comparative topological results across the three datasets.



Overall, RFM-UNet consistently achieves the highest cIDice and APLS scores compared to other state-of-the-art methods. Specifically, on the Massachusetts Roads dataset, RFM-UNet obtains a cIDice of 89.13% and an APLS of 74.04%, outperforming the second-best method by 0.31% and 0.84%, respectively. On the DeepGlobe Road dataset, which features complex rural and suburban landscapes prone to vegetation occlusion, our model reaches a cIDice of 90.91% and an APLS of 69.39%, outperforming the second-best method by 1.02% and 0.34%, respectively, thereby demonstrating strong robustness against frequent road breaks. Furthermore, on the highly challenging CHN6-CUG Roads dataset—characterized by dense urban canopies, shadows, and complex intersections—RFM-UNet still secures the highest scores (cIDice: 78.26%, APLS: 72.17%), outperforming the second-best method by 0.15% and 0.14%, respectively, and maintaining a consistent lead over the competitive MADSNet.



These quantitative improvements indicate the model’s superior ability to preserve road connectivity and accurately represent road centerlines. As shown in Figure 9, this topological advantage can be primarily attributed to the ADAMamba encoder, which captures long-range topological dependencies to bridge spatial gaps caused by occlusions, and the MAFM module, which facilitates coherent multi-scale feature aggregation to maintain the continuity of roads with varying widths. Maintaining such topological integrity is particularly critical for downstream applications such as navigation and urban planning, where even minor discontinuities or topological errors can lead to routing failures.




4.7. Model Complexity and Computational Efficiency Analysis


To evaluate the computational efficiency of RFM-UNet, we compared its parameters, floating-point operations (FLOPs), memory footprint, and frames per second (FPS) with those of several popular models, as summarized in Table 6. The FLOPs and FPS were calculated based on an input image size of   3 × 512 × 512   with a batch size of 1 on an NVIDIA RTX 4090 GPU.



As shown in Table 6, RFM-UNet achieves a favorable balance between model complexity and computational cost. With 29.86 million parameters and 30.13 GFLOPs, it is significantly more efficient than many Transformer-based architectures. For instance, Transformer models like RoadExNet consume up to 1035.78 MB of memory and run at only 26.44 FPS, making them computationally prohibitive for processing large-scale remote-sensing imagery. In contrast, RFM-UNet requires only 428.69 MB of memory, which is notably lower than other state–space models (SSMs) such as RS-Mamba (644.54 MB) and RS3Mamba (472.62 MB), as well as the recent CNN-based MADSNet (449.42 MB). Although pure CNN architectures like D-LinkNet exhibit extremely high inference speeds (258.83 FPS) due to their lightweight structures, they often suffer from limitations in global context modeling. RFM-UNet reaches 60.70 FPS, which is significantly faster than heavier ViT-based models (e.g., RoadExNet and SegRoadv2) and surpasses other SSMs, thereby ensuring efficient inference for high-resolution data without compromising global perception capabilities. Figure 10 further illustrates the trade-off between accuracy and efficiency, highlighting RFM-UNet’s ability to achieve high segmentation performance with relatively low computational demands.




4.8. Ablation Study


In this section, we conducted a series of ablation experiments to validate the efficacy of the proposed RFM-UNet and to demonstrate the necessity of its various components. The ablation experiments for the overall framework were implemented on the CHN6-CUG Roads dataset, chosen for its complex road structures and diverse environmental conditions, which provide a rigorous testbed for evaluating the model’s performance. The baseline model utilizes a standard VMamba backbone without the ADAMamba, MAFM, and DualSpec modules. Each component was incrementally added to the baseline to assess its individual contribution to the overall performance.



As detailed in Table 7, the incremental integration of the ADAMamba, MAFM, and DualSpec modules is assessed. Furthermore, Grad-CAM [59] was employed to visualize activation distributions (Figure 11), elucidating the internal feature response mechanisms during inference.



4.8.1. Effectiveness of ADAMamba


We first investigated the impact of the ADAMamba block through an ablation study on the CHN6-CUG Roads dataset. Upgrading the baseline VMamba encoder with the ADAMamba module increases the IoU from 59.07% to 60.54%, cIDice from 73.65% to 74.49%, and APLS from 65.49% to 67.75%. This indicates that the anisotropic attention mechanism successfully captures localized directional features to enhance topological continuity. As shown in Figure 11, compared with the baseline, the ADAMamba encoder effectively focuses on complex road structures and intersections, thereby improving the model’s ability to maintain connectivity in challenging scenarios.




4.8.2. Effectiveness of MAFM


Subsequently, we evaluated the contribution of the MAFM. The baseline with MAFM increases the IoU from 59.07% to 61.34%, cIDice from 73.65% to 75.78%, and APLS from 65.49% to 69.72%. As visualized in Figure 11, the MAFM module enhances the model’s ability to capture multi-scale semantic information, particularly in regions with varying road widths and complex intersections. This results in improved delineation of road boundaries and better preservation of structural integrity.




4.8.3. Effectiveness of DualSpec


Finally, we evaluated the contribution of the DualSpec module. The baseline with DualSpec increases the IoU from 59.07% to 63.20%, cIDice from 73.65% to 76.43%, and APLS from 65.49% to 71.86%. As shown in Figure 11, the DualSpec module effectively enhances the model’s ability to recover spatial details and mitigate shadow-induced degradation, leading to more accurate road segmentation in occluded regions.



To further elucidate the contributions of the dual spatial–frequency representation, we conducted a comparative analysis, as shown in Table 8, among the Spatial-only variant, the Frequency-only variant, and the full DualSpec model. The Spatial-only variant achieves an IoU of 62.21%, cIDice of 75.92%, and APLS of 69.33%, while the Frequency-only variant achieves an IoU of 62.62%, cIDice of 76.31%, and APLS of 70.48%. In contrast, the full DualSpec model achieves an IoU of 63.20%, cIDice of 76.43%, and APLS of 71.86%. Furthermore, we visualize the mean activation maps for three different regions in Figure 12. These results demonstrate that the dual-branch design is not merely a redundant addition of parameters; rather, the integration of frequency-domain features in DualSpec provides complementary information that enhances the model’s ability to capture fine-grained structural details, particularly in shadow-occluded regions.






5. Conclusions


This paper proposed RFM-UNet, a novel deep-learning framework designed for high-precision road extraction in VHR remote-sensing imagery. Central to this framework is the ADAMamba encoder, developed to jointly model local geometric details and global topological dependencies. Building upon this encoder, the framework integrates specialized MAFM and DualSpec modules for adaptive multi-scale feature fusion and spatial–frequency decoupling. The ADAMamba encoder effectively addresses critical challenges in VHR imagery, including complex topological structures and narrow-road discontinuities, thereby enhancing the structural integrity of road networks. Furthermore, the MAFM and DualSpec modules mitigate semantic oversmoothing and refine shadow-occluded boundaries, fully exploiting hierarchical feature information.



Extensive experiments on the Massachusetts Roads, DeepGlobe Road, and CHN6-CUG Roads datasets demonstrated that RFM-UNet consistently outperforms current state-of-the-art methods. Ablation studies further validated the efficacy and individual contributions of the ADAMamba, MAFM, and DualSpec components. Given the robust performance of the spatial–frequency synergy paradigm, RFM-UNet holds significant potential for advancing intelligent transportation and environmental monitoring. However, our method also presents certain limitations, particularly in scenarios involving extreme shadow occlusions and highly complex urban environments. Future research will focus on enhancing the model’s robustness to these challenging conditions, potentially through the integration of additional contextual information and advanced attention mechanisms.
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Figure 1. Illustration of different architectures for VHR images. 
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Figure 2. Illustration of the FFT applied to a road image. The phase spectrum retains essential semantic structures, including road shapes and boundaries, whereas the amplitude spectrum governs texture distribution and background appearance. 
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Figure 3. Overview of the proposed RFM-UNet architecture. The framework consists of three main components: an ADAMamba-based encoder integrating Anisotropic Directional Attention with Mamba blocks, a MAFM for adaptive feature aggregation, and a DualSpec-based decoder utilizing FFT-based spatial–frequency decoupling. 
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Figure 4. Detailed design of the MAFM and DualSpec. The MAFM adaptively fuses multi-scale features from the encoder and decoder branches, while the DualSpec decouples spatial features into frequency-domain representations and adaptively fuses them to enhance robustness under shadow occlusions. 
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Figure 5. Examples of images and masks from each dataset used in the experiments. 
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Figure 6. Visual comparison of RFM-UNet, MADSNet, RS3Mamba, RS-Mamba, OARENet, and RoadExNet on the Massachusetts Roads dataset. True positives are marked in green, false positives in red, and false negatives in blue. The numbers in the corners of the predicted images represent the corresponding patch-level IoU scores. 
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Figure 7. Visual comparison of RFM-UNet, MADSNet, RS3Mamba, RS-Mamba, OARENet, and RoadExNet on the DeepGlobe Road dataset. True positives are marked in green, false positives in red, and false negatives in blue. The numbers in the corners of the predicted images represent the corresponding patch-level IoU scores. 
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Figure 8. Visual comparison of RFM-UNet, MADSNet, RS3Mamba, RS-Mamba, OARENet, and RoadExNet on the CHN6-CUG Roads dataset. True positives are marked in green, false positives in red, and false negatives in blue. The numbers in the corners of the predicted images represent the corresponding patch-level IoU scores. 
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Figure 9. Topological analysis of road extraction methods on the Massachusetts, DeepGlobe, and CHN6-CUG datasets. RFM-UNet consistently achieves the highest cIDice and APLS scores, indicating superior preservation of road connectivity and accurate representation of road centerlines. The yellow regions show the local enlarged view of the road topology, highlighting the continuity and connectivity of the extracted road networks. 
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Figure 10. Comparison of model efficiency on the CHN6-CUG Roads dataset. RFM-UNet achieves a superior balance between accuracy and computational efficiency compared to other popular methods. 
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Figure 11. Grad-CAM visualization of the ablation study on the CHN6-CUG Roads dataset. The colors in the figure represent the intensity of activation, with warmer colors indicating higher activation levels. 
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Figure 12. Mean activation maps for three different regions comparing the Spatial-only variant and the full DualSpec model. The full DualSpec model demonstrates improved feature representation, particularly in shadow-occluded areas. 
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Table 1. Summary of three public road datasets used in the experiments.
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	Dataset
	GSD (m)/Bands
	Patch Size
	Train
	Val/Test
	Region
	Release





	Massachusetts
	1/RGB
	   1500 × 1500   
	1108
	14/49
	Massachusetts
	2013



	DeepGlobe
	0.5/RGB
	   1024 × 1024   
	4696
	-/1530
	South and Southeast Asia
	2018



	CHN6-CUG
	0.5/RGB
	   512 × 512   
	3608
	-/903
	China
	2021










 





Table 2. Default configurations for the experiments.
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	Parameter
	Value
	Description





	Language
	Python 3.12
	Programming language used



	Framework
	PyTorch 2.4.0
	Deep-learning framework



	GPU
	NVIDIA RTX 4090
	Graphics processing unit used for training



	Random Seed
	42
	Seed for reproducibility



	Optimizer
	AdamW
	Optimization algorithm



	Learning Rate
	   1 ×  10  − 3     
	Initial learning rate (Massachusetts)



	Batch Size
	12
	Number of samples per batch (Massachusetts)



	Epochs
	105
	Number of training epochs










 





Table 3. Performance comparison with different input image sizes on the Massachusetts dataset.
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	Patch Size
	P (%)
	R (%)
	F1 (%)
	IoU (%)
	cIDice (%)
	APLS (%)





	   128  ×  128   
	79.20
	78.82
	79.01
	65.30
	86.98
	69.58



	   256  ×  256   
	80.56
	78.75
	79.65
	66.18
	87.84
	72.62



	   512  ×  512   
	81.51
	81.24
	81.37
	68.59
	89.13
	74.04



	   1024  ×  1024   
	81.20
	81.13
	81.15
	68.27
	89.09
	73.71







Note: The best results are highlighted in bold.













 





Table 4. Quantitative comparison with popular methods on three public road datasets (%).
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Method

	
Year

	
Massachusetts Roads

	
DeepGlobe Road

	
CHN6-CUG Roads




	
P

	
R

	
F1

	
IoU

	
P

	
R

	
F1

	
IoU

	
P

	
R

	
F1

	
IoU






	
UNet

	
2015

	
77.29

	
72.13

	
74.62

	
59.51

	
78.29

	
70.92

	
74.42

	
59.26

	
70.67

	
71.66

	
71.16

	
55.23




	
LinkNet

	
2017

	
79.18

	
73.71

	
75.52

	
61.74

	
75.62

	
73.75

	
74.67

	
59.85

	
74.92

	
71.43

	
73.13

	
57.64




	
D-LinkNet

	
2018

	
77.88

	
74.52

	
76.16

	
61.50

	
77.01

	
76.27

	
76.64

	
62.12

	
76.28

	
71.89

	
74.01

	
58.75




	
DeepLabV3+

	
2018

	
75.47

	
77.97

	
76.70

	
62.25

	
78.20

	
76.24

	
77.20

	
62.87

	
75.21

	
74.59

	
74.90

	
59.87




	
TransUNet

	
2021

	
78.37

	
77.29

	
77.82

	
63.70

	
77.80

	
77.02

	
77.41

	
63.14

	
74.32

	
77.02

	
75.64

	
60.83




	
SwinUNet

	
2022

	
78.12

	
77.07

	
77.59

	
63.59

	
78.44

	
77.30

	
77.87

	
63.76

	
74.43

	
76.47

	
75.44

	
60.56




	
UNet*

	
2022

	
79.81

	
78.08

	
78.93

	
65.19

	
78.63

	
77.82

	
78.22

	
64.23

	
74.81

	
76.79

	
75.78

	
61.01




	
RCFSNet

	
2022

	
79.23

	
77.62

	
78.43

	
64.49

	
78.85

	
79.35

	
79.10

	
65.43

	
75.65

	
77.29

	
76.46

	
61.89




	
RoadExNet

	
2023

	
80.38

	
75.98

	
78.18

	
64.17

	
76.94

	
79.42

	
78.16

	
64.15

	
75.23

	
77.30

	
76.25

	
61.61




	
OARENet

	
2024

	
77.48

	
79.92

	
78.70

	
64.88

	
81.72

	
81.95

	
81.84

	
69.26

	
77.83

	
72.43

	
75.03

	
60.04




	
RS-Mamba

	
2024

	
86.27

	
76.03

	
80.82

	
67.82

	
83.14

	
80.00

	
81.54

	
68.84

	
74.63

	
79.77

	
77.11

	
62.75




	
RS3Mamba

	
2024

	
80.87

	
77.65

	
79.26

	
65.65

	
80.45

	
79.30

	
79.87

	
66.49

	
77.82

	
72.80

	
75.23

	
60.29




	
SegRoadv2

	
2025

	
79.84

	
79.02

	
79.43

	
65.87

	
81.06

	
80.98

	
81.02

	
68.09

	
72.10

	
78.76

	
75.28

	
60.36




	
MADSNet

	
2025

	
79.40

	
81.36

	
80.38

	
67.18

	
80.58

	
80.79

	
80.69

	
67.63

	
77.49

	
79.11

	
78.29

	
64.33




	
RFM-UNet

	

	
81.51

	
81.24

	
81.37

	
68.59

	
81.77

	
83.95

	
82.84

	
70.71

	
80.07

	
76.87

	
78.44

	
64.52








Note: The best results are highlighted in bold, and the second-best results are underlined.













 





Table 5. Topological analysis of road extraction methods on three datasets.
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Method

	
Massachusetts Roads

	
DeepGlobe Road

	
CHN6-CUG Roads




	
cIDice (%)

	
APLS (%)

	
cIDice (%)

	
APLS (%)

	
cIDice (%)

	
APLS (%)






	
UNet

	
83.98

	
69.12

	
84.62

	
66.45

	
71.66

	
64.50




	
LinkNet

	
84.61

	
69.98

	
84.90

	
67.05

	
73.92

	
65.28




	
D-LinkNet

	
84.44

	
68.79

	
85.32

	
67.20

	
74.53

	
65.74




	
DeepLabV3+

	
85.75

	
69.18

	
85.60

	
67.45

	
74.61

	
66.50




	
TransUNet

	
85.95

	
69.35

	
85.74

	
67.74

	
72.84

	
66.88




	
SwinUNet

	
85.90

	
69.26

	
86.12

	
67.82

	
75.06

	
67.10




	
UNet*

	
87.33

	
72.52

	
86.55

	
68.21

	
75.47

	
67.29




	
RCFSNet

	
86.85

	
71.27

	
86.89

	
68.17

	
76.65

	
67.89




	
RoadExNet

	
86.64

	
71.01

	
87.58

	
68.06

	
76.52

	
67.97




	
OARENet

	
87.09

	
71.69

	
89.89

	
69.05

	
75.53

	
68.04




	
RS-Mamba

	
88.82

	
73.20

	
89.15

	
68.92

	
77.63

	
70.15




	
RS3Mamba

	
87.72

	
72.12

	
88.18

	
68.03

	
75.82

	
68.29




	
SegRoadv2

	
87.97

	
72.33

	
88.80

	
68.62

	
76.10

	
68.36




	
MADSNet

	
88.02

	
72.85

	
88.62

	
68.26

	
78.11

	
72.03




	
RFM-UNet

	
89.13

	
74.04

	
90.91

	
69.39

	
78.26

	
72.17








Note: The best results are highlighted in bold, and the second-best results are underlined.













 





Table 6. Comparison of model efficiency on an NVIDIA RTX 4090.
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	Method
	Backbone
	Year
	Params (M)
	FLOPs (G)
	Memory (MB)
	FPS





	LinkNet
	CNN
	2017
	21.64
	23.26
	186.28
	97.19



	D-LinkNet
	CNN
	2018
	31.09
	26.71
	230.40
	258.83



	MADSNet
	CNN
	2025
	29.73
	32.58
	449.42
	92.20



	RoadExNet
	ViT
	2023
	59.20
	277.40
	1035.78
	26.44



	OARENet
	ViT
	2024
	33.48
	36.27
	370.51
	85.35



	SegRoadv2
	ViT
	2025
	54.99
	109.42
	717.61
	44.90



	RS-Mamba
	SSM
	2024
	50.37
	46.33
	644.54
	48.87



	RS3Mamba
	SSM
	2024
	43.32
	39.56
	472.62
	51.99



	RFM-UNet
	SSM
	
	29.86
	30.13
	428.69
	60.70










 





Table 7. Ablation study of the RFM-UNet architecture on the CHN6-CUG Roads dataset (%).
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	Baseline
	ADAMamba
	MAFM
	DualSpec
	Params
	FLOPs
	P
	R
	F1
	IoU
	cIDice
	APLS





	√
	
	
	
	23.13 M
	24.09 G
	74.21
	74.33
	74.27
	59.07
	73.65
	65.49



	√
	√
	
	
	25.55 M
	26.78 G
	75.42
	77.53
	76.47
	60.54
	74.49
	67.75



	√
	
	√
	
	26.39 M
	26.92 G
	74.14
	78.04
	76.04
	61.34
	75.78
	69.72



	√
	
	
	√
	24.20 M
	24.60 G
	76.44
	78.49
	77.45
	63.20
	76.43
	71.86



	√
	√
	√
	√
	29.86 M
	30.13 G
	80.07
	76.87
	78.44
	64.52
	78.26
	72.17







Note: The best results are highlighted in bold.













 





Table 8. Comparison of Spatial-only, Frequency-only, and full DualSpec models on the CHN6-CUG Roads dataset (%).
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	Model
	P
	R
	F1
	IoU
	cIDice
	APLS





	Spatial-only
	74.84
	78.67
	76.71
	62.21
	75.92
	69.33



	Frequency-only
	75.43
	78.66
	77.01
	62.62
	76.31
	70.48



	DualSpec
	76.44
	78.49
	77.45
	63.20
	76.43
	71.86







Note: The best results are highlighted in bold.
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