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Abstract

Image reflection separation aims to disentangle the transmis-
sion layer and the reflection layer from a blended image.
Existing methods rely on limited information from a single
image, tending to confuse the two layers when their con-
trasts are similar, a challenge more severe at night. To ad-
dress this issue, we propose the Depth-Memory Decoupling
Network (DMDNet). It employs the Depth-Aware Scanning
(DAScan) to guide Mamba toward salient structures, promot-
ing information flow along semantic coherence to construct
stable states. Working in synergy with DAScan, the Depth-
Synergized State-Space Model (DS-SSM) modulates the sen-
sitivity of state activations by depth, suppressing the spread
of ambiguous features that interfere with layer disentangle-
ment. Furthermore, we introduce the Memory Expert Com-
pensation Module (MECM), leveraging cross-image histor-
ical knowledge to guide experts in providing layer-specific
compensation. To address the lack of datasets for night-
time reflection separation, we construct the Nighttime Image
Reflection Separation (NightIRS) dataset. Extensive experi-
ments demonstrate that DMDNet outperforms state-of-the-art
methods in both daytime and nighttime.

Project Page — https://github.com/fashyon/DMDNet

Introduction

Reflection artifacts often occur when capturing images
through transparent media such as glass, not only compro-
mising visual quality but also degrading the performance of
downstream vision tasks (Kirillov et al. 2023; Wang et al.
2024). The task of image reflection separation aims to de-
compose a blended image I into a transmission layer T" and
a reflection layer R, where T represents the scene behind
the glass and R represents the reflected content on the glass
surface. Early studies mainly rely on physical priors such as
gradient sparsity (Levin and Weiss 2007) and reflection blur-
riness (Fan et al. 2017; Yang et al. 2019), using handcrafted
constraints based on physical assumptions. However, these
methods are only effective in constrained scenarios. With the
development of deep learning, methods such as Zhang et al.
(Zhang, Ng, and Chen 2018) and DSIT (Hu, Wang, and Guo
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Figure 1: Proximity maps obtained by depth estimation
across daytime, nighttime, and indoor scenes. Depth estima-
tion sees through reflection occlusion to capture the under-
lying structures of T'.

2024) learn implicit priors of T and R from data to achieve
separation. However, due to the limited information in a sin-
gle image, these methods often encounter bottlenecks when
T and R exhibit similar contrast. The challenge becomes
particularly severe in nighttime scenes. In the daytime, abun-
dant natural illumination strengthens 71" while suppressing
R, resulting in a clear contrast between the two layers. At
night, illumination comes from artificial light sources that
are randomly distributed, leading to uneven lighting con-
ditions. Consequently, T" appears darker due to insufficient
global illumination, while localized strong lights incident on
the glass surface produce glare and scattered highlights. As a
result, T' and R exhibit similar contrast levels, making their
separation more challenging.

Although these difficulties are not directly addressed,
some studies attempt to compensate by introducing addi-
tional physical cues, such as multi-view images (Xue et al.
2015; Niklaus et al. 2021), polarizing filters (Li et al. 2020b;
Lei et al. 2020), infrared cameras (Sun et al. 2019; Hong
et al. 2022), and flash illumination (Lei and Chen 2021;
Wang et al. 2025). However, such methods require con-
trolled environments and extra devices, limiting their flexi-
bility in applications. To eliminate reliance on external hard-
ware, some studies incorporate human interaction, such as
language prompts (Zhong et al. 2024; Hong et al. 2024) and



manual region annotation (Zhang et al. 2019; Chen et al.
2025). Nevertheless, these approaches are time-consuming
and labor-intensive.

Depth estimation offers physical cues without additional
hardware or manual intervention. By performing depth esti-
mation (Ranftl et al. 2022) on blended images, we observe
that the resulting proximity map highlights coherent and
sharp structures corresponding to T', while blurry and trans-
parent overlays associated with R are naturally suppressed,
as shown in Figure 1. This indicates that high proximity val-
ues tend to carry salient structures. These structures often
span large spatial ranges, such as the outline of a building or
a row of chairs, fully exploiting these cues requires a model
capable of capturing long-range dependencies.

Mamba (Gu and Dao 2023) has achieved impressive re-
sults in various fields (Zhu et al. 2024a; Peng et al. 2025), en-
abled by the efficient long-range modeling of its State-Space
Model (SSM). VMamba (Liu et al. 2024) brings this capabil-
ity to the vision domain through four-directional scanning.
However, this scanning strategy has two limitations for im-
age reflection separation:

(1) Disruption of Structural Continuity. The transmission
scene is typically defined by coherent contours, shapes, and
textures, such as the edges of windows or the curves of hu-
man faces. The fixed sequential scanning fragments this con-
tent, leading to distorted structural cues while hindering the
perception of these semantic entities as a whole.

(2) Error Propagation. In SSM, the state of earlier-scanned
regions continuously influences subsequent ones. If ambigu-
ous features are propagated first, their uncertainty spreads
throughout the entire image, amplifying separation errors.

To address these issues, we propose the Depth-Synergized
Decoupling Mamba (DSMamba). Its Depth-Aware Scan-
ning Strategy (DA-Scan) customizes scanning strategies
separately for T' and R, allowing the model to encounter
salient structures at early stages of modeling, helping to es-
tablish semantic continuity. In synergy with DA-Scan, we
design the Depth-Synergized State-Space Model (DS-SSM)
to modulate the activity of state evolution while suppress-
ing activations in ambiguous areas, preventing the spread of
erroneous information.

To overcome the limited information of a single im-
age, we introduce the Memory Expert Compensation Mod-
ule (MECM) to leverage cross-image historical knowledge.
Each expert is equipped with a memory bank that stores fea-
ture patterns, and MECM dynamically activates the most
relevant experts to provide targeted compensation. For ex-
ample, experts specialized in texture details and structural
contours can be activated for 7", while those handling sparse
highlights and blurred ghosting can be used for R.

To address the scarcity of datasets for nighttime image
reflection separation, we construct the Nighttime Image Re-
flection Separation (NightIRS) dataset. It comprises 1,000
image triplets obtained under nighttime reflection condi-
tions. This dataset captures the unique complexities of night-
time imaging, including uneven illumination, strong artifi-
cial light sources, and diverse reflection artifacts, which are
often overlooked in existing public datasets.

Overall, the contributions of this work are as follows:
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* We propose DSMamba, with DA-Scan and DS-SSM
working in synergy to guide Mamba toward structural
saliency and suppress erroneous propagation.

* We introduce MECM to leverage cross-image historical
memory for targeted compensation.

* We construct the NightIRS dataset for evaluating night-
time reflection separation.

» Experimental results demonstrate that DMDNet outper-
forms State-of-the-Art Methods (SOTAS).

Related Work

Image Reflection Separation. Early studies (Levin and
Weiss 2007; Yang et al. 2019) rely on handcrafted priors,
which only work in simple cases. Deep learning methods
(Zhang, Ng, and Chen 2018; Hu, Wang, and Guo 2024) learn
mappings from contaminated to clean images using large-
scale data, but often struggle with complex scenes due to
limited information in a single image. To incorporate physi-
cal cues, some approaches leverage multi-view images, po-
larization (Lei et al. 2020), flash (Lei and Chen 2021), or
infrared cameras (Hong et al. 2022), but these require extra
hardware, making them unsuitable for internet images. To
avoid this, Zhong et al. (Zhong et al. 2024) introduce lan-
guage prompts, while FIRM (Chen et al. 2025) relies on
manual region annotations. However, these methods need
human intervention and thus limit automation. In contrast,
depth estimation offers physical cues without external sen-
sors. Elnenaey et al. (Elnenaey and Torki 2024) coarsely
quantize the depth map into four levels and concatenate it
with the input image for guidance. DGR2-Net (He et al.
2025) applies global pooling on the depth map and then con-
catenates it with the input for binocular reflection removal.
However, these methods lack fine-grained depth guidance,
resulting in inadequate effectiveness. More importantly, they
overlook the structural saliency embedded in depth maps for
image reflection separation.

Visual Mamba. Due to Mamba’s strong performance
in long-sequence modeling, it has recently been widely
adopted in various vision tasks (Zhu et al. 2024a; Liu et al.
2024). MambalR (Guo et al. 2024) and VMambalR (Shi
et al. 2025) are among the earliest works to introduce the
Mamba into the field of image restoration. Subsequently,
MambalRv2 (Guo et al. 2025) proposes a semantics-guided
neighborhood interaction mechanism to facilitate informa-
tion transfer. TAMambalR (Peng et al. 2025) introduces a
multi-directional receptive field expansion scheme to en-
hance modeling capability. However, these methods lack dy-
namic state modeling strategies sensitive to geometric struc-
tures, limiting their ability to distinguish between layers in
reflection separation.

Mixture of Experts (MoE). MoE enables adaptive com-
putation by employing multiple experts, and has been widely
applied to image restoration tasks. MoCE-IR (Zamlfir et al.
2025) designs expert modules with varying computational
complexity to match different degradation. FAME (He et al.
2024) adopts a frequency-adaptive MoE architecture, apply-
ing different dynamic processing strategies to low- and high-
frequency components. However, these methods lack cross-



3XHXIW 3XHXW 3xHxW
4
*
l.)epﬂ.l > b3, 03, D; |
Encoding Estimation .
Branch Conv L 3xHxW | | =
(Conv) | I3
Level 1 g B I | 8
CixHxW | E; i, | %} m;
L | | g
| =}
************** 1S
D
Conv a
Level2 | (MuGI) .. :
R
H W
G, ><7 X 7 E; | A :
,,,,,,,,,,,,,,, |
|
Level 3 | (Conv) |
.. | (MGl |
“4 g [ ,
,,,,,,,,,,,,,,, |
Level 4 Conv
g w | (MuGI
Cyx—x— 4 4
8 8 | EY |E
Level 5 | (Conv)
(MuGI
C. ><£><K 5 5
%16 16 Er| | Ex

Figure 2: Depth-Memory Decoupling Network (DMDNet).
DMDNet employs the DMBlock to decouple T and R using
depth and memory cues.

image memory, limiting their ability to compensate for con-
taminated information within a single image.

Memory-Augmented Methods. Several studies explore
memory mechanisms for image restoration. For instance, Xu
et al. (Xu et al. 2021) propose a texture memory that stores
patch samples to guide texture synthesis. ER?Net (Zou et al.
2024) leverages a memory module to inpaint eyeglass re-
flection regions. However, the high computational cost re-
stricts it to one-off usage, making it unsuitable for the de-
ployment of multiple experts. Moreover, they are limited to
either global matching or local modeling, without a unified
mechanism to enable adaptive expert behavior.

Methodology
Depth-Memory Decoupling Network

The Depth-Memory Decoupling Network (DMDNet) con-
sists of the Encoding Branch, the Depth Semantic Mod-
ulation Branch (DSBranch), and the Decoding Branch,
as shown in Figure 2. The Encoding Branch adopts the
Mutually-Gated Interactive Block (MuGI) (Hu and Guo
2023) to extract the features of T and R, where E., E}, €

W

2-T ¢ € {1,2,3,4,5}. Here, C; denotes the
number of channels at the i-th level, and H and W are
the height and width of the input image I, respectively.

RCZ-X%X
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The DSBranch leverages depth semantic features D3 €
R%x%x%, D4S c R256><%><%, Dg c Rsmx%x%’
modulating the encoded features for the Decoding Branch.
The Decoding Branch performs the separation of T" and R
through the Depth-Memory Decoupling Block (DMBlock)
and the proximity maps Pj, € R®* TR €
{1,2,3,4,5}. As shown in Figure 3(a), the DMBlock con-
sists of DSMamba, MECM, and EFFN (Shi et al. 2025).

Depth-Synergized Decoupling Mamba

To address the limitation of Mamba’s fixed scanning strat-
egy, we propose Depth-Synergized Decoupling Mamba
(DSMamba). As illustrated in Figure 3(b), DSMamba con-
sists of the Depth-Aware Scanning (DAScan) and the Depth-
Synergized State-Space Model (DS-SSM). The DAScan
adopts Depth-Aware Regional Scanning (DA-RScan) for T,
and Depth-Aware Global Scanning (DA-GScan) for R.

DA-RScan follows a “large-area-first + near-to-far”
scheme. Specifically, the proximity map is partitioned into
aregion scanning map M, . Regions are scanned from the
largest to the smallest, as larger regions indicate more salient
semantics, with the background region scanned at the end
to ensure completeness. This region-based scheme preserves
the semantic continuity of pixels within the same object. In-
side each region, pixels are scanned in a near-to-far order,
prioritizing structurally salient structures.

DA-GScan follows a “global near-to-far” scheme, scan-
ning from the globally nearest pixels to the farthest.
This scheme emphasizes global structural saliency, which
matches the sparse and discontinuous distribution of R to
enhance the modeling of reflection features. Finally, inverse
DAScan is applied in the opposite order to complement
structural cues.

The vanilla State Space Model (SSM) in Mamba adopts a
uniform state update mechanism for all regions, formulated
as:

h; = Ah; 1 + Bx;, y;=Ch;+ Dz, (D
where A € RVXN B ¢ RVXL € € RN and D € R.
N is the state size. This mechanism lacks structural aware-
ness, making it difficult to disentangle regions where T" and
R are intricately intertwined. To overcome this constraint
while synergizing with DAScan, we design the DS-SSM,
whose state update is defined as:

ht = Ahtfl + Bawarewty
Yt = Cawareht + th
Baware = (]- - 'Y) B+ v Bdeptha
Caware = (]- - 'Y) -C + - Cdepth
Here, « is a weighting map between 0-1, derived from the
proximity map. Byeps, and Clyepyn are depth-guided state
matrices that respectively control the magnitude of state up-
dates and the contribution of the state to the output.

In structurally salient regions, a larger - strengthens the
influence of Bgepen, and Cyeptr, accelerates the integration
of clear structures, and reinforces their guidance on the out-
put. Conversely, in structurally ambiguous regions, the inter-
vention is suppressed to prevent the propagation of ambigu-
ous features.

2
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Figure 3: DMBlock and DSMamba. DSMamba prioritizes salient structures via DAScan and synergistically modulates state
activations through DS-SSM. The numbers indicate the forward scanning order.

Spatial Positional Encoding. To reinforce positional
specificity during the scanning, DSMamba employs a Spa-
tial Positional Encoding (SPE) based on 2D sine and cosine
functions:

PE, = [sin(z - f;), cos(z - f;)],
PE, = [sin(y - fi), cos(y - fi)]

where x and y denote the normalized spatial coordinates,
and f; represents different frequency bands.

By combining the horizontal and vertical encodings, a po-
sitional embedding PE € R *W Xdimner ig obtained, where
dinner 1 the channel dimension of the state-space model.
The embedding is realigned with the scanning order and
added to the state features, providing positional cues for
state modeling.

3

Memory Expert Compensation Module

To leverage cross-image accumulated knowledge for tar-
geted compensation, we introduce the Memory Expert Com-
pensation Module (MECM), as illustrated in Figure 4.
MECM consists of the Expert Gate (He et al. 2024) and
Memory Experts. The Expert Gate is responsible for select-
ing the most relevant N5 experts from N, candidates.
The Memory Experts perform feature retrieval and evolu-
tion, enabling adaptive compensation with historical knowl-
edge.

The Memory Expert comprises the Global-Pattern Inter-
action Stream (GPStream) and the Spatial-Context Refine-
ment Stream (SCStream). The GPStream is further divided
into Global-Pattern Adjustment and Memory Evolution.

For the Global-Pattern Adjustment, the input image I €
REXCXHXW is first pooled into a global representation
I; € RBXC, which is used to compute similarity with the
memory bank Mem € RM*C yielding a similarity score
matrix S € RBXM  where B is the batch size and M is
the number of memory items. We apply softmax along the
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memory and image dimensions to obtain S; and S}, re-
spectively. Here, S; denotes matching distribution of each
image over all memory items, while S, represents the con-
tribution of each memory item to the image. Next, S is used
to perform weighted aggregation of M em, producing the
memory response feature Fy; € REXC . Finally, Fy; inter-
acts with I to generate an attention mask that modulates
the input I, producing the global compensation O.

Memory Evolution aims to provide feedback and update
the memory bank. For each image sample b € [1, B], the
most responsive memory index j, € [1, M] is selected from
the matching matrix S;. The corresponding score S/ [b, jp)
is used as a weight to perform multiplication with the global
representation I [b], resulting in an update vector U, € R®.
All U, vectors are aggregated along their associated index jp,
to form a memory increment AMem € RM*C:

>

be[1,B], jo=m

AMem|m] = Uy, me[l,M] 4

Finally, the memory bank is updated in a residual manner to
obtain the updated memory O ey, -

SCStream focuses on spatial contextual compensation.
First, the memory bank Mem is reshaped as convolu-
tional kernels and convolved with the input image I to ob-
tain the similarity map Sg € REXM>HXW " Golh m h, w]
denotes the similarity between location (h,w) and the m-
th memory item. Next, for each spatial position, the Top-
k most relevant memory items are selected. Specifically,
Idxy, Sg € REXEXHW (where HW = H x W) de-
note the indices and similarity scores of the Top-k memory
items for each pixel. The similarity scores Sk are normal-
ized using softmax to obtain the attention weights W4 €
REXKEXHW representing the degree of matching between
each pixel and the Top-k memory items. Then, the corre-
sponding memory features are retrieved from the memory
bank using I'dx . The retrieved memory tensor is denoted
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Figure 4: Memory Expert Compensation Module (MECM) and its components, which leverage cross-image historical knowl-
edge to guide the decoupling. Each memory expert consists of the GPStream for global adjustment and memory evolution, and

the SCStream for spatial-level refinement.

as Memy € RBXEXHWXD which contains the features
of the Top-k memory items associated with each pixel po-
sition. The weighted sum yields the compensation feature
Feomp € REXHWXD “and the final output Oy is obtained
by reshaping. The weighted sum is computed as:

K
Foomplb, hw,d] = > Walb, k, hw] - Mem|[b, k, hw, d|

k=1
&)
Each expert employs distinct convolutions to fuse the fea-
tures from GPStream and SCStream, capturing specific se-
mantic relations and enabling adaptive refinement.

Nighttime Image Reflection Separation Dataset

The Nighttime Image Reflection Separation (NightIRS)
dataset contains 1,000 nighttime reflection image triplets.
Each triplet consists of I, T, and R, as shown in Figure 5.
Reflection interference is introduced using glass and acrylic
sheets of varying thicknesses. To ensure illumination diver-
sity, the dataset is collected under various nighttime condi-
tions, such as street lights, neon signs, illuminated buildings,
and low-light natural environments. To capture geometric
variations of reflections, different camera-to-glass distances
and viewing angles are considered. The dataset also provides
a high-resolution version (NightIRS-HR), offering scalable
benchmarks for nighttime reflection separation.
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1

T R

Figure 5: Examples from the NightIRS dataset. I, T', and R
denote the blended image, transmission layer, and reflection
layer, respectively.

Experiments
Implementation Details

The channel dimensions are set as Cy,Cy, C3, Cy, Cs
[48,96,192,384, 768]. In MECM, Ng,, = 4 and Ngxp
2. We adopt a batch size of 1 and crop images into 352x352
patches. Random horizontal flipping is adopted for data aug-
mentation during training. The model is optimized using the
Adam optimizer (Kingma and Ba 2014) with an initial learn-
ing rate of 10~%. We train for 60 epochs, and reduce the
learning rate to 5 x 107> and 10~ at the 30th and 50th
epochs, respectively. All experiments are conducted on a
single NVIDIA RTX 4090 GPU. See supplementary mate-



Methods

Nature (20)

Real (20)

Wild (55)

Postcard (199)

Solid (200)

Average

PSNRT SSIMT LPIPS]

PSNRT SSIMT LPIPS]

PSNRT SSIMT LPIPS]

PSNRT SSIMT LPIPS]

PSNRT SSIMT LPIPS]

PSNRT SSIM{ LPIPS]

BDN (ECCV’18)

ERRNet (CVPR’19)

IBCLN (CVPR’20

LANet (ICCV’21)

YTMT (NIPS*21)
DMGN (TIP’21)

HGNet (TNNLS’23)

DSRNet (ICCV’23

RDRNet (CVPR’24)

DSIT (NIPS’24)

RDNet (CVPR’25)

DMDNet (Ours)

18.83 0.737
20.43 0.756
)| 23.78

)| 21.62

0.242
0.172

18.68
23.03

0.728
0.810
0.764
0.815
0.807
0.763
0.818
0.805
0.769
0.823
0.838

0.284
0.156

0.836

22.02
23.87
24.46
26.06
25.07
21.34
26.88
24.35
26.48
27.55
27.59
27.70

0.822
0.848

0.181
0.132

20.54
21.81

0.857
0.874

0.177
0.152

22.68
24.72
24.74
24.30
24.70
23.27
25.00
26.10
25.93
26.62
26.59
27.07

0.856
0.896
0.893
0.898
0.899
0.872
0.900
0914
0.912
0.922

0.125
0.095

20.55
22.77

0.922
0.929

0.800
0.837
0.840
0.866
0.850
0.810
0.868
0.861
0.860
0.883
0.885
0.889

0.202
0.141

Table 1: Quantitative comparison of the transmission layer on public datasets.

DMDNet achieves the best average performance.

Bold and underline denote Top-1 and Top-2 results, respectively. 1 indicates higher is better, while | indicates lower is better.

Methods

Transmission Layer

Reflection Layer

IParamFLOPs

PSNRTSSIMTLPIPS]]

PSNRTSSIMTLPIPS]]

M| G

BDN (ECCV'18)
ERRNet (CVPR’19)

20.52 0.680 0.293
22.43 0.767 0.180
23.16 0.803 0.196

8.79 0.082
N/A  N/A
20.54 0.292

0.843
N/A
0.701

75.16 12.70
18.95 116.72

IBCLN (CVPR’20)
LANet ICCV’21)
YTMT (NIPS’21)

DMGN (TIP’21)
HGNet (TNNLS’23)
DSRNet (ICCV’23)
RDRNet (CVPR’24)

DSIT (NIPS’24)

RDNet (CVPR’25)

DMDNet (Ours)

21.61 98.16
10.93 83.81
76.90 110.98
45.49 116.85
14.51 82.08
124.6 90.21
29.09 5.14
131.76 74.18
266.43 66.10
87.22 39.33

23.68 0.817 0.171
23.03 0.799 0.186
22.88 0.799 0.174
23.60 0.817 0.170
23.39 0.813 0.175
24.04 0.824 0.185
24.61 0.827 0.168
25.08 0.831 0.149
25.24 0.832 0.144

21.61 0.280
24.96 0.500
24.77 0.488
N/A  N/A
24.80 0.404
N/A  N/A
27.18 0.569
27.93 0.636
28.37 0.633

0.472
0.503
0.508
N/A
0.499
N/A
0.372
0.309
0.286

Table 2: Quantitative comparison with SOTAs on the
NightIRS dataset. FLOPs for a 128x128 RGB image.

rial for more details.

Dataset and Evaluation Metrics

Following previous works (Zhao et al. 2025; Hu, Wang, and
Guo 2024; Hu and Guo 2023; Dong et al. 2021), we train
our model on 7,643 image pairs from the PASCAL VOC
dataset (Everingham et al. 2010), 200 image pairs from the
Nature dataset (Li et al. 2020a), and 89 image pairs from
the Real dataset (Zhang, Ng, and Chen 2018). The remain-
ing images from the Nature and Real datasets, together with
the Wild, Postcard, and Solid subsets from the SIR? dataset
(Wan et al. 2017), as well as the NightIRS dataset, are used
for testing. To avoid GPU memory overflow, images from
the Real dataset are resized by scaling the longer side to 420
pixels while preserving the original aspect ratio.

To ensure fairness, all output images are saved in loss-
less PNG format, and evaluation metrics are computed in the
RGB color space, including PSNR (Huynh-Thu and Ghan-
bari 2008), SSIM (Wang et al. 2004), and LPIPS (Zhang
et al. 2018), which assess image quality from pixel-wise,
structural, and perceptual perspectives, respectively.

Performance Evaluation

We compare our DMDNet with 11 methods, including BDN
(Yang et al. 2018), ERRNet (Wei et al. 2019), IBCLN (Li
et al. 2020a), LANet (Dong et al. 2021), YTMT (Hu and
Guo 2021), DMGN (Feng et al. 2021), HGNet (Zhu et al.
2023), DSRNet (Hu and Guo 2023), RDRNet (Zhu et al.

Methods Tr i Layer Reflection Layer |Param FLOPs
PSNRT SSIMT LPIPS||[PSNRT SSIMTLPIPS]| M)! (G)]
MambalR 25.56 0.880 0.106 | 22.09 0.500 0.420 [103.61 42.43
VMambalR 25.89 0.884 0.100 | 22.06 0.490 0.414 | 83.76 38.05
MambalRv2 | 24.84 0.868 0.118 | 21.66 0.490 0.445 | 88.38 40.38
DSMamba (Ours)| 26.27 0.889 0.093 | 22.31 0.522 0.403 | 87.22 39.33

Table 3: Comparison with Mamba variants on public
datasets. FLOPs are calculated for a 128x128 RGB image.

2024b), DSIT (Hu, Wang, and Guo 2024), and RDNet(Zhao
et al. 2025). Table 1 presents a quantitative comparison on
public datasets, which primarily consist of daytime scenes,
demonstrating that DMDNet achieves the best average per-
formance. Table 2 presents a quantitative comparison on
the NightIRS dataset. DMDNet attains the largest number
of top-ranking metrics on both the transmission and reflec-
tion layers, demonstrating its adaptability to nighttime re-
flections, while maintaining a reasonable number of param-
eters and Floating-Point Operations (FLOPs).

Figure 6 presents qualitative comparisons on the trans-
mission layer. Our DMDNet achieves the most effective re-
covery, preserving structural details and suppressing resid-
ual reflections in daytime scenes. Even under nighttime con-
ditions, where reflections closely resemble scene content,
DMDNet effectively removes reflections.

Ablation Studies

DSMamba Visualization Analysis Figure 7 (b) visual-
izes the scanning region map M,., generated by DA-
RScan. The partitioned regions align well with the structural
layout. Figures 7 (c)-(d) show that the original state-space
matrices B and C' exhibit a uniform distribution of activa-
tions, lacking discriminative focus. In contrast, Bgep:, and
Clicptn, amplify activations in salient structural regions while
suppressing responses in ambiguous areas, improving the
structural awareness of the state evolution. Notably, Bgepin
appears darker than Clyepp, as it more strictly regulates the
influence of inputs on the state, resulting in generally lower
activation values.

Comparison with Mamba Variants For a fair compari-
son and to adapt these methods to reflection separation, we
replace our DSMamba with MambalR (Guo et al. 2024),
VMambalR (Shi et al. 2025), and MambalRv2 (Guo et al.
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Figure 6: Qualitative comparison with SOTAs on the transmission layer. Our DMDNet removes reflections most effectively in
both daytime and nighttime scenes. The nighttime image is taken from the NightIRS dataset.
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Figure 7: DSMamba visualization. M,.., shows the region-
wise scanning order. (c)—(f) show the state-space matrices.
B epin and Cyeper, focus more on salient structures.

2025) while keeping the training strategy identical. As
shown in Table 3, MambalR and VMambalR are constrained
by fixed scanning orders, limiting their ability to disentangle
overlapping layers. MambalRv2’s attentive state-space de-
sign is easily disturbed by reflections with similar semantics
to scene content. By contrast, our DSMamba outperforms
these variants on both T" and R restoration.

Ablation Study on DSMamba As shown in Table 4, the
best performance is achieved when DA-RScan is used for
T and DA-GScan for R, outperforming the original four-
directional scanning strategy in Vmamba. The results also
demonstrate the superiority of DS-SSM over the original
SSM, and validate the effectiveness of SPE.

Ablation Study on MECM As shown in Table 5, both
GPStream and SCStream are beneficial for performance.
Furthermore, increasing the total number of memory experts
Ngyp offers more diverse feature priors, while selecting an
appropriate number of top-k experts NFfip enables effective
expert routing and reduces computational cost. The setting
Nggp =4, N gxp = 2 achieves a satisfactory balance.
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Scanning Strategy [State-Space SPE Average Param FLOPs
T R Model PSNR T SSIM TLPIPS || M) (G)]
DA-RScan DA-GScan| DS-SSM | v [ 26.27 0.889 0.093 [87.22 39.33
DA-RScan DA-RScan| DS-SSM | v' | 2599 0.886 0.098 | 87.22 39.33
DA-GScan DA-GScan| DS-SSM | v/ | 25.87 0.886 0.100 | 87.22 39.33
DA-GScan DA-RScan| DS-SSM | v | 26.09 0.887 0.096 |87.22 39.33
DA-RScan DA-GScan| DS-SSM | x | 25.66 0.882 0.105 | 87.22 39.33
DA-RScan DA-GScan| Original | v* | 25.78 0.884 0.098 |83.29 38.55
Original ~ Original | DS-SSM | v' | 25.69 0.884 0.096 | 89.36 39.21

Table 4: Ablation study on DSMamba. Results are reported
on the transmission layer of public datasets.

GP- SC- NE N Average Param FLOPs
Stream Stream | B “YEX [PSNRT SSIM T LPIPS || M) (G)!
v v 2 4 2627 0.889 0.093 | 87.22 39.33
X X 0 0 2493 0.882 0.100 | 5592 35.85
X v 2 4 2591 0.884 0.100 | 80.98 37.66
v X 2 4 26.07 0.887 0.096 | 80.98 37.67
v v 1 3 2593 0.884 0.098 | 79.39 37.60

Table 5: Ablation study on MECM. Results are reported on
the transmission layer of public datasets.

Conclusion

We propose DMDNet to address the challenge of separating
transmission and reflection layers when they exhibit simi-
lar contrast, especially in nighttime scenes. We present DS-
Mamba, employing DAScan to prioritize structurally salient
regions, and DS-SSM to enhance their influence on state
evolution while suppressing the diffusion of interference.
We introduce MECM, enabling experts to adaptively lever-
age cross-image knowledge to compensate for layer recov-
ery. In addition, we construct the NightIRS dataset for eval-
uating nighttime reflection separation. Experimental results
show that DMDNet outperforms SOTAs across all-day sce-
narios. One limitation is its reliance on supervised training
data, and future work will explore unsupervised approaches.



References

Chen, X.; Jiang, X.; Tao, Y.; Lei, Z.; Li, Q.; Lei, C.; and
Zhang, Z. 2025. FIRM: Flexible Interactive Reflection Re-
Moval. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 39, 2230-2238.

Dong, Z.; Xu, K.; Yang, Y.; Bao, H.; Xu, W.; and Lau, R. W.
2021. Location-aware single image reflection removal. In
Proceedings of the IEEE/CVF international conference on
computer vision, 5017-5026.

Elnenaey, A.; and Torki, M. 2024. Utilizing Multi-Step Loss
for Single Image Reflection Removal. In 2024 IEEE/ACS
21st International Conference on Computer Systems and
Applications (AICCSA), 1-6. IEEE.

Everingham, M.; Van Gool, L.; Williams, C. K.; Winn, J.;
and Zisserman, A. 2010. The pascal visual object classes
(voc) challenge. International journal of computer vision,
88(2): 303-338.

Fan, Q.; Yang, J.; Hua, G.; Chen, B.; and Wipf, D. 2017.
A generic deep architecture for single image reflection re-
moval and image smoothing. In Proceedings of the IEEE
International Conference on Computer Vision, 3238-3247.

Feng, X.; Pei, W.; Jia, Z.; Chen, F.; Zhang, D.; and Lu, G.
2021. Deep-masking generative network: A unified frame-
work for background restoration from superimposed images.
IEEE Transactions on Image Processing, 30: 4867-4882.

Gu, A.; and Dao, T. 2023. Mamba: Linear-time se-
quence modeling with selective state spaces. arXiv preprint
arXiv:2312.00752.

Guo, H.; Guo, Y.; Zha, Y.; Zhang, Y.; Li, W.; Dai, T.; Xia,
S.-T.; and Li, Y. 2025. Mambairv2: Attentive state space
restoration. In Proceedings of the Computer Vision and Pat-
tern Recognition Conference, 28124-28133.

Guo, H,; Li, J.; Dai, T.; Ouyang, Z.; Ren, X.; and Xia, S.-
T. 2024. Mambair: A simple baseline for image restoration
with state-space model. In European conference on com-
puter vision, 222-241. Springer.

He, L.; Chang, Y.; Cong, R.; Liu, H.; Huang, S.; Tao, R.; and
Zhao, Y. 2025. Rethinking depth guided reflection removal.
IEEE Transactions on Multimedia.

He, X.; Yan, K.; Li, R.; Xie, C.; Zhang, J.; and Zhou, M.
2024. Frequency-adaptive pan-sharpening with mixture of
experts. In Proceedings of the AAAI Conference on Artificial
Intelligence, volume 38, 2121-2129.

Hong, Y.; Lyu, Y.; Li, S.; Cao, G.; and Shi, B. 2022. Reflec-
tion removal with NIR and RGB image feature fusion. /[EEE
Transactions on Multimedia, 25: 7101-7112.

Hong, Y.; Zhong, H.; Weng, S.; Liang, J.; and Shi, B. 2024.
L-differ: Single image reflection removal with language-
based diffusion model. In European Conference on Com-
puter Vision, 58-76. Springer.

Hu, Q.; and Guo, X. 2021. Trash or treasure? an interac-
tive dual-stream strategy for single image reflection separa-
tion. Advances in Neural Information Processing Systems,
34: 24683-24694.

3856

Hu, Q.; and Guo, X. 2023. Single image reflection sep-
aration via component synergy. In Proceedings of the
IEEE/CVF International Conference on Computer Vision,
13138-13147.

Hu, Q.; Wang, H.; and Guo, X. 2024. Single image re-
flection separation via dual-stream interactive transformers.
Advances in Neural Information Processing Systems, 37:
55228-55248.

Huynh-Thu, Q.; and Ghanbari, M. 2008. Scope of valid-
ity of PSNR in image/video quality assessment. Electronics
letters, 44(13): 800-801.

Kingma, D. P;; and Ba, J. 2014. Adam: A method for
stochastic optimization. arXiv preprint arXiv:1412.6980.

Kirillov, A.; Mintun, E.; Ravi, N.; Mao, H.; Rolland, C.;
Gustafson, L.; Xiao, T.; Whitehead, S.; Berg, A. C.; Lo,
W.-Y.; et al. 2023. Segment anything. In Proceedings of
the IEEE/CVF international conference on computer vision,
4015-4026.

Lei, C.; and Chen, Q. 2021. Robust reflection removal
with reflection-free flash-only cues. In Proceedings of the
IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 14811-14820.

Lei, C.; Huang, X.; Zhang, M.; Yan, Q.; Sun, W.; and Chen,
Q. 2020. Polarized reflection removal with perfect alignment
in the wild. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, 1750-1758.

Levin, A.; and Weiss, Y. 2007. User assisted separation of
reflections from a single image using a sparsity prior. /[EEE
Transactions on Pattern Analysis and Machine Intelligence,
29(9): 1647-1654.

Li, C.; Yang, Y.; He, K.; Lin, S.; and Hopcroft, J. E. 2020a.
Single image reflection removal through cascaded refine-
ment. In Proceedings of the IEEE/CVF conference on com-
puter vision and pattern recognition, 3565-3574.

Li, R.; Qiu, S.; Zang, G.; and Heidrich, W. 2020b. Re-
flection separation via multi-bounce polarization state trac-
ing. In European Conference on Computer Vision, 781-796.
Springer.

Liu, Y.; Tian, Y.; Zhao, Y.; Yu, H.; Xie, L.; Wang, Y.; Ye,
Q.; Jiao, J.; and Liu, Y. 2024. Vmamba: Visual state space

model. Advances in neural information processing systems,
37:103031-103063.

Niklaus, S.; Zhang, X. C.; Barron, J. T.; Wadhwa, N.; Garg,
R.; Liu, F.; and Xue, T. 2021. Learned dual-view reflection
removal. In Proceedings of the IEEE/CVF Winter Confer-
ence on Applications of Computer Vision, 3713-3722.

Peng, L.; Di, X.; Feng, Z.; Li, W.; Pei, R.; Wang, Y.; Fu,
X.; Cao, Y.; and Zha, Z.-J. 2025. Directing mamba to com-
plex textures: An efficient texture-aware state space model
for image restoration. arXiv preprint arXiv:2501.16583.

Ranftl, R.; Lasinger, K.; Hafner, D.; Schindler, K.; and
Koltun, V. 2022. Towards Robust Monocular Depth Estima-
tion: Mixing Datasets for Zero-shot Cross-dataset Transfer.

IEEE Transactions on Pattern Analysis and Machine Intelli-
gence, 44(3): 1623-1637.



Shi, Y.; Xia, B.; Jin, X.; Wang, X.; Zhao, T.; Xia, X.; Xiao,
X.; and Yang, W. 2025. Vmambair: Visual state space model
for image restoration. [EEE Transactions on Circuits and
Systems for Video Technology.

Sun, J.; Chang, Y.; Jung, C.; and Feng, J. 2019. Multi-
modal reflection removal using convolutional neural net-
works. IEEE Signal Processing Letters, 26(7): 1011-1015.
Wan, R.; Shi, B.; Duan, L.-Y.; Tan, A.-H.; and Kot, A. C.
2017. Benchmarking single-image reflection removal algo-
rithms. In Proceedings of the IEEE International Confer-
ence on Computer Vision, 3922-3930.

Wang, T.; Xie, M.; Cai, H.; Shah, S.; and Metzler, C. A.
2025. Flash-split: 2d reflection removal with flash cues and
latent diffusion separation. In Proceedings of the Computer
Vision and Pattern Recognition Conference, 5688—5698.
Wang, Y.; Zhang, J.; Wei, R.; Gao, W.; and Wang, Y.
2024. Mfrgn: Multi-scale feature representation generaliza-
tion network for ground-to-aerial geo-localization. In Pro-
ceedings of the 32nd ACM International Conference on Mul-
timedia, 2574-2583.

Wang, Z.; Bovik, A. C.; Sheikh, H. R.; and Simoncelli, E. P.
2004. Image quality assessment: from error visibility to
structural similarity. IEEE transactions on image process-
ing, 13(4): 600-612.

Wei, K.; Yang, J.; Fu, Y.; Wipf, D.; and Huang, H. 2019.
Single image reflection removal exploiting misaligned train-
ing data and network enhancements. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 8178-8187.

Xu, R.; Guo, M.; Wang, J.; Li, X.; Zhou, B.; and Loy, C. C.
2021. Texture memory-augmented deep patch-based image
inpainting. IEEE Transactions on Image Processing, 30:
9112-9124.

Xue, T.; Rubinstein, M.; Liu, C.; and Freeman, W. T. 2015.
A computational approach for obstruction-free photography.
ACM Transactions on Graphics (TOG), 34(4): 1-11.

Yang, J.; Gong, D.; Liu, L.; and Shi, Q. 2018. Seeing deeply
and bidirectionally: A deep learning approach for single im-
age reflection removal. In Proceedings of the european con-
ference on computer vision (ECCV), 654—669.

Yang, Y.; Ma, W.; Zheng, Y.; Cai, J.-F.; and Xu, W. 2019.
Fast single image reflection suppression via convex opti-
mization. In Proceedings of the IEEE/CVF conference on
computer vision and pattern recognition, 8141-8149.
Zamfir, E.; Wu, Z.; Mehta, N.; Tan, Y.; Paudel, D. P.; Zhang,
Y.; and Timofte, R. 2025. Complexity experts are task-
discriminative learners for any image restoration. In Pro-
ceedings of the Computer Vision and Pattern Recognition
Conference, 12753-12763.

Zhang, H.; Xu, X.; He, H.; He, S.; Han, G.; Qin, J.; and Wu,
D. 2019. Fast user-guided single image reflection removal
via edge-aware cascaded networks. [EEE Transactions on
Multimedia, 22(8): 2012-2023.

Zhang, R.; Isola, P.; Efros, A. A.; Shechtman, E.; and Wang,
0. 2018. The unreasonable effectiveness of deep features as
a perceptual metric. In Proceedings of the IEEE conference
on computer vision and pattern recognition, 586-595.

3857

Zhang, X.; Ng, R.; and Chen, Q. 2018. Single image reflec-
tion separation with perceptual losses. In Proceedings of the
IEEE conference on computer vision and pattern recogni-

tion, 4786-4794.

Zhao, H.; Li, M.; Hu, Q.; and Guo, X. 2025. Reversible
decoupling network for single image reflection removal. In
Proceedings of the Computer Vision and Pattern Recogni-

tion Conference, 26430-26439.

Zhong, H.; Hong, Y.; Weng, S.; Liang, J.; and Shi, B. 2024.
Language-guided image reflection separation. In Proceed-
ings of the IEEE/CVF Conference on Computer Vision and
Pattern Recognition, 24913-24922.

Zhu, L.; Liao, B.; Zhang, Q.; Wang, X.; Liu, W.; and Wang,
X. 2024a. Vision mamba: Efficient visual representation
learning with bidirectional state space model. arXiv preprint
arXiv:2401.09417.

Zhu, Y.; Fu, X.; Jiang, P-T.; Zhang, H.; Sun, Q.; Chen,
J.; Zha, Z.-J.; and Li, B. 2024b. Revisiting Single Im-
age Reflection Removal In the Wild. In Proceedings of
the IEEE/CVF Conference on Computer Vision and Pattern
Recognition, 25468-25478.

Zhu, Y.; Fu, X.; Zhang, Z.; Liu, A.; Xiong, Z.; and Zha, Z.-J.
2023. Hue guidance network for single image reflection re-
moval. IEEE Transactions on Neural Networks and Learn-
ing Systems.

Zou, W.; Lu, X.; Yi, Z.; Zhang, L.; Fu, G.; Li, P.; and Xiao,
C. 2024. Eyeglass reflection removal with joint learning of
reflection elimination and content inpainting. IEEE Transac-
tions on Circuits and Systems for Video Technology, 34(10):
10266-10280.



