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Abstract

Removing reflection from a single image is challenging due
to the absence of general reflection priors. Although exist-
ing methods incorporate extensive user guidance for satisfac-
tory performance, they often lack the flexibility to adapt user
guidance in different modalities, and dense user interactions
further limit their practicality. To alleviate these problems,
this paper presents FIRM, a novel framework for Flexible
Interactive image Reflection reMoval with various forms of
guidance, where users can provide sparse visual guidance
(e.g., points, boxes, or strokes) or text descriptions for bet-
ter reflection removal. Firstly, we design a novel user guid-
ance conversion module (UGC) to transform different forms
of guidance into unified contrastive masks. The contrastive
masks provide explicit cues for identifying reflection and
transmission layers in blended images. Secondly, we devise
a contrastive mask-guided reflection removal network that
comprises a newly proposed contrastive guidance interaction
block (CGIB). This block leverages a unique cross-attention
mechanism that merges contrastive masks with image fea-
tures, allowing for precise layer separation. The proposed
framework requires only 10% of the guidance time needed
by previous interactive methods, which makes a step-change
in flexibility. Extensive results on public real-world reflection
removal datasets validate that our method demonstrates state-
of-the-art reflection removal performance.

Introduction
Image reflection removal refers to the task of eliminating un-
wanted reflections in images captured through glass. Specif-
ically, the partially reflective glass superposes the scene of
interest with reflections behind the observer, which reduces
image contrast and potentially obscures important details.
Extensive research on image reflection removal primarily fo-
cuses on low-level and physics-based priors, such as gradi-
ent sparsity (Levin and Weiss 2007), ghosting effect (where
duplicate elements appear on thick glasses) (Shih et al.
2015), and reflection blurriness (Fan et al. 2017; Yang et al.
2019). However, these methods often struggle with beyond-
assumption reflections (e.g., sharp reflections), due to the
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similarity in natural image statistics between transmission
and reflection layers.

To alleviate the inherent ambiguity in layer separation,
using auxiliary inputs as additional guidance has become a
trend. Several works utilize multiple images or sensors to
gather additional information about reflections, such as po-
larization images (Patrick et al. 2018; Lei et al. 2020; Kong,
Tai, and Shin 2014; Lyu et al. 2019; Rui et al. 2020), flash
images (Lei and Chen 2021), and multi-view images (Xue
et al. 2015; Niklaus et al. 2021; Han and Sim 2017). How-
ever, these methods require additional sensors or multiple
captures, limiting their flexible applications in practice.

Interactive methods (Levin and Weiss 2007; Zhang et al.
2020) have also been studied, enabling reflection removal
with more readily available human guidance, yet they ex-
hibit significant limitations: i) support only a specific form
of user guidance, and ii) require dense interactions for sat-
isfactory performance, leading to high time costs. For in-
stance, in (Zhang et al. 2020), users draw dense strokes on
the edge of reflection and background, resulting in nearly
150 seconds of time cost per image, as indicated in Figure 1.

To address these limitations, we present FIRM, a novel
interactive framework that supports flexible user guidance
forms, including point, stroke, box, and text, for guiding re-
flection removal. As shown in Figure 1, unlike previous in-
teractive methods, our reflection removal network is not lim-
ited to specific guidance forms, as it incorporates a conver-
sion module to unify various guidance into a mask format.
Moreover, users can specify reflection and transmission lay-
ers with sparse guidance in an average of 15 seconds per im-
age, significantly reducing the time cost from 234 seconds
required by prior methods (Levin and Weiss 2007).

Specifically, we propose a two-stage pipeline in FIRM.
Firstly, we propose the user guidance conversion (UGC)
module to convert different guidance into a unified format,
that is, segmentation mask. For text guidance, we adopt the
text-based segmentation model (Lai et al. 2023). For visual
guidance (i.e., point, box, stroke), we develop a novel Seg-
ment Any Reflection Model (SARM) based on the Segment
Anything Model (SAM) (Kirillov et al. 2023), which freezes
most parameters of SAM and updates only a learnable token
and a feature selection block in the mask decoder. We do this
because we observe that the original SAM falters in blended
images when provided with sparse point prompts, as shown
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Figure 1: Comparison between previous interactive method (Levin and Weiss 2007; Zhang et al. 2020) and ours. (a) and
(b) illustrate the structural differences. The previous methods are guidance-specific, with tailored reflection removal networks
(Rpoint, Rstroke) for each guidance form(e.g., point or stroke). In contrast, our framework is flexible, utilizing a conversion
module to accommodate various forms of guidance by transforming them into a unified “segmentation mask”. (c) Additionally,
we compare the time cost of providing user guidance, where our method requires significantly less time per image than the
results reported in previous works (Zhang et al. 2020).

in Table 3. To address the performance degradation of SAM
on blended images while maintaining its strong zero-shot
capability, our SARM is trained using a lightweight param-
eter tuning strategy. Once trained, by prompting the UGC
module with guidance on both transmission and reflection
regions, we can obtain corresponding masks, which together
form contrastive masks. Secondly, we design a contrastive
mask-guided reflection removal network that employs a
novel contrastive guidance interaction block. This block en-
ables the contrastive mask to interact with blended features
and precisely separate out transmission and reflection fea-
tures using cross-attention mechanisms.

To evaluate the efficacy of our proposed FIRM frame-
work, we augment established benchmark datasets (Zhang
et al. 2018; Wan et al. 2017) by incorporating additional
user guidance, contributing to the first comprehensive inter-
active reflection removal dataset. Empirical results confirm
that FIRM effectively improves reflection removal perfor-
mance while requiring significantly less human guidance.
The main contributions of this work are threefold:

•We propose the first universal framework FIRM for in-
teractive image reflection removal, supporting diverse flex-
ible forms of guidance. In particular, we develop the UGC
module with a tailored segmentation model SARM, which
enhances the ability to generate accurate reflection masks
with sparse visual guidance.

• We propose a novel reflection removal network that
uses contrastive masks as additional guidance, employing a
cross-attention mechanism to fuse transmission and reflec-
tion masks with blended image features. Extensive exper-
iments demonstrate that it achieves superior reflection re-
moval performance while requiring 10× less time for anno-
tating user guidance.

• We contribute a comprehensive benchmark dataset
for interactive image reflection removal, consisting of four
forms of raw user guidance and their converted segmenta-
tion masks, facilitating further study in this field.

Related Work
Single-image reflection removal. Single-image reflection
removal is challenging due to its ill-posed nature, which of-
ten leads to ambiguous decompositions, as explored in (Wan
et al. 2017, 2022). Traditional methods rely on defocused
and ghosting cues. The defocus cue refers to reflections ap-
pearing blurry when focusing on the transmission layer due
to depth disparity. Non-learning based methods (Yang et al.
2019) exploit this by suppressing reflections with image
gradient statistics, while learning-based methods like (Fan
et al. 2017; Zhang et al. 2018) use these assumptions for
data synthesis. The ghosting cue (Shih et al. 2015) is rel-
evant for thick glass, identifies multiple reflections on the
glass surface. However, these methods face limitations when
these assumptions fail. Though several approaches employ
GANs (Wen et al. 2019; Ma et al. 2019; Goodfellow et al.
2014) or more accurate physical rendering methods (Kim,
Huo, and Yoon 2020) to mimic real reflection distributions,
or directly collect real-world data (Zhang et al. 2018; Wei
et al. 2019a; Li et al. 2020; Lei et al. 2021), they still face
challenges in covering diverse kinds of reflections (Lei et al.
2020; Hu and Guo 2023; Zhu et al. 2024), underscoring the
need for further research.
Reflection removal with auxiliary inputs. Alternative
methods that use additional inputs have been explored.
Motion-based techniques leverage multiple images to cap-
ture distinct motion characteristics, which aids in separating
reflections. However, they require complex image capture
setups and are limited by specific assumptions (Guo, Cao,
and Ma 2014; Han and Sim 2017; Li and Brown 2013; Liu
et al. 2020; Sun et al. 2016; Xue et al. 2015; Niklaus et al.
2021; Chugunov et al. 2023). Polarization-based methods
leverage different polarization properties of reflection and
transmission (Farid and Adelson 1999; Kong, Tai, and Shin
2014; Patrick et al. 2018; Lyu et al. 2019; Li et al. 2020; Rui
et al. 2020). Flash/ambient image pairs have also been stud-
ied to handle reflections and shadows (Agrawal et al. 2005;
Chang et al. 2020; Lei, Jiang, and Chen 2023). These meth-
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Figure 2: Illustration of our proposed pipeline FIRM. FIRM receives a blended image with diverse forms of user guidance,
such as visual guidance or text descriptions. The user guidance conversion module (UGC) first transforms the raw input into
contrastive masks with the user guidance. Then, the contrastive mask-guided network, incorporated with our designed Con-
trastive Guidance Interaction Block (CGIB) blocks, utilizes contrastive masks to separate the transmission and reflection layers
from the blended input. (Detailed network configurations are provided in supplementary materials.)

ods generally require additional equipment or specific image
acquisition conditions. Interactive methods utilize user guid-
ance, such as dense strokes or points, as additional input, but
they require extensive user annotations (Zhang et al. 2020;
Levin and Weiss 2007; Chen et al. 2024b). In most recent
work (Zhong et al. 2024), text descriptions are introduced
as a form of high-level user guidance. Our work diverges
by offering a unified user guidance representation that ac-
commodates various guidance forms, enhancing flexibility
in user interactions.

Method
Overview
In Figure 1, we present the limited practicality of previ-
ous interactive methods, which motivates us to design two
key objectives for the new framework: First, user guid-
ance should be flexible and support various forms; Second,
it ensures fast and convenient guidance annotation to fur-
ther improve the interactive process. As illustrated in Fig-
ure 2, given the blended image and the raw user guidance
in flexible modalities, the proposed FIRM framework pre-
dicts the underlying reflection and transmission images in
two stages. First, the user guidance conversion module trans-
forms the inputs into a unified contrastive mask, which cap-
tures prominent reflection and transmission region informa-
tion. Then, the contrastive mask-guided transformer, built
upon the Contrastive Guidance Interactive Block (CGIB) as
its core component, integrates image features with the con-
trastive masks for precise decomposition.

UGC: User Guidance Conversion
To enhance the flexibility of utilizing various forms of user
guidance, we introduce the UGC module to transform the
user guidance gi ∈ G into a unified mask format, where

G =
{
gi
}N

i=1
is the set of N user guidance (i.e., point,

box, stroke, text). The UGC module consists of interactive
segmentation models, represented as F = {FSARM,FText},
where we propose a novel Segment Any Reflection Model
(SARM)FSARM for handling visual guidance and an off-the-
shelf segmentation model FText for text guidance (Lai et al.
2023). The workflow can be formulated as:

M = F(S(gi), I), (1)

where I ∈ RH×W×3 is the blended image and power set
S(gi) represents the corresponding mix set of user guidance,
and segmentation mask M ∈ {0, 0.5, 1}H×W×1 contains
distinct values for reflection (1), transmission (0.5) and non-
annotated (0) areas. Specifically, we propose SARM to ad-
dress blended images while preserving the strong zero-shot
learning capabilities of SAM (Kirillov et al. 2023).
Preliminary of SAM. In the original SAM, the image en-
coder uses the Vision Transformer to process input images,
and the prompt encoder handles sparse prompts (e.g., points,
boxes) by converting them into suitable latent representa-
tions. The mask decoder then combines image and prompt
embeddings with an output token using a two-way trans-
former module. It then applies transpose convolutions to up-
sample mask features and utilizes token-to-image attention
to generate an output token for each mask. Finally, an MLP
converts this output token into a dynamic classifier, which is
multiplied with the mask features to produce the final seg-
mentation mask.
The tailored SARM. To achieve more accurate segmenta-
tion on blended images using sparse visual prompts, we tai-
lored SARM with minimal additional parameters to SAM,
keeping SAM’s image and prompt encoders fixed to main-
tain zero-shot capabilities while making two key modifica-
tions in the mask decoder. First, we introduce the learnable
degradation-invariant token. This token (size of 1 × 256) is
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Figure 3: Illustration of the training pipeline of SARM. We introduce learnable degradation-invariant token and feature
selection block into the original SAM architecture, aiming for accurate mask prediction in blended images. To maintain the
zero-shot capability of SAM (Kirillov et al. 2023), only a limited number of parameters in the mask decoder are trainable,
while the parameters of the image encoder and prompt encoder from the pre-trained SAM remain fixed.

concatenated with SAM’s output tokens (size of 4×256) and
prompt tokens (size of Nprompt × 256) as the input to mask
decoder. Additionally, we incorporate a learnable three-layer
MLP to generate dynamic weights, which are then used in a
point-wise product with the mask features. Second, we de-
sign the feature selection block to enhance prominent reflec-
tion features in blended images. This block takes intermedi-
ate mask features F ∈ Rc×h×w, first squeezing the spatial
information into Favg ∈ Rc×1×1 via average pooling. It
then employs a lightweight gating mechanism with sigmoid
activation function σ(.), as follows:

F̃ = σ(W1(GELU(W0(Favg)))⊙ F, (2)

where W0 ∈ Rc/r×c, W1 ∈ Rc×c/r denote the learnable
MLP weights. By exploiting the non-linear inter-channel re-
lationship of mask features, the network learns to focus on
channels that resemble salient features.

The training pipeline is shown in Figure 3. We first select
one clear image and input it into SAM. This image is also
used to synthesize the blended image, which is then fed into
SARM. The proposed SARM is supervised by both feature-
level and mask-level loss. For the mask-level segmentation
loss, we follow the configuration in (Kirillov et al. 2023),
combining Dice LDice (Sudre et al. 2017) and Focal Loss
LFocal (Lin et al. 2017). Additionally, we design a mask fea-
ture consistency loss to enhance the extraction of prominent
reflection features. The overall loss function is as follows:

Ltotal = LDice(Mp,Mgt) + λ0LFocal(Mp,Mgt) (3)

+λ1LMSE(F̃p ⊙Mgt, F̃gt ⊙Mgt),

where Mp, Mgt denotes the predicted and ground-truth re-
flection mask, F̃p and F̃gt represent the mask features of
SAM and SARM, λ0 and λ1 are hyper-parameters for dif-
ferent loss terms.

Algorithm 1: Training data synthesis pipeline
Input: Two clear RGB images T, R and its instance mask
M
Output: Blended image I, reflection instance mask Mr,
contrastive points {ppos, pneg}

1: I← Reflection Synthesis(T, R)
2: R

′ ← threshold(I−T, 0) # Residual map
3: max reflection value← 0
4: for each instance Mi in M do
5: avg value←MEAN(R

′ ·Mi)
6: if avg value > max reflection value then
7: max reflection value← avg value
8: Mr ←Mi ·R

′

9: end if
10: end for
11: Randomly sample a reflection point ppos from Mr

12: Randomly select a transmission point pneg from the
neighbour of Mr

13: return I, Mr, {ppos, pneg}

Constructing training data for SARM. Since there is no
public reflection segmentation dataset, we manually synthe-
size training data based on the COCO dataset (Lin et al.
2014). As illustrated in Algorithm 1, we first apply the
pipeline from (Zhang et al. 2018) to synthesize blended im-
ages using two clear images. Then we obtain a pseudo re-
flection instance mask Mr by traversing the instance mask
with the highest values in the residual map, along with con-
trastive points located inside and outside the reflection mask.
The proposed SARM is trained with blended images using
contrastive points as prompts.
Inference. SARM supports points, boxes, or strokes as
prompts. When the reflection area is labeled positively, we
obtain the reflection mask; otherwise, we get the transmis-

2233



Input IBCLNLocNet DSRNet Ours Ground truth

Figure 4: Qualitative comparison of estimated transmissions between representative single-image-based methods and
ours on Real20 and SIR2 datasets. Single-image-based methods struggle to remove sharp reflections. Our approach achieves
much better reflection removal than baselines with very sparse point guidance on reflection and transmisson areas.

sion mask. Stroke guidance is supported by uniformly sam-
pling points along the stroke trajectory. Finally, we merge
the reflection and transmission masks into a single mask, re-
ferred to as the contrastive mask.

Contrastive Mask-Guided Reflection Removal
In the second stage, building upon a U-shaped encoder-
decoder architecture, we propose a novel Contrastive Guid-
ance Interaction Block (CGIB) that effectively incorporates
guidance information from contrastive masks into the fea-
ture decomposition process. Our method differs from exist-
ing mask-guided methods (Dong et al. 2021b) by integrating
image features with auxiliary contrastive masks that provide
more accurate region boundary information, enabling more
precise layer separation.

Specifically, with the blended image I ∈ RH×W×3 and
the converted contrastive mask M ∈ RH×W×1, we con-
catenate them along the channel dimension and feed it into
the reflection removal networkR, which separates transmis-
sion layer T̂ and reflection layer R̂. The network primarily
consists of NAFNet Blocks (Chen et al. 2022) for feature
extraction, incorporating CGIB into the middle layers for fa-
cilitating feature decoding. The overall process is:

{T̂, R̂} = R(I⊕M,M; θ), (4)

where θ denotes the network parameters ofR and⊕ denotes
the concatenation operation.

The CGIB consists of three components, namely, Query
Feature Generation, Channel-wise Cross Attention (CCA),
and Feed-Forward Network (FFN). First, a query is gener-
ated using the contrastive mask. The contrastive mask is re-
sized into M

′ ∈ Rh×w×1 to match the spatial dimensions of
the blended features, followed by element-wise multiplica-
tion between the resized mask and blended features Iθ. This
step extracts the prominent reflection or transmission feature

as queries, denoted as Qθ. Note that, to handle the different
resolutions of input images during inference, we resize Qθ

to a fixed spatial dimension h′ × w′, Next, the CCA mod-
ule uses the query feature Qθ as anchors to correlate similar
components in the blended features Iθ. The overall process
of the CCA module is:

CCA(Qθ,K,V) = V Softmax(
QθK

⊤

α
), (5)

where K ∈ Rc×h′w′
and V ∈ Rhw×c denote the blended

image feature-generated key and value projections respec-
tively, α is a temperature factor. The FFN component de-
sign strictly follows previous work (Zamir et al. 2022). The
whole network is trained with pixel-wise reconstruction loss
in the image and gradient domain (Hu and Guo 2023), per-
ceptual loss (Wei et al. 2019b), and exclusion loss (Zhang
et al. 2018).

Experiments
Dataset
Following the setting in (Hu and Guo 2023), the training
data for reflection removal consists of 7,643 synthesized
pairs from the PASCAL VOC dataset (Everingham et al.
2010) and 90 real pairs from (Zhang et al. 2018). The pro-
posed FIRM is trained using point guidance. For real data,
we manually label one reflection and one transmission point
per image. For synthetic data, we obtain contrastive points
following the pipeline in Algorithm 1. The test data includes
Real20 and SIR2 (Zhang et al. 2018; Wan et al. 2017). The
SIR2 dataset (Wan et al. 2017) consists of three data splits:
SIR2-Object, SIR2-Postcard, and SIR2-Wild, each featuring
distinct contents and depth scales.
Flexible interactive reflection removal dataset. Since
there is no publicly available evaluation dataset for inter-
active image reflection removal, we construct a compre-
hensive dataset that includes four forms of guidance. This
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Real20 (20) Object (200) Postcard (199) Wild (55) Average
Category Method PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM PSNR SSIM

Zhang et al. (Zhang et al. 2018) 22.55 0.788 22.68 0.879 16.81 0.797 21.52 0.832 20.08 0.835
BDN (Yang et al. 2018) 18.41 0.726 22.72 0.856 20.71 0.859 22.36 0.830 21.65 0.849
ERRNet (Wei et al. 2019a) 22.89 0.803 24.87 0.896 22.04 0.876 24.25 0.853 23.53 0.879
IBCLN (Li et al. 2020) 21.86 0.762 24.87 0.893 23.39 0.875 24.71 0.886 24.10 0.879
RAGNet (Li et al. 2023) 22.95 0.793 26.15 0.903 23.67 0.879 25.53 0.880 24.90 0.886
DMGN (Feng et al. 2021) 20.71 0.770 24.98 0.899 22.92 0.877 23.81 0.835 23.80 0.877
Zheng et al. (Zheng et al. 2021) 20.17 0.755 25.20 0.880 23.26 0.905 25.39 0.878 24.19 0.885
YTMT (Hu and Guo 2021) 23.26 0.806 24.87 0.896 22.91 0.884 25.48 0.890 24.05 0.886
LocNet (Dong et al. 2021a) 23.34 0.812 24.36 0.898 23.72 0.903 25.73 0.902 24.18 0.893

Single-image-based
methods

DSRNet (Hu and Guo 2023) 23.85 0.813 26.38 0.918 24.56 0.908 24.79 0.896 25.46 0.908

Levin et al.† (Levin and Weiss 2007) - - - - - - - - - 0.798
FGNet (Zhang et al. 2020) 24.21 0.812 24.97 0.876 22.84 0.863 25.23 0.891 24.07 0.872Interactive

methods Zhong et al. (Zhong et al. 2024) 24.05 0.814 26.41 0.920 24.62 0.905 26.20 0.920 25.53 0.909
Ours 26.88 0.826 26.80 0.921 24.90 0.910 29.71 0.932 26.34 0.914

Table 1: Quantitative comparison with baselines on Real20 and SIR2 dataset. Our method trained with points (i.e., Ours-
point) achieves the best performance on most evaluated datasets. We notice the reflection images in SIR2-Postcard tend to be
more blurry, which makes the performance difference smaller. In wild scenes like Real20, SIR2-Object, and SIR2-Wild, where
the reflections are sharper, the improvement of our approach is larger. For (Levin and Weiss 2007), we reference the results
from (Zhang et al. 2020), indicated by †.

dataset builds on the public reflection datasets Real20 and
SIR2 (Zhang et al. 2018; Wan et al. 2017), where we fur-
ther annotate prominent reflection and transmission areas in
the blended images. We engage a team of annotators to label
points, strokes, and bounding boxes on blended images. We
then extract point coordinates from these annotations and
feed them into the trained SARM as prompts to obtain cor-
responding segmentation masks. Text-guided segmentation
masks are generated using the model (Lai et al. 2023), with
text descriptions manually labeled by the annotators.

Implementation Details
The proposed framework is implemented with PyTorch.
During the training phase of SARM, only the proposed mod-
ules are optimized. Using point-based prompts, SARM is
trained with a fixed learning rate of 0.0005 for 50 epochs
on 8 NVIDIA A100 GPUs. The batch size is set as 8. The
reflection removal network is optimized using the Adam op-
timizer for a total of 200,000 iterations, with a batch size of
8 on a single A100 GPU. The initial learning rate is set to
10−3 and gradually reduce to 10−6 with the cosine anneal-
ing schedule (Loshchilov and Hutter 2016).

Evaluations on Reflection Removal
We first compare the reflection removal performance of the
proposed FIRM with two categories of methods, including
single-image-based and interactive methods.
Baselines. i) Single-image-based methods, including Zhang
et al. (Zhang et al. 2018), BDN (Yang et al. 2018), ERR-
Net (Wei et al. 2019a), IBCLN (Li et al. 2020), RAGNet (Li
et al. 2023), DMGN (Feng et al. 2021), Zheng et al. (Zheng
et al. 2021), YTMT (Hu and Guo 2021), LocNet (Dong et al.
2021b), DSRNet (Hu and Guo 2023). ii) Interactive meth-
ods (Levin and Weiss 2007; Zhang et al. 2020; Zhong et al.
2024). We retrain these methods on our training data for fair
comparisons if their codes are available.

Quantitative results. In Table 1, we present the quantita-
tive results of our approach and baselines on Real20 (Zhang
et al. 2018) and SIR2 (Wan et al. 2017) dataset. We employ
PSNR (Huynh-Thu and Ghanbari 2008) and SSIM (Wang,
Simoncelli, and Bovik 2003) as metrics to evaluate the re-
covery quality of transmission layers. Our proposed FIRM
(with points as guidance), denoted as “Ours,” consistently
outperforms other methods in all data sets, showcasing its
superior generalization ability and effectiveness. Notably,
our method also surpasses the text-based interactive ap-
proach (Zhong et al. 2024). We speculate this arises from
the recognizable layer ambiguity, where certain image lay-
ers lack corresponding language descriptions. In contrast,
point annotations provide greater flexibility across diverse
scenarios. Additionally, our approach significantly reduces
the reliance on dense point annotations, reducing the anno-
tation number from 50 (Levin and Weiss 2007) points per
image to only 2 points. This sparse point guidance not only
simplifies the user interaction process but also enhances the
practicality of our method in real-world applications.
Qualitative results. We provide qualitative comparisons
with single-image-based methods in Figure 4. As depicted,
single-image methods often struggle to separate sharp re-
flections from the input image. For instance, bright spots
on the cartoon dolls (row 1) and walls (row 3), and the
pillow with orange patterns (row 2) have similar inten-
sities as foregrounds. In contrast, our method is capable
of producing high-quality transmission images. We also
present results from interactive methods in Figure 5, includ-
ing FGNet (Zhang et al. 2020), which requires dense scrib-
bles and yields inferior results, and the method (Zhong et al.
2024), which uses text descriptions for reflections and trans-
mission as additional guidance. For reflections lacking de-
scribable semantics (indicated as “Not provided”), the text-
based method struggles to identify them, while our approach
uses just two or three sparse points to achieve significantly
better visual quality.
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Figure 5: Qualitative comparison of predicted transmissions between state-of-the-arts interactive methods and ours on
SIR2 datasets (Wan et al. 2017). The guidance for reflection and transmission regions is labeled with different colors. Our
approach achieves superior reflection removal using just 2 sparse points.

Method NAFNet UGC CGIB Contrastive Mask PSNR SSIM

Blended Only ✓ 24.01 0.880
Raw Point ✓ 24.05 0.886
Raw Mask ✓ ✓ 25.70 0.907
Reflection Mask ✓ ✓ ✓ 26.07 0.902
Ours ✓ ✓ ✓ ✓ 26.34 0.914

Table 2: Ablation study of the proposed FIRM. Abla-
tion results show that raw prompt-based methods underper-
form, while feature-level interactions with converted masks
achieve better results across most datasets.

Ablation Study
We conduct ablation studies to validate the effectiveness of
our proposed modules or designs, including UGC, CGIB,
and the Contrastive Mask. All model variants are trained
from scratch using the same NAFNET-based architec-
ture (Chen et al. 2022) and evaluated on the Real20 and SIR2
datasets using points as additional guidance. These method
variants include: i) Blended Only: Using only blended im-
ages as input to the network; ii) Raw Point: Without UGC
and CGIB, raw points are directly combined with blended
images; iii) Raw Mask: Without CGIB, the converted con-
trastive masks are directly combined with blended images
as input; iv) Reflection Mask: Only the converted reflection
mask is used for deep feature interaction in CGIB. The aver-
age performance is shown in Table 2. Integrating raw points
with the blended image directly or using blended image only
yields inferior results, indicating the converted segmentation
mask (UGC) is more effective for guiding removal. Directly
combining converted masks with blended images also re-
sults in limited gains, emphasizing the importance of deep
feature interaction (CGIB). Further, using reflection masks
only for feature interaction cannot achieve optimal perfor-
mance due to the lack of interaction cues.

We also evaluate the segmentation performance of the
trained SARM on synthesized reflections using the COCO
validation set (Lin et al. 2014) and real-world reflections

from SIR2 (Wan et al. 2017). For comparison, we include
RobustSAM (Chen et al. 2024a), a recent model designed
for degraded image segmentation. Unlike common degra-
dations, reflections usually exhibit arbitrary patterns, which
makes our proposed SARM more suitable for reflection seg-
mentation, as shown in Table 3.

Synthetic Data SIR2

Reflection Transmission Reflection TransmissionMethod
IOU Dice IOU Dice IOU Dice IOU Dice

Frozen-SAM 0.306 0.469 0.840 0.905 0.326 0.432 0.803 0.879
RobustSAM 0.316 0.472 0.844 0.912 0.337 0.454 0.817 0.894
SAM-decoder-ft 0.369 0.505 0.854 0.923 0.449 0.574 0.824 0.903
SARM 0.429 0.565 0.857 0.926 0.541 0.702 0.829 0.906

Table 3: Segmentation comparison on the synthetic data
based on COCO validation set and real data on SIR2-
dataset using point prompts. “-decoder-ft”: finetuning the
entire SAM mask decoder.

Conclusion
This paper proposes a flexible interactive reflection removal
approach that leverages human guidance in diverse forms
as an auxiliary input. The user guidance conversion mod-
ule, built upon a novel segment-any-reflection model, gener-
ates accurate reflection masks while preserving strong per-
formance on clear images. Further, a Contrastive Guidance
Interaction Block is designed in an encoder-decoder-based
network to facilitate precise image layer separation using the
generated masks, achieving superior reflection removal per-
formance across various datasets. This highlights the signifi-
cance of human guidance in addressing ambiguity in single-
image reflection removal. Furthermore, we enhance existing
public reflection removal datasets with sparse human anno-
tations, facilitating further study.
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