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Abstract— Reflections often degrade the quality of images
by obstructing the background scenes. This is not desirable
for everyday users, and it negatively impacts the performance
of multimedia applications that process images with reflections.
Most current methods for removing reflections utilize supervised
learning models. These models require an extensive number of
image pairs of the same scenes with and without reflections to
perform well. However, collecting such image pairs is challenging
and costly. Thus, most current supervised models are trained
on small datasets that cannot cover the numerous possibilities
of real-life images with reflections. In this paper, we propose an
unsupervised method for single-image reflection removal. Instead
of learning from a large dataset, we optimize the parameters
of two cross-coupled deep convolutional neural networks on a
target image to generate two exclusive background and reflection
layers. In particular, we design a network model that embeds
semantic features extracted from the input image and utilizes
these features in the separation of the background layer from the
reflection layer. We show through objective and subjective studies
on benchmark datasets that the proposed method substantially
outperforms current methods in the literature. The proposed
method does not require large datasets for training, removes
reflections from single images, and does not impose impractical
constraints on the input images.

Index Terms—Image Reflection, Unsupervised Learning

I. INTRODUCTION

We frequently encounter unpleasant reflections when taking
photos through transparent surfaces such as glass windows.
These reflections reduce the visual quality and utility of the
captured photos. Reflections may also significantly degrade
the performance of multimedia applications such as object
detection and face identification. Thus, removing reflection
from images is an important problem for users and applica-
tions. Removing reflection is, however, a challenging research
problem. Specifically, an image I containing reflection can
be defined as a linear superposition of two image layers,
background layer B and reflection layer R as:

I = B +R. (1)

Eq. (1) implies that the reflection removal problem is in-
herently ill-posed, since there are infinite valid decomposition
pairs of B and R.

To address the difficulty of the reflection removal problem,
some prior approaches utilize additional information such as
motion cues from a sequence of images captured for the same
scene [1], [2], [3], [4]. In many practical scenarios, however,
a sequence of images of the same scene may not be available,
and thus these methods would fail. Other prior approaches
make assumptions on the background and reflection layers,
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such as sparse gradient prior [5], blurriness of the reflection
layer [6], and ghosting cues [7]. These approaches also fail
when the assumptions do not hold, which regularly occurs
because of the vast diversity of real-world images. Moreover,
most prior works, especially recent ones that utilize deep learn-
ing models, require a large amount of training data. That is,
most of them are supervised learning methods, which produce
acceptable results on images somewhat similar to the ones
seen in the training datasets. Collecting large training datasets
for image reflection removal is challenging in practice, as it
requires capturing each scene with and without reflection at
the same time. Thus, most datasets in the literature tend to be
small and do not cover a wide variety of reflection scenarios.
Therefore, supervised learning methods may not produce good
results because of the limited size of the datasets, especially
on images that have different characteristics than those in the
training datasets.

In this paper, we propose an unsupervised method for the
single-image reflection removal problem, which, to the best
of our knowledge, is the first unsupervised solution for such
complex problem. The proposed method does not require
large datasets for training, removes reflections from individual
images, and does not make unrealistic assumptions on the
input images. Despite the difficulty of designing unsupervised
learning models, we believe they have the potential to address
the complexity of the single-image reflection removal problem
for wide diversity of images.

Our method builds on recent works which show that not all
image priors must be learned from data. Rather, some of the
image characteristics can be captured by the network structure
itself. This is referred to as Deep Image Prior (DIP) [8], and it
is used for some image restoration problems by optimizing the
parameters of the untrained neural network to restore the target
image from random noise. Gandelsman et al. [9] extended this
idea by utilizing multiple DIPs to decompose images into their
basic components, which can be useful for applications such
as image dehazing, segmentation, watermark removal, and
transparent layer separation. The generic image decomposition
method in [9], however, requires multiple inputs to solve the
reflection separation problem. Specifically, this method either
requires a sequence of images or two different mixtures of the
background and reflection layers to address the ambiguity in
the reflection removal problem, as indicated by Eq. (1). As
mentioned earlier, in many cases a sequence of images of the
same scene may not be available. And requiring two different
mixtures of the background and reflection layers as input is
not practical, as these layers are actually the outputs we are
trying to obtain in the first place.

We present a new model which addresses the limitations
of the multiple DIPs method, especially for the single-image
reflection removal problem. Specifically, we first propose
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embedding high-level semantic information into the DIP, and
we refer to it as Perceptual DIP. Second, we propose a cross-
feedback structure of two Perceptual DIPs, where the output
of one Perceptual DIP is weighted and fed back into the other
DIP. Each Perceptual DIP captures the self-similarity nature of
areas within each layer. The two Perceptual DIPs each capture
the context of one of the two layers in the input image, and
the cross-feedback structure allows our method to effectively
separate layers in single images without any additional inputs.
Thus, the proposed Perceptual DIP and the cross-feedback
structure can address the ambiguity and difficulty of the single-
image reflection removal problem.

The contributions of this paper are as follows.

• We present the first unsupervised method for the chal-
lenging single-image reflection removal problem. Given
only a single image observation, our method successfully
generates background and reflection layers, without any
training data or additional information. The proposed
method is composed of three main components: Percep-
tual DIP, cross-feedback, and refinement.

• We present a new architecture for the generator network
in the Perceptual DIP component, which allows it to
utilize both low-level image statistics and high-level
perceptual information during the optimization.

• We design a cross-feedback structure that encourages
perceptually more meaningful separation by jointly op-
timizing the parameters of two Perceptual DIPs, without
requiring additional inputs.

• We present a semantically-guided in-painting neural net-
work to refine the quality of the produced images after
removing the reflection.

• We conduct a subjective study to compare our unsu-
pervised method versus four state-of-the-art supervised
methods for removing reflection [10], [11], [12], [13].
The subjective study was approved by our university’s
Research Ethics Board. Fifty subjects participated in this
study and evaluated the quality of the reflection separation
achieved by all considered methods on 16 images chosen
from datasets commonly used in prior works. The results
show that, on real-world images with complex reflec-
tions, our unsupervised method substantially outperforms
all prior works and successfully removes most of the
reflections, without any training datasets. For example,
an improvement in the Mean Opinion Score (MOS) by
up to 37% can be achieved by our method compared to
prior works. We also show that our method outperforms
the unsupervised image decomposition method in [9],
without requiring any additional inputs.

• We analyze the various components of the proposed
method to show the importance and contribution of
each component to the end result. We also analyze the
limitations of the proposed method and the cases where
it may not produce good results.

The rest of this paper is organized as follows. Section II
summarizes the related work in the literature. Section III
presents the proposed method. Section IV compares the per-
formance of the proposed method against the closest works in

the literature, and Section V concludes the paper.

II. RELATED WORK

As mentioned in Section I, the image reflection removal
problem is ill-posed and complex to solve. To address this
complexity, several prior works assumed the availability of
multiple images from a slightly moving camera for the same
scene, which results in motion differences between the back-
ground and reflection layers due to their different depths with
respect to the camera (motion parallax). Examples of such
multi-image approaches for reflection removal include [1], [2],
[3], [4]. However, multiple images for the same scene may
not always be available. Therefore, it is important and more
practical to develop solutions for removing reflections from
single images, which is the objective of this paper.

Several traditional, i.e., not neural network-based, prior
works addressed the single-image reflection removal problem
by imposing priors or assumptions on the reflection to make
the problem tractable. Examples of these assumptions include
the sparse prior of gradients and local features [5], blurrier
reflection prior [6], ghosting cues [7], and different depth fields
between the two layers [14].

More recent approaches for single-image reflection removal
employ deep learning models and have been shown to outper-
form traditional ones. Examples of the most recent works in
this direction include [10], [11], [12], [13], [15], [16], [17],
[18], [19], [20], [21], [22]. We provide brief descriptions of
these works in the following.

Fan et al. [15] introduce a solution using weakly supervised
learning for training a single reflection removal model. Ma
et al. [17] use unpaired supervision to design a weakly-
supervised framework by integrating reflection generation and
separation into a single model. Zhang et al. [16] propose a
two-stage pipeline that utilizes edge hints of the background
and reflection layers given by users to recover the missing
details in the background layer.

Zhang et al. [10] utilize perceptual losses to improve the
separation of the background layer from the reflection layer.
Yang et al. [11] propose a cascade deep neural network
(referred to as BDN) to estimate the background and reflection
layers bidirectionally. Abico et al. [13] utilize a gradient
constraint loss with generative adversarial networks to produce
high-quality background layers. This approach is referred to
as GCNet. Wei et al. [12] propose a framework with a context
encoding module (called ERRNet) to handle the misalignment
that usually occurs when collecting real datasets with pairs
of images showing the captured scenes with and without
reflections.

Prasad et al. [19] propose a lightweight deep learning model
to remove reflection in two stages: processing the image using
a deep architecture in the lower scales of the image and a
progressive inference stage for higher scales, which is guided
by the up-sampled lower scale outputs. Their architecture
utilizes weight sharing, which allows it to perform faster and
have fewer parameters compared to other methods. Niklaus et
al. [20] introduce a model that uses stereo images as input to
address the difficulty of the image reflection problem.
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Zheng et al. [21] consider the absorption effect (which is,
approximately, the average of the refractive amplitude coeffi-
cient map) in their formulation of the single image reflection
removal problem. They propose a two-step solution that first
estimates the absorption effect from an image with reflection,
and, then recovers the transmission layer by taking the original
image and the estimated absorption effect as inputs.

Wan et al. [18] design a model to recover the reflection layer
from a mixed image. In our work, we separate the background
layer from the reflection layer, while focusing on improving
the quality of the recovered background layer as it typically
represents the actual scene that users are interested in, whereas
the reflection layer is mostly seen as obstructing that back-
ground scene. Wan et al. [22] address the reflection removal
from face images, by incorporating inpainting ideas into a
guided reflection removal framework. Their work focuses on
face images and may not generalize to images with general
scenes.

All of the above methods employ supervised-learning mod-
els, which require training datasets. Wan et al. [23] collect a
dataset of real images with and without reflection, which is
referred to as the single-image reflection dataset (SIR2) [24],
and it is frequently used as a benchmark for evaluating image
reflection removal methods. In addition, some prior works
generate synthetic datasets for the image reflection problem
through various methods, including polarization pipeline [25],
non-linear blending formulation [26], and generative adversar-
ial training [27].

In our evaluations, we compare the proposed (unsupervised)
method against four supervised methods for image reflection
removal, which are Zhang el al. [10], BDN [11] GCNet
[13] and EERNet [12]. These four methods represent the
state-of-the-art and they published their codes and datasets,
which allows us to conduct fair comparisons using common
benchmark image datasets such as [24]. We could not include
methods such as [18], [19], [20], [21], [22] in our comparisons
as they did not release their codes or datasets. Furthermore,
the four methods we compare against, Zhang et al. [10], BDN
[11] GCNet [13] and EERNet [12], produce results with better
or similar visual quality compared to other works, as shown
in the evaluation sections of these papers.

It is important to notice that our method is unsupervised,
yet we compare it against supervised methods to demonstrate
its strength. A fairer comparison would have been against
other unsupervised methods. However, we are not aware of
any unsupervised methods in the literature. We note that
Chandramouli et al. [28] proposed an unsupervised model
for removing reflection from single face images. They use
a generative model pre-trained on facial images as a deep
image prior to suppress unwanted reflections from a single
face image. Unlike our work, however, this method can only
handle face images and does not generalize to other types of
images with reflection. Thus, we could not compare our work
against it.

Finally, we also compare against the unsupervised image
decomposition method (Double-DIP) in [9], although, as men-
tioned in Section I, this method requires extra inputs that are
typically not available in practice. We show that our proposed
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Fig. 1. The structure of the proposed Perceptual DIP.

method outperforms Double-DIP, even when Double-DIP uses
the extra inputs.

III. PROPOSED METHOD

A. Basic Elements
Prior works have shown that the entropy of small patches in-

side a natural image is smaller than the entropy across different
images [29]. That is, patches of a natural image tend to have
stronger internal self-similarity. For an image with reflection,
this observation indicates that patches in the background layer
will likely have stronger self-similarity within this layer than
across patches in the other reflection layer, and vice versa. To
effectively utilize this observation in separating the reflection
and background layers, we introduce two new structures:
Perceptual DIP and Cross-Feedback Perceptual DIPs, which
are explained in the following.

Perceptual DIP: Employing perceptual cues has shown
remarkable advantages in capturing the semantic meanings
in images, which improves the performance of various image
processing tasks. Several recent deep-learning techniques im-
prove the performance with the combination of two perceptual
losses: a feature loss to measure some distance in the high-
level feature space from a pre-trained perceptual network, and
an adversarial loss to generate realistic images by training a
separate discriminator network in parallel. However, comput-
ing the L1 or L2 distance between high-dimensional features
is not sufficient to capture the real difference between them.
In addition, an adversarial loss requires paired ground truth
datasets of background and reflection layers to discriminate
between real and fake data via supervised learning.

Reflection separation is a complex and ill-posed problem.
To address this complexity and reduce ambiguity, we propose
to utilize some high-level semantics. We propose perceptual
embedding, which contains multi-level feature maps directly
fed to the corresponding layers of an encoder, rather than
leveraging perceptual losses.

Inspired by the perceptual discriminator [30], we design an
encoder-decoder network with perceptual embedding, which
is referred to as Perceptual DIP, as shown in Figure 1. At the
initialization step, the perceptual embedding module extracts
multi-level features from a pre-trained image classifier. We
chose ResNet18 [31] as our backbone structure of the percep-
tual module, which has four layers. We do not use the first
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Fig. 2. Overview of the proposed method for image reflection removal. Two
DIP networks with perceptual embedding are coupled with cross-feedback
and loss functions, generating background and reflection layers from an input
image. The (main) background layer goes through a final refinement stage.

layer output as the features from this layer are more sensitive
to low-level information of the image, similar to those captured
by DIP, while our goal is to incorporate high-level features.
Then, the extracted feature maps are concatenated with the
features of each layer in the encoder, which is constructed
to fit well with the size of the perceptual embedding and the
input image.

Cross-feedback Perceptual DIPs: We propose the coupling
of two perceptual DIPs, where the output of one Perceptual
DIP is fed back into the other DIP, as shown in Figure 2.
Each perceptual DIP iteratively captures similar small patches
inside one of the two layers while excluding patches from
the other layer. Once a perceptual DIP outputs its estimation,
the corresponding cross-feedback estimation can be calculated
from Eq. (1) at each iteration t as B̃c

t = I − R̃t and R̃c
t =

I − B̃t.
In Figure 3, we show how the two Perceptual DIPs are

excluding each other throughout the iterations, which enables
our method to effectively separate the reflection layer from the
background layer without additional inputs.

We note that we utilized dilated convolution in the last
downsampler in the encoder of the Perceptual DIP. Dilated
convolutions require far fewer parameters than conventional
convolutions and they better capture local and global semantics
within the image. We analyze the impact of the perceptual
embedding on the reflection separation in Section IV-E.

B. Approach Overview

A high-level overview of the proposed method for sin-
gle image reflection removal is depicted in Figure 2. The
figure shows two Perceptual DIPs with the cross-feedback
idea discussed above. High-level features are first extracted
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Fig. 3. The effect of cross-feedback. At early stages, up to 500 iterations,
layers are separated mostly based on low-level features like colors and
edges. However, at later stages, more semantic features get considered in
the separation and the background and reflection layers start to exclude each
other.

from the input image using a simple image classifier. These
features are fed to the two coupled Perceptual DIPs, which
through iterations generate two different layers. Different types
of loss functions are used to ensure good layer separation
and minimize the distortion, as discussed in the following
subsection. After convergence, the output of the cross-coupled
Perceptual DIPs is given to a semantically-guided refinement
step to produce images with high visual quality.

We define the structure of a Perceptual DIP as a parametric
function y = Gθ(x). Specifically, in our method, two Per-
ceptual DIPs can be represented as B̂t = G1(B̃

c
t−1, I) and

R̂t = G2(R̃
c
t−1, I) given an input image I and each cross-

feedback, B̃c
t−1 = I − R̃t−1 and R̃c

t−1 = I − B̃t−1, at each
iteration t. In addition, we add an external parameter αt to
control which Perceptual DIP network generates which image
layer based on the following equation:{

B̃t = (1− αt) · B̂t

R̃t = αt · R̂t

(2)

where B̂t and R̂t are the direct outputs from the two Perceptual
DIP networks. The range of α is between 0 and 0.5, as the
range of (0.5, 1) would have the same effect. We set the initial
value of α as 0.1, which implies that reflections are relatively
weaker than the background scene in general cases. The impact
of α in our model is analyzed in Section IV-E.

Algorithm 1 summarizes the proposed optimization method.
The details of the loss functions are presented in the following.

C. Loss Functions

For a given input image I with reflection, our goal is to find
a perceptually meaningful decomposition of I into B̃ and R̃
layers. We realize this goal by designing various loss functions
and integrating them into the model. These loss functions
are: reconstruction loss, exclusive loss, similarity loss, and
regularization loss. The total loss function can be written as:

Ltotal = λ1 · Lrecon + λ2 · Lexcl + λ3 · Lsim + λ4 · Lreg,
(3)
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Algorithm 1 Optimization Algorithm
Input: The image I with reflection
Output: Decomposed layers, B̃ and R̃

1: initialize B̃0 = R̃0 = I, α0 = 0.1
2: for t = 0 to T : //T is set to 5,000 iterations
3: B̃t = (1− αt) · G1(I − R̃t−1)
4: R̃t = αt · G2(I − B̃t−1)
5: Compute the gradients of Ltotal w.r.t. B̃t, R̃t, αt

6: Update B̃t, R̃t, αt using the Adam optimizer [32]
7: B̃c

t = I − R̃t

8: R̃c
t = I − B̃t

9: end for
10: return B̃t, R̃t

where λ1, λ2, λ3, and λ4 are the corresponding weights for
each loss function; we experimentally set the values of these
weights. Once determined, we fixed all parameters throughout
the entire evaluation. The details of each loss are explained
below, while an ablation study to analyze the impact of each
loss is presented in the Supplementary Materials.

Reconstruction Loss: We find that combining different
types of reconstruction losses helps the network to converge
faster. Thus, we define our reconstruction loss as:

Lrecon = Lcolor + ω1 · Lgray + ω2 · Lgrad, (4)

Lcolor = ∥I − Ĩ∥2,
Lgray = ∥c(I)− c(Ĩ)∥2,
Lgrad = ∥ ▽ I −▽Ĩ∥1,

where c(·) is the conversion function from RGB image to
gray-scale image, and ▽(·) denotes the gradient of the input
with the Sobel filter, which we use in the initial steps. The
main reconstruction loss is a pixel-wise L2 distance between
the given image and the recombined image in the RGB color
space. We also design the same L2 losses both in the gray
space (Lgray) and in the gradient domain (Lgrad). We find
that Lgray enhances the generated output and Lgrad makes
the network more robust.

Exclusion Loss: The exclusion loss aims to minimize the
correlation between edges of the background layer and the
reflection layer at multiple spatial resolutions. Thus, similar
to [10], we define the exclusion loss as:

Lexcl =

N∑
n=1

∥norm(▽B̃n)⊙ norm(▽R̃n)∥F , (5)

where n is the image downsampling factor, as exclusion loss
minimizes the correlation between edges of background and
reflection at multiple spatial resolutions. For each n in Eq. (5),
the image is downsampled by a factor of 2, and we chose N as
3 in our experiments. norm(·) is the normalization in gradient
fields of the two layers, ⊙ is the element-wise multiplication,
and ∥ · ∥F denotes the Frobenius norm.

Similarity Loss: We design the similarity loss function with
two components: Cross-Consistent loss Lcc and the Input-
Background-Similarity (IBS) loss LIBS .

Our goal is to empower the model to make the layers
exclude one another, such that each generated layer should

be similar to its corresponding cross-feedback from the other
network as well as its previous output. The Cross-Consistent
loss contributes to this goal, and it is defined as:

Lcc = ∥B̃t − (I − R̃t−1)∥2 + ∥R̃t − (I − B̃t−1)∥2, (6)

Our observation suggests that although the reflection could
be evident in an image, the dominating part of the image is
the background. Thus, we would like the produced background
layer to resemble the input image. The IBS loss tries to make
the produced background layer similar to the input image, and
it is defined as:

LIBS = ω3 · (∥B̃t − I∥2 + Lpercep), (7)

Lpercep = λm ·
∑
m

∥f(B̃t)− f(I)∥1,

Since we do not want complete similarity between the input
image and the output to avoid a case where the model keeps on
generating the reflection in the background, we found through
experiments that the L2 loss with a small effect is more
suitable in both preserving details and separating reflection. In
addition, the IBS loss also includes a perceptual component,
which as shown in prior works, e.g., [33], helps in producing
visually pleasing images. The perceptual component is defined
based on the activation of the 19-layer VGG network [34]
trained on ImageNet. The f(·) operator is the activation of
an image at a certain level, and the perceptual loss calculates
the L1 distance between the activation of two images at each
level. λm is a balancing weight for each layer and we put the
largest weight to emphasize low-level features and edges. We
used convolution layers similar to [12].

Combining the two loss components, the similarity loss is
given by:

Lsim = Lcc + LIBS . (8)

Notice that the relative weights for the terms in Eq. (8) are
controlled by the parameters in the Eq. (7).

Regularization Loss: We regulate the network under three
priors: a total-variance loss LTV [35], a total-variance balance
loss LTV B that we developed, and a ceiling rejection loss
Lceil [4], which are defined as follows:

Lreg = γ1 · (LTV + LTV B) + Lceil, (9)

LTV = ∥ ▽ B̃t∥1 + ∥ ▽ R̃t∥1,
LTV B = ∥ ▽ B̃t∥1 − ∥▽ R̃t∥1,

Lceil =
∑
m

f(B̃t, I,m) + f(R̃t, I,m),

f(x, y,m) =

{
∥xm − ym∥1 if xm > ym

0 otherwise
,

where m denotes each image pixel. While a total-variance
loss boosts the spatial smoothness in both generated scenes,
our total-variance balance loss penalizes the system when
one of the networks is giving up on generating the output
(degeneration problem) by balancing the total gradients of
each output. Also, the ceiling rejection loss constrains each
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pixel whose intensity is larger than the input one, helping to
resolve the color ambiguity.
D. Refinement

The cross-coupled Perceptual DIPs generate images for the
background and reflection layers. In the generation process,
there are multiple downsampling and upsampling operations.
During these operations, some details of the input image can
be lost, which may result in an output with poor visual quality
even if the layers are perfectly separated. To address this issue,
we add a final stage to the proposed model to refine the output.

The refinement model is inspired by recent works on
image in-painting and restoration, e.g., the contextual in-
painting method in [36]. The contextual in-painting method
[36] requires user-specified masks for areas that have damage
in the image. We adapt this contextual in-painting method
to the reflection removal problem as follows. Reflections in
images can be thought of as obstructions that cause damage
to images. Thus, we consider the reflection layer extracted by
our cross-coupled Perceptual DIPs as obstructions (damages)
to the main background layer in the image. We then create a
mask based on this reflection layer and use it to fix the damages
(reflections in this case) in the full-resolution input image
using the contextual in-painting method, without requiring any
user-specified masks as in [36].

IV. EVALUATION

We evaluate the performance of the proposed unsupervised
method and compare it against the state-of-the-art supervised
methods for image reflection removal in the literature using
a subjective study as well as multiple objective metrics. In
addition, we analyze the impact of various components of
the proposed method. We also compare our method against
the unsupervised image decomposition method in [9] and its
limited application to the image reflection removal problem.

We note that the images presented in this paper contain
subtle reflections and thus they are best viewed digitally
and zoomed in to see these details and differences.

A. Experimental Setup

Datasets: We assess the performance of the proposed
method using three datasets, referred to as DS1, DS2, and
DS3. These datasets contain images with diverse reflection
characteristics for indoor and outdoor scenes, and they have
been used to evaluate prior methods for image reflection
removal in the literature, including the ones compared against
in this paper.

The first dataset, DS1, comes from [24]. There are hun-
dreds of images in the dataset available from [24]. However,
there are only 55 real-world images with reflections having
corresponding ground truth background and reflection layers,
which we use as our DS1. An image in this dataset is first
captured through a glass barrier, which produces a mixed
image with reflection and background layers. Then, the ground
truth reflection layer is captured by putting a sheet of black
paper behind the glass. The ground truth background is later
captured by removing the glass.

The second dataset, DS2, contains 20 images [10]. This
dataset has a ground truth for the background layer only.
Images are captured by a camera on a tripod with a portable
glass in front of the camera. The ground truth background is
captured after removing the glass. The third dataset, DS3, is
collected from the Kaggle website [37] and it includes 1,000
image pairs with and without reflections from 108 different
scenes.

Methods Compared Against: We compare the proposed
method against four state-of-the-art methods, which are BDN
[11], GCNet [13], ERRNet [12], and Zhang et al. [10]. All
of these methods use supervised deep learning models and
have been shown to outperform prior works. We use the
implementations released by the authors of these works in our
evaluation, to ensure fair comparisons. Some works, e.g., [18],
[19], [20], [21], [22], did not release their codes and datasets,
and thus we could not include them in the evaluation.

Implementation Details: To address the complexity of the
reflection removal problem, our model uses multiple losses.
We set the relative weights of different losses experimentally.
However, once the parameters are determined, they do not
change for all experiments. We set λ1, λ2, λ3 and λ4 to 1.5,
0.13, 1.0, and 1.0, respectively. For the reconstruction loss, we
set the value of ω1 and ω2 to 0.09 and 0.07. The value of γ1,
the regularization loss coefficients, is set to 0.003. As for ω3

in the similarity loss, we set it to 0.1. The λm parameters are
set according to their values in prior works that used the same
structure as detailed in [12].

Since our method is based on optimizing the model param-
eters for each single image, the batch size is set to 1, and the
parameters are updated with a learning rate of 0.0001 until the
number of iterations (epochs) reaches 5500.

B. Comparison using Subjective Study

Reflections in images come in different forms and vary
substantially based on numerous factors such as the illumi-
nation of the scene, the nature of the surfaces causing the
reflections, and the angles of capturing images. Reflections
may also cover small parts of an image or the entire image.
Reflections can be very subtle or they could dominate an image
and obstruct objects in it. Thus, performance evaluation of
reflection removal methods should account for these complex
and inter-dependent issues. However, objective metrics, such
as PSNR and SSIM, can only partially capture the performance
of the reflection removal methods, as they typically focus
on comparing pixels and they cannot accurately consider
the above issues. Although demanding and time consuming,
subjective studies provide more accurate assessment of the
performance of reflection removal methods, where humans can
consider various aspects in the evaluation of the quality of the
produced results.

We conducted a subjective study to compare the quality of
the produced images by our method against those produced by
four supervised reflection removal methods. The study was
approved by the Research Ethics Board of our university.
A total of 50 subjects participated in this study, where 34% of
the subjects were female. The subjects have various education
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Mixed Image Ground Truth BDN ERRNet GCNet Zhang et al.Our Method

Fig. 4. Comparing our unsupervised method versus four supervised methods on dataset DS1.

Mixed Image Ground Truth BDN ERRNet GCNet Zhang et al.Our Method

Fig. 5. Comparing our unsupervised method versus four supervised methods on dataset DS2.

and work backgrounds and are from different age groups: 72%
are between 18–25 years old, 24% between 26–35, and 4%
are older than 35.

The experiments were conducted through web forms, where
a subject is shown an input image that contains reflection along
with the outputs produced by five reflection removal methods:
BDN [11], GCNet [13], ERRNet [12], Zhang et al. [10], and

ours. The web form contains two rows of images, where the
image in the leftmost column in the first row is the input
image with reflection, with purple boxes indicating where
reflections are located. The other images are the reflection-
removed versions of the image produced using the considered
methods. We ask subjects to give a score between 1 (Poor) and
5 (Excellent) for each generated image indicating the ”quality
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Mixed Image BDN ERRNet GCNet Zhang et al.Our Method

Fig. 6. Comparing our unsupervised method versus four supervised methods on dataset DS3.
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Fig. 7. Comparison of the separation quality produced by our method versus
BDN [11] and Zhang et al. [10] methods.

of reflection removal”. We ask subjects to consider whether
the method has removed the reflection while preserved image
visual quality. We explain and show examples to subjects
before they start ranking. The names of the used reflection
removal methods are not shown to subjects and the order of
showing the results changes randomly for each input image.

Each of the 50 subjects evaluated the quality of removing
reflections from 16 representative and diverse images chosen
from DS1, DS2, and DS3. Thus, in total, we collected 50 ×
16 = 800 data points.

A summary of the results is given in Table I. The table
compares the average and median of the Mean Opinion
Score (MOS) computed across all users and images for the
five considered methods. The results in Table I show that
our method substantially outperforms all prior works, despite
being unsupervised and not requiring any training data. For
example, the median MOS resulted from our method is 3.94,
which is 37% higher than the best median MOS resulted from
prior works (2.87 produced by ERRNet [12]).

TABLE I
SUMMARY STATISTICS OF THE SUBJECTIVE STUDY.

Average MOS Median MOS
BDN [11] 2.68 2.75
GCNet [13] 2.49 2.5
ERRNet [12] 2.87 2.84
Zhang et al. [10] 2.74 2.75
Our 3.82 3.94

C. Visual and Objective Comparisons

Visual Comparisons: We present samples of our results to
visually compare the proposed method versus the state-of-the-
art methods in Figures 4, 5, and 6, on datasets DS1, DS2, and
DS3, respectively. In these figures, we draw rectangles show-
ing some areas that have reflections. The input to all methods

is shown on the left, which is an image with reflection. These
figures show only the background layer of each image after
removing the reflection layer. We analyze the reflection layer
later.

The results in the Figures 4, 5, and 6 show that our method
produces better (or at least the same) reflection removal than
the supervised methods that require a substantial amount of
training data. For example, in the sample images of the second
row and third row in Figure 4, all methods except ours failed
to detect and remove the reflection. Similarly, for the sample
in the fourth row, our method generated an output close to the
ground truth background, whereas the other methods failed to
remove the reflection in the image. As for the first row, our
model has managed to locate and remove the reflection better
than the other methods. Similar observations can be made on
the results in Figures 5 and 6.

We further analyze the quality of the layer separation of
different methods in Figure 7. This figure shows both the
background and reflection layers produced by various methods
and compares them against each other and the ground truth.
We show the results for only our method as well as the BDN
[11] and Zhang et al. [10] methods, as they were the ones that
produced the best results from prior works, as indicated in
Figures 4, 5, and 6. As Figure 7 shows, our method produces
a cleaner separation of the background and reflection layers.

Objective Comparisons: As we mentioned above, objec-
tive image quality metrics, including PSNR and SSIM, do
not accurately measure the quality of separating the reflection
layer from the background layer, which is the main goal
of our method. Instead, they measure the quality of the
produced images, even if the separation of the layer was not
done properly. Nonetheless, for completeness, we compare our
method versus others using the PSNR and SSIM objective
metrics. The results for dataset DS1 are presented in Table II,
which shows that our method results in somewhat smaller
SSIM and PSNR values than some of the other methods.

We illustrate the shortcomings of the PSNR and SSIM in
assessing the performance of the reflection removal methods in
Figure 8, where we compare the produced background layer of
our method versus the one produced by GCNet. As the figure
shows, GCNet produced a background that is similar to the
input image without removing much of the reflection. Thus, the
computed PSNR and SSIM values are high, despite the poor
performance in the main task at hand (removing reflection).
On the other hand, our method removed most of the reflection
from the image and produced images with acceptable PSNR
and SSIM values.

We note that the PSNR metric is sensitive to the variations in
pixel intensity between the produced image and the reference
image. Effectively removing reflections from an image indi-
cates that the pixel values could substantially change compared
to the original image, leading to lower PSNR values, as is the
case in our method. Similarly, the SSIM metric measures the
structural similarity between two images. And since removing
reflections from an image can change different parts of the
image (e.g., by removing objects reflecting on the background
scene), the structural similarity between the image before and
after removing reflections is expected to decrease.
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Remark: We note that the performance of prior supervised
methods heavily depends on the used datasets in the training
and their performance typically degrades on images that do
not have similar ones in the training datasets, which is usual
as real-life images have numerous varieties. In contrast, our
method exploits both high-level and low-level statistics of an
image to find two layers that are as close as possible to a
natural image. It optimizes the parameters of the model on
each input sample separately, which means that it learns the
image statistics of the input and uses them to separate the
input into two layers.

TABLE II
COMPARING OUR METHOD AGAINST SUPERVISED METHODS USING THE

SSIM AND PSNR METRICS. B: BACKGROUND, R: REFLECTION.

Dataset DS1

Metric PSNR SSIM

B R B R

BDN [11] 22.01 9.01 0.86 0.31
GCNet [13] 24.53 — 0.92 —

Zhang et al. [10] 21.13 20.88 0.87 0.64
ERRNet [12] 23.86 — 0.88 —
Our Method 20.52 20.28 0.82 0.41

Ground Truth Our Method GCNet

PSNR = 19.54

SSIM = 0.73

PSNR = 21.93 

SSIM = 0.92

PSNR = 21.32

SSIM = 0.84

PSNR = 19.2 

SSIM = 0.81

Fig. 8. Comparison between the output of our model and GCNet to show the
importance of the visual quality over the objective PSNR and SSIM metrics.
Although GCNet’s output achieved better PSNR and SSIM, it did not remove
much of the reflection, whereas our method removed most of the reflection.

D. Comparison against the Double-DIP Unsupervised Layer
Separation Method

As mentioned in Section I, the unsupervised image de-
composition method in [9] requires a sequence of images or
two different mixtures of the background and reflection layers
to address the ambiguity in the reflection removal problem.
Although requiring two different mixtures of the background
and reflection layers is not practical, since we do not know
these layers beforehand, we compare the proposed method
against the unsupervised method in [9], which we refer to
as Double-DIP.

To be able to compare against Double-DIP, we use images
in dataset DS1, because they have ground truth background
and reflection layers. This enables us to create the mixtures
of background and reflection layers needed by Double-DIP to
function. As there was no specific method in [9] for mixing the
two layers, we experimented with two different configurations,
referred to as Double-DIP1 and Double-DIP2. For Double-
DIP1, we mix the original (ground truth) background layer
with the reflection layer that was modified by a Gaussian
kernel. For Double-DIP2, we linearly add the background
and reflection layers with a higher weight for the reflection
layer. We expect Double-DIP2 to produce better results as
it solves a simpler problem with linear combinations of the
ground truth layers. We used the Double-DIP implementation
released by the authors of [9]. We realize that Double-DIP1
and Double-DIP2 only represent two possible combinations.
However, the main point here is that the Double-DIP method
requires unrealistic inputs to solve the single-image reflec-
tion removal problem. Nonetheless, we compare our method
against Double-DIP as it represents the closest work in the
literature that considered unsupervised models for the complex
single-image reflection removal problem.

Figure 9 shows sample results comparing our method versus
Double-DIP. The results in the figure show that our method
produces better separation quality, despite not needing any
extra inputs. For example, as shown in the first two rows, our
method performed better and separated the reflection from the
background, whereas Double-DIP1 and Double-DIP2 failed to
remove the reflection.

Next, we compare our method versus Double-DIP using
PSNR and SSIM in Table III. The table shows that our method
achieves higher PSNR and SSIM values, especially for the
background layer. As commented before, PSNR and SSIM
indicate the quality of the produced images, but they may not
consider the layer separation quality.

TABLE III
COMPARING OUR METHOD AGAINST DOUBLE-DIP METHOD USING THE

SSIM AND PSNR METRICS. B: BACKGROUND, R: REFLECTION.

Dataset DS1

Metric PSNR SSIM

B R B R

Double-DIP1 [9] 16.61 10.02 0.73 0.39
Double-DIP2 [9] 16.53 20.35 0.65 0.66

Our Method 20.52 20.28 0.82 0.41

E. Analysis of our Method and Ablation Study

We conduct a detailed analysis of various components of
the proposed method.

Ablation Study–Impact of Different Losses: Our method
utilizes four types of losses: reconstruction loss, exclusion
loss, similarity loss, and regularization loss. Since the re-
construction loss performs the most important role in the
problem definition, we adjusted the weights of other losses
based on this loss to obtain better separation results. Thus, we
evaluate the impact of the different losses by adding each loss
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Fig. 9. Comparing our method against the unsupervised Double-DIP method
[9].

sequentially to the reconstruction loss as shown in Figure 10.
Since we utilize high-level features of perceptual embeddings,
the separation result in the second column from the left
in Figure 10, when using only reconstruction loss, looks
reasonable but not sufficient due to the ambiguity between
the two layers. We add the exclusion loss to make the model
decompose the input sample into two layers having different
contents based on edge information. The results in the third
column in Figure 10 show better separation but still have
some small artifacts. While the results in the fourth column
might be similar to the ones in the third, the regularization
term brings improvement in the speed of convergence and
robustness of the model. We enhance the model with a cross-
feedback structure and its corresponding loss to perform well
even when the gradient information of the reflection layer is
not enough. By adding the similarity loss, we obtain our best
output shown in the last column in Figure 10, which shows
more solid separation in colors and shapes, in addition to its
help on convergence and robustness.

Impact of α: The parameter α gives different weights to
the background and reflection layers that are generated during
the iterations and fed back to the two perceptual DIPs. We
conducted experiments to analyze the impact of α by varying
the value of α within its rage, which is between 0.0 and
0.5. Two sample results for α = 0.1 and 0.4 are shown
in Figure 11. Our experiments show that the impact of α
diminishes as we get closer to 0.5, as its influence on the two
Perceptual DIPs becomes equal. In addition, smaller values of
α tend to yield better layer separation results, as these values
assign lower weights to the reflection layer. This is in line with
the observation that the reflection layer tends to have lower
pixel intensity than the background layer in natural images.
Through experimentation, we found that α values around 0.1
produced the best results.

Perceptual Embedding: We analyze the impact of the per-

ceptual embedding on the reflection separation using multiple
images with different degrees of reflection. Recall that we
modify a ResNet18 model to extract these features. We trained
this model using two common datasets of objects: ImageNet
[38] and Places365 [39]. This training does not need any
datasets for image reflection removal and is done once.

Figure 12 shows the importance of the perceptual embed-
ding in separating the background layer from the reflection
layer for two sample images. The results in the figure also
indicate that using the Places365 dataset yields better layer
separations than using the ImageNet dataset. This is because
the Places365 dataset has more images for indoor and out-
door scenes, which usually exist in many reflection removal
problems.

F. Limitations of the Proposed Method

As mentioned before, reflections in images can have many
different forms, and removing these reflections is an ill-posed
and complex problem. We analyze the cases in which our
method fails to properly remove the reflections, and we con-
trast the performance of our method versus the performance
of the two methods that produced the best results in our
experiments, which are ERRNet [12] and Zhang et al. [10].
We note that ERRNet produces only the background layer,
and thus in the figures the reflection images of ERRNet are
not shown.

Through our experiments, we identified three challenging
situations in which our method (and others) failed to remove
the reflection: (i) dominant reflection, (ii) weak reflection, and
(iii) dark images. An example of the first case is shown in
Figure 13, where the reflection is so strong that it dominates
most of the objects in the background and makes it hard for our
method to separate the background layer from the reflection
layer. Examples of the other two cases are shown in Figure 14,
where in the second case, the reflection exists in the image,
but it is very subtle, and in the third case, the image does not
have enough illumination, and the pixels of the background
and reflection layers cannot easily be distinguished.

V. CONCLUSIONS AND FUTURE WORK

We have presented an unsupervised method for single-
image reflection removal. To the best of our knowledge, this
is the first unsupervised work for removing reflection from
individual images of natural scenes. We have proposed a novel
architecture of cross-coupled Perceptual DIPs that is capable
of capturing not only the low-level statistics of a natural
image but also the high-level semantic cues. We have also
designed an optimization scheme using multiple loss functions
without training on any dataset, which addresses the ambiguity
of the single-image reflection removal problem, and leads to
good separation results for natural images. Both qualitative
and quantitative evaluations using real datasets show that our
method outperforms the state-of-the-art supervised models.
They also show that our method significantly outperforms the
closest unsupervised approach in the literature, which, unlike
our method, requires additional inputs to function.
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Fig. 10. Ablation study to analyze the impact of different losses in four different scenarios in two real images: ”I”: Using only the Reconstruction Loss, ”II”:
Reconstruction + Exclusion, ”III”: Reconstruction + Exclusion + Regularization Loss, and ”IV”: All the losses.
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Fig. 11. Impact of α on the layer separation.
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Fig. 12. The impact of Perceptual Embedding on layer separation.
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Fig. 13. Performance of our method and others in case of dominant
reflections.
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Fig. 14. Performance of our method versus others in the cases of weak
reflection (top) and dark images (bottom).

The work in this paper can be extended in multiple direc-
tions. For example, the quality of the separated layers can
further be improved by incorporating recent image restoration
and inpainting techniques, which can potentially address some
of the extreme reflection cases, e.g., when the reflection is
strong and dominates the background scene.
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