
Reflection Removal Algorithms

Matthew Hu
Stanford University
matthu@stanford.edu

Abstract

Reflection in images is a big problem in photography.
This report presents and evaluates three separate algo-
rithms described in literature that attempt to computation-
ally remove reflections. Multiple images are tested on each
algorithm and various test cases are shown. The strengths
and weaknesses of each algorithm are outlined and evalu-
ated.

1. Introduction
Photographers are sometimes faced with the difficulty of

taking an image of a scene with a reflective surface. This
can cause many issues with reflections obstructing the de-
sired scene and unwanted interference. There are many dif-
ferent ways photographers work around this by either ad-
justing the lighting, their positioning, or adding polarizers
to their camera. However, the vast majority of people do
not have access to polarizers and it is often inconvenient to
adjust one’s positioning or lighting for a better picture. This
report explores some of the algorithms that attempt to com-
putationally remove reflections in images.

Figure 1. Examples of reflections in photography

2. Overview
There are two paradigms on how to solve this issue of

image reflections. There are several papers which attempt to
remove, or at least mitigate reflections from a single image
input. These algorithms attempt to separate the reflection

and transmission layers with different objective functions
that favor images with sparse gradients. [3] [4] However,
this is a fairly difficult problem to solve with just a single
input image. At a very high level, we can model the image
using the equation I = T + R where I is the resulting im-
age and T and R are the transmission and reflection layers
respectively [2]. The resulting image is simply a linear com-
bination of the scene through the window and the reflected
image. Trying to obtain two variables from just a single im-
age is somewhat of an ill-posed problem, so different image
priors are added to the objective function. [3]

Recently, a more popular approach to this problem in-
volves taking a series of shifted images to separate the re-
flection and transmission. Often, the two layers are located
at different depths, so shifting the camera will cause the two
layers to move at different rates. This difference in motion
can then be used as a robust way of separating the reflection
and transmission layers [6][5].

3. Algorithm Descriptions

In this section, I will be exploring three separate ap-
proaches to reflection removal: Sparse blind separation with
motions, superimposed image decomposition, and ghosting
cues detection. Each algorithm models reflection differ-
ently and utilizes different objective functions to separate
the reflection and transmission layers. The goal of this pa-
per is to evaluate each algorithm separately to determine the
strengths and weaknesses of each approach. A mix of real
images taken from the internet and from my own camera
will be used to test each method.

3.1. Sparse Blind Separation with Motions (SPBS-
M)

The first algorithm I looked at was SPBS-M, which fol-
lows the paradigm of taking a series of shifted images to
help separate the reflection and transmission layers. The
mixing model used by the authors is as follows: for a se-
quence of images, there are m images that each contain n
layers shown by the equation below [1].



Ii(x) =

n∑
j=1

aijLj(fij(x)), i = 1, ....,m, (1)

In this equation, x is the vector representing the pixel loca-
tion, fij is the motion transformation of each image, Lj is
the jth layer, and aij is the mixing coefficient for each layer.
Essentially, each image is simply composed of a weighted
sum of multiple layers that are shifted from image to im-
age. This paper attempts to estimate each of these coeffi-
cients in order to separate each layer L1...Ln. This is done
by taking advantage of general properties and statistics of
natural images. The authors examined over 130,000 images
and created hypotheses on the sparsity of image gradients,
the noncorrelation of the gradients of different locations in
the same image, the joint behaviors of different gradients in
the same image, and the independence of the gradients and
pixel values of different images. These hypotheses applied
to an objective function which was used to find the motion
and mixing parameters of a single layer. A similar approach
is done to find the parameters and coefficients of the second
layer. Finally, each layer is reconstructed using the coeffi-
cients found in the previous steps. The final objective func-
tion attempts to reconstruct layers that fit the mixing model
detailed above and the extracted gradients of each layer [1].

3.2. Superimposed Image Decomposition (SID)

The superimposed image decomposition (SID) method
proposed by Guo, Cao, and Ma also takes in a series of
shifted photos as input but has a very different approach
in solving the problem [2]. First, one small advantage of
this algorithm is that it is more flexible in terms of image
translation and transformation. As shown in the images in
figure 2, the algorithm will first preprocess the images so
that the shifted and rotated images are all centered on a flat
plane. However, this transformation needs to be encoded
into the program for each set of images. This is not done
automatically, so some preprocessing of each dataset needs
to occur before reflection removal can occur.

The model this algorithm uses is shown in the equation
belows:

F ◦ Γ = T + R + N (2)

Here, F ◦ Γ is the set of input images mapped to a ma-
trix with the homographic transformations applied. T is
the transmission matrix which contains all the transmission
images of the entire set, and R and N correspond to the
reflectance layer and noise respectively [2]. To solve this
problem, a single objective function is formed and three
structural priors are used: the correlation of the transmitted
layer in a single set, the sparsity of the gradients, and the
independence between the reflected and transmitted layers
[2].

(a) Input Image (b) Transformed Input Image

(c) Transmission Layer (d) Reflection Layer

Figure 2. Example of image transformation in SID

3.3. Ghosting Cues

Unlike the other two algorithms, Shih’s method of
searching for ghosting cues only takes in a single image as
input [4]. This method searches the image for ghosting arti-
facts, which are shifted, secondary reflections in an image.
The image model they use is shown in the equation below.

I = T +R⊗ k + n (3)

Here I is the input image, T and R are the transmission
and reflection layers respectively, n is the noise term, and
R ⊗ k is the convolution of the reflection layer with the
ghosting kernel k. The general cost function to be mini-
mized is shown below.



minT,R
1

σ2
||I − T −R⊗ k||22 −

∑
i

log(GMM(PiT ))

−
∑
i

log(GMM(PiR)), s.t. 0 ≤ T,R ≤ 1

(4)

The first term is simply to minimize the residuals, but the
last two terms come from the Gaussian Mixture Models
(GMM) prior added to improve image output. The variables
PiT and PiR are simply the ith patch in T and R respec-
tively [4]. Extra terms are later added for optimization.

The first example I ran was the image provided by the
paper itself, and the results are shown in Figure 3. We can
see that we get a very clean separation of the transmission
and reflection layers. However, this is a synthetic image,
and when we tried the same algorithm on other images, this
method had difficulty producing similar results. Also, this
image was downsampled to 432x320 pixels and it still took
over 2 hours to run.

(a) Input Image (b) Transmission Layer

(c) Reflection Layer

Figure 3. Example image shown in the paper

4. Performance Evaluation
The images I used to evaluate the algorithms included

a mix of images provided by the papers themselves, other
images found online, and pictures I took on my own. For
this report, I simply show 4 examples that illustrate some of
the advantages and disadvantages of each algorithm. Each
example contains a set of shifted images that allow us to
draw comparisons between the different methods.

Example 1 shown in Figure 4 is a dataset that contains
20 shifted images. We can see from the results that both
the SPBS-M and SID algorithms performed fairly well in
this scenario. There is a fairly clean separation between
the transmission and reflection layers that allow us to get a
much cleaner view of the drawing. SID seems to perform
slightly better in this case as there are still small reflections
in the transmission of the SPBS-M layer, but the differences
overall seem fairly minor. The algorithm with ghosting cues
did not perform as well. It was able to attenuate some of the
background reflections, but there are still strong reflections
in the transmission layer. With large, well-aligned datasets,
SPBS-M and SID perform much better at removing reflec-
tions.

Example 2 shown in Figure 5 is a smaller dataset of 4
images. However, this time the reflections on each image
are very different from image to image. The photographer
and man standing on the staircase are in different positions
each time. As a result, the reflectance layer from SPBS-M
is time-aliased. We see a blurry image of both men as they
move across the 4 images. You also see some of the time-
aliasing from SPBS-M in figure 4. SPBS-M produces only
a single pair of transmission and reflection images from the
set of images taken. As a result, there is some aliasing and
blurring if there is any significant movement or change in
the scene. We can also see some of the effects of this blur-
ring in the transmission layer as well. However, the SID
algorithm generates a separate reflection and transmission
layer for each image. As a result, we don’t get the same
time-aliasing effects and we get a cleaner separation of the
transmission and reflection layer.

Example 3 shown in Figure 6 is a dataset that only con-
sists of 2 shifted images. This input data comes from tak-
ing a screenshot of the SPBS-M paper, and as expected, the
SPBS-M algorithm performs extremely well. This example
shows the potential of the SPBS-M algorithm when operat-
ing within its proper bounds of relatively static image with
only translational shifts in the image. We get an almost
perfect separation between the transmission and reflection
layers with very few artifacts in either layer. The SID algo-
rithm struggles here a bit because there are only 2 shifted
images. It is able to mitigate some of the reflection in the
transmission layer, but there are still a lot of artifacts in both
layers. Both SID and ghosting cues perform fairly poorly in
this example. However, SID still forms a little better as we
can see a clear outline of the tree and photographer in the
SID reflection layer.

Example 4 in Figure 7 is a stress test for the different
algorithms to evaluate their performance under suboptimal
conditions. There were eight shifted images in this dataset
and the scene taken has both texture and depth. All of the
algorithms described in this report used sparse gradients as
one of the assumptions. Figure 7 is an image taken with



Image Size SPBS-M SID Ghosting Cues
Ex1: 220 x 200 15 min 30s 30 min
Ex2: 200 x 180 1 hr 20s 30 min
Ex3: 450 x 400 1.5 hrs 60s 4 hrs

Table 1. Speed Analysis of the three algorithms

a large tree in the background which causes a lot of issues
in the resulting layers. All three algorithms failed to sep-
arate the reflection and transmission layers of this image.
You can see the reflection of the computer and monitor in
both layers for all 3 algorithms. The SPBS-M algorithm
managed to preserve most of the detail. You can still see
some of the texture on the tree in the transmission layer.
The SID algorithm, on the other hand had very little de-
tail. Most of the image is blurred out and it’s difficult to
see any sort of texture in the transmission layer. However,
the SID did perform the best at separating reflection from
transmission. The laptop, monitor, and light are all very
clear in the reflection layer, and these reflections are very
much attenuated in the transmission layer. Ghosting cues
also fails to separate the two layers. Also, the tree appears
very patchy, which is likely due to the GMM priors added
to the objective function. Another difficulty with this im-
age is depth. The other examples had two very clear depths,
which makes the layer detection due to motion differences
easier to determine. A range of depths interferes with that
property, making it harder to separate the layers.

I also ran a speed test of all three algorithms and the re-
sults are shown in the table. SID is the fastest algorithm by
a fairly large margin. It only took on the order of 1 min to
process small image for SID. SPBS-M and ghosting cues
take significantly longer to process. These algorithms take
over an hour to run on tiny images. I tried running some of
these algorithms on larger images like 600x750 pixels, but
my system crashed and was unable to complete the process
after 8 hours of processing.

5. Conclusion

In this report, I evaluated 3 separate reflection removal
algorithms and compared the strengths and weaknesses of
each one. SID is by far the fastest algorithm, but it performs
poorly when there are only a few images in the dataset and
when the scene contains a high amount of texture. SID also
allows for shifts and transformations in the scene, but all
of this data needs to be encoded by the user into the al-
gorithm. This does not happen automatically. SPBS-M is
slower and performs well under a relatively static scene.
However, when there is a lot of movement in the reflec-
tion layer, this can cause some time-aliasing artifacts to ap-
pear in both layers. The algorithm using ghosting cues was

not able to cleanly separate reflections on any of the images
tested. It also causes patchy artifacts to appear when we use
a scene with high textures. In general, algorithms which
take in a series of images seem to perform much better than
algorithms that simply operate on a single image. By in-
troducing movement to the scene, we are better equipped to
separate the two layers by calculating how each layer moves
in time. However, this also means that if we have a scene
with a range of depths, then we will have a harder time of
separating layers. These algorithms rely on motion paral-
lax to separate layers, so its more difficult when a scene has
many different depths.

There are many more algorithms that can be evaluated
for reflection removal. Right now, the most recent and
popular algorithm seems to be Xue’s ”A computational ap-
proach for obstruction-free photography” [6]. In this algo-
rithm, panorama sweep with a smartphone is sufficient to
remove reflections on high-quality, complex images. Many
of the results shown seem very impressive, so that would be
the next algorithm to evaluate in the future.
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(a) Input Image (b) Input Image (c) SPBS-M Transmission Layer (d) SPBS-M Reflection Layer

(e) SID Transmission Layer (f) SID Reflection Layer (g) Ghosting Transmission Layer (h) Ghosting Reflection Layer

Figure 4. Example 1 dataset with 20 images

(a) Input Image (b) Input Image (c) SPBS-M Transmission Layer (d) SPBS-M Reflection Layer

(e) SID Transmission Layer (f) SID Reflection Layer (g) Ghosting Transmission Layer (h) Ghosting Reflection Layer

Figure 5. Example 2 dataset with 4 images



(a) Input Image (b) Input Image (c) SPBS-M Transmission Layer (d) SPBS-M Reflection Layer

(e) SID Transmission Layer (f) SID Reflection Layer (g) Ghosting Transmission Layer (h) Ghosting Reflection Layer

Figure 6. Example 3 dataset with 2 images

(a) Input Image (b) Input Image (c) SPBS-M Transmission Layer (d) SPBS-M Reflection Layer

(e) SID Transmission Layer (f) SID Reflection Layer (g) Ghosting Transmission Layer (h) Ghosting Reflection Layer

Figure 7. Example 4 dataset with 8 images


