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Abstract

Removing specular highlight in an image is a fundamental research problem in computer vision and computer graphics. While

various methods have been proposed, they typically do not work well for real-world images due to the presence of rich textures,

complex materials, hard shadows, occlusions and color illumination, etc. In this paper, we present a novel specular highlight

removal method for real-world images. Our approach is based on two observations of the real-world images: (i) the specular

highlight is often small in size and sparse in distribution; (ii) the remaining diffuse image can be represented by linear com-

bination of a small number of basis colors with the sparse encoding coefficients. Based on the two observations, we design an

optimization framework for simultaneously estimating the diffuse and specular highlight images from a single image. Specif-

ically, we recover the diffuse components of those regions with specular highlight by encouraging the encoding coefficients

sparseness using L0 norm. Moreover, the encoding coefficients and specular highlight are also subject to the non-negativity

according to the additive color mixing theory and the illumination definition, respectively. Extensive experiments have been

performed on a variety of images to validate the effectiveness of the proposed method and its superiority over the previous

methods.

CCS Concepts

• Computing methodologies → Computational photography;

1. Introduction

Specular highlight † is common in real-world images, which chal-
lenges many vision and graphics tasks, such as intrinsic image de-
composition [GF19,BBS14,LZL14], color constancy [TNI03], im-
age segmentation [AMFM11], illumination estimation [ZYL∗17],
and low-light image enhancement [ZYX∗18,ZNXZ19]. Hence, ef-
fective specular highlight removal technique is widely required. Al-
though several methods [KJHK13,RTT17] have been proposed for
removing specular highlight, they, however, typically do not work
well for real-world images and may produce visually unpleasing
results, which limits their applicability.

Recently, some intrinsic image decomposition methods [BBS14,
ZTD∗12, MZRT16] have been proposed to handle real-world im-
ages, which are also applicable to specular highlight removal. How-
ever, since these methods are mostly built upon priors that may
not suitable for images with specular highlight, they typically do
not work well for specular highlight removal. Unlike them, we

† Shiny surfaces tend to reflect light more strongly in the opposite direction
from the angle of incidence. We call it specular reflection. A perfect specu-
lar reflector would be a mirror. However, many surfaces in the real world is
a mixture of specular and diffuse, e.g., a book with a smooth surface gener-
ates both kinds of reflection. So we use the term specular highlight loosely
throughout our paper, except stated definitely.

build our specular highlight removal approach on two observations
of real-world images: (i) the specular highlight is often small in
size and sparse in distribution; (ii) the diffuse image can be rep-
resented by linear combination of a small number of basis colors
with the sparse encoding coefficients. The first observation is in-
tuitive, while the second one is inspired by existing palette-based-
recoloring methods [ZXST17, COL∗15], which assumes that there
is a linear representation between colors in an image with a few ba-
sis colors. From the two observations, we summarize two sparsity
priors, which are the specularity sparseness and encoding coeffi-

cients sparseness. Note the encoding coefficient denotes the numer-
ical contribution of the basis colors in the reconstruction of diffuse
component of each pixel.

Based on the above two observations, i.e., the encoding coeffi-

cients sparseness and the specularity sparseness, we in this paper
propose a novel specular highlight removal method for real-world
images. By taking full advantage of the sparse nature of diffuse and
specular highlight components, we formulate the specular highlight
removal as an energy minimization problem. In particular, we re-
cover the diffuse components of specular highlight regions using a
color palette by encouraging the encoding coefficients sparseness.
We also include a total variation regularizer on specular highlight
to enforce the specular sparseness. Moreover, we constrain that
the encoding coefficients and specular highlight are non-negative
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according to the additive color mixing theory and the illumina-
tion definition, respectively. Extensive experiments and compar-
isons with state-of-the-art methods demonstrate the effectiveness
of our proposed algorithm.

In particular, the main contributions of this work are as follows:

• We propose a novel model for simultaneously estimating diffuse
and specular highlight images from a single image.

• We derive an ADMM procedure for optimizing the proposed
specular highlight removal model.

• We conduct various experiments on a number of images includ-
ing human facial images, laboratory images, and real-world im-
ages etc., and validate the superiority of our model over other
state-of-the-art methods.

2. Related work

We review previous specular highlight removal algorithms based
on the type of the input, and then briefly summarize related non-
Lambertian intrinsic image decomposition techniques.

2.1. Specular highlight removal

Single-image-based methods Early methods [KSK88, BLL96]
often perform a color segmentation. But such a color segmentation,
as we know, is not robust to complex textures. To cope with this
issue, Tan et al. [TI05] proposed a chromaticity-based model with-
out explicitly leveraging color segmentation. Yang et al. [YWA10]
proposed a similar method as [TI05], which allows parallel imple-
mentation, leading to real-time performance. Shen et al. [SZSX08]
separated specular highlight based on the error analysis of chro-
maticity and appropriate choice of body color for each pixel. Subse-
quently, several models based on the dichromatic reflection model
[Sha85] have been proposed. Kim et al. [KJHK13] introduced an
optimization framework with several effective constraints, based
on an observation that for real-world images, the dark channel can
provide an approximate specular-free image. In addition, Akashi
et al. [AO15] presented a method based on a modified version
of sparse non-negative matrix factorization (NMF) while Guo et

al. [GZW18] proposed a sparse and low-rank reflection model. In
their framework, the diffuse and specular highlight images are si-
multaneously estimated via optimization. However, dark pixels are
sometimes induced on the highlight region in the recovered dif-
fuse image. In this paper, we focus on tackling real-world images
and avoiding the visual artifacts commonly encountered by previ-
ous methods. Please refer to a survey [ABC11] for more methods.
Note, our method belongs to this category.

Multiple-image-based methods To reduce the ambiguity of
layer separation and obtain high-quality results, multiple-image-
based methods have been proposed. Based on the dichromatic
reflection model [Sha85], Sato et al. [YK94] performed specu-
lar highlight removal by analyzing color signatures in multiple
images captured under a moving light source, while Lin et al.
[LS01] achieved the same goal with two photometric images. How-
ever, these methods require capturing images with a dynamic light
source. To avoid this issue, some researchers proposed to sim-
plify the images capturing by only changing the viewpoint. Lee

et al. [LB92] presented a model for specular highlight region de-
tection. Lin et al. [LLK∗02] performed specular highlight removal
by considering those pixels on specular highlight region as out-
liers, and matching the remaining diffuse parts in other views.
Guo et al. [GCM14] proposed a method focusing on handling a
video/image sequence. This method has achieved impressive re-
sults. However, it is computationally expensive. Although multiple-
image-based methods can better remove specular highlight, their
practicability is low since the source images are often unavailable.

Depth-based methods Chen et al. [LLZI17] presented a
method aiming at removing specular highlight in facial images.
Their impressive results benefit from the use of physical and statis-
tical properties of human skin and faces. However, this method only
works well for facial images and requires extra depth map corre-
sponding to the facial image. Also, please refer to [LLZI17,LZL15]
for more specular highlight removal methods for facial images. Dif-
ferent from these methods, our goal in this paper aims at handling
images of arbitrary real-world scenes, not a specific scene.

2.2. Non-Lambertian intrinsic image decomposition

Recently, several non-Lambertian intrinsic image decomposition
methods have been proposed to handle specular highlight. Based
on the dichromatic model, Alperovich et al. [AG16] constructed a
framework for intrinsic light field decomposition that decomposes
an input image into a reflectance image, a diffuse shading image,
and a specular highlight image. Moreover, Shi et al. [SYHS17] pro-
posed a learning-based model to achieve the same goal as [AG16],
but focused on handling images with single object. Note that these
two methods have a strict requirement for the input. In compari-
son, our method aims at removing specular highlight for real-world
images.

3. Our approach

This section presents the proposed specular highlight removal
method. We first introduce the dichromatic reflection model in Sec-
tion 3.1. Then we formulate the specular highlight removal problem
as an energy minimization problem in Section 3.2, and derive an
ADMM based procedure for solving the involved non-convex opti-
mization problem in Section 3.3. Next, the implementation details
and parameter setting are provided in Section 3.4.

3.1. Background

The dichromatic reflection model has been widely used for specular
highlight removal [LLZI17, AO15, KJHK13] and non-Lambertian
intrinsic image decomposition [SYHS17, AG16]. Our approach is
also based on this model. For completeness, we briefly summarize
the dichromatic reflection model. Formally, this model assumes that
an input image I can be decomposed into a diffuse image D and a
specular highlight image H, mathematically expressed as

Ip = Dp +Hp , (1)

where p indexes 2D pixels. In some previous works, for the sake
of simplicity, researchers often assume that the image is white bal-
anced, and the illumination is single-channel [ZTD∗12]. For real-
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world scenes, the illumination, however, is often colorful. There-
fore, we further model the illumination color. Similar to previous
intrinsic image decomposition methods, e.g., [BST∗14], we assume
that the illumination is monochromatic, and the illumination has a
constant color Γ. By this means, Eqn. (1) can be rewritten as

Ip = Dp +ΓHp , (2)

where I and D are RGB color vectors and H is a scalar. The il-
lumination color Γ can be estimated by existing color constancy
algorithms [Bar15, TNI03].

3.2. Specular highlight removal model

Problem formulation Given an input image I with specular high-
light, our algorithm aims to decompose I into linear combination
of a specular-free diffuse image D, the specular highlight image H,
and the illumination color Γ. Note, the decomposed diffuse image
is treated as the specular highlight removal image in this paper. Ob-
viously, this is a severely ill-posed problem since we have more un-
knowns than the equations. To reduce the decomposition ambigui-
ties and maintain a solution that reasonably explains the formation
of the image, we formulate the decomposition as the minimizing of
the following objective function:

argmin
D,H

F = fr +λd fd +λs f s , (3)

where fr, fd and fs are energy terms, and λd and λs are parame-
ters for balancing contribution of these terms . In the following, we
describe these energy terms in details.

Data term A meaningful and valid layer separation is that the
diffuse image D, the specular highlight image H, and the illumi-
nation color Γ can reconstruct the input image I. We here adopt
a common L2-norm metric to measure the reconstruction error as
follows:

fr = ∑
p

||Ip−Dp−ΓHp||22 , (4)

where || · ||22 denotes the L2 norm.

Regularizer on diffuse image D Inspired by some palette-
based recoloring techniques [ZXST17, COL∗15], we assume that
the colors in the diffuse image D can be linearly represented by
several basis colors with sparse encoding coefficients, which is ex-
pressed as

Dp =
K

∑
i

W
i
pRi . (5)

where Ri stands for the i-th basis color, the set of which forms the
palette. W i

p is the coefficient that denotes the numerical contribu-
tion of the basis color Ri in the reconstruction of the pixel color
Dp. Note that the efficient W is subject to W ≥ 0 according to
the additive color mixing theory. Note that, previous methods of-
ten adopt the L1- or L2-norm constraints to encourage the encoding
coefficients sparseness, which makes them not effective enough to
produce satisfactory results. In contrast, our model with L0 norm is
more robust to noise and can produce better results.

We note that the different forms of sparsity mentioned above
have been adopted in intrinsic image decomposition techniques
[BM15, ZTD∗12], recoloring techniques [COL∗15, ZXST17],
specular highlight removal [KJHK13], and image smoothing tech-
niques [XLXJ11]. Unlike these techniques, we use this idea to en-
courage the sparseness of the encoding coefficient W using the L0-
norm. Specifically, we design the following constraint on the en-
coding efficient

fd =C(W ) , (6)

where the L0-norm measure of diffuse component is defined as

C(W ) = #{p | |W i
p| 6= 0}, (7)

which counts the number of pixels that has the number of nonzero
coefficients. Moreover, akin to [ZXST17, COL∗15], the diffuse
palette can be constructed by a K-means clustering with the au-
tomatically determined or user-specified number of palette colors
K. It is worth noting that when constructing our diffuse palette, we
sort all the color bins in descending order according to their den-
sities and select the top K (typically 60) bins. This operation can
effectively avoid choosing the specular colors, since their densities
are usually small.

Regularizer on specular highlight image H Our regulariza-
tion on specular highlight image H is based on the observation that
specular highlight in the real-world scenes is often small in size
and sparse in distribution, as shown in Figure 3 and 5. Similar idea
has also been also explored in some previous works: depth refine-
ment for specular objects [EHW∗16], non-Lambertian intrinsic im-
age decomposition techniques [AG16,AJSG17], specular highlight
removal [KJHK13, GZW18], and recoloring [BvdW11]. Different
from these works, we combine it into our novel image decomposi-
tion framework for simultaneous diffuse image and specular high-
light image estimation. Here we adopt the L0-norm to encourage
the intensity sparsity of the specular highlight image, which is writ-
ten as

fs =C(H) , (8)

where the L0-norm is defined as

C(H) = #{p | |Hp| 6= 0} , (9)

which counts the number of p whose intensity magnitude Hp is not
zero.

3.3. Model solver

Due to involving the L0-norm, our objective function is non-linear
and difficult to solve. Therefore, we derive an approximate solution
based on an Alternating Direction Method of Multipliers (ADMM)
scheme [BPC∗11] and L0 minimization [XLXJ11]. Specifically, we
first rewrite our objective function (3) in a matrix-form as

argmin
W,H

1

2
||I−RW−ΓH||22 +λdC(W)+λsC(H)

s.t. W≥ 0, and H≥ 0 ,

(10)

where W,H,I,D are the matrix form of W,H, I,D, respectively.
Here we introduce two auxiliary variables S and G, correspond-
ing to W and H respectively. Now the objection function (10) can
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be further rewritten as

argmin
W,H

1

2
||I−RW−ΓH||22 +λdC(S)+λsC(G)

+(S−W)T
Y1 +(G−H)T

Y2+

ρ

2
(||S−W||22 + ||G−H||22)

s.t. W≥ 0, and H≥ 0 ,

(11)

where Y1 and Y2 are the Lagrangian dual variables. We solve for
the objective function (11) by minimizing several sub-problems and
maximizing the dual problems alternatively. In the following, we
will describe these sub-problems and dual problems.

Subproblem 1: computing W The W estimation subproblem
is

argmin
W

||I−RW−ΓH||22 +ρ||S−W+
Y1

ρ
||22 . (12)

This is a linear problem with a closed-form solution. Thus we up-
date W as follows

W = (RT
R+ρU)−1(RT

I−R
T
ΓH+ρS+Y1) , (13)

where U is an identity matrix. Note that, according to W ≥ 0,
after W is updated, we perform a simple correction operation:
W = max(W,0).

Subproblem 2: computing S The S estimation subproblem is

argmin
S

||S−W+
Y1

ρ
||22 +

2λd

ρ
C(S) . (14)

According to [XLXJ11], the above energy function (14) can be
solved in an element-wise manner as

argmin
S

∑
j

||S j−W j +
Y1, j

ρ
||22 +

2λd

ρ
C(S j) , (15)

where j is the index of the entries of the matrix. The solution of S

is then updated by

S j =

{

0, if (W j− Y1, j

ρ )2 ≤ 2λd

ρ

W j− Y1, j

ρ , otherwise
. (16)

For the proof of Eqn. (16), please refer to our supplementary mate-
rial for details.

Subproblem 3: computing H The H estimation subproblem
is

argmin
H

||I−RW−ΓH||22 +ρ||G−H+
Y2

ρ
||22 . (17)

Similar to subproblem 1, the solution of the above energy func-
tion (17) can be obtained by

H = (ΓT
Γ+ρU)−1(ΓT

I−Γ
T

RW+ρG+ρY2) . (18)

The correction is also adopted to ensure that H≥ 0: H=max(H,0).

Subproblem 4: computing G The G estimation subproblem
is

argmin
G

||G−H+
Y2

ρ
||22 +

2λs

ρ
C(G) . (19)

Similar to the update in Subproblem 2, the solution of the above

Algorithm 1: Specular highlight removal framework

Input: Input image I, parameters λs, λd , K and maximum
iterations M, error tolerance ε.

Output: Coefficient W and specular highlight image H.
1 Initialize:

W = S = 0,H = G = 0,Y1 = 0,Y2 = 0,K = 60,ε = 0.001.
2 Diffuse palette construction R.
3 for k=1 to M do

4 Update W using Eqn. (13);
5 Update S using Eqn. (16);
6 Update H using Eqn. (18);
7 Update G using Eqn. (21);
8 Update Y1,Y2 using Eqn. (22);
9 Update ρ using Eqn. (23);

10 if ||W−S||/||I|| ≤ ε and ||H−G||/||I|| ≤ ε then

11 Break;
12 else

13 Continue;

14 return W,H;

energy function (19) can also be estimated in an element-wise man-
ner as

argmin
S

∑
j

||G j−H j +
Y2, j

ρ
||22 +

2λs

ρ
C(H j) . (20)

And the solver is updated by

H j =

{

0, if (H j− Y2, j

ρ )2 ≤ 2λs

ρ

H j− Y2, j

ρ , otherwise
. (21)

Dual ascend updates The variables Y1 and Y2 are updated by
{

Y1← Y1 +ρ(S−W)

Y2← Y2 +ρ(G−H)
. (22)

Update ρ The weight parameter ρ is updated by

ρ← 2ρ (23)

3.4. Implementation and Parameter Setting

We have implemented our algorithm using Matlab on a PC
equipped with Manjaro system, Intel i7-6700 3.40GHZ CPU and
8GB of RAM. We found that the parameters λd = 2/

√
N and λs =

0.01/
√

N work well for most of our test images, where N is the
number of pixels in an input image. Note that our algorithm stops
iteration when: (i) the maximum number of iteration M (typically
200) is reached or (ii) ε1 = ||W−S||/||I|| and ε2 = ||H−G||/||I||
are simultaneously less than a given threshold ε (typically 0.01).
Figure 1 compares our results with the ground truths. Note, our
current MATLAB implementation is relatively inefficient, since it
is neither optimized nor accelerated. However, we believe that by
adopting more efficient solvers for the subproblem in Eqn. (15) and
the GPU parallelization, our method can be significantly acceler-
ated to provide instant feedback for even high-resolution images.
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(a) (b) (c) (d) (e)

Figure 1: Our specular highlight removal results on an example image (a). (b) and (c) are diffuse image and specular highlight image

generated by our method. (d) and (e) are the corresponding ground truth diffuse image and specular highlight image. The input image (a)

and ground truth images (c) and (d) are from the MIT Intrinsic Images dataset [GJAF09].

(a) (b) (c)

Figure 2: An example from the MIT Intrinsic Images dataset

[GJAF09]. (a) Input. (b) Diffuse image. (c) Specular highlight im-

age.

4. Experiments

In this section, we conduct extensive experiments to validate the
effectiveness of our specular highlight removal method. More anal-
ysis of our model is also provided.

4.1. Comparison with the State-of-the-art Methods

We conduct experiments on a number of images to validate the
effectiveness of our algorithm. For visual and quantitative evalu-
ation, we compare with five recent methods, including Yamamoto
et al. [YKK17], Akashi et al. [AO15], Shen et al. [SC09], Yoon
et al. [YCK06], and Tan et al. [TI05]. Note, since Yamamoto et

al. [YKK17] is a post-processing method that refines other meth-
ods, we choose the method of Yang et al. [YWA10] as their ini-
tialized reflection separation results. The implementation of these
methods we used in the experiments are from the authors’ web-
sites. To fairly perform the comparison, the optimal parameter set-
ting for each compared method is obtained via leave-one-out cross-
validation. We do not compare with Chen et al. [LLZI17], since
this method focuses on handling human facial images. And Guo et

al. [GZW18] is not included in our comparison, because their im-
plementation code is not available. Moreover, our test images are
diverse, including: (1) MIT Intrinsic Images dataset [GJAF09]; (2)
facial images from [LLZI17]; (3) laboratory images from [SZ13];
(4) real-world images collected from the Internet.

Table 1: Quantitative comparison on the MIT Intrinsic Images

dataset.

Methods MSE LMSE DSSIM

Ours 0.027 0.021 0.412

Yamamoto et al. [YKK17] 0.048 0.039 0.490
Akashi et al. [AO15] 0.031 0.028 0.032

Shen et al. [SC09] 0.093 0.052 0.590
Yoon et al. [YCK06] 0.098 0.032 0.420

Tan et al. [TI05] 0.110 0.099 0.624

4.1.1. Comparisons on Synthetic and Laboratory Images

MIT Intrinsic Images dataset We first conduct evaluation on
images from the MIT Intrinsic Images dataset [GJAF09], which
offers the ground truth albedo, diffuse shading and specular high-
light images for 20 objects (see Figure 2 for an example). The vi-
sual comparisons are shown in Figure 1 and 3. As can be seen,
our method produces visually natural-looking results similar to the
ground truths, while the compared methods [YCK06, TI05] induce
visual artifacts including enhanced textures/structures and color
distortion. In addition, we note that the structures of the diffuse
image are slightly boosted in the results of [YKK17].

For quantitative evaluation, akin to previous methods [GJAF09,
CK13, NMY15], we adopt three commonly used metrics including
mean-squared error (MSE), local mean-squared-error (LMSE), and
dissimilarity version of the structural similarity index (DSSIM). We
compute average MSE, LMSE, and DSSIM values of specular-
free images and specular highlight images of all 20 objects in
the dataset. Note, for the three metrics, lower value indicates bet-
ter result. The quantitative results are shown in Table 1. As seen,
our method achieves the lowest MSE, LMSE, and DSSIM values,
which means that our method can produce better results than other
state-of-the-art methods on the MIT Intrinsic Images dataset.

Facial images Then we conduct comparison on facial images
selected from [LLZI17]. An example is shown in Figure 4. Ya-
mamoto et al. [YKK17] may enhance the facial details, e.g.the
beard on the face and background, so does Yoon et al. [YCK06].
Shen et al. [SZSX08] degrades the texture details, leading to
unnatural-looking result. Tan et al. [TI05] wrongly alters the il-
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(a) (b) (c) (d) (e) (f)

Figure 3: Visual comparison on an image from the MIT Intrinsic Images dataset [GJAF09]. 1st row: specular-free images; 2nd row: close-

ups of the specular-free images; 3rd row: specular highlight images. (a) Input. (b) Ground truth. (c) Ours. (d)-(f) Results of Yamamoto et

al. [YKK17], Yoon et al. [YCK06], and Tan et al. [TI05], respectively. Please zoom in on the results and their corresponding close-ups for

more details.

(a) (b) (c) (d) (e) (f)

Figure 4: Visual comparison on a facial image. The input facial image is selected from [LLZI17]. (a) Input. (b) Ours. (c)-(f) Results of

Yamamoto et al. [YKK17], Shen et al. [SC09], Yoon et al. [YCK06], and Tan et al. [TI05], respectively.

lumination color. In contrast, our method avoids the above visual
artifacts, and produces natural-looking result.

Laboratory images Next we evaluate our method on four lab-
oratory images (with ground truths) selected from [SZ13] both
qualitatively and quantitatively, as shown in Figure 8 and Table 2.
Note, MSE, LMSE and DSSIM are also used as the error metrics
in quantitative evaluation. As can be seen, our method produces
high-quality results closed to the ground truths, and achieves lower
errors than state-of-the-art methods for most of test images.

4.1.2. Comparisons on Real-world Images

We compare our method against previous methods on real-world
images in Figure 5. Note that the ground truths of these images are
unavailable and thus we here only perform the visual comparison

and analysis. On the whole, our method can handle these images
better than other state-of-the-art methods. In contrast, Yamamoto et

al. [YKK17] induces color distortion around the edges/boundaries
(see 4th and 9th rows), while Akashi et al. [AO15] results in
unnatural-looking black color for white regions (see 1th and 9th
rows). There are specular highlight residuals in the diffuse images
estimated by Shen et al., and Yoon et al. [YCK06] may incur in-
ducing visual artifacts or unnatural-looking transition around the
boundary (see 3rd and 9th rows). Furthermore, we note that most
previous methods often treat white materials as specular highlight
to be removed, resulting in visually unpleasing results. In compar-
ison, our method can effectively handle white regions and produce
natural-looking results.
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(a) (b) (c) (d) (e) (f)

Figure 5: Visual comparison on real-word images. From top to bottom, the scenes we selected are Dwarves, Beans, Toys, Flower, Inkpad,

respectively. Odd rows: specular-free images; Even rows: specular highlight images. (a) Input. (b) Ours. (c)-(f) Results of Yamamoto et

al. [YKK17], Akashi et al. [AO15], Shen et al. [SC09], and Yoon et al. [YCK06], respectively.
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(a) Input (b) K = 10 (c) K = 20

(d) K = 60 (e) K = 80 (f) K = 100

Figure 6: Effect of varying K. (a) Input. (b)-(f) Specular-free im-

ages with different K.

λd = 1 λd = 10 λd = 1000

λ
s
=

0.
01

λ
s
=

0.
00

01

Figure 7: Effect of varying λd and λs. Odd rows: the specular-free

images; Even rows: the specular highlight images. See Figure 6(a)

for the input image.

4.2. More analysis

In this section, we analyze the effects of several key parameters in
our model including λd , λs, K, and Γ. Then we evaluate the ro-
bustness of our method to noisy input and analyze the convergence
of our algorithm. Finally, the limitations and future work are dis-
cussed.

4.2.1. Effect of varying parameters

Effect of varying λd and λs We analyze the effect of the two
weights λd and λs. As shown in Figure 7, when λs = 0.1, with the
increasing of λd , the specular highlight residual in the specular-free

image is gradually reduced, e.g., the root of watermelon. However,
we note that large λs may also wash out some textures due to over
smoothness of the specular-free image. On the other hand, when
λd = 1000, with the increasing of λs, there is only a subtle change
in the specular-free image. We found that the default parameter set-
ting can produce good results for most of our testing images.

Effect of varying K Figure 6 presents the effect of varying K

on the diffuse image. As can be seen, when K is small, e.g., 10
or 20, the specular-free image may have color distortion, e.g., red
pumpkin. On the other hand, when K is large, e.g., 60, or 80, or
100, K has limited effect on the diffuse image. However it often
takes more time to perform the layer separation when K is large.
Hence, we typically set it to 60 and found that it works well for
most of our testing images. Moreover, as shown in Figure 9, we
can see that K has limited effect on the convergence rate, but large
K would increase εmax (i.e., max(ε1,ε2)). This is because that the
small value of K (i.e., limited basis colors) may fail to accurately
reconstruct the diffuse image.

4.2.2. Robustness to inaccurate illumination color

We conduct an experiment to validate the robustness of our method
to inaccurate illumination color. The test images are Animals, Cups,
Fruit, and Masks from [SZ13], for which we compare results be-
tween our method with the accurate and inaccurate illumination
color. The visual comparisons are shown in Figure 8 and the cor-
responding quantitative evaluation is reported in Table 2. We can
see that, with accurate illumination color, our method produces
results closer to the ground truths. Surprisingly, our method can
also achieve reasonably good results with the inaccurate illumina-
tion color, which convincingly demonstrates the robustness of our
method to inaccurate illumination color.

4.2.3. Robustness to noise

We also conduct an experiment to evaluate the robustness of our
method to noise. An example is shown in Figure 10, where we
add the zero-mean Gaussian noises with σ = 0.1 and σ = 1 to
the input images. As shown, Akashi et al. [AO15] fails to remove
noises since their employed NMF model is sensitive to outliers. Ya-
mamoto et al. [YKK17] can effectively remove noise, but induce
specular highlight residual in the resulting diffuse image. Other
clustering-based methods [SC09, YCK06] are sensitive to noise
and thus produce visually unpleasing results. In comparison, our
method produces more appealing results than the compared meth-
ods, demonstrating its superiority and robustness in handling im-
ages with noise.

4.2.4. Convergence analysis

We plot the convergence curve of our algorithm for an input image
(Fish) in Figure 11. As seen, the specular highlight residual in the
diffuse image is gradually decreased with the increasing of the iter-
ations. There is no noticeable change in the diffuse image between
the two adjacent iterations when the iterations reach 100. Empiri-
cally, 200 iterations are sufficient enough to obtain reasonably good
results. Note that we provide the convergence curves for the five
images (including Dwarves, Beans, Toys, Flower, and Inkpad) in
Figure 5 in our supplementary material. We also evaluate how dif-
ferent K affects the convergence, as shown in Figure 9.
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Figure 8: Visual comparison on laboratory images. (a) Input. (b) Ground truth. (c)-(d) Ours using accurate and estimated illumination color

respectively. (e)-(h) Results of Yamamoto et al. [YKK17], Akashi et al. [AO15], Shen et al. [SC09], and Yoon et al. [YCK06], respectively.
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Figure 9: Effect of varying K on the convergence. Please see Fig-

ure 6 (a) for the source image.

4.2.5. Limitations and future work

Our method has limitations. First, our method, as well as the
existing methods, may fail to recover the diffuse image and sub-
tle textures from large and mostly white specular highlight regions.
To address this issue, we plan to adopt learning-based image in-
painting techniques to aid us to synthesize the missing details and
textures for those challenging regions. Second, our current unopti-
mized implementation is relatively inefficient. Hence, in the future,
we would like to explore the GPU accelerated version to enable
real-time performance.

5. Conclusion

In this paper, we have presented a novel approach for removing
specular highlight from a single real-world image. Our approach
is built upon two observations of specular highlight in real-world

Table 2: Quantitative comparison on the laboratory images.

Methods Scenes MSE LMSE DSSIM

Ours (accurate Γ)

Animals 0.080 0.072 0.340
Cups 0.071 0.062 0.316
Fruit 0.082 0.070 0.380

Masks 0.069 0.010 0.338

Ours (estimated Γ)

Animals 0.082 0.076 0.341
Cups 0.072 0.066 0.320
Fruit 0.089 0.072 0.401

Masks 0.070 0.012 0.342

Yamamoto et al. [YKK17]

Animals 0.092 0.082 0.401
Cups 0.079 0.068 0.342
Fruit 0.092 0.088 0.421

Masks 0.081 0.021 0.381

Akashi et al. [AO15]

Animals 0.091 0.080 0.387
Cups 0.076 0.069 0.311
Fruit 0.090 0.083 0.402

Masks 0.070 0.012 0.301

Shen et al. [SC09]

Animals 0.080 0.070 0.360
Cups 0.073 0.068 0.310
Fruit 0.081 0.073 0.392

Masks 0.072 0.013 0.321

Yoon et al. [YCK06]

Animals 0.098 0.081 0.410
Cups 0.081 0.069 0.380
Fruit 0.094 0.083 0.423

Masks 0.072 0.025 0.401

images: (i) the specular highlight is often small in size and sparse
in distribution; (ii) the diffuse image can be represented by linear
combination of a small number of basis colors with sparse encod-
ing coefficients. Based on the two observations, we formulate spec-
ular highlight removal problem as an energy minimization, where
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(a) (b) (c) (d) (e) (f)

Figure 10: Evaluation of our method’s robustness to noise. Note, zero-mean Gaussian noise with σ = 0.1 and 1 are added to the two input

images in (a). (b) Ours. (c)-(f) Results of Yamamoto et al. [YKK17], Akashi et al. [AO15], Shen et al. [SC09], and Yoon et al. [YCK06],

respectively.
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Figure 11: Convergence curve of our algorithm.

we simultaneously estimate diffuse and specular highlight images.
Our method can effectively handle real-world images with occlu-
sions, varying materials, and color illumination. Extensive exper-
iments have been performed on both real-world images and syn-
thetic images to validate the superiority of the proposed algorithm
over state-of-the-art methods, both qualitatively and quantitatively.
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