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Efficient and Robust Specular
Highlight Removal
Qingxiong Yang, Member, IEEE, Jinhui Tang, Senior
Member, IEEE, and Narendra Ahuja, Fellow, IEEE
Abstract—A robust and effective specular highlight removal method is proposed
in this paper. It is based on a key observation—the maximum fraction of the diffuse
colour component in diffuse local patches in colour images changes smoothly. The
specular pixels can thus be treated as noise in this case. This property allows the
specular highlights to be removed in an image denoising fashion: an
edge-preserving low-pass filter (e.g., the bilateral filter) can be used to smooth the
maximum fraction of the colour components of the original image to remove the
noise contributed by the specular pixels. Recent developments in fast bilateral
filtering techniques enable the proposed method to run over 200 faster than
state-of-the-art techniques on a standard CPU and differentiates it from
previous work.
Index Terms—Specular reflection separation, highlight, bilateral filter
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INTRODUCTION

THE spectral energy distribution of the light reflected from an
object is the product of the spectral energy distribution of the illumination and the surface reflectance. Using the dichromatic reflection model [19], the reflected light can be separated into two
components, due to specular and diffuse reflections, respectively.
Specular reflection presents difficulties for many computer vision
tasks, such as segmentation, detection and matching, since it captures light source characteristics, creating a discontinuity in the
omnipresent, object-determined diffuse part. For simplification,
specularities are usually disregarded as outliers by methods that
are based on diffuse component analysis. Since the presence of
specular reflection is inevitable in the real world, and they do capture important scene information, e.g., surface shape [2], [4] and
light source characteristics, incorporation of specularity regions in
the analysis is important.

1.1

Related Work

Previous methods for separating reflection components can be
separated into two categories by the number of images used.
The first category uses multiple images taken under specific conditions (e.g.,viewpoint, lighting direction, etc.) or using a single
image. Nayar et al. [12] used multiple images captured from different polarization angles. Sato and Ikeuchi [18] employed the dichromatic model for separation by analyzing colour signatures in many
images captured with a moving light source. Lin and Shum [9] also
changed the light source direction to produce two photometric
images and used linear basis functions to separate the specular
components. Park and Tou [16] again requires different illumination directions. These approaches are of restricted use in a general
setting since the light source is usually fixed in the real world. A feasible solution is to change the viewpoint instead of changing the
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illumination direction. Using multiple images taken from different
viewing directions, Lee [7] presented a method for specular region
detection and Lin [8] removed the highlights by treating the specular pixels as outliers, and matching the remaining diffuse parts in
other views. However, this method may fail if the size of the highlight region is large, because then the large number of pixels
involved cannot be considered as outliers. These methods are moderately practical, since it may not always be possible to meet the
required conditions in practice.
Highlight removal using a single image, as in the other category, is generally much more challenging. When dealing with
multi-coloured images, most single-image-based methods require
colour segmentation (e.g., [6], [1]) which is known to be non-robust
for complex textured images or requires user assistance for highlight detection [20]. By relaxing general surfaces to chromatic surfaces, the highlight removal problem can be greatly simplified. With
this additional assumption, Tan and Ikeuchi [24] demonstrated
that highlights from textured objects with complex multi-coloured
scenes can be effectively removed without explicit colour segmentation. This method removes highlights by iteratively shifting chromaticity values towards those of the neighbouring pixel having the
maximum chromaticity in the neighbourhood. The neighbourhood
is determined using a “pseudo-coded” diffuse image which has
exactly the same geometrical profile as the diffuse component of
the input image and can be generated by shifting each pixel’s intensity and maximum chromaticity nonlinearly. Similar to the
“pseudo-coded” diffuse image presented in [24], Mallick et al. [11]
proposed an SUV colour space which separated the specular and
diffuse components into an S channel and UV channels. This SUV
space was further used for highlight removal by iteratively eroding
the specular channel using either a single image or video sequences
[10]. This type of approach may encounter problems due to discontinuities in surface colours, across which diffuse information cannot be accurately propagated. Kim et al. [5] propose a more stable
solution based on the observation that for most natural images the
dark channel of an image provides a pseudo specular reflection
result. However, its computational complexity is relatively high
due to the use of TV-L1 and TV-L2 optimization.
Other approaches for single-image highlight removal analyze
the distributions of image colours within a colour space. Tan and
Ikeuchi [23] related the specular pixels to diffuse pixels for every
surface colour by projecting image colours along the illumination
colour direction to a point of lowest observed intensity. As a result,
the decomposition can be expressed in a close form, and can be
solved directly for every pixel. Their experimental results contained noise caused by a number of factors, including image noise,
colour blending at edges and multiple surface colours. By integrating the texture from outside the highlight to determine the candidate diffuse colour for traditional colour-space techniques, that is
for each pixel, a set of candidate diffuse colours is obtained from a
texture scale of 1  1, and is iteratively pruned as the texture scale
increases, Tan et al. [21] showed appreciable improvements in diffuse-highlight separation. This method requires that there are
enough repetitive textures locally and the highlight does not have
a similar colour to the surface.

1.2

Our Contribution

All the above methods that use a single input image share the same
problem that they are not capable of real-time applications, e.g.,
stereo matching for specular surfaces, and generally result in
noticeable artifacts. In this paper, we propose a simple but effective
specular highlight reduction method using a single input image.
Our method is closely related to [24], in which, the diffuse colour
of a specular pixel is derived as a nonlinear function of its colour
(from input image) and the maximum fraction of the diffuse colour
components which is denoted as maximum diffuse chromaticity in
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the paper. The final step is estimating the maximum diffuse chromaticity value for every pixel which is a non-trivial problem, and a
method which iteratively shifts chromaticity values towards those
of the neighbouring pixel having the maximum chromaticity in the
neighbourhood was proposed. Our method is the same as [24]
except for the way of estimating the maximum diffuse chromaticity. Based on a key observation—the maximum diffuse chromaticity in local patches in colourful images generally changes
smoothly—we estimate the maximum diffuse chromaticity values
of the specular pixels by directly applying a low-pass filter to the
maximum fraction of the colour components of the original image,
such that the maximum diffuse chromaticity values can be propagated from the diffuse pixels to the specular pixels. Our method
can be directly extended for multi-colour surfaces if edge-preserving filters (e.g., the bilateral filter [15], [27] and the local Laplacian
filter [14]) are used such that the smoothing can be guided by the
maximum diffuse chromaticity. In practice, maximum diffuse
chromaticity is unknown and is to be estimated. We thus present
an approximation and demonstrate its effectiveness.
The main computational complexity of the proposed method
resides in the employed bilateral filter, and the recent development
in fast bilateral filtering techniques [3], [13], [17], [28] enables the
proposed method to run 200 faster than [24]1 on average. Another
advantage of our method is that image pixels are processed independently, allowing for parallel implementation. Our GPU implementation shows that our highlight removal method can process
1 MB images at video rate on an NVIDIA Geforce 8800 GTX GPU.
Besides having the speed advantage, our method does not have
the non-converged artifacts due to discontinuities in surface colours as presented in [24]. The use of a low-pass filter guarantees
that the estimated maximum diffuse chromaticity will be locally
smooth, as are the estimated diffuse reflections. Nevertheless, since
the theory of our method is heavily built upon [24], it shares most of
the limitations of [24], e.g., the input images have chromatic surfaces, the
output of the camera is linear to the flux of the incident light and the illumination chromaticity can be correctly measured/estimated.

2

ALGORITHM

In this section, we first briefly review the adopted reflection model
(in Section 2.1) and then present a real-time highlight removal
method using bilateral filter (in Section 2.2). Finally, the sensitivity
to the bilateral filter parameters and the illumination chromaticity
estimation is discussed (in Sections 2.3 and 2.4).

VOL. 37,

Reflection Model

Using standard diffuse þ specular reflection models commonly
~ captured
used in computer graphics, the reflected light colour (J)
by an RGB camera can be represented as a linear combination of
diffuse (J~D ) and specular (J~S ) colours:
J~ ¼ J~D þ J~S :

(1)

Let chromaticity be defined as the fraction of colour component c:
sc ¼ P

Jc

c2fr;g;bg

Jc

;

(2)

where c 2 fr; g; bg, we define diffuse chromaticity Lc and illumination chromaticity Gc as follows:
JcD

Lc ¼ P

c2fr;g;bg

Gc ¼ P

JcS

c2fr;g;bg

JcD
JcS

;

(3)

:

(4)

1. The source code is available on its author’s homepage [22].
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Following the chromaticity definition in Eqs. (2), (3), and (4), we
express the reflected light colour Jc as:
X
X
JuD þ Gc
JuS :
(5)
Jc ¼ L c
u2fr;g;bg

u2fr;g;bg

Assuming that the illumination chromaticity can be measured
(with a white reference) or estimated [26], using which the input
image can be normalized such that Gr ¼ Gg ¼ Gb ¼ 1=3 and JrS ¼
JgS ¼ JbS ¼ J S . Then the diffuse component can be written as:
JcD ¼ Jc  J S ;

(6)

according to Eq. (5).
Following the chromaticity definition in Eqs. (2) and (3), we
define maximum chromaticity as:
s max ¼ maxðs r ; s g ; s b Þ;

(7)

and maximum diffuse chromaticity be:
Lmax ¼ maxðLr ; Lg ; Lb Þ:

(8)

Tan [24] shows that the diffuse component can be represented as a
function of Lmax
P
maxu2fr;g;bg Ju  Lmax u2fr;g;bg Ju
JcD ðLmax Þ ¼ Jc 
:
(9)
1  3Lmax
Since surface materials may vary from point to point, Lmax changes
from pixel to pixel in real images but is limited from 13 to 1.
Estimating the maximum diffuse chromaticity Lmax for every
pixel from a single image is a non-trivial problem. However, if it is
set to a constant, then a “pseudo-coded” diffuse image which has
exactly the same geometrical profile as the diffuse component of
the input image can be obtained. In this case, the saturation values
of all pixels are made constant and this “pseudo-coded” diffuse
image is essentially a two-channel image, while the ground-truth
diffuse image is a three-channel image. The “pseudo-coded” diffuse image is just an approximation of ground truth, which will
fail to preserve the feature discriminability for surfaces having the
same hue but different saturation. However, it is the best estimate
we can get, and has been demonstrated to be effective for solving
the highlight removal problem in [24].

2.2
2.1

NO. 6,

Highlight Removal Using Bilateral Filter

According to Eq. (9), the highlight removal problem can be
reduced to the searching for the maximum diffuse chromaticity
Lmax which changes from pixel to pixel. However, Lmax is related
to the surface material and is locally similar. The maximum chromaticity s max is the same as the maximum diffuse chromaticity
Lmax except for specular pixels, which cause the intensity/colour
discontinuities within local patches of the same surface colour.
Intuitively, applying low-pass filtering to the maximum chromaticity s max will smooth out the variances due to specular highlights.
However, there are two issues:
1)

The smoothing filter should be edge-aware, such that the
s max values of two pixels associated with different surface
materials (Lmax values are different) will not be blended
together.
2) The diffuse pixels will be affected by the specular pixels
after smoothing.
As a popular edge-aware operator, a joint bilateral filter can be
employed to smooth the maximum chromaticity s max using the
maximum diffuse chromaticity Lmax as the smoothing guidance.
But Lmax is to be estimated; thus we need to find a substitution or
an approximation. Although the “pseudo-coded” diffuse image
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presented in [24] is free of specularity, it cannot be directly used for
this problem because its colour depends on both the surface geometry and material, while Lc is invariant to the surface geometry. Let
s min ¼ minðs r ; s g ; s b Þ;

c ¼

s c  s min
:
1  3s min

(11)

The relationship between the approximate diffuse chromaticity c
and the real diffuse chromaticity Lc is captured in Claim 1 and
Claim 2.2
Claim 1. For any two pixels ~
p and ~
q, if Lc ð~
pÞ ¼ Lc ð~
qÞ, then
c ð~
pÞ ¼ c ð~
qÞ.
pÞ ¼ c ð~
qÞ and
Claim 2. For any two pixels ~
p and ~
q, if c ð~
Lmin ð~
pÞ ¼ Lmin ð~
qÞ, then Lc ð~
pÞ ¼ Lc ð~
qÞ.
Note that c is just an approximation of Lc , which will fail for the specific case specified in Claim 2. However, it is the best estimate we can
get. It is actually strongly related to the chromaticity of the
“pseudo-coded” diffuse image presented in [24]. According to [24],
this chromaticity that be computed as follows:
bc ¼

s c  s max
1  sc
þa
;
1  3s max
1  3s max

(12)

where a is a constant value used to approximate Lmax and s max is the
maximum component of the image chromaticity. Let s min denote is
the corresponding minimum component, Eq. (12) can be rewritten as
bc ¼

s c  s min
1  sc
1  sc
þa
¼ c þ a
;
1  3s min
1  3s min
1  3s min

(13)

where a is now a constant value used to approximate Lmin which is
the minimum component of the diffuse chromaticity. As can be
seen, c is indeed a special case of bc (when a ¼ 0). As a result, c is
indeed the chromaticity of the “pseudo-coded” diffuse image presented in [24].
In practice, only the maximum component of the diffuse chromaticity Lmax is required to compute the diffuse reflection (as
shown in Eq. (9)). This means that the estimated maximum diffuse
chromaticity values of two pixels should be enforced to be the
same, as long as the maximum component of the approximate diffuse chromaticity values ( of the two pixels) are the same (even if
the other components of the chromaticity are different or the chromaticity is completely different in each channel). As a result, the
maximum component of the approximate diffuse chromaticity  is
computed and used as the smoothing guidance:
max ¼ maxðr ; g ; b Þ


s r  s min s g  s min s b  s min
:
;
;
¼ max
1  3s min 1  3s min 1  3s min

(14)

Using the approximate maximum diffuse chromaticity defined
in Eq. (14) to guide the smoothing, the filtered maximum chromaticity s max can be computed as follows:
P
pÞ
s Fmax ð~

¼

F ð~
p;~
qÞGðmax ð~
pÞ; max ð~
qÞÞs max ð~
qÞ
P
;
~
F
ð~
p
;
q
ÞGð
ð~
p
Þ;

ð~
q
ÞÞ
max
max
~
q2V

~
q2V

(15)

where
F ð~
p; ~
qÞ ¼ exp 

jj~
p ~
qjj2
2
2s S

2. The proof is presented in our ECCV paper [29].

!
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and
jmax ð~
pÞ; max ð~
qÞj2
pÞ; max ð~
qÞÞ ¼ exp 
Gðmax ð~
2
2s R

(10)

we approximate Lc using c computed as follows:
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(17)

are spatial and range weighting functions which are typically
Gaussian in the literature [27], [3], and s S and s R are the geometric
and photometric spread used to adjust the spatial similarity and
the range similarity, respectively.
The variances of the maximum chromaticity s max due to specular highlights will be reduced after filtering, and the filtered maximum chromaticity s Fmax will be closer to Lmax than s max for the
specular pixels. However, after smoothing, the diffuse pixels will
be affected by the specular pixels too. According to [25], the filtered
maximum chromaticity values s Fmax of the diffuse pixels will be
lower than the un-filtered values s max . As a result, to exclude the
contribution of the specular pixels, we compare s Fmax and s max and
take the maximum value:


s max ð~
pÞ ¼ max s max ; s Fmax ð~
pÞ :

(18)

We then iteratively apply a joint bilateral filter to s max such that
the maximum diffuse chromaticity values can be gradually propagated from the diffuse pixels to the specular pixels. In practice, we
compare the filtered values s Fmax with s max after every iteration.
The algorithm is believed to converge when their difference is
smaller than a threshold (set at 0.03 in our experiments) at every
pixel. Our method generally converges after two-three iterations.
The proposed highlight removal algorithm is summarized in
Algorithm 1.

Algorithm 1. Highlight Removal Using a Single RGB Image
1: Compute s max according to Eq. (7) at every pixel using the

input image and store it as a grayscale image.

2: Compute max according to Eq. (14) at every pixel using the

input image and store it as a grayscale image.

3: repeat
4:
-Apply joint bilateral filter to image s max using max as the

guidance image (Eq. 18), store the filtered image as s Fmax ;

5:
-For each pixel ~
p, s max ð~
pÞ ¼ maxðs max ð~
pÞ; s Fmax ð~
pÞÞ;
F
6: until s max  s max < 0:03 at every pixel.

2.3

Sensitivity to the Bilateral Filter Parameters

As shown in Algorithm 1, the parameters involved in the proposed
highlight removal method are mainly the parameters related to
the joint bilateral filter. According to Eqs. (15), (16), and (17), there
will be two parameters s S and s R 3 which are used to adjust the
spatial similarity and the range similarity, respectively.
To evaluate the performance of the proposed method with
respect to parameter s S and s R , we conducted experiments on a
synthetic image with ground-truth diffuse reflection available as
presented in Fig. 1. Fig. 1a1 is the diffuse image and (a2) is the combination of (a1) and the specular highlight and is used as the input
image for the proposed method; (b1) and (b2) are the maximum
chromaticity s max values computed from (a1) and (a2), respectively; the upper rows of (c1) and (c2) are the close up of (b1) and
(b2), and the bottom the colour-mapped values. Red means a larger
and blue a smaller value. As can be seen, the specular highlights
decrease the maximum chromaticity s max values. (d1) is the

(16)
3. s S controls the size of filter kernel and s R adjusts the range (intensity/
color) similarity, see [27] for details. A normalized image coordinate is used so
that s S resides in [0, 1]. Image intensity is also normalized and thus s R also
ranges from 0 to 1.
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Fig. 1. Highlight removal on a synthetic image.

approximate maximum diffuse chromaticity max and (d2) is the
pseudo-code diffuse image proposed in [24], respectively. The
basic idea of the proposed method is using (d1) as the guidance
image to iteratively smooth (b2) to approximate (b1).
As can be seen in Figs. 1c1 and 1c2, the specular highlights
always decrease the value of the maximum chromaticity s max . The
basic idea is then to use the approximate maximum diffuse chromaticity max in Fig. 1d as the guidance image to propagate the
maximum chromaticity s max in Fig. 1b2 from diffuse pixels to specular pixels. This can be achieved via an image smoother by treating
the s max values computed from the specular pixels as image noise.
The smoother should be edge-aware; thus the joint bilateral filter is
a good choice. Initially, s max is computed from the input image to
approximate the ground-truth maximum diffuse chromaticity in
Fig. 1b1.
The performance of the joint bilateral filter w.r.t to its two
parameters s S and s R is presented in Figs. 2a1, 2a2. We use the
peak signal-to-noise ratio (PSNR) to evaluate numerical accuracy.
For two intensity images I, J 2 ½0; 1, this ratio is defined as
P
10log10 ððh  wÞ= x jIðxÞ  JðxÞj2 Þ, where h and w are the height

Fig. 2. Performance w.r.t to the bilateral filter parameters s S and s R .
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and width of image I and J, and x is one of the pixels. It is
assumed [13] the PSNR values above 40 dB often correspond to
almost invisible differences. Fig. 2a1 shows that the performance of
the proposed method is robust to s S as long as the joint bilateral filter is large enough to cover the specular highlight regions and (b)
shows that s R should be relatively small to enforce edge preservation. The highest performance is achieved when s R ¼ 0:01 and
s S ¼ 0:65. Part (c) presents the performance w.r.t s S when
s R ¼ f0:01; 0:02; 0:03g, and (a2) presents the performance w.r.t s R
when s S ¼ f0:60; 0:65; 0:70g. Quantitative evaluation in Figs. 2a1, 2a2
concludes that the proposed method is robust to the two parameters as
long as the size of filter kernel (represented by s S ) is large enough to cover
the specular highlight regions and s R is small enough (smaller than 0.06)
to reject noise from other surfaces.
The synthetic image presented in Fig. 1 contains only two maximum approximate diffuse chromaticity max values (excluding the
dark area) as can be seen in Fig. 1d; thus there is no noise for this
data set, and the performance of the joint bilateral filter increases
as the photometric spread s R decreases. This is not true for real
images with sensor noise. A diffuse image was captured and then
combined with synthetic specular reflection to produce a specular
image for numerical comparison as shown in Fig. 3. Note that the
captured diffuse image in Fig. 3a is highly textured and the specular region in the synthetic image in Fig. 3b is relatively large (which
occupies a quarter of the image); both are difficult with regard to the
highlight removal problem. Fig. 3c is a closeup of (b), and specular
region covers almost the whole image. Fig. 3d is the diffuse
extracted from (c) using the proposed method. As can be seen, the
proposed method is valid even when the specular highlight is relatively large.
We use PSNR for numerical evaluation. The performance of the
proposed method with a joint bilateral filter is presented in
Figs. 2b1 and 2b2. As can be seen from Figs. 2b1 and 2b2, the performance is robust to s S and s R when s S > 0:2 and s R < 0:08. The
grey planes/lines in (b1)-(b2) correspond to the PSNR values computed from the captured diffuse image in Fig. 3a and the synthetic
input image in Fig. 3b. Performance lower than this threshold is
meaningless. The highest performance is achieved when s R ¼ 0:02
and s S ¼ 0:25. Unlike the synthetic data set in Fig. 1, the
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Fig. 3. A real diffuse image and the corresponding synthetic specular intensity and
specular image.

performance actually decreases when the photometric spread s R
drops from 0:02 to 0:01 due to sensor noise.
The conducted experiments show that the range filter kernel (controlled by s R ) should be small enough to reject noise from other surfaces
but cannot be too small to account for sensor noise in real images. In practice, we set s R to 0.04 ( ¼ 10=255). The spatial filter kernel should be
large enough to cover the specular highlight. According to Figs. 2a1 and
2a2 and (b1)-(b2), we set s S to 0.25 so that the filter kernel is as large as
the test image, and rely on a small range filter kernel to reject noise from
other surfaces.
This conclusion is demonstrated using a real scene in Fig. 4a.
The ground-truth diffuse reflection in Fig. 4b is computed based
on polarizing filter [12]. Figs. 4c and 4d are diffuse reflections estimated using default and optimal parameters, respectively. They
are visually similar and the PSNR difference is also small, which
demonstrates the robustness of the default parameter setting. The
detailed evaluation w.r.t. the bilateral filter parameters s S and s R is
presented in Figs. 2c1 and 2c2.

2.4

Sensitivity to Illumination Chromaticity Estimation

The proposed algorithm assumes that illumination chromaticity is
known as it can be measured with a white reference or estimated
using an existing algorithm like [26]. In practice, there will be estimation error. For instance, the estimation error is around
0:01  0:03 in [26]; and thus a highlight removal algorithm should
be robust to a certain amount of estimation error. Fig. 5 quantitatively evaluates the performance of the proposed algorithm with

Fig. 5. Sensitivity to illumination chromaticity.

Fig. 4. Evaluation on a real scene. (c) and (d) are diffuse reflections estimated
using constant and optimal parameters, respectively. Note that they are visually
similar and the PSNR difference is also small. The images are gamma corrected
for better illustration.

respect to different levels of noise (in illumination chromaticity
estimation). A total of 1;000 images were synthesized under each
noise level as follows:
Jcnoisy ¼ JcD þ ð1=3 þ randcðÞ  sÞð3J S Þ;

(19)

where function randcðÞ generates a random value between 1 and
1, and s ¼ f0.01,0.02,0.03,0.04,0.05g correspond to five different
noise levels. The ground-truth diffuse and specular components
(JcD and J S ) in Figs. 1a2 and 3b were used in Eq. (19), which results
in a total of 10; 000 test images. The PSNR value computed from
two diffuse images estimated with and without noise is used as the
evaluation criteria. The mean and minimum PSNR values estimated under different noise levels are presented in Figs. 5a and 5b.
As can be seen, the mean PSNR values are always higher than 40
dB (which corresponds to almost no visible difference). This shows
that the proposed algorithm is robust to standard illumination
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Fig. 7. Highlight removal on the images provided in [24].

Fig. 6. Highlight removal on synthetic images in Figs. 1a2 and 3b.

chromaticity estimation error which is around 0:01  0:03.
Figs. 5a1, 5a2, and 5a3 and (b1)-(b3) are the estimated diffuse
images corresponding to the red, green and blue circles in (a) and
(b), respectively. They represent the worst case under three different noise levels. Note that there are very few visible errors when
s 0:03.

3

EXPERIMENTAL RESULTS

This section presents evaluation on both synthetic and real
images. According to the discussion presented in Section 2.3, we
set s S ¼ 0:25 (so that the filter covers the whole image) and
s R ¼ 0:04 (to reject noise from other surfaces) for all the experiments
conducted in this section.
We first compare the proposed method with [24] in Fig. 6
using the synthetic images in Figs. 1a2 and 3b. Figs. 6a, 6b are
the diffuse images extracted using [24] and the proposed algorithm, respectively. (c) is the ground truth. (d)-(f) present the
maximum chromaticity s max computed from (a)-(c), respectively.
The numbers under the images are PSNR values computed
based on the ground truth presented in (c). Both visual and
quantitative evaluation show improvement in the robustness
with respect to [24].
We next conducted experiments on several real images either
used in the previous work [24] or captured by a Sony DFW-X700
camera with gamma correction off. For the images captured by
ourselves, we compared our results with images captured with

polarizing filters over the camera and the light source. Comparison
with the highlight removal method presented in [24] is also provided. Fig. 7 compare our method with [24] using the images provided by the author of [24]. From left to right are the input image,
diffuse image extracted using [24] and our method, respectively.
Visual comparison shows that our method is comparable to [24]
for these data sets but much faster.
Finally, we conducted experiments on two real images with
diffuse reflections captured by polarizing filters over the camera
and the light source. The experimental results are presented in
Fig. 8. The measured diffuse reflections are presented in Fig. 8d.
Fig. 8e presents our approximations (Eq. (14)) of the maximum
diffuse chromaticities Lmax which are used as the guidance
image for the joint bilateral filtering process in Algorithm 1. We
next computed the maximum chromaticity s max from Figs. 8b,
8c, and 8d, and presented the results in Figs. 8f, 8g, and 8h,
respectively. Visual comparison between Figs. 8b, 8c, and 8d
and (f)-(h) shows that both methods are suitable for low-textured images. Fig. 8 also shows our method is a bit better than
[24] for highly-textured image but neither is of high quality as
both methods are invalid for grayscale surfaces as shown in the
PSNR values under (f) and (g) which are computed based on
the ground-truth Lmax in (h).
Fig. 9 compares the runtime of the method presented in [24] and
ours. Note that the speedup factor of our method is generally over
200 except for the second data set, which is the synthetic image presented in Fig. 1. But note that [24] obtains incorrect diffuse reflection from this data set; thus probably, the iterative algorithm
presented in [24] stops before convergence.

4

CONCLUSIONS

We have proposed a new highlight removal model in this paper.
Using a single colour image, the highlight removal problem is formulated as an iterative bilateral filtering process which normally
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Fig. 10. A failure case.

respectively. Note that unlike Lmax , max and the chromaticity of
the pseudo-code diffuse image (proposed in [24]) in Figs. 10d
and 10e are uniformly distributed on every pixel. The use of max
as smoothing guidance is thus incorrect and results in visible
errors in Fig. 10f.
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