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Abstract—Specular reflections pose great challenges on various
multimedia and computer vision tasks, e.g., image segmentation,
detection and matching. In this paper, we build a large-scale
Paired Specular-Diffuse (PSD) image dataset, where the images
are carefully captured by using real-world objects and the
ground-truth specular-free diffuse images are provided. To the
best of our knowledge, this is the first real-world benchmark
dataset for specular highlight removal task, which is useful for
evaluating and encouraging new deep learning-based approaches.
Given this dataset, we present a novel Generative Adversarial
Network (GAN) for specular highlight removal from a single
image by introducing the detection of specular reflection infor-
mation as a guidance. Our network also makes full use of the
attention mechanism and is able to directly model the mapping
relation between the diffuse area and the specular highlight area
without any explicit estimation of the illumination. Experimental
results demonstrate that the proposed network is more effective
to remove specular reflection components with the guidance of
specular highlight detection than recent state-of-the-art methods.

Index Terms—Specular highlight removal, PSD-Dataset, Deep
learning.

I. INTRODUCTION

PECULAR highlight, as the reflection of the light source

on shiny surfaces when illuminated, often creates unde-
sired discontinuities in the object diffuse part and reduces
the image contrast in a local window. Therefore, removing
specular highlight in color images plays an important role
to facilitate many multimedia and computer vision tasks,
such as image segmentation [3], [52], [37], intrinsic image
decomposition [48], [7], object detection [20], illumination
estimation [65], [19], [12] and text detection [59], [40], [11],
etc.

An effective specular highlight removal technique is widely
required. Traditional model-based methods can be classified
into two categories: multiple-image and single-image ap-
proaches. A common strategy for multiple-image highlight
removal is to use the viewpoint dependence to find matching
specular and diffuse pixels from several images [25], [33],
[34]. While achieving good results, these methods are time
consuming. Single-image specular highlight removal is more
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Fig. 1. Specular highlight removal results on real-world images. (a) Input
specular highlight images, (b) removal results by our proposed method.

challenging, where some prior knowledge (e.g., the Dichro-
matic Reflection Model [44]) is often used. However, their
performances highly depend on the quality of the estimated
geometry, illumination, reflectance and material properties.
Essentially, existing traditional algorithms cannot semantically
disambiguate highlights and pure white from complex real-
world scenarios.

Recent deep-learning-based approaches [18], [32], [36] rely
heavily on training data to learn a robust model. However, so
far there is no public real-world dataset aiming for learning
based specularity removal (an artificially rendered synthetic
dataset is presented in [32]). In particular, when the training
data is insufficient, the color distortion, the highlight residual
or other problems are often present in the final results. The
lack of a large real-world dataset also hinders the development
of new specular highlight removal techniques. In this work, we
built a large-scale dataset for the first time to promote deep
specular highlight removal for real-world images. Our dataset
includes 13,380 images, which are captured on a wide variety
of scenes and materials, each with corresponding ground-
truth diffuse images. It contains many daily shiny materials,
such as plastic, organic material, leather, and wood, on which
specular highlight often appears. Based on our dataset, we
have also proposed a novel deep-learning-based specular high-
light removal method. Different from existing approaches, we
consider the highlight detection task and present an iterative
two-branch network, which can detect and remove the specular
highlight from single image at the same time. To sum up, the
contributions of this work are presented include:
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We present a first large-scale Specular-Diffuse benchmark
dataset with real-world images for specular highlight
removal task, in which each specular highlight image is
paired with the ground-truth specular-free diffuse image.
We propose a new two-branch neural network that cap-
tures the channel-wise global context information by
using a distribution-based channel attention module. We
also introduce the mask of the detected highlight area as
guidance to achieve state-of-the-art performance.

II. RELATED WORK
A. Model-based methods

Multiple-image approaches. A number of studies attempted
to separate reflection components by using multiple input
images. Based on the dichromatic reflection model [44], Sato
et al. [43] separated the specular and diffuse reflection com-
ponents at each pixel from a sequence of color images. They
captured multiple images under a moving light source. Lin et
al. [34] presented a method based on the neutral interface
reflection model for separating two reflection components
with two photometric images. Lee et al. [30] presented a
model for specular highlight region detection. They used
multiple color images from different viewing directions. Lin
et al. [33] presented a method based on color analysis that
simultaneously estimates the separation of specular reflections.
They speckled out pixels in the specular area as outliers and
matched the remaining diffuse portions on other views. Guo
et al. [22] proposed a method to separate these two layers
from multiple images, which exploits the correlation of the
transmitted layer across multiple images. Although multiple-
image approaches can achieve better results, this method is less
practical, because it requires multiple images and increases
algorithm complexity.

Single-image approaches. Additional priors are required to
solve the single-image specular highlight removal problem in
traditional color segmentation methods [44], [29], [6]. Shen
et al. [46] separated the specular highlight reflections in a
color image based on the error analysis of chromaticity and
the appropriate selection of body color for each pixel. Shen and
Cai [45] further extended this work to improve the robustness
of the algorithm. For natural images, specular highlight can
be effectively removed based on the dichromatic reflection
model [47], [61], [62]. Yang et al. [61], [62] proposed to
separate diffuse and specular reflection components in the
HSI color space, which is suitable for real-time applications.
Shen and Zheng [47] considered color space to analyse the
distribution of the diffuse and specular components and used
this information for separation. Tan er al. [39] presented an
interactive method by introducing specular highlight removal
as an inpainting process. Akashi and Okatani [!] presented a
modified version of sparse non-negative matrix factorization
(NMF) without spatial prior.

Besides, the illumination estimation methods can coarsely
remove highlights [9], [14], [42]. There are two approaches
for estimating illumination color, one is to analyze the surface
color based on the color constant of the a prior model [15],
[23], [27] and the other approach is to estimate illumination

color from specular reflections [24], [50]. Tan et al. [49],
[51] separated specular illumination using the concept of
inverse intensity space. Xia et al. [58] formulated specular
highlight removal problem as an energy minimization, which
can simultaneously estimate diffuse and specular highlight
images. However, these methods tend to be vulnerable to
complex chromatic aberrations. Several recent methods at-
tempt to utilize intrinsic image decomposition [48], [7], [2] to
handle specular highlight removal. Although existing specular
highlight methods have achieved remarkable progress, they
fail to produce satisfactory results for real-world images with
complex ambient light and different scene content. For more
details, please refer to the recent survey [4].

B. Deep-learning-based methods

Recently, there is an emerging interest in applying deep
learning for single image specular highlight removal such
that the handcrafted priors can be replaced by data-driven
learning [18], [32], [36], [57]. Funke et al. [18] presented a
GAN-base method for automatic specular highlight removal
from a single endoscopic image. To train this network, small
image patches with specular highlights and patches without
highlights are extracted from endoscopic videos. Lin et al. [32]
presented a novel learning approach, in the form of a fully
convolutional neural network (CNN), which automatically and
consistently removes specular highlights from a single image
by generating its diffuse component. They also rendered a
synthetic dataset to help the network generalize well. Later,
Muhammad et al. [36] presented the Spec-Net and Spec-
CGAN for removing high intensity specularity from low
chromaticity facial images. Wu et al. [57] presented a new
data-driven approach for automatic specular highlight removal
from a single image. However, these methods rely heavily on
the training data to learn a robust model. Due to the lack of a
general real dataset, the performance of these methods on real
images is far beyond satisfactory. So a challenging problem
which arises in this domain is to build a large scale real-world
dataset.

Specular highlight removal is also highly related to re-
flection removal and intrinsic image decomposition. Wan et
al. [54], [55] presented a novel deep learning based framework
to effectively remove reflection using the first captured single-
image reflection removal dataset [53]. Zhang et al. [66] created
a dataset of real-world images with reflection and correspond-
ing ground-truth transmission layers. Then, they proposed to
use a deep neural network with perceptual losses for single
image reflection separation.

C. Dataset for specularity removal and detection

Shi et al. [48] developed a new rendering-based object-
centric intrinsics dataset with specular reflection based on
ShapeNet [10]. They picked 31,072 models from several
common categories: car, chair, bus, sofa, airplane, etc. Yi et
al. [63] constructed a multi-view dataset, which consists of
228 products with 10-520 photos for each product. In total, the
dataset consists of 9,472 images. Beigpour et al. [7] created
a real dataset with precise ground-truth for intrinsic image
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research. However, the number of specular-diffuse images are TABLE |

too small to support network training. Liat al [32] built DETAILED STATISTICS OF OURPSDDATASET.
20,000 rendering training dataset using Blender and the Cycles
engine. In the process of making the dataset, they considered
the in uence of colored lights, objects texture, white objects

Statistics Object' classi cation
Image resolution| 6960*4640 || Fruits and vegetable$ 163

and environment maps. However, they did not make their  Total dataset | 13380 || Toys | 71
synthetic data public accessible. et al. [16] presented a Training set | 9481 || Packages | 405
Iarge-s_cale dataS(_at for spec_ular highlight d_etection of re_al- Testing set | 2526 || Flowers | 44
Worl_d images. This dataset mcludes_ 4,310 images featuring Validation set | 1373 || _ Ofce supplies | 48
a wide variety of scenes and materials, each with a labeled —

Total scenes | 2210 || Daily items | 56

ground truth highlight mask. However, this dataset does not
have a corresponding diffuse image, so it cannot be used for

specular highlight removal. Similarly, this effect can be achieved by xing the Circular

. Atklnson etal .[ ] studied the underlying phyS'CS.Of pOIar_Polarizing Filter (CPL) in front of the camera and rotating the
ization by re ection, based on the Fresnel equations. Then

: . o olarizing Im in front of the light source, so that the angle

[31], [35], [67] mentioned the basic principles related t . . :

polarized light, and used polarized and unpolarized images%‘%tween.th_e specular re ection and the polarizer in front of
: .~ "the lens is=2.

solve the problems of re ection removal or depth estimation.

Nayar et al. [38] proposed to separate re ection components

from color images by placing a polarization Iter in front of B- Paired Specular-Diffuse Image Dataset

the imaging sensor. Inspired by these works, we also used thélthough some synthetic datasets are presented [48], [32],

polarizer to capture the diffuse images according to the Fresoetating a large scale real-world dataset is still missing for

equations. the task of specularity removal. To build such a dataset, we

establish a studio with controlled lighting for photography. We

1. DATASET place three light sources that can adjust the color temperature
In this section, we rst introduce the mechanism of obfmd br_ightness. A rotatablle device with a _Iinear polarizer
taining the specular-free images, then describe the setup %éj@r'cated and plgced n front of each. light source. In
capturing details of our dataset. addition, a rotating circular polarizer (CI?L) is placed in fr_ont

of a Canon EOS 90D camera. By rotating the two polarizers
separately, when the anglebetween the polarization direction
A. Theoretical background of re ected light and the axis of the CPL is/2, the specular-
As the Fresnel re ection [3] indicates, when the incidenfree diffuse image of the object can be obtained.
light is linearly polarized along any direction, the re ected We collect a total of 13,380 images captured on 2,210
light and refracted light are still linearly polarized light (wedifferent scenes. We use different objects and backgrounds to
provide the detailed formula derivation in the supplementhlbild our dataset. Table | reports the detailed statistics of the
materials). In the real world, the common lighting source @ataset. There is no overlap of objects and tablecloths between
natural light which is a unpolarized light. Fortunately, undghe training and testing set. We also carefully control the
controlled experimental conditions, we can convert the lightirgkperimental conditions such as the number of lights, lighting
source into a polarized light by adding a line polarizer in frorintensity, and object size in each scene to ensure they have
of the source. In such case, specular re ection at a smogttmilar distributions across the training and the testing set. We
surface interface is still linearly polarized. In contrast, theeparate the PSD dataset into training set 9,481 images, testing
diffuse re ection tends to be more or less unpolarized dwget 2,526 images, and validation set 1,373 images. A detailed
to the random nature of the diffuse scattering process [38]sStatistical analysis on our proposed dataset is summarized
Next, we describe how to remove the linearly polarizedelow:
specular re ection. From the Malus's lawwe know that when Diversity of objects. Our dataset contains a rich variety of
a perfect polarizer is placed in a polarized beam of light, tfabjects, including 163 fruits and vegetables, 71 toys, 105
irradiance,l  of the light that passes through is given by packages, 44 owers, 48 of ce supplies, and 56 daily items.
Fig. 2 shows some examples of objects used in our dataset.

I = locos’; (1) Diversity of ambient light in the scene.The change of am-
where | is the initial intensity and is the angle between bient Iigh.t source _vviII have an effect on the surface highlight
the polarization direction of re ected light and the axis of th@f the object. To simulate the real environments, we randomly
polarizer. Therefore, by using a polarizer in front of the camefliust the number, color temperature, brightness, and positions
with a special angleie., = 2 rotation) with respect to the po- of the lights. o
larization direction of the linearly polarized specular re ectionPiversity of highlights. The number and morphological distri-
the specular re ection component is entirely blocked out tgution of highlights pose challenges to the specularity removal

produce an image with just the diffuse re ection componen@/gorithms. Our dataset contains a variety of scenes with
different degrees of dif culties. As shown in Fig. 2, the number

Lhttps:/fen.wikipedia.org/wiki/Polarizer of objects in a simple scene is small, while a complex scene







