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Figure 1: Specular highlight removal results on real-world images. Top: specular highlight images. Bottom: specular highlight
removal by our method.

ABSTRACT
Specular highlight removal is a challenging task. We present a novel
data-driven approach for automatic specular highlight removal
from a single image. To this end, we build a new dataset of real-
world images for specular highlight removal with corresponding
ground-truth diffuse images. Based on the dataset, we also present
a specular highlight removal network by introducing the detection
of specular reflections information as guidance. The experimental
evaluations indicate that the proposed approach outperforms recent
state-of-the-art methods.
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1 INTRODUCTION
Specular highlight, as the reflection of the light source on shiny
surfaces when illuminated, exists widely in real-world images. It cre-
ates undesired discontinuities in object diffuse part and reduces the
image contrast. Removing specular highlight from a single image is
often desirable to facilitate various computer vision and computer
graphics tasks, such as image segmentation, stereo reconstruction,
illumination estimation, and object detection, etc.

Single-image specular highlight removal has been an open prob-
lem for decades. Traditional approaches are usually based on some
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prior knowledge (e.g., the dichromatic reflection model), but the
used simple assumptions typically do not work well for real-world
images. Recently, there are only a few work [Funke et al. 2018; Lin
et al. 2019] based on deep learning, whose effectiveness rely heavily
on training data to learn a robust model. In particular, when the
training data is insufficient, the color distortion, the highlight resid-
ual or other problems are often present in the final results. However,
so far there is no real-world dataset aiming for specularity removal
of general objects (the work of [Lin et al. 2019] is built on artificially
rendered synthetic dataset).

In this work, we present a novel data-driven approach for au-
tomatic specular highlight removal from a single image. We first
build a new real-world dataset including both specular highlight
images and diffuse images.

We then present a specular highlight removal network by intro-
ducing the detection of specular reflections information as guidance.
As shown in Fig. 1, experimental results demonstrate that the com-
bination of the newly constructed dataset and the network achieves
good performance for specular highlight removal.

2 OUR APPROACH
2.1 Real-world dataset.
We collected 600 pairs of real-world images in a controlled lab
environment by imaging pairs of daily objects. The images with
specular reflection were taken with a Canon EOS 90D camera cou-
pled with a rotatable circular polarizer in front of the camera on a
tripod. In addition, a rotatable linear polarizer is set in front of the
light source. By rotating the two polarizers separately, when the
angle between them reaches a special angle, the diffuse reflection
images of the objects can be obtained.

2.2 Neural network.
Given an input image I contaminated with specular reflections, our
goal is to estimate a specular-free images I’. We take the architecture
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Figure 2: Our specular highlight removal network.

of reflection removal [Wei et al. 2019] as the network infrastructure,
including a generator G and a discriminator D. Differently, we only
keep part of loss function for aligned dataset in [Wei et al. 2019]
and introduce an additional input of specular mask to focus on the
highlight area, which is detected with the method of [Meslouhi
et al. 2011]. We also introduce the HSV and gray image to reduce
the chromatic aberration, and find it works well in our experiments.
The details of our network architecture are illustrated in Fig. 2. Our
loss function contains three components as following:

• Context loss. Following [Wei et al. 2019],We useLContext =
LPixel +LVGG to reduce the intensity and texture difference
of generated specular-free image Ĩ and I ′, where LPixel =
α · ∥Ĩ − I ′∥22 + β · (∥∇x Ĩ − ∇x I

′∥1 + ∥∇y Ĩ − ∇y I
′∥1) and

LVGG =
∑
l λl · ∥ϕl (Ĩ ) − ϕl (I

′)∥1. We set α = 0.2, β = 0.4
and λl = 0.1 in our experiments.

• RaSGAN loss. The loss function for generative adversar-
ial training is

LRaSGAN = 0.5 · (BCE(σ (D(Ĩ ) − D(I ′)),y′)

+BCE(σ (D(I ′) − D(Ĩ )),y)),

wherey′,y are set as 1, 0 for generator and 0, 1 for discrimina-
tor, respectively, and BCE measures the binary cross entropy.

• Identity loss. In fact, due to the influence of the polarizer,
it is difficult to capture images I and I ′ with perfectly identi-
cal non-highlight area. We use LIdt = α · ∥(Ĩ − I ) ⊙mask ∥1 +
β · ∥(Ĩ − I ′) ⊙mask ∥1 to improve the similarity with both I0
and I for I ′, where ⊙ represents element-wise multiplication.
In our experiments, we set α = 1.0 and β = 1.0.

To summarize, our loss function is defined as:
LG = ω1LContext + ω2LRaSGAN + ω3LIdt ,

where we set ω1 = 1.0, ω2 = 0.01 and ω3 = 0.1 in our experiments.

3 RESULTS AND DISCUSSION
Fig. 3 shows the qualitative comparison with previous methods.
For quantitative evaluation, we adopt three commonly used met-
rics including mean-squared error (MSE), dissimilarity version of
the structural similarity index (DSSIM), and peak signal to noise
ratio (PSNR). The results are listed in Table 1. Note that the Spec-
GAN [Funke et al. 2018] is also trained in our dataset. Apparently,
our network achieves the best performance for specular highlight
removal.

Table 1: Quantitative comparison with previous methods.

Scenes Methods MSE DSSIM PSNR

Card

Ours 59.319 0.059 30.399
[Funke et al. 2018] 117.947 0.064 27.414

[Yamamoto et al. 2017] 566.920 0.204 20.596
[Shen and Cai 2009] 374.621 0.096 22.395

Apples

Ours 32.286 0.057 33.041
[Funke et al. 2018] 29.425 0.030 33.444

[Yamamoto et al. 2017] 56.380 0.065 30.620
[Shen and Cai 2009] 130.159 0.055 26.986

Mangos

Ours 44.857 0.069 31.613
[Funke et al. 2018] 74.753 0.089 29.395

[Yamamoto et al. 2017] 7370.750 0.300 9.456
[Shen and Cai 2009] 120.727 0.097 27.313

Figure 3: Qualitative comparison on real-world images
(Card, Apples, Mangos). From left to right: the inputs,
ground-truth diffuse images, results of ours, Spec-
GAN [Funke et al. 2018], [Yamamoto et al. 2017], and [Shen
and Cai 2009], respectively.

In this work, we have constructed a real-world specular highlight
dataset and presented a neural network for removing specular
highlight. In future, we plan to make a larger dataset containing
more complex scenes for further improving the performance of
single-image specular highlight removal.
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