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Abstract—There are shadow and highlight regions in a low
dynamic range (LDR) image which is captured from a high
dynamic range (HDR) scene. It is an ill-posed problem to restore
the saturated regions of the LDR image. In this paper, the
saturated regions of the LDR image are restored by fusing
model-based and data-driven approaches. With such a neural
augmentation, two synthetic LDR images are first generated from
the underlying LDR image via the new model-based approach.
It relaxes the requirement of mapping integers to integers and
improves the modeling accuracy. One is brighter than the input
image to restore the shadow regions and the other is darker
than the input image to restore the high-light regions. Both
synthetic images are then refined via one single exposedness
aware saturation restoration network (EASRN). Finally, the two
synthetic images and the input image are combined together
via an HDR synthesis algorithm or a multi-scale exposure
fusion algorithm. Experimental results indicate that the proposed
algorithm outperforms existing algorithms in terms of HDR-
VDP-3. The proposed algorithm can be embedded in any smart
phones or digital cameras to produce an information-enriched
LDR image.

Index Terms—High dynamic range imaging, saturation restora-
tion, model-based, data-driven, neural augmentation.

I. INTRODUCTION

High dynamic range (HDR) imaging provides realistic viewing
experience by capturing scene appearance including lighting,
contrasts and details. HDR technique has been already used in
a variety of applications on realistic image or video synthesis
and thus has attracted more and more attention [1], [2], [3],
[4], [5]. Most smart phones set the HDR mode as their default
mode. Multiple differently exposed low dynamic range (LDR)
images are captured to synthesize an HDR image [1]. When
such a set is captured by a handhold device with a conventional
sensor, there might be cameral movement or moving objects in
the captured images. Even though many alignment and ghost
removal techniques have been proposed [6], [7], [8], [10], [11],
[12], [13], [14], both topics, especially ghost removal are still
issues [15]. The ghost artifacts can be solved by specialized
high-end imaging devices [16], [17] but their cost could be an
issue.

One alternative solution is proposed in this paper to capture
one LDR image by using a smart phone or a digital camera and
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restore the saturated regions of the LDR image to generate an
information-enriched LDR image. Generally, there are shadow
and highlight regions in the LDR image. It is desirable to
restore both the shadow and the highlight regions for the LDR
image. To this end, two synthetic images, one with a smaller
exposure, the other with a larger exposure are generated to
restore the highlight and shadow regions, respectively. Clearly,
the proposed method is an indirect method which is different
from existing direct methods in [18], [19], [20], [21]. The
proposed indirect method allows a user to combine all the three
images into an HDR image or an LDR image according to
her/his preference. It is noted that the data-driven reverse tone
mapping algorithms in [22], [24] are also on top of the indirect
method. In this paper, the saturation is restored by fusing data-
driven and model-based approaches rather than the data-driven
approaches in [22], [24]. As indicated in [25], such a neural
augmentation must posses the complete domain knowledge it
requires as in [29]. The camera response functions (CRFs) are
thus assumed to be known in advance. In other words, the
proposed algorithm is supposed to be embedded into a smart
phone or a digital camera as the usage in [30].

The synthetic images are first generated by a model-based
approach and then refined by using a data-driven approach.
The combination of the model-driven and data-driven methods
forms a neural augmentation [25], [26], [31]. The simplic-
ity of the model-based method is important for the neural
augmentation. The synthetic images are initially generated by
using intensity mapping functions (IMFs) to avoid lightness
distortion [32], [33]. These two synthetic images are refined by
one single exposedness aware saturation restoration network
(EASRN) which is proposed by incorporating an exposedness
aware guidance branch (EAGB) into a nonlocal recursive
residual group (NRRG). Intrinsic properties of differently
exposed images are well utilized by the proposed EASRN.
The exposedness of the input image is used to define two
binary masks. The proposed masks are based on the intrinsic
properties of differently exposed images: [9], [10]: 1) IMFs
from an image with a large exposure time to an image with
a small one are not reliable for all pixels in the overexposed
regions of the image with the large exposure time; and 2) IMFs
from an image with a small exposure time to an image with
a large one are not reliable for all pixels in the underexposed
regions of the image with the small exposure time. Clearly,
the proposed masks are different from the soft mask in [20].
The objective of the EAGB is to help the proposed EASRN
pay more attention to the saturated regions in order to restore
them efficiently. The NRRG is inspired by the nonlocal block



in [34], [35] and the recursive residual group module in [37]
which explores both local and non-local correlation along
both spatial dimension and channel dimension of the synthetic
images. As shown in [38], [46], each block in the input
image could have nonlocal similar blocks. The self-similarity
of the input image could be applied to refine the shadow and
highlight regions in the initially synthetic images. The two
synthetic images and the input image are combined together
via the state-of-the-art multi-scale exposure fusion (MEF)
algorithm in [42] or the HDR synthesis algorithm in [1].
Experimental results indicate that the EASRN outperforms the
corresponding deep neural network (DNN) without the EAGB.
The proposed neural augmentation also outperforms the hybrid
learning method in [29]. The proposed algorithm can produce
better LDR images than the state-of-the-art algorithms in terms
of subjective and objective judgements.

It is worth noting that the single image brightening algorithm
in [29] is also based on the neural augmentation. The first
difference between the algorithms in [29] and this paper is
that two different ResNets [27] are trained to refine two
virtual images while only one EASERN is trained to refine
the two virtual images. The second difference is that the
intrinsic properties of differently exposed images are ignored
by the DNN in [29] while they are well utilized by the
proposed EASRN. The third difference is that the proposed
algorithm restores the shadow and highlight regions from both
the neighboring areas and the nonlocal similar regions while
the algorithm in [29] restores the shadow regions only from
the neighboring areas. In summary, the contributions of this
paper are highlighted as follows:

1) Our work is the first to restore both underexposed and
overexposed regions of the LDR image by fusing model-
based and data-driven approaches. The model-based and data-
driven saturation restoration compensates each other, and form
a neural augmentation. Such a neural augmentation has a
potential to achieve learning with few data [25], [26].

2) A new method is proposed to estimate the IMFs. The
new method relaxes the requirement of mapping integers to
integers. As such, the accuracy of the model-driven method is
improved.

3) A novel EASRN is proposed by incorporating the EAGB
into the NRNG to improve its performance. The intrinsic
properties of differently exposed images are well utilized by
the EASRN.

The rest of this paper is organized as below. Relevant works
on HDR imaging are reviewed in Section II. The proposed
saturation restoration algorithm is presented in Section III
Extensive experimental results are provided in Section IV to
verify the proposed algorithm. Finally, conclusion remarks are
drawn in Section V.

II. RELEVANT WORKS ON HDR IMAGING

An image captured by an ordinary smart phone or digital
camera is typically represented by eight-bit integers which are
far from adequate as the visible radiance in a real HDR scene

has a dynamic range larger than 10%. An efficient solution to
address the problem is to capture a set of differently exposed
images [1] and to integrate them together to generate an image
that contains the rich information from all of the input images.
There are two kinds of solutions to generate a content rich
image. One is to synthesize multi-exposed images into an
HDR image [1], and then convert the HDR image into an
LDR image [51], [52], [53], [54] such that it can be displayed
by conventional LDR digital devices. The other is to fuse all of
the differently exposed LDR images into a single LDR image
[2], [3], [41], [42], [43], [44], [45]. The latter dominates the
HDR solution in smart phones.

Both types of methods require the captured scene to be
static and the camera to be stationary. The movement of
camera would cause the fused image to be blurred while
any movement of objects would contribute to a phenomenon
called ghosting artifact in the final synthesized output. It is
relative easy to align differently exposed images, for example,
by the method in [6]. It is much more challenging to prevent
ghosting artifacts from appearing in the final image, and ghost
artifacts are thus believed to be Achilles’s heel for the HDR
imaging. The problem could be addressed by using special
capturing systems. One example is a beam splitting based
HDR capturing system with few sensors [16]. Another one
is a row-wise CMOS HDR video capturing system [17], [55].
Canon also released an innovative global shutter with a specific
sensor that reads the sensor twice in an HDR mode [56].

Besides the new capturing systems, one more attractive solu-
tion is to capture one LDR image by using a smart phone or
a digital camera and restore an HDR image from the LDR
image. This solution is known as reverse tone mapping [47]
and the reverse tone mapping is an ill-posed problem. A simple
linear expansion method was proposed in [48]. Psychophysical
experiments in [48] show that such simple operation has
a potential to outperform a true HDR image. Recently, an
indirect approach was proposed in [22] to infer a sequence
of synthetic LDR images with different exposures via a deep
learning based method, and then reconstruct a pseudo-HDR
image by merging the LDR images using the algorithm in
[1]. Image formation pipeline including the dequantization,
linearization, and hallucination was reversed in [19] to track
single-image HDR reconstruction problem. The difficulty of
training one single network for reconstructing HDR images is
significantly reduced. A data-driven approach was proposed in
[20] to reconstruct an HDR image by recovering the saturated
pixels of an input LDR image, and a soft feature masking
mechanism was introduced to reduce artifacts caused by the
invalid information in the saturated regions. The pseudo-HDR
image needs to be compressed by using the existing tone
mapping algorithms [51] such that it can be displayed by most
existing digital devices. The complexity of the pseudo-HDR
image could be an issue. It is thus desired to develop a simpler
algorithm to restore an LDR image of an HDR scene from the
saturation point of view.

Single image brightening also intends to produce an
information-enriched LDR image. The input is an image cap-
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Fig. 1: The diagram of the proposed saturation restoration algorithm via the neural augmentation. Two synthetic images Zéo)
and Zéo) with Aty and Aty are first generated by the IMF based method. Both (Zg, — Z(go)) and (Zt, — Zéo)) are then
learnt via one single EASRN to enhance the initial synthetic images. The image Zy, Zt,, and Zs are finally fused to obtain

an information enriched LDR image.
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Fig. 2: Nonlocal recursive residual group (NRRG) contains multiple non-local dual modules (NDMs). Each NDM contains
non-local spatial and channel modules. The guidance block includes two 3 x 3 convolution layers and one activation layer.
EAGB is mainly composed of several guidance blocks, which extract more reliable information through weight function to

guide the learning of the network.

tured by a small exposure time and a small ISO value [3]. The
single image brightening algorithms can be classified into three
categories. One category is model-based methods, such as low
lighting image enhancement (LIME) [50], and algorithms in
[3], [32]. Another category is deep learning based ones [30],
[60]. The other is neural augmented methods which fuse both
model-based and data-driven methods [29]. The difference
between single image brightening and saturation restoration is
that only the shadow regions are restored by the single image
brightening while both the shadow and the highlight regions
are restored by the saturation restoration. Noise amplification
is a challenge for the former while both noise amplification
and color distortion are challenges for the latter. Our human
eyes are more sensitive to the color distortion in the bright
regions. Intrinsic properties of differently exposed images are
ignored by the DNN in [29] but they will be well utilized by

the proposed framework.

III. NEURAL AUGMENTED SATURATION RESTORATION

Let Z7, be an eight-bit image. The key component of the pro-
posed algorithm is to generate two high-quality 8-bit synthetic
images Z; and Z; by combining a model-based method and
a data-driven one. The image Z is darker than the input Zp,
to restore the highlight regions of Z7, while the image Z5 is
brighter than Z7, to restore the shadow regions of Z7,. The
proposed framework is a neural augmentation [26], [31]. As
indicated in [25], such a framework must posses the complete
domain knowledge it requires. Thus, the CRFs are assumed to
be known as in [30], [29], [31]. In other words, each algorithm
is trained for each camera.

The ground-truth images of Zy and Z are denoted as Zr,
and Zr,, respectively. They are captured together with the
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Fig. 3: The first column includes two input LDR images which are taken with a Nikon 7200 camera. The ISO value is set as

800, and the exposure time Aty is very short. The second column are the set of initial synthetic images Zéo) s and Z,

() by the

method [44], the exposure time are Aty and Ats, Aty < Aty < Ato. The third column are the set of initial synthetic images
Z(()O) s and Zéo) ’s by the method [31], the fourth are the set of initial synthetic images Z(()O) s and Zéo) ’s by the proposed IMF
method, the fifth are the synthetic images by the proposed method, and the sixth column are the set of ground-truth images.

image Z7, by using the method in [1]. Fig. 1 summarizes
the pipeline of the proposed saturation restoration algorithm.
The synthetic images are first generated by using the IMFs.
They are then refined by one single EASRN which is on top
of the RRG in [37] and the nonlocal block in [34]. Finally,
the input image Z7, and two synthetic images Zy and Z, are
fused together using the MEF algorithm in [42] or the HDR
synthesis algorithm in [1] to produce the final image.

A. Model-Based Saturation Restoration

Two synthetic images Z(go) and ZQ(O) are first produced by us-
ing the IMFs [33], [13]. Let the CRF be f;(-)(l € {R, G, B}),
and the exposure times of Z7, and Z, and Zr, be Aty, Aty
and At,, respectively. Without loss of generality, it is assumed
that Aty > Aty > Atg. It has been shown in [44] that there is
relative brightness change in the fused image if the exposure
ratios are too large. Thus, Aty and Aty are selected as 4At;
and Aty /4 so as to restore the information as much as possible.
The IMF between the input image Z7, and the synthetic image
Z;(i € {0,2}) can be expressed as follows:

S (2)At

Aisii(2) = fi( Al )s

(D

where f,;'(-) is the inverse function of the CRF fi(-).

The images Zéo) and ZQ(O) are generated by using the IMFs
as

Zi(,?) (p) = M—ii(Z1,4(p))- 2

p is the pixel position within the image. Normally, the IMF
A1i,(2) is computed as

f_l(Z)Ati —1/.7
]{lthl =i (I}

Here, the requirement that A;_,; ;(2) is an integer is relaxed
as in Appendices 1 and 2. As shown in Table I, the images
Zéo) and Zéo) are more accurate. This is very important for
the proposed neural augmentation. The model-based method
should be as simple as possible and it should be as accurate
as possible [26]. This is because that the data-driven method
is usually locally convergent. Such an elegant model-based
method has a potential to guarantee that the neural augmen-
tation outperforms both the model-based and the data-driven
methods.

min
2'€[0,255

Aiig(2) = arg 3)

The resultant synthetic images are shown in Fig. 3. The
synthetic images are close to the corresponding ground-truth
images if the IMFs are reliable. However, due to limited
representation capability of IMFs, the images Zéo) and Z;O)
do not contain all the information in the ground-truth images,
especially for those saturated regions. Both intensity and color
need to be improved for the underexposed regions of the image
Zéo) and the overexposed regions of the image Zéo).

B. Data-Driven Saturation Restoration

The IMFs can be regarded as a model to represent the corre-
lation among different exposed images, but its representation
capability is limited. The unmodelled information (Z7, —Z.")
and (Zr, — Zéo)) can be further represented by a data-
driven method. The unmodelled information is usually sparse,



TABLE I: PSNR, SSIM and FSIM of Different IMF Estimation Methods

IMF [44] [31] the proposed
A150() 28.39 /1 0.9392 / 0.9743 28.68 / 0.9389 / 0.9752 29.61 /7 0.9426 / 0.9756
A152() 30.09 7/ 0.9602 / 0.9645 31.81/0.9638 / 0.9713 31.61 /0.9642 / 0.9725

i.e., most values are likely to be zero or small. It can be
easily compensated by the data-driven method. Subsequently,
the saturated regions are further restored. It is worth noting
that the modelled information and un-modelled information
are analogous to the modelled dynamics and un-modelled
dynamics in the field of nonlinear systems [39], [40]. The
proposed framework can be explained by leveraging conven-
tional knowledge on nonlinear systems [39], [40]. It should
be mentioned that the data-driven approach also becomes a
model after it has been trained. There are usually remaining
unmodelled dynamics ever after the further representation by
the data-driven approach.

One single EASRN is trained to refine the images Zéo) and
ZQ(O) locally and non-locally as

Z; =7 + EASRN(Zp,, Z\” M;) 1 i=0,2, (4

where M; is the mask for the refinement of the image Zi(o).
This is different from the brightening algorithms in [29] in
the senses that two different DNNs are trained to respectively
refine the two virtual images and the shadow regions are
restored by only using the information from the neighboring
areas. Details on the proposed EASRN are presented as below.

As shown in Figs. 1 and 2, the proposed EASRN consists of
EAGB and NRRG. The EAGB can help the NRRG pay more
attention to saturated areas, which can guide the saturation
restoration more effectively. Two binary masks My ; and Mo
are defined for the image Zr, ; as

_ L 05 if Zra(p) = &o

Mo,l(p)—{ 1; otherwise ’ )
[0 i Zp(p) <€

Mz,l(p)—{ 1; otherwise ©

The different masks My ; and My ; are defined by using the
following intrinsic properties of differently exposed images
(91, [10]:

1) The IMF Ay_0,(-) is not reliable for all pixels in the
overexposed regions of the image Zr, ;; and 2) The IMF
A152,(+) is not reliable for all pixels in the underexposed
regions of the image Zr, ;.

Obviously, the masks M’s are derived from intrinsic properties
of differently exposed images, and they are different from the
soft mask in [20]. It should be pointed out that the intrinsic
properties of differently exposed images are ignored by the
brightening algorithms in [29].

The masks (5) and (6) are utilized to design the EAGB. They
are first multiplied with the synthetic images to filter out
the poor information from the ill-posed regions. The features
of the EAGB are embedded into the NRRG in a multilevel
manner to realize deep guidance. Subsequently, the proposed

EASRN can pay necessary attention to the saturated areas for
the saturation restoration. Clearly, the interpretability of the
EASRN is improved with the proposed EAGB.

The function of the NRRG is to globally suppress the less
useful features and only allow the propagation of more in-
formative ones. The NRRG contains multiple non-local dual
modules (NDMs) [34], [35] and each NDM performs both
non-local spatial and channel operations. Besides the structure
of the proposed network, loss functions also play an important
role in the data-driven approach. The proposed overall loss
function is defined as

L:LT—‘y—’LUch—|—waf7 @)

where w, and wy are constant, they are selected as 0.01 and
0.01 in this study, respectively.

Since the Iy norm usually outperforms the l5 norm for image
restoration [36], the loss function L, is given as

L =Y W (Z1,1(p)| Z1,0(p) — Zia(p)|, (®)
p,l

where the weight functions ¥, ;(z)(i = 0,2) are defined as

1; if z <&y
Vo.(2) _{ _15 . otherwise ’ ©)
z—&u
_ 1; if 2> &
W2(2) = { Tl,z; otherwise (10)

As pointed out in [9], [10], color distortion is an issue when the
underexposed (overexposed) regions of Zp, are enhanced by
the image Zy (Z2). To minimize the possible color distortion
in the two synthetic images, the color loss is defined as

Le =Y Z(Zr,(p), Zi(p)),i € {0,2} (11)

where Z(Zr,(p), Z;(p)) is the angle between two 3D
(R, G, B) vectors Zr,(p) and Z;(p). Since the L, metric only
measures the color difference numerically, it cannot ensure that
the color vectors have the same direction [60]. By employing
the color loss in Eq. (11), the possible color distortion is
reduced, especially for the saturated regions.

The feature-wise loss Ly is defined as

Wi,j Hij
SN 6k (Zr)im — bk (Zi)im)?
L;=1=Lm=l T i€ {0,2}
3J sJ (12)

where Wy, ; and Hj, ; denote the dimensions of the respective
feature maps within the VGG network. ¢y, ;(-) is the feature
map obtained by the j-th convolution (before activation) before



the k-th maxpooling layer within the VGG network. The fine-
tuned VGG network for material recognition in [61] is adopted
to define the feature-wise loss. The VGG in [61] focuses on
textures which is critical for the refinement of the synthetic
images.

Clearly, the model-based and data-driven methods compensate
each other well in the proposed algorithm which has the
following advantages:

1) Compared with the model-based method, the final images
Z;(i = 0,2) are much closer to the ground-truth images than
the initial images Z” (i = 0,2).

2) Compared with the data-driven solution, the proposed
framework converges fast and requires fewer training samples,
because (Z7, — Zio))(i =0, 2) are sparser than Zr, (i = 0, 2).

3) With the masks M, (i = 0, 2), the proposed EAGB can assist
the network to pay more attention to the saturated regions for
the efficient restoration.

And 4) only one single EASRN is trained to refine the two
virtual images Zi(o)(i =0,2) as in the Eq. (4).

C. Combination of Input Image and Two Synthetic Images

The input image Z;(= Zr, ) and the two synthetic images Zy
and Z, can be combined together by using the HDR synthesis
algorithm in [1] to produce an HDR image or by using the
MEF algorithm in [42] to produce an LDR image. The latter
is focused on in this subsection.

As shown in [42], the weighting maps of the differently
exposed images play an important role in the MEF algorithm.
This subsection focuses on defining the weighting maps for
the three images. One function is used to determine amplifi-
cation factors of all the pixels in the image Z;. The weight
11(z) is defined as 2. The other is to measure contrast, well
exposedness level, and color saturation of each pixel in the
three images and it is defined the same as in [42]

2(Zi(p)) = wo( Zi(p)) x wy(Zo(p)) x we(Zi(p)), (13)
where w, is computed by filtering the gray-scale version of
each image via a Laplacian filter. w; is the standard deviation
among the R, G and B channels. w, is derived by first using
a Gauss curve with the sigma as 0.2 on each color channel
separately and then multiplying the results.

Let Y; be the luminance component of the image Z; in
YUV color space. The weight of the pixel Z;(p) is given as
¥1(Y1(p))Y2(Z1(p)), and the weight of the pixel Z;(p)(i =
0,2) is given as 12(Z;(p)). With the above weighting maps, all
the images Z;(i = 0, 1,2) are fused together via the state-of-
the-art MEF algorithm in [42]. The number of pyramid levels
is increased by one to reduce the halo artifacts. The MEF-
SSIM is also slightly improved due to the small size of the
images.

IV. EXPERIMENTAL RESULTS

Extensive experiments are carried out in this section to demon-
strate the rationality and effectiveness of the proposed neural
augmentation framework. The emphasis is to show how the
model-based method and the data-driven one compensate each
other. Readers are invited to view to the electronic version of
the full-size figures and zoom in these figures in order to better
appreciate the differences among images.

A. Dataset

The exposure dataset is constructed from two existing datasets
on HDR imaging in [28], [29]. All the images are captured
by two different cameras which are Nikon and Canon. Only
exposure times are changed. Camera shaking and object move-
ment are strictly controlled so as to mimic images captured by
the new device [49]. The interval between the two adjacently
exposed images is 2-EV. Thus, the interval of two inputs
is 4-EV. The dataset is randomly split into three parts: 650
sequences for training, 50 ones for verifying, and the rest 100
ones for testing.

Firstly, the CRF is calculated using the algorithm in [1], then
the initial virtual images are generated by the proposed IMF
constructed using the CRF. The &y and &; are set to 250
and 5 respectively according to [29]. The number of NRRGs
and guidance blocks are set as 4, and each NRRG contains 4
NDMs. We randomly crop a 128 * 128 patch from each input
during training. The proposed network is trained using the
proposed loss functions and Adam optimizer with 5; = 0.9
and By = 0.99. We set the batch size to 8. The learning rate
is initially set to 107> because the initial virtual images are
already very close to the ground truth, and then decreased
using a cosine annealing schedule. All the experiments are
implemented using PyTorch on NVIDIA GP100 GPUs.

B. Evaluation of The EAGB

The features from the EAGB are embedded into the NRRG
to guide the NRRG. In order to validate the effectiveness of
the EAGB, the two modes with and without the EAGB are
compared as shown in Fig. 5. The mode with the EAGB is
more stable than the mode without EAGB, and can achieve
higher PSNR values in different epoches. Clearly, the EAGB
indeed guides the NRRG to exploit reliable information for
restoring the synthetic images. The intrinsic properties of
differently exposed images are indeed helpful for the data-
driven approach.

C. Ablation Study of Different Methods

The proposed method is compared with the model-based
method and the data-driven one in Fig. 4 as well as the method
in [29]. The structure of the data-driven method is the same
as the proposed method except the EAGB which requires
the initial synthetic images. The average structural similarity
index (SSIM) and Peak Signal-to-Noise Ratio (PSNR) for the
100 sets of test images are shown in Table. II. The proposed
method can improve the SSIM, PSNR, and the visual quality
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Fig. 4: The diagram of a data-driven saturation restoration algorithm. Two synthetic images Zy and Zs with Aty and Aty
are generated directly by data-driven method. The input image and the two synthetic images are finally fused to obtain an

information enriched LDR image.

TABLE II: SSIM and PSNR of synthetic images generated by different

methods.
SSIM PSNR FSIM
Low Hig Low High Low High
model-based 09426 09642 29.61 31.61 0.9756 0.9725
Hybrid learning in [29]  0.9476  0.9679 3221 33.56 09759 0.9792
data-driven in Fig. 4 09589 0.9735 3358 3358 0.9800 0.9796
proposed (no EAGB) 0.9384 0.9651 31.85 3249 0.9787 0.9759
proposed 09575 0.9738 34.85 3549 0.9805 0.9779

Epoch Epoch

(a) (b)

Fig. 5: (a) Comparisons of PSNR between the model with and
without EAGB for high exposure images. (b) Comparisons of
PSNR between the model with and without EAGB for low
exposure images. The red curve represents the model with
EAGB, and the blue curve represents the model without EAGB.
The model with EAGB can achieve higher PSNR for both high-
exposure and low-exposure images.

of the synthetic images. Clearly, the proposed method can
make the synthetic images much closer to the ground-truth
images. The results of MEF-SSIM [59] are also shown in
Table. III. The proposed algorithm has been tested on 100 sets
of data. To save space for display, Tables IILLIV, V, VI and VII
shows the test results on 20 randomly selected sets. The quality
of the finally fused images is also improved. The proposed
EASRN outperforms the DNN in [29]. This also shows that the
intrinsic properties of differently exposed images are important

for the data-driven method on the saturation restoration. In
addition, the EAGB plays an important role in guiding the
proposed network by extracting reliable information. The
model with the EAGB can achieve higher PSNR as shown
in Fig. 5 and higher MEF-SSIM values as illustrated in Table
111

|
|

500 2000 2500 2
Epoch Epoch

(a) (b)

Fig. 6: (a) Comparisons of PSNR between the proposed
framework and data-driven method for high exposure images.
(b) Comparisons of PSNR between the proposed framework
and data-driven method for low exposure images. The red
curve represents the proposed framework, and the yellow curve
represents the data-driven method. The proposed framework is
more stable than the data-driven method, and can also obtain
higher PSNR.

The convergence speed is also analyzed. There is large dif-
ference between the input image Z; and the ground-truth
low/high exposure images Zr7,. The low exposure images



Fig. 7: The first column shows the LDR images, the second to seventh columns illustrate the results of (b) ExpandNet [18], (c)
DrTMO [22], (d) Histogram HDR [57], (e) IRA HDR [58], (f) SingleHDR [19], (g) MEG [23], and (h) the proposed algorithm,
respectively, as well as the ground truth LDR images which are fused by three captured images with different exposures

TABLE III: MEF-SSIM of Five Different Methods

image model Hybrid data proposed proposed
-based | learning | -driven | (no EAGB)

setl 0.9544 | 0.9476 | 0.9540 0.9576 0.9565
set2 0.9567 | 0.9569 | 0.9590 0.9592 0.9614
set3 0.9249 | 09424 | 0.9485 0.9483 0.9484
set4 09514 | 0.9417 | 0.9526 0.9563 0.9558
setS 0.9158 | 0.9155 0.9156 0.9154 0.9165
set6 0.9382 | 0.9387 | 0.9372 0.9404 0.9409
set7 0.9758 | 0.9732 | 0.9744 0.9740 0.9736
set8 0.9275 | 0.9403 0.9478 0.9457 0.9452
set9 0.8946 | 0.9138 | 0.9073 0.8979 0.9045
setl0 0.9255 | 0.9377 | 0.9510 0.9467 0.9483
setl 1 0.9844 | 0.9837 | 0.9846 0.9849 0.9835
setl2 0.8848 | 0.8892 | 0.9026 0.8870 0.8851
setl3 0.9830 | 09798 | 0.9803 0.9820 0.9814
setl4 0.9565 | 0.9563 0.9606 0.9592 0.9591
setl5 0.9434 | 0.9401 0.9440 0.9424 0.9437
setl6 0.9853 | 0.9844 | 0.9848 0.9862 0.9855
setl7 0.9220 | 0.9375 0.9375 0.9399 0.9431
setl8 0.9056 | 0.8867 | 0.8702 0.9002 0.8963
setl9 0.9073 | 09130 | 0.9225 0.9161 0.9165
set20 0.9447 | 0.9396 | 0.9332 0.9410 0.9387
average | 0.9391 0.9409 | 0.9443 0.9440 0.9442

contain random noise, which is difficult to learn for the input
image Z;. On the other hand, the synthetic images Z; which
are generated by the model-based method are already close to
Zr,. It is easy for the residual CNNs to represent (Z1, — Z;),
and the networks can converge much faster as shown in Fig.
6. Clearly, the model-based method and the data-driven one
indeed compensate each other in the proposed framework.

D. Comparison of Six Different Algorithms

In this subsection, the proposed saturation restoration algo-
rithm is compared with three state-of-the-art (SOTA) data-
driven algorithms including ExpandNet [18], DrTMO [22],
and SingleHDR [19], as well as two SOTA model-based
algorithms including Histogram HDR [57] and IRA HDR
[58]. HDR images are generated by these three data-driven
algorithms. The proposed algorithm and the data-driven three
algorithms are compared by using the mean squared error

(MSE), the latest HDR-VDP-3, average PU2-SSIM and PU2-
PSNR of HDR images [62]. The ground-truth HDR image is
synthesized from the three differently exposed images Zr,,
Zy, and Zr, by using the method in [1] and the CRFs
F.(). The HDR image of the proposed algorithm is generated
from Zy, Zi, Z, and the CRFs F.(-). LDR images are
produced by the two model-based algorithms. The proposed
algorithm and the model-based algorithms are compared by
using the MEF-SSIM with the reference images as Zr,, Z1,
and Zr,. It is shown in Tables IV, V, VI, and VII that
the proposed algorithm usually outperforms the four data-
driven algorithms from the MSE, HDR-VDP-2, PU2-SSIM,
and PU2-PSNR points of view and the two model-based
algorithms from the MEF-SSIM point of view. The model-
driven algorithms have limited representation capability and
cannot represent complex lighting environments well. Data-
driven algorithms have stronger representation capability, but
they rely heavily on data and have the risk of overfitting. The
proposed algorithm adopts a complementary form of model-
based and data-driven methods, reducing the dependence on
data and enhancing the robustness of the algorithm.

Fig. 7 includes the final images that are generated by the
seven algorithms. The pseudo-HDR images of the former three
are tone mapped by using the state-of-the-art algorithm in
[54]. The proposed algorithm restores saturated regions better
than those algorithms in [18] [19] [22] [23] [57] [58] as
shown in the sky regions of the first and third rows. The
algorithm in [18] and the proposed algorithm produces slight
color distortion. There are also visible color distortions in the
highlighted region by the algorithms in [19], [22] and [23] as
shown in the last row. The images generated by the algorithm
in [22] and the proposed one look more natural and realistic.

All the algorithms in [18], [22], [19], [23] and the proposed
algorithm include deep neural networks. Their sizes are 1.8
MB, (Up: 647.8 MB, Down: 648.4 MB), 804.3 MB, 821.7
MB, and 20.6MB, respectively. The proposed EA-Net is larger
than those DNN in [18] but smaller than those DNNs in [22],



TABLE IV: MEF-SSIM of three Different Algorithms

TABLE VI: HDR-VDP-3 of Four Different Algorithms

TABLE V: MSE of Four Different Algorithms

image|ExpandNet [18]|[DrTMO [22][SingleHDR [19]|[MEG [23]| Proposed
setl 0.0025 0.0141 0.0243 0.0077 | 0.0158
set2 0.0615 0.0044 0.0495 0.0061 | 0.0124
set3 0.0082 0.0130 0.0481 0.0168 | 0.0074
setd 0.0151 0.0121 0.0978 0.0108 | 0.0092
set5 0.0125 0.0295 3.6x10~4 0.0016 |5.1x10~*
set6 0.0038 0.0286 0.0149 0.0030 | 0.0023
set7 0.0421 0.0505 0.0216 0.0576 | 0.0023
set8 0.0143 0.0092 0.0443 0.0065 | 0.0069
set9 0.0137 0.0104 0.0098 0.0055 | 0.0059
setl0 0.0108 0.0282 0.0673 0.0097 | 0.0092
setl] 0.0242 0.0428 0.0826 0.0062 | 0.0018
set12 0.0133 0.0306 0.0081 0.0035 | 0.0017
setl3 0.2199 0.2020 0.0097 0.0088 | 0.0548
setl4 0.0439 0.0475 0.0044 0.0056 | 0.0164
setl5 0.0700 0.0094 0.0057 0.0081 | 0.0344
setl6 0.0618 0.1055 0.0054 0.0096 | 0.0052
setl7 0.0121 0.0223 0.0580 0.0082 | 0.0104
setl8| 2.4x10~% 0.0013 7.2x10~4 0.0013 [3.0x10~%
set19 0.0066 0.0161 0.0310 0.0070 | 0.0042
set20 0.0152 0.0113 3.5x1074 0.0036 [7.5%x10~%

[19], [23]. The running times of these five different algorithms
are given in Table VIII. The proposed algorithm is ranked the
third. All the DNNs can be pruned in real applications.

E. Limitation of the Proposed Algorithm

Although the proposed algorithm outperforms the other six
algorithms, there is space for further study. For example, the
proposed algorithm assumes that the accurate CRFs are avail-
able. For images from unknown sources, it is quite challenging
to estimate the CRFs. If the estimated CRFs are not accurate,
the difference between the synthetic images and their ground-
truth images become large, and the quality of the brightened
images drops a little bit, as shown in Fig. 8.

V. CONCLUSION REMARKS AND DISCUSSIONS

A new framework is introduced to restore saturated regions for
a low dynamic range (LDR) image of a high dynamic range
(HDR) scene. Two synthetic images are first generated by
using the model-based method, and are then enhanced by using

image Histogram HDR [57] | IRA HDR [58] | Proposed image | ExpandNet [18]| DrTMO [22]|SingleHDR [19]|MEG [23]|Proposed
setl 0.9246 0.8479 0.9565 setl 8.21 8.79 7.47 8.51 8.91
set2 0.8855 0.5773 0.9614 set2 8.17 8.54 8.39 7.98 8.94
set3 0.7945 0.5956 0.9484 set3 7.89 7.77 6.02 7.48 8.54
setd 0.9021 0.8182 0.9558 setd 7.62 8.01 5.78 5.51 7.74
setS 0.8695 0.7522 0.9165 setS 8.01 7.88 9.60 8.71 9.77
seto 0.8921 0.7973 0.9409 set6 8.30 7.14 7.50 8.17 9.49
set7 0.9300 0.8972 0.9736 set7 8.26 8.96 9.26 6.75 9.44
set8 0.8710 0.7244 0.9452 set8 7.62 8.41 7.52 8.35 9.03
set9 0.8712 0.8467 0.9045 set9 7.02 7.60 8.34 7.78 8.50
set10 0.8473 0.7379 0.9483 setl0 7.96 7.42 6.47 8.15 8.94
setll 0.9338 0.9094 0.9835 setll 9.01 8.99 8.19 8.34 9.52
setl2 0.8609 0.8084 0.8851 setl2 7.69 7.53 7.16 7.59 9.11
setl3 0.8730 0.7948 0.9814 setl3 7.23 8.07 9.03 5.52 8.78
setl4 0.9401 0.8440 0.9591 setl4 7.44 8.21 9.01 8.29 8.90
setl5 0.9305 0.9033 0.9437 setl5 7.57 8.45 8.86 6.54 8.70
setl6 0.9545 0.7676 0.9855 setl6 7.33 7.71 7.82 7.95 9.27
setl?7 0.8917 0.8225 0.9431 setl?7 7.84 7.54 6.81 5.52 8.84
setl8 0.8549 0.5026 0.8963 setl8 8.41 8.14 7.74 7.18 9.88
setl9 0.8668 0.8402 0.9165 setl9 7.70 7.43 7.06 7.65 8.82
set20 09119 0.7102 0.9387 set20 6.85 8.25 9.65 8.34 9.58
average 0.8903 0.7749 0.9442

TABLE VII: Average PU2-SSIM and
PU2-PSNR of Four different Methods.

PU2-SSIM  PU2-PSNR
ExpandNet [18] 0.9109 38.05
DrTMO [22] 0.8538 35.29
SingleHDR [19] 0.9147 34.91
MEG [23] 0.9475 40.09
Proposed 0.9404 43.28

©

Fig. 8: Comparison of the information enriched LDR images
by using inaccurate CRFs and accurate CRFs. (a) shows the
input images; (b) illustrates the results by using inaccurate
CRFs; (c) demonstrates the images by using accurate CRFss.

the data-driven method. They compensate each other very well
in such a neural augmentation. The proposed framework has a
potential to achieve learning with few data. All the input image
and the two synthetic images are finally combined together to
produce an LDR or HDR image. The proposed algorithm is
also applicable to study saturation restoration of LDR videos.
Flicking artifacts could be well addressed because of the
model-based method. It is important to produce an information
enriched panoramic LDR image without visual artifacts for
an HDR scene through stitching multiple geometrically syn-
chronized LDR images with different exposures and pairwise
overlapping fields of views. One more interesting problem is to
study joint HDR and 3D imaging [63]. Most existing works
on monocular and stereo depth estimation [63], [64], depth
completion, structure from motion ignore possible saturations



TABLE VIIIL: Average Running Times of Five Different Algorithms including Deep Neural Networks

Methods | ExpandNet [18] DrTMO [22]  SingleHDR [19] MEG [23] Ours
Times 0.2644 4.3771 0.5586 1.5921 1.2454
in input image(s). Unfortunately, this is not always true in REFERENCES

real-world applications. All these problems will be studied in
our future research.

APPENDIX 1: MATLAB IMPLEMENTATION OF A1_50,(")

% %% Initialization
Aq0,1 = zeros(1,256);
A1-0,(0) = 0;
A = £:%%% Step size
9% %% Iteration
for i=1:255
am Rl 70
zo = Ni0,(1 — 1);
while(f, ! (22) < a)
Zo = 20 + A\
end
21 = 29 — A\
if20 < 7 (20) + £ (22)
A10,0(1) = 213
else
A150,0(1) = 223
end
end

APPENDIX 2: MATLAB IMPLEMENTATION OF A1_5 (")

% %% Initialization
Aq2, = zeros(1,256);
A1—>2,l(255) = 255,
A = £:%%% Step size
%% % Iteration
for i=254:0
a= %f[l(iﬁ
21 = N1sp(i +1);
while(f; ' (21) > a)
1 =21 — A;
end
20 =21 + A
if 2a < 7' (=) + 7 (22)
Ai0(i) = 215
else
Ai0,1(3) = 203
end
end
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