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Abstract—Two aligned large-exposure-ratio (LER) images are
captured simultaneously by emerging devices for a high dynamic
range (HDR) scene to avoid ghosting artifacts from appearing in
an image fused from them. However, brightness order reversal
usually appears when the two LER images are directly fused
together by an existing multi-scale exposure fusion (MEF) algo-
rithm. In this paper, a novel neural augmentation-based exposure
interpolation framework is introduced in this paper by seam-
lessly integrating physics-driven and data-driven approaches.
The physics-driven method infers an initial representation while
the data-driven one learns the remaining information for the
middle-exposure image resulted from the two LER images. They
compensate each other well in the proposed framework. These
two LER images and the interpolated image are fused together
using a novel data-driven MEF algorithm which can further
interpolate information for the two LER images. Experimental
results show that the proposed framework can indeed solve the
brightness order reversal problem for the fusion of two LER
images. Real high-frequency information from the two LER
images is also preserved well in the fused image.

Index Terms—High dynamic range imaging, Exposure interpola-
tion, Neural augmentation, Physics-driven, Data-driven

I. INTRODUCTION

Due to the gap of dynamic ranges between a real-world scenes
and an 8-bit sRGB image image, there are over-exposed and/or
under-exposed regions in the 8-bit sRGB. High dynamic range
(HDR) imaging is thus highly demanded by many real-world
applications [1]–[3]. Merging multi-exposed low dynamic
range (LDR) sRGB images to expand the dynamic range is an
effective way for the HDR imaging [4], [5]. The differently
exposed images are usually captured sequentially while ghost-
ing artifacts caused by moving objects are Achilles’ heel for
such a capturing method [6]–[8]. Fortunately, this issue can be
addressed by using emerging capturing devices [3], [9]–[12]
i.e., capture the differently exposed images simultaneously.

Two aligned large-exposure-ratio (LER) sRGB images can be
captured so as to save the cost of the new devices while
capturing information as much as possible from HDR scenes
[11]–[15]. High-light regions in the dark image could be
darker than shadow regions in the bright one as shown in
Fig. 1(a). Multi-scale exposure fusion (MEF) algorithms such
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as [16], [17], [19]–[23] could yield unnatural results caused
by brightness order reversal (BOR) as in Fig. 1(b). The right
display board and trees are darker than the left display board
in the original scene (or Fig. 1(a)). However, they are brighter
than the left display board in the fused image in Fig. 1(b).

The BOR issue can be addressed by directly fusing the two
LER images via a data-driven method such as [26]. However,
local contrast and global contrast are not preserved well as
demonstrated in Fig. 1(c). This issue can also be efficiently
addressed via exposure-interpolated technique as indicated in
[13]. The exposure interpolation is based on an observation
that there is no BOR artifacts when a few normal-exposure-
ration (NER) images are fused together by the existing MEF
algorithms. A simple physics-driven method was proposed
in [13] to synthesize an image with the middle exposure.
Thus, the two LER images and the interpolated image become
three NER images and alleviate BOR problem. However,
the quality of the interpolated image is poor due to the
limited representation capability of the physics-driven method.
Subsequently, the quality of finally fused image is also poor.
A novel physics-driven deep exposure interpolation framework
was proposed to improve the interpolated image in [25]. The
image with the middle exposure is first interpolated via a
physics-driven method and then refined by a data-driven one.
The framework in [25] outperforms the physics-driven method
in [13]. Unfortunately, the framework in [25] cannot preserve
high-frequency information well. The physics-driven method
in [25] still needs to be improved even though it is better
than the methods in [13]. As indicated in [38], the accuracy
of the physics-driven method is important for the neural
augmentation. With a more accurate physics-driven method,
the neural augmentation framework would have more chance
to outperform the data-driven method. It is thus desired to
develop a new exposure interpolation framework for the new
HDR imaging devices.

In this paper, a novel neural augmentation-based exposure
interpolation framework is introduced for two aligned LER
sRGB images Z1 and Z3 by combining physics-driven with
data-driven methods in this paper. Our physics-driven exposure
interpolation includes two parts: physics-driven representation
of high-frequency information and physics-driven represen-
tation of low-frequency information. The proposed physics-
driven representation is different from the one in [27] which
only includes the former. A new mapping algorithm is first
proposed for the two aligned differently exposed images Z1

and Z3. It is then adopted to produce two high-frequency
images from the images Z1 and Z3 , which are finally merged
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Fig. 1: Two solutions to avoid brightness order reversal when two LER images are fused. (a) includes two LER images; (b) is an
image fused from these two images in (a) using the MEF algorithm in [16]; (c) is an image fused by the data-driven algorithm
in [26]; and (d) is an image fused from these two images in (a) and an interpolated image by the proposed framework.

Fig. 2: The proposed physics-driven deep exposure interpolation framework for the two LER images Z1 and Z3. The physics-
driven high-frequency information fm,h(Z1, Z3) and low-frequency information fm,l(Z1, Z3) are first generated. The images
Z1, Z3, and the physics-driven information fm(Z1, Z3) are fed into the proposed dual-scale EI-Net to learn the information
fd(Z1, Z3) (The EI-Net in [27] only has a single-scale). The fm(Z1, Z3) and fd(Z1, Z3) are combined together to generate
the image with the middle exposure time ∆t2.

to obtain the the interpolated image’s high-frequency infor-
mation. The physics-driven representation of low-frequency
information is based on intensity mapping functions (IMFs)
among differently exposed images and the proposed new
mapping algorithm. Two images are synthesized from the
images Z1 and Z3, respectively. However, the IMFs are not
reliable in under-exposed regions of image Z1 and over-
exposed regions of image Z3 [42]. The proposed new mapping
algorithm is then applied to improve the two synthesized
images corresponding to the under-exposed regions of the
image Z1 and the over-exposed regions of the image Z3

respectively. This is highly demanded for the proposed neural
augmentation because the physics-driven method is required
to be as accurate as possible by the neural augmentation [38].

A dual-scale exposure interpolation neural network (EI-Net)
is then designed to learn the remaining information from the
two images Z1 and Z3 progressively for the interpolated image
as demonstrated in Figs. 2 and 3. This is different from the

EI-Net in [27] which only has a single scale. Intuitively, the
interpolated image by the physics-driven approach can be
regarded as a noisy image for image Z2 because the proposed
physics-driven method has a limited representation capability.
As such, the proposed EI-Net is constructed from the CNN in
[39]. Short-skip-connection recursive residual group (SRRG)
and triple attention block (TAB) are two important components
of the EI-Net. The SRRG is constructed from the residual net-
work in [41], and consists of multiple recursive residual groups
(RRGs). The proposed SRRG is simpler than the SRRG in
[27]. Each RRG has several dual-attention blocks (DABs), and
each DAB combines a channel attention block and a spatial
attention block. The short-skip-connections among the RRGs
can keep and pass shallow layers’ information into deep layers.
Each TAB consists of one DAB and one unit attention block
(UAB). The UAB and DAB can extract features with improved
representation abilities.

An unsupervised learning based MEF algorithm is finally pro-
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Fig. 3: Illustration of the key components including SRRG,
DAB, UAB, and TAB. The proposed SRRG is simpler than the
SRRG in [27].

posed to fuse the interpolated image and the two LER images.
The proposed algorithm is further different from the algorithms
in [25], [27] in the sense that these images are fused by using
the algorithm in [17]. As shown in [14], the loss function is
important for the data-driven exposure fusion algorithm. The
loss function and the set of images to be fused are coupled
by the algorithm in [14]. They are decoupled in the proposed
MEF algorithm. Particularly, the loss function is computed
by using the fused image, the two LER images, and two
other images from the same HDR scene. The exposure times
of the two other images are within the exposure time range
defined by the two LER images. Clearly, more information
could be kept by using the proposed MEF algorithm. The
proposed HDR imaging algorithm wins the state-of-the-art
(SOTA) algorithms in [13], [14], [16], [17], [19], [24]–[26],
[35], [36], [49] in terms of MEF-SSIM metric [40] and the
subjective quality points of view. Experimental results indicate
that the MEF algorithms in [16], [17], [19], [24], [35], [36]
indeed suffer from the brightness order reversal. Although
this problem is overcome by the data-driven algorithms in
[14], [26], they have difficulty on preserving high-frequency
information [28], [29]. This is also demonstrated in Fig. 1.
Experimental results also show that the exposure interpolation-
based algorithms outperform the data-driven algorithms from
both subjective quality and objective quality points of view.
In addition, experimental results verify that the accuracy of
the physics-driven method is indeed crucial for the neural
augmentation [38]. In summary, the contributions of this paper
are highlighted as follows:

1) A novel physics-driven deep exposure interpolation frame-
work is introduced in this paper by fusing physics-driven and
data-driven methods. Both theoretical analysis and experiment
results show that the proposed framework can improve the
quality of the interpolated image and also converges faster
than the data-driven approach;

2) A new unsupervised data-driven MEF algorithm is proposed
to fuse the two LER images and the interpolated image. The
proposed MEF algorithm includes a new type of loss functions
which can be defined by the fused image and any set of
differently exposed images from the same HDR scene. The
proposed MEF algorithm can further interpolate information

for the two LER images.

The rest of this paper is organized as follow: a dataset is
provided in Section II. The proposed physics-driven deep
interpolation framework is provided in Section III. These two
LER images and the interpolated images are fused together
in Section IV. Experimental result are provided in Section V
to verify the proposed framework. Finally, conclusion remarks
are given in Section VI.

II. AN EXPOSURE INTERPOLATION DATASET

Our exposure interpolation dataset is constructed from two
existing datasets on HDR imaging in [11], [48]. The multi-
exposed 8-bit sRGB images in these two datasets are captured
by VETHDR-Nikon and VETHDR-Canon, respectively. The
CRFs of these two cameras are assumed to be available.
Actually, they can estimated by using the method in [5].

Fig. 4: Three sets of (a) short-exposure, (b) middle-exposure,
and (c) long-exposure images. Each set of images is aligned.

Each set in the exposure interpolation dataset includes three
differently exposed LDR images without camera movements
and moving objects, Z1, Z2, and Z3. These three images
are sub-sampled from the corresponding set in [11], [48]
by discarding the remaining images. The exposure time of
Zi(1 ≤ i ≤ 3), is ∆ti. For simplicity, it is assumed that

∆t1 � ∆t3 ;
∆t2
∆t1

=
∆t3
∆t2

. (1)

The set of images Z1, Z2, and Z3 is a typical geometric
exposure variation [47], and each available exposure setting
is a constant factor larger than its subsequent lower setting.
The two images in Figs. 4(a) and 4(c) are the inputs to the
proposed framework. The images in Fig. 4(b) are the ground-
truth ones for training the proposed framework. It is worth
noting that the middle set in Fig. 4 is not from the two datasets
in [11], [48]. The objective is to evaluate the robustness of the
proposed neural augmentation framework.

The resolution of all the images is 720×1280. The interval of
two LER inputs is 6-EV. The proposed dataset is composed
of 750 training sequences, 80 verifying sequences, and 100
testing sequences.
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III. NEURAL AUGMENTATION-BASED EXPOSURE
INTERPOLATION

The proposed framework consists of a physics-driven initial
representation and a data-driven refinement for the image with
the middle exposure. They compensate each other in such a
neural augmentation [25], [37], [38].

Given two aligned LER images Z1 and Z3 with N pixels, the
neural augmentation-based exposure interpolation method in
[25] represents Z2 as

ft(Z1, Z3) = fm(Z1, Z3) + fd,t(Z1, Z3), (2)

where fm(Z1, Z3) and fd,t(Z1, Z3) are physics-driven repre-
sentation and data-driven representation of Z2, respectively.
For simplicity, the item t in the equation (2) is omitted in the
main body.

The physics-driven representation fm(Z1, Z3) in [25] is based
on the IMFs, and it cannot preserve high-frequency informa-
tion. As pointed out in [28], [29], CNNs are usually biased
towards learning low-frequency functions because the CNNs
correspond to kernels with a rapid frequency falloff [30].
Loss of high-frequency information is one possible issue for
the neural augmentation [25]. Another issue on the neural
augmentation in [25] is the possible low accuracy of the
physics-driven method in [25]. The neural augmentation could
outperform the data-driven approach if the physics-driven
method is accurate. A new neural augmentation framework
will be proposed in this section to address the issues. The
representation f(Z1, Z3) can be decomposed as in the equation
(2) with the following physics-driven fm(Z1, Z3):

fm(Z1, Z3) = fm,h(Z1, Z3) + fm,l(Z1, Z3), (3)

where fm,l(Z1, Z3) and fm,h(Z1, Z3) are physics-driven low-
frequency and high-frequency information, respectively. It
should be pointed out that the physics-driven interpolation in
[27] only includes fm,h(Z1, Z3).

Figs. 2 and 3 summarize the proposed neural augmented expo-
sure interpolation framework. The high-frequency information
fm,h(Z1, Z3) and low-frequency information fm,l(Z1, Z3) are
first modelled via a physics-driven method. The data-driven
information fd(Z1, Z3) is then learnt via a CNN with inputs
as the two LER images Z1 and Z3 and the physics-driven
information fm(Z1, z3). The details are given in the following
two subsections.

A. Physics-Driven Exposure Interpolation

The proposed physics-driven representation fm,h(Z1, Z3) is
derived from the algorithms in [27], [33], [34].

The images Zi(i = 1, 3) can be normalized to match the image
Z2 as [33], [34]

Z̃i→2
c (p) = αi→2

c (Zi,c(p)− µZi,c
) + µZ2,c

, (4)

where c ∈ {R,G,B}. µZi,c and σZi,c(i = 1, 2, 3) are the
mean and standard deviation of all the pixels in the images
Zi,c, respectively. αi→2

c is σZ2,c
/σZi,c

.

For simplicity, let a square window centered at the pixel p with
a radius ρ be denoted as Ωρ(p), and µZi,c,ρ(p) be the mean
value of the image Zi,c in the window Ωρ(p). The mapping
algorithm (4) can be improved as [27]

Z̃i→2
c,ρ (p) =αi→2

c (Zi,c(p)− µZi,c,ρ(p)) + µZ2,c,ρ(p)
.
=αi→2

c ϕh,ρ(Zi,c(p)) + µZ2,c,ρ(p) (5)
.
=f i→2

c,h,ρ(p) + µZ2,c,ρ(p). (6)

It can be easily verified that the physics-driven representation
(5) maximizes the following Pearson correlation:

PC(Zi,c, Z2,c) =
1

|Θ|
∑
p∈Θ

cov(BZi,c,ρ(p), BZ2,c,ρ(p))

σ(BZi,c,ρ(p))σ(BZ2,c,ρ(p))
, (7)

where BZi,c,ρ(p) is the square window in the image Zi,c
centered at the pixel p of the radius ρ. Θ is a set of pixels and
|Θ| is the cardinality of the set Θ. An important case is that the
Θ is the full set. cov(BZi,c,ρ(p), BZ2,c,ρ(p)) is the covariance
of the blocks BZi,c,ρ(p) and BZ2,c,ρ(p), and σ(BZi,c,ρ(p)) is
the standard derivation of the block BZi,c,ρ(p).

However, the choice of αi→2
c as σZ2,c

/σZi,c
in the physics-

driven representation (5) is not the optimal solution to the
following problem:

min
αi→2

c

{
∑
p

(Z̃i→2
c,ρ (p)− Z2,c(p))

2}. (8)

It can be easily derived that the optimal solution is

αi→2,∗
c =

∑
p ϕh,ρ(Zi,c(p))ϕh,ρ(Z2,c(p))∑

p ϕ
2
h,ρ(Zi,c(p))

, (9)

and two resultant high-frequency images f i→2,∗
c,h,ρ ’s are then

given as {
f1→2,∗
c,h,ρ (p) = α1→2,∗

c ϕh,ρ(Z1,c(p))

f3→2,∗
c,h,ρ (p) = α3→2,∗

c ϕh,ρ(Z3,c(p))
. (10)

Since ∆t1 < ∆t2 < ∆t3, Z̃1→2
c (p) is not reliable if Z1,c(p)

is underexposed while Z̃3→2
c (p) is not reliable if Z3,c(p) is

overexposed [42]. The mapped pixel Z̃2(p) is obtained by
combining Z̃1→2

ρ (p) and Z̃3→2
ρ (p) as

Z̃2,c(p) =

∑
i∈{1,3}Wi(Zi,c(p))f

i→2,∗
c,h,ρ (p)∑

i∈{1,3}Wi(Zi,c(p))
+ µZ2,c,ρ(p), (11)

where W1(z) and W3(z) are defined as

W1(z) =

{
z+1
56 ; if z < 55

1; otherwise , (12)

W3(z) =

{
1; if z < 200
256−z

56 ; otherwise, . (13)

The new mapping algorithm (11) is verified by using 100
testing image sequences. The PSNR, SSIM and FSIM are
computed by using the interpolated image Z̃2 and the ground-
truth image Z2. Three different choices of ρ as 1, 2, and
∞ (i.e., the whole image) are compared as in Table I. The
corresponding results for the choice of αi→2

c as σZ2,c
/σZi,c

are
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TABLE I: peak signal-to-noise ratio(PSNR) (dB, ↑), struc-
tural similarity(SSIM) (↑), Feature Similarity(FSIM) (↑) and
Entropy (↑) for three different ρ’s (↑ larger is better)

ρ 1 2 ∞(the whole image)

PSNR 36.73 34.43 21.35
SSIM 0.9619 0.9426 0.7713
FSIM 0.9982 0.995 0.8808

Entropy 6.9512 6.9085 6.5843

TABLE II: PSNR (dB, ↑), SSIM (↑), FSIM (↑) and and
Entropy (↑) for the choice of αi→2

c as σZ2,c
/σZi,c

ρ 1 2 ∞(the whole image)

PSNR 35.03 32.12 20.31
SSIM 0.9425 0.9071 0.7812
FSIM 0.9969 0.9892 0.8707

Entropy 6.9319 6.9079 6.5671

provided in Table II. Obviously, the new mapping algorithm
(11) outperforms the one in [27].

Since the accuracy of the physics-driven method is crucial for
the proposed neural augmentation framework, the proposed
physics-driven representation of fm,h(Z1, Z3) is derived from
the mapping algorithm (11) with ρ being selected as 1. It is
worth noting that the mapping algorithm with ρ being selected
as 1 is useful to address the ghost removal problem in RGB
domain [42].

Since the image Z2,c is not available, the α1→2,∗
c and α3→2,∗

c
are estimated as

α1→2,∗
c =

√∑
p ϕh,1(Z1,c(p))ϕh,1(Z3,c(p))∑

p ϕ
2
h,1(Z1,c(p))

, (14)

α3→2,∗
c =

√∑
p ϕh,1(Z1,c(p))ϕh,1(Z3,c(p))∑

p ϕ
2
h,1(Z3,c(p))

. (15)

The high-frequency information fm,h(Z1, Z3) is finally ob-
tained as

fm,h(Z1(p), Z3(p)) =

∑
i∈{1,3}Wi(Zi(p))f

i→2,∗
h,1 (p)∑

i∈{1,3}Wi(Zi(p))
. (16)

Besides the above high-frequency information fm,h(Z1, Z3),
the proposed physics-driven interpolation also includes the
low-frequency information fm,l(Z1, Z3). Details on low-
frequency information fm,l(Z1, Z3) are provided in the rest
of this subsection. The available CRFs are denoted as Fc(·)’s.
The IMFs from Zi,c(i = 1, 3) to Z2,c are Λi→2

c (·) [42] which
can be estimated as

Λi→2
c (z) = arg min

z′∈[0,255]
{|∆t2

∆ti
F−1c (z)− F−1c (z′)|}, (17)

where F−1c (·) is the inverse function of the CRF Fc(·). To
improve the accuracy of the interpolated image fm(Z1, Z3),
the IMFs Λi→2

c (·) are not necessary to be integers, and can be
relaxed by using the gradients of the inverse CRFs F−1(·).

Same as [13], [25], two images Z1→2
c (i.e., Λ1→2

c (Z1,c)) and
Z3→2
c (i.e., Λ3→2

c (Z3,c)) are produced. However, the IMFs
can neither reliably map a under-exposed pixel of Z1,c to
the corresponding pixel of Z2,c, nor reliably map an over-
exposed pixel of Z3,c to the corresponding pixel of Z2,c

[42]. On the other hand, the accuracy of the physics-driven
method is important for the neural augmentation framework
[38]. Therefore, the image Z1→2

c is improved by using the
new mapping algorithm (5) as

Ẑ1→2
c (p) = Φ1→2

c (Z1,c(p)), (18)

where the function Φ1→2
c (z) is defined as{

Λ1→2
c (z); if z ≥ 5

α̃1→2,∗
c ϕh,1(z) + µZ1→2

c ,1(p); otherwise , (19)

and the image Z3→2
c is also improved by using the new

mapping algorithm (5) as

Ẑ3→2
c (p) = Φ3→2

c (Z3,c(p)), (20)

where the function Φ3→2
c (z) is defined as{

Λ3→2
c (z); if z ≤ 250

α̃3→2,∗
c ϕh,1(z) + µZ3→2

c ,1(p); otherwise , (21)

and α̃i→2,∗
c (i ∈ {1, 3}) is computed as

α̃i→2,∗
c =

∑
p ϕh,1(Zi,c(p))ϕh,1(Zi→2

c (p))∑
p ϕ

2
h,1(Zi,c(p))

. (22)

It is worth noting that one more method for generating the
virtual images Ẑi→2

c (i ∈ {1, 3}) is to linearize the images
using the gamma correction and adjust their exposures to the
middle one as [43]

Ẑi→2
c (p) = Zi,c(p)(

∆t2
∆ti

)
1

2.2 . (23)

This simple method is widely adopted by data-driven ghost
removal algorithms [6], [18], [43]–[46]. Unfortunately, this
method is not accurate [8], [48], and usually introduces
brightness distortion as shown in Fig. 5.

Fig. 5: Comparison of the proposed physics-driven method and
the physics-driven method on top of the gamma correction as
in the equation (23).

An intermediate image Z(0)
2 can be interpolated by

Z
(0)
2,c (p) =

∑
i∈{1,3}Wi(Zi,c(p))Ẑ

i→2
c (p)∑

i∈{1,3}Wi(Zi,c(p))
, (24)

and the physics-driven representation fm,l(Z1, Z3) is then
computed as

fm,l(Z1, Z3) = µ
Z

(0)
2 ,1

. (25)
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Besides the proposed physics-driven representation by the
equations (3), (16), and (25), one more physics-driven rep-
resentation is given by

fm(Z1, Z3) = Z
(0)
2 . (26)

As shown in Fig. 6, the proposed physics-driven representa-
tion outperforms the above one (26) from both PSNR and
SSIM points of view. This is because the high-frequency
information cannot be well preserved by the IMFs Λi→2

c (·)’s.
Both of them outperform the physics-driven representation of
(Z

(0)
2 + fm,h(Z1, Z3)) (here Ẑ1→2

c and Ẑ3→2
c are computed

by the equations (18) and (20), respectively). This is also
an evidence that the CNN has a fundamental limitation to
represent the high-frequency information in natural images.
We thus choose the proposed physics-driven representation.
All of them outperform the one on top of the equations (23),
(24), and (26). Clearly, the accuracy of the gamma correction
(23) is indeed an issue.

(a) (b)

Fig. 6: Comparisons of PSNR and SSIM for four different
physics-driven representations. The proposed one outperforms
the other three alternatives from both PSNR and SSIM points
of view.

B. Data-Driven Refinement

The remaining information fd(Z1, Z3) is learnt from the three
images {Z1, Z3, fm(Z1, Z3)} progressively by using the EI-
Net in Figs. 2 and 3 which has two scales while the EI-
Net in [27] has a single scale. Experiment results indicate
the proposed dual-scale EI-Net significantly outperforms the
single-scale EI-Net in [27].

Two components of the proposed EI-Net are SRRG and TAB.
The structure of the SRRG is inspired by the residual network
in [41]. The proposed SRRG is simpler than that in [27], and it
consists of several RRGs. Each RRG is composed of multiple
DABs [39]. With the short-skip-connections among the RRGs,
shallow layers information can be passed into deep layers by
the SRRG. As such, the remaining high-frequency information
could be well preserved, facilitating the efficient learning of
the remaining information fd(Z1, Z3). The TAB consists of
a UAB and a DAB [39]. The DAB can suppress those less
useful features while allow the propagation of more useful
ones [39]. The UAB can assign different attention weights to
features of different layers in order to extract features with
improved representation abilities.

The loss function of our data-driven approach is defined as

Ld = Lr + Lh, (27)

where the items Lr and Lh are

Lr = ‖Z2 − (fm(Z1, Z3) + fd(Z1, Z3))‖1, (28)
Lh = ‖ϕh,1(Z2)− ϕh,1(fm(Z1, Z3) + fd(Z1, Z3))‖1, (29)

and the function ϕh,1(·) is given in the equation (5). The loss
function Lh is a new loss function which can be adopted to
help the EI-Net preserve the high-frequency information.

IV. UNSUPERVISED LEARNING BASED MEF

The two LER images Z1 and Z3 as well as the interpolated
image f(Z1, Z3) are fused together by using an unsupervised
learning based MEF algorithm in this section.

The proposed MEF algorithm is on top of a multi-scale U-
Net architecture as illustrated in Fig. 7. Convolutional layers
are used to extract features from the three inputs, followed by
a fusion process that integrates these features across multiple
scales. This multi-scale approach operates in a coarse-to-fine
manner, effectively capturing details at different resolutions.
To reduce the computational cost, a weight-sharing strategy is
adopted throughout the network.

Besides the network structure, the loss function also plays
an important role in the proposed exposure fusion algorithm.
Same as [14], the MEF-SSIM is also adopted to compute the
loss function. For simplicity, the fused image is denoted as
ZF , and the set of differently exposed images for the definition
of loss function is denoted as Ωm. Normally, the set Ωm is
selected as the set of images to be fused, i.e., the images Z1,
Z3 and f(Z1, Z3) [14]. As such, the loss function and the
set of images to be fused are coupled. Here, a new type of
loss function is introduced by decoupling the loss function
and the set of images to be fused. Instead of choosing the
set Ωm as Z1, Z3 and f(Z1, Z3), it consists of the LER
images Z1 and Z3 as well as two other differently exposed
images from the same HDR scene with the exposure times
between the two LER images Z1 and Z3. The EV gap between
any two successive images in the set Ωm is 2. Clearly, more
information could be further interpolated by the proposed
data-driven MEF algorithm. The overall proposed algorithm
is shown in Algorithm 1.

Algorithm 1: Neural-augmented HDR imaging via two
aligned LER images

Inputs Two LER images Z1 and Z3 .
Output an information enrich LDR image.
Step 1 Infer the physics-driven high-frequency information

fm,h(Z1, Z3) via the equation (16) and the
low-frequency information fm,l(Z1, Z3) via the
equation (25).

Step 2 Learn the remaining information fd(Z1, Z3) using the
EI-Net in Figs. 2 and 3.

Step 3 Combine the fm(Z1, Z3) and fd(Z1, Z3) to generate
the interpolated image f(Z1, Z3).

Step 4 Fuse the three differently exposed LDR images via the
proposed data-driven MEF algorithm.
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Fig. 7: Inputs of the proposed multi-scale exposure fusion algorithm are Z1, Z3 and f(Z1, Z3). The fused image ZF approaches
four differently exposed images from the same HDR scene with the EV gap as 2. Z1 and Z3 are included in the set of four
differently exposed images.

It should be mentioned that more images from the same HDR
scene with the exposure times larger than ∆t3 and/or smaller
than ∆t1 can also be included for the computation of the loss
function. More information from the same HDR scene could
be extrapolated in this way. Such a loss function will be studied
in our future research.

V. EXPERIMENTAL RESULTS

A. Implementation Details

Experimental results are provided to validate the proposed
exposure interpolation framework. In our experiments, the size
of the window Ωρ(p) is set to 3 × 3 to extract the high-
frequency information efficiently.

Our implementation is built upon the PyTorch framework
and executed on four NVIDIA GP100 GPUs. To enhance the
diversity of the training data, we apply data augmentation tech-
niques, including mirroring and randomly cropping 512 ∗ 512
patches from each input image. The proposed EI-Net is trained
using the designed loss functions and optimised with the Adam
optimiser, employing a batch size of 4. The initial learning rate
is set to 10−5 and progressively reduced following a cosine
annealing schedule. The training process spans 1000 epochs,
after which the model is evaluated on the validation dataset
to assess its performance. It is particularly noteworthy that
the multi-scale fusion network employs an identical training
strategy.

B. Comparison with Different Exposure Interpolation Algo-
rithms

TABLE III: Comparison of different physics-driven intensity
mapping algorithms.

Method PSNR↑ SSIM↑ FSIM↑ Entropy↑

physics-driven method in [13] 25.17 0.8982 0.9638 6.6683
physics-driven method in [25] 26.42 0.9039 0.9703 6.7729

our physics-driven method (24) 27.58 0.9186 0.9772 6.8006

Since one major contribution of this paper is the physics-
driven method (24), the proposed neural augmentation-based
exposure interpolation is then compared with the physics-
driven method in [13] and the neural augmentation-based

exposure interpolation in [25]. As demonstrated in Table III,IV
and Fig. 8, the proposed neural augmentation-based exposure
interpolation can achieve much higher PSNR and SSIM values
than the neural augmentation-based exposure interpolation in
[25]. The impact of the physics-driven method is also eval-
uated by using the same data-driven method as the proposed
EI-NET. As shown in Fig. 9, the accuracy of the physics-driven
method is indeed important for the neural augmentation which
will be theoretically analyzed in the appendix. The data-driven
method is locally convergent.

TABLE IV: Comparison of different neural augmentation
intensity mapping algorithms.

Method PSNR↑ SSIM↑ FSIM↑ Entropy↑

data-driven method in Figs. 2 and 3 33.81 0.9516 0.9878 6.8806
neural augmentation in [25] 31.73 0.9361 0.9837 6.9057

our neural augmentation 35.34 0.9615 0.9895 6.9131

C. Comparison with Eleven SOTA Algorithms

The proposed algorithm is compared with five conven-
tional MEF algorithms: ExposureFusion [16], Kou 2017 [17],
WQT 2020 [19], Yang 2018 [13], and PAS-MEF [36], five
deep exposure fusion algorithms: DeepFusion [14], Deep-
Guide [24], FusionDN [35], DEP-MEF [26], and HoLoCo
[49], as well as the neural augmentation-based algorithm in
[25]. The model sizes of DeepFusion [14], DeepGuide [24],
FusionDN [35], and DEP-MEF [26], the framework in [25],
HoLoCo in [49] and the proposed framework are 333 KB,
341.9 KB, 1.7 GB, 54.5 MB, 10.9 MB, 33 MB and 21.3 MB,
respectively. The inputs to all the algorithms are the two LER
images Z1 and Z3.

Fig. 10 includes fused images for three pairs of LER images
in Figs. 4(a) and 4(c). Readers can zoom in digital version
of all the images to distinguish differences among them. As
indicated in the introduction, the right display board and trees
are darker than the left display board in the top pair of LER
images. However, they are brighter than the left display board
in the fused images by the algorithms in [16], [17], [19]. The
PAS-MEF [36] cannot preserve information in the brightest
regions. Neither local contrast nor global contrast (such as
Chinese characters) is preserved well by the algorithms in [13],
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Fig. 8: Interpolated images via (a) the physics-driven method in [13]; (b) the physics-driven method in [25]; (c) the proposed
physics-driven method (24); (d) the neural augmentation in [25]; (e) the proposed neural augmentation; and (f) the ground
truth image. As highlighted in the green box, the result in (e) is noticeably closer to the ground truth image, whereas (a) and
(b) exhibit significant colour distortion. Furthermore, in the sky region, there is a considerable colour discrepancy between
the ground truth and the results in (a), (b), and (c).

TABLE V: MEF-SSIM of 12 Different Algorithms (↑: larger is better))

MEF [16] Kou 2017 [17] WQT 2020 [19] DeepFusion [14] DeepGuide [24] Yang 2018 [13]
0.8927 0.8922 0.8926 0.9041 0.8828 0.9118

FusionDN [35] PAS-MEF [36] DEP-MEF [26] EA-Net [25] HoLoCo [49] Prpposed]
0.8756 0.8878 0.9202 0.9091 0.7857 0.9473

(a) (b)

Fig. 9: Comparisons between two neural augmentations on
top of the proposed physics-driven representation (3), (16),
and (25) and the physics-driven method in [25].

[14], [24], [26], [36] even though they can somewhat preserve
the relative brightness. There is also visible color distortion by
FusionDN [35], DeepGuide [24] and DeepFusion [14]. Similar
observations can be obtained for the second and third pairs of
LER images. For example, the sky looks darker than the floor
in the fused images by the algorithms in [16], [17], [19] for
the second pair even though it is actually brighter than the
floor. In addition, it is shown by the experimental results that
CNNs are indeed poor at learning high-frequency functions
[28], [29].

Besides the above subjective evaluation, the popular MEF-
SSIM in [40] is also applied to study all the algorithms. The
MEF-SSIM is calculated by using the fused image and the
three captured images Zi(1 ≤ i ≤ 3) which are the reference
images [40]. As demonstrated in Table V, the proposed
algorithm significantly outperforms all the ten algorithms from
the MEF-SSIM point of view. This is mainly own to the
proposed physics-driven method and the dual-scale of the
proposed EI-Net. It should be pointed out that the MEF-
SSIM values of the algorithms in [16], [19], [24], [36] are
respectively improved as 0.9186, 0.9207, 0.9139, and 0.8891
when they are used to fuse the two input images and the
interpolated image. It can be illustrated that the algorithms
in [13], [26] and the proposed one outperform other seven

algorithms in Fig. 10 subjectively and objectively from the
MEF-SSIM point of view in Table V. It is shown that the
MEF-SSIM and the subjective evaluation are consistent with
each other. Since the exposure interpolation-based algorithms
in [13], [25] and the proposed one outperform the data-driven
algorithms in [14], [26], [35] subjectively and objectively, the
exposure interpolation is indeed required by the HDR imaging
on top of two LER images. On the other hand, it should
be pointed out that there are many other ways to implement
exposure interpolation.

D. Ablation Study of Key Components

Key components of the proposed framework are: 1) the pro-
posed physics-driven representation (3), (16), and (25), 2) dif-
ferent choices of ρ in the equation (16), 3) the loss function Lh
(29), 4) the UAB, and 5) the dual-scale. Their performances
are evaluated in this subsection. As illustrated in Table VI, the
choice of ρ as 1 can indeed obtain a better performance than 2
for the proposed framework. Since the physics-driven method
with ρ as 1 is more accurate than that with ρ as 2, the accuracy
of the physics-driven method is indeed important for the neural
augmentation framework as indicated in [38]. The dual-scale
EI-Net also significantly outperforms the single-scale EI-Net.
Both the short-skip connections and UAB are helpful for the
proposed dual-scale EI-Net for the PSNR, SSIM, and FSIM
points of view.

This subsection also compares the proposed neural augmen-
tation framework with the data-driven approach in Figs. 2
and 3 without the physics-driven representation fm. The
proposed framework improves both the PSNR and the SSIM
as shown in Table III and Fig. 11. This is because the CNN
is usually locally convergent. With an accurate physics-driven
representation, the proposed neural augmentation converges to
a more optimal solution.

E. Limitation of the Proposed Framework

The image with the middle exposure f(Z1, Z3) is firstly
interpolated for the two LER images Z1 and Z3. All the three
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Fig. 10: Fused images by twelve different algorithms for three pairs of LER images in Figures 4(a) and 4(c). (a) MEF [16];
(b) Kou 2017 [17]; (c) WQT 2020 [19]; (d) DeepFusion [14]; (e) DeepGuide [24]; (f) Yang 2018 [13]; (g) FusionDN [35];
(h) PAS-MEF [36] ; (i) DEP-MEF [26]; (j) EA-Net [25], (k) HoLoCo [49] and (l) the proposed one.

TABLE VI: Ablation study of the data-driven approach on generating high exposure images from low exposure ones (↑: larger
is better)

Case physics-driven Lh ρ UAB Scale SSIM (↑) PSNR (dB: ↑) FSIM (↑) Entropy↑

1 N Y NIL Y 2 0.9516 33.81 0.9878 6.8806
2 Y Y 2 Y 2 0.9612 35.05 0.9892 6.9042
3 Y N 1 Y 2 0.9589 35.07 0.9891 6.9008
4 Y Y 1 N 2 0.9613 35.18 0.9893 6.8923
5 Y Y 1 Y 1 0.9614 35.04 0.9894 6.8946
6 Y Y 1 Y 2 0.9615 35.34 0.9895 6.9131

(a) (b)

Fig. 11: Comparisons of PSNR and SSIM between the pro-
posed neural augmentation and the data-driven method.

images form a set of NER images. The three NER images are

then fused together via the unsupervised learning based MEF
algorithm in Section IV. Even though the quality of fused
image ZF is well improved, the complexity of the proposal
algorithm could be an issue for mobile devices with limited
computational resources.

VI. CONCLUSION REMARKS AND DISCUSSION

A novel physics-driven deep exposure interpolation framework
is proposed to interpolate an image with the middle exposure
for two aligned large-exposure-ratio (LER) images in this pa-
per. Experimental results show that the exposure interpolation-
based algorithms outperform the data-driven algorithms sub-
jectively and objectively. Therefore, the exposure interpolation
is indeed required by the high dynamic range (HDR) imaging
on top of two aligned LER images which are captured by the
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emerging HDR imaging devices. The proposed algorithm can
be extended to the case of three or even more aligned LER
images.

The proposed framework can also be applied to study HDR
and 3D imaging simultaneously [53]. Existing works on 3D
imaging include stereo matching [53] ignoring saturations in
input(s). Unfortunately, there are saturated regions in real-
world applications. PSNR, SSIM, and FSIM are commonly
used metrics for assessing image quality, but they do not ef-
fectively capture the specific issue of brightness order reversal.
It is desired to introduce a new evaluation metrics which can
more directly quantify the success of the proposed method in
addressing this problem and provide evidence of its advanced
nature. These problems will be studied in our future research.

APPENDIX: ANALYSIS OF THE PROPOSED FRAMEWORK

θ is the vector of all network parameters, and θt is the time-
varying parameters, and ηt is the learning rate. ft(Z1, Z3)
also denotes the corresponding vector. Similar to [51], it can
be derived that{

θ̇t = −ηt(∇θft(Z1, Z3))T∇ft(Z1,Z3)L

ḟt(Z1, Z3) = −ηtΘt∇ft(Z1,Z3)L
, (30)

where the matrix Θt is ∇θft(Z1, Z3)(∇θft(Z1, Z3))T .

Without loss of generality, the loss function L is defined by
the l2 norm [51] and the learning rate η is fixed, it can be
derived that

ḟt(Z1, Z3) = −ηΘt(ft(Z1, Z3)− Z2). (31)

Suppose that the physics-driven method fm(Z1, Z3) is ac-
curate. It then corresponds to the data-driven approach
fd,t(Z1, Z3) with an initial θ0 which is in a small region
of the optimal θ∗. With the first-order Taylor expansion, the
proposed neural augmentation framework (2) and (3) can be
approximated by

ft(Z1, Z3) =fm(Z1, Z3) + fd,t(Z1, Z3)

≈fm(Z1, Z3) +∇θfd,t(Z1, Z3)|θ=θ0(θ − θ0).
(32)

Let the matrix ∇θfd,t(Z1, Z3)(∇θfd,t(Z1, Z3))T |θ=θ0 be de-
noted as Θ0 which is constant and symmetric positive semidef-
inite. It follows that

fd,t(Z1, Z3) = exp(−ηΘ0t)(fm(Z1, Z3)− Z2)

+ Z2 − fm(Z1, Z3). (33)

Since ‖fm(Z1, Z3)−Z2‖ is smaller than ‖Z2‖, the proposed
neural augmentation framework converges to the optimal so-
lution faster than the corresponding data-driven approach [52].

The complexity of the model fm(Z1, Z3) is also required
to be as low as possible so as to reduce the complexity of
the proposed framework. Overall, the model fm(Z1, Z3) is
required to be as accurate as possible while as simple as
possible. Therefore, elegant physics-driven methods are highly
demanded by the proposed neural augmentation framework.
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