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Abstract—We propose a high dynamic range (HDR) image
synthesis algorithm based on enhanced bidirectional motion
estimation using feature refinement. First, we extract multiscale
features from input low dynamic range (LDR) images and then
estimate accurate motion vector fields between them in a coarse-
to-fine manner via progressive refinement. Then, we estimate
adaptive local kernels to merge only valid information in the
spatio-exposed neighboring pixels for synthesis. Finally, we refine
the initially merged image by exploiting global information to
further improve synthesis performance. Experimental results
show that the proposed algorithm outperforms state-of-the-art
algorithms in quantitative and qualitative comparisons.

I. INTRODUCTION

High dynamic range (HDR) imaging techniques have been
actively developed to overcome the dynamic range limitation
of conventional cameras by extending the range of intensity
levels. A common approach to HDR image acquisition is
merging multiple low dynamic range (LDR) images captured
with different exposure times [1], called multi-exposure fusion
(MEF). However, if the LDR images contain camera or object
motions, ghosting artifacts appear in the synthesized HDR
images due to misalignment among the images. Therefore, a
lot of research has been conducted on HDR image synthesis
without ghosting artifacts [2].

Early attempts for ghost-free HDR imaging employed
mathematical models based on the properties of motions.
For example, in [3], [4], the correspondences between input
LDR images were first estimated, and then the aligned images
using the estimated correspondences were merged to obtain
an HDR image. In [5]–[7], the rank minimization framework
was employed to exploit the linearity of the background scene
with respect to exposure times. Sen et al. [8] formulated
a joint optimization problem of alignment and fusion for
HDR image synthesis. Further, Hu et al. [9] constrained the
consistencies of textures and radiance values among the LDR
images for alignment. However, modeling inaccuracies in
these algorithms may degrade the quality of the synthesized
HDR images. Further, they often demand high computational
resources to solve optimization problems.
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Recently, deep learning-based approaches have exhibited
significant synthesis performance improvement by learn-
ing semantic information using convolution neural networks
(CNNs). A common approach to using deep learning is esti-
mating the correspondences between LDR images to suppress
the effects of motions on an HDR image. For example,
Kalantari and Ramamoorthi [10] employed CNNs to refine
aligned images obtained using optical flows and then merged
them using a weighted sum with the learned weights. In [11],
instead of pre-alignment, alignment and HDR image synthesis
were jointly performed using an encoder-decoder architecture.
In [12], [13], attention mechanism and deformable convolu-
tion [14] were employed to better exploit essential information
in the LDR images for fusion. Mai et al. [15] employed
SIFT-Flow [16] to align the input images then compensated
for incorrect alignment by developing a rank minimization-
based network. Note that, because the input LDR images
contain invalid information caused by occlusions and poor
exposures, estimated correspondences contain errors, resulting
in degraded synthesis performance. Vien et al. [17] proposed
the cyclic cost volume to improve the performance of the cor-
respondence estimation for HDR imaging. However, because
their algorithm has separate subnetworks for correspondence
estimation and HDR synthesis, it may fail to fully exploit
motion information during HDR image synthesis.

To address the aforementioned issues, we develop an HDR
imaging algorithm based on enhanced bidirectional motion
estimation using feature refinement. First, multiscale features
are extracted from the input LDR images, and then the motion
vector fields between the LDR image pairs are estimated in a
coarse-to-fine manner via progressive refinement. Next, we
estimate adaptive local kernels to merge only valid infor-
mation in the local neighboring pixels for synthesis. Finally,
we refine the synthesized HDR image using global residual
learning to improve the synthesis performance further by
exploiting global information. Experimental results show that
the proposed algorithm provides higher synthesis performance
compared with state-of-the-art algorithms [12], [13], [17].

II. PROPOSED ALGORITHM

Fig. 1 shows an overview of the proposed algorithm. Given
three input LDR images {I1, I2, I3} an HDR image aligned
with the middle exposure image I2 is synthesized. First, the
input LDR images {I1, I2, I3} are transformed into irradiance
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Fig. 1. Overview of the proposed HDR synthesis algorithm. The proposed algorithm first extracts contextual features from the input images using two encoders
having the same architecture and then progressively refines bidirectional motion vector fields. The local fusion block (LFB) and global refinement block (GRB)
synthesizes an HDR image and then refines it to improve the visual quality, respectively.

maps {E1, E2, E3} using the camera response function

Ek =
(Ik)

γ

∆tk
, (1)

where k ∈ {1, 2, 3} is the exposure index and ∆tk is the
exposure time for Ik. We set γ = 2.24 as in [18].

Then, the proposed algorithm takes {Y1, Y2, Y3}, where
Yk = {Ik, Ek}, as the input and reconstructs an HDR image
Ĥ . The proposed algorithm comprises two stages: enhanced
bidirectional motion estimation and HDR image synthesis. In
the first stage, two motion vector fields between E2 and E1

and between E2 and E3 are estimated. Then, two estimated
motion vector fields are refined with warped features. Next,
the local fusion block (LFB) learns to generate adaptive ker-
nels by exploiting local neighboring information for merging
images {E1, E2, E3}. Finally, the global refinement block
(GRB) generates a residual image R by considering global
information to refine the synthesized HDR image EL.

A. Enhanced Bidirectional Motion Estimation

Because of different exposures, the input LDR images
contain different poorly exposed regions among them, thereby
making accurate motion estimation difficult. To address this
challenge, Vien et al. [17] developed bidirectional motion
estimation with cyclic matching costs. Although their algo-
rithm improves the accuracy of motion estimation, it es-
timates motion vector fields and synthesizes HDR images
independently, providing suboptimal HDR image synthesis
performance. To address this issue, in this work, we develop
an encoder-decoder framework to jointly refine bidirectional
motion vector fields and synthesize high-quality HDR images.
Specifically, the proposed algorithm first extracts feature maps
from each input using an encoder to estimate motion vectors.
Then, it progressively refines the estimated motion vectors
in a coarse-to-fine manner. The detailed description of each
component of this module is given below.

Encoders: To extract effective contextual information from
input images for motion estimation and refinement, we design
two encoders with the same architecture. As shown in Fig. 1,
each encoder extracts four-level pyramid feature maps—f l

k

for motion estimation and clk for motion refinement and HDR
image synthesis, where l ∈ {0, 1, 2, 3} is the level index. Each
level of the encoder comprises two convolution layers with a
3×3 kernel and another convolution layer with a 3×3 kernel
and a stride of 2 for downsampling of f l

k and clk.

Motion estimation: We employ the motion estimator (ME)
in [17] to estimate two initial motion vectors—v2→1(x)
between E2 and E1 and v2→3(x) between E2 and E3—at
each pixel location x in E2. Specifically, each non-reference
feature map f l

1 or f l
3 and the reference feature map f l

2

are used to generate a spatial attention map [12], which
determines regions of motions and poor exposures. Then,
the attention maps and their corresponding input features are
used to estimate motion vector fields by building a cyclic
cost volume [17] composed of two bidirectional matching
costs and a cyclic matching cost. The initial vector fields are
estimated only at l ∈ {2, 3}.

Warping layer: The proposed algorithm synthesizes an HDR
image by merging the aligned images. To this end, we employ
the warping operation [19], which aligns the input images
using the estimated motion vector fields. More specifically,
both the input images E1 and E3 and their corresponding
features cl1 and cl3 are warped toward the reference image to
obtain warped images Ê1 and Ê3 and features ĉl1 and ĉl3.

Decoder: In contrast to Vien et al.’s algorithm [17], which
directly uses the estimated motion vectors for HDR image
synthesis, we further refine the estimated motion vector fields
{v2, v3} using contextual information {ĉl1, cl2, ĉl3} to improve
the synthesis performance. To this end, we develop a coarse-
to-fine approach for motion refinement. Specifically, we de-
sign a decoding layer Dl similar to that in [20], which takes
an initial motion vector field and feature maps and outputs a
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Fig. 2. Architecture of the kernel estimator in LFB with a mask Mk for
k ∈ {1, 2, 3}.

fused feature map cl−1
M and refined motion vector field v̂l−1.

Since the fused feature map cl−1
M is obtained by merging input

features {ĉl1, cl2, ĉl3}, it can effectively restore lost information
in poorly exposed regions, thereby improving the accuracy
of motion estimation. Simultaneously, the improved motion
vectors align cl1 and cl3 more accurately, thus improving
the representation ability of cl−1

M . Therefore, the proposed
approach jointly refines motion vector fields and the fused
feature maps.

As the initial motion vector fields vl are estimated only at
levels l ∈ {2, 3}, D3 generates a residual field ∆v2 to refine
the motion vector field as v̂2 = v2+∆v2, as shown in Fig. 1.
Additionally, the last decoding layer D1 generates the motion
reliability mask Mv that indicates the reliability of the motion
vector at the corresponding pixel location in the range [0, 1],
which will be used for HDR image synthesis. To summarize,
the decoder can be compactly represented as

{∆v2, c2M} = D3
(
ĉ31, c

3
2, ĉ

3
3, v

3
)
, (2)

{v̂1, c1M} = D2
(
c2M , ĉ21, c

2
2, ĉ

2
3, v̂

2
)
, (3)

{v̂0, c0M ,Mv} = D1
(
c1M , ĉ11, c

1
2, ĉ

1
3, v̂

1
)
. (4)

Each decoding layer Dl comprises six convolution layers
with a 3 × 3 kernel and a stride of 1 along with a single
deconvolution layer with a 4 × 4 kernel. Each convolution
layer is followed by a PReLU activation function [21].

B. HDR Image Synthesis

As shown in Fig. 1, an HDR image Ĥ is synthesized by
merging three images {Ê1, E2, Ê3}. Ê1 and Ê3 are warped
by the warping layer using the refined motion vector fields
v̂02→1 and v̂02→3, respectively. In this work, to synthesize
high-quality HDR images, we develop two blocks—LFB and
GRB—to exploit local and global information, respectively.
LFB is composed of the kernel estimator, which learns to
generate adaptive convolution kernels Kk

x,y for k ∈ {1, 2, 3}
for each pixel (x, y), and the dynamic local convolution
(DLC) block, which synthesizes the intermediate image EL

and feature map cL. GRB refines EL by learning a residual
image R. Finally, the synthesized HDR image is obtained as
Ĥ = EL +R.
LFB: As the contextual information in the input images
improves synthesis performance [17], we exploit the features

DRDB DRDB 𝑅

DRDB : Conv + PReLU : 1 × 1 Conv

: Conv 

: Element-wise sum

: ConcatenationC

𝑐 , 𝑐 , 𝐸

Fig. 3. Architecture of GRB.

{ĉ01, c02, ĉ03} as well as the input images {Ê1, E2, Ê3} as
input to the kernel estimator. Moreover, each input image
contains regions with invalid information, caused by poor
exposures or motion errors, thereby degrading the synthesis
performance. In this work, we consider poor exposures in
E2 and unreliable warping due to motion errors in Ê1 and
Ê3. First, we define the binary mask M2 for E2, where a
value of 1 indicates that the corresponding pixel in I2 is well
exposed, i.e., τ < I2(x, y) < 255− τ with a threshold τ . We
set τ = 15 in this work. Next, we define the soft masks for
Ê1 and Ê3 using the motion reliability mask as M1 = Mv

and M3 = 1−Mv , respectively.
The kernel estimator is composed of three subnetworks

with the same architecture, each of which estimates dynamic
local kernels for each input image. Fig. 2 shows the ar-
chitecture of a subnetwork. The feature maps {ĉ21, c22, ĉ23}
are 4× upsampled and then merged with the feature maps
{ĉ01, c02, ĉ03}. Then, the merged feature maps, input images
{Ê1, E2, Ê3}, and each mask Mk are fed into four convo-
lution layers with a 3 × 3 kernel and a PReLU activation
function [21]. The last convolution layer with a 3× 3 kernel
generates dynamic local kernel Kk

x,y for each pixel (x, y)
and exposure k ∈ {1, 2, 3}. The coefficients are normalized
as

∑
i

∑
j

∑
k K

k
x,y(i, j) = 1, where (i, j) denotes local

coordinates around (x, y) and k ∈ {1, 2, 3} is the exposure
index.

Subsequently, the synthesized HDR image EL is obtained
via DLC with the learned coefficients Kk

x,y as

EL(x, y) =

3∑
k=1

Kk
x,y ∗ Ẽk(x, y), (5)

where Ẽi(x, y) is a local patch centered at (x, y) in Êi with
Ê2 = E2. The feature map cL is similarly obtained.
GRB: In (5), the LFB merges multiple images using only lo-
cal neighbors. Therefore, if the local neighbors contain invalid
information caused by motion errors or poor exposures, the
LFB may yield visible artifacts in those regions. To address
this issue and further improve the synthesis performance,
we develop a GRB by adopting global residual learning, as
shown in Fig. 3. Specifically, as the feature maps cL and
c0M convey contextual information and global information,
respectively, the GRB uses those two feature maps to improve
the synthesis performance. More specifically, to facilitate
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Fig. 4. Qualitative comparison of synthesized HDR images. (a)–(c) Input LDR images and the synthesized results of (d) AHDRNet [12], (e) ADNet [13],
(f) Vien et al. [17], (g) the proposed algorithm, and (h) ground-truth. The second and fourth rows show the magnified parts of the red rectangles in the first
and third rows, respectively.

global information by increasing the receptive field, we adopt
two dilated residual dense blocks (DRDBs) as in [13], [17].

C. Training

To train the proposed network, we adopt the HDR image
reconstruction loss Lr, as in [10]–[13], between the output Ĥ
and ground-truth Hgt in the tone-mapped domain [10] as

Lr = ∥T (Ĥ)− T (Hgt)∥1, (6)

with

T (x) =
log(1 + µx)

log(1 + µ)
, (7)

where µ = 5000 controls the amount of compression.
We use the Adam optimizer [22] with β1 = 0.9 and β2 =

0.999 for 200 epochs with an initial learning rate of 10−4

and decay rate of 0.1. The training took approximately four
days using a PC with an Intel® Core™ i9-7900X @3.30GHz
CPU, 64GB RAM, and four Nvidia RTX™ 3090 GPUs.
Training dataset: We use the dataset from [18], which
contains 1,494 HDR images with their corresponding LDR
images of resolution 1900× 1060. For testing, we randomly
selected 210 HDR images from the dataset. Thus, the training
set contains 1,284 images out of 1,494. Further, we crop
128 × 128 patches with a stride of 128 to generate training
samples.

III. EXPERIMENTAL RESULTS

A. Quantitative and Qualitative Comparison

We compare the HDR image synthesis performance of the
proposed algorithm with those of state-of-the-art algorithms:
AHDRNet [12], ADNet [13], and Vien et al.’s algorithm [17].
We retrained these algorithms using the new training set
described in Section II-C. We use three quality metrics: µ-
PSNR, HDR-VDP (Q), and HDR-VDP (P ) [23]. µ-PSNR
is an extension of PSNR—computed in the tone-mapped

TABLE I
QUANTITATIVE COMPARISON OF SYNTHESIS PERFORMANCE ON THE
TEST SET. FOR EACH METRIC, THE BOLDFACE VALUE INDICATES THE

BEST RESULT.

µ-PSNR HDR-VDP (Q) HDR-VDP (P )

AHDRNet [12] 36.19 53.92 0.4527
ADNet [13] 36.25 54.20 0.4569
Vien et al. [17] 35.39 53.19 0.4826
Proposed 36.29 53.67 0.3874

domain—to consider the human perception of luminance
values.

Table I quantitatively compares the synthesis performance
of the algorithms on the test set. The µ-PSNR metric measures
the fidelity of the synthesized images to the ground-truths,
whereas two HDR-VDP metrics measure perceptual differ-
ences between them. The proposed algorithm achieves the
highest µ-PSNR score, providing a 0.04 dB higher score than
the second-best ADNet. In addition, the proposed algorithm
provides the best synthesis performance in terms of the P -
value of HDR-VDP, indicating that the synthesized images are
the most similar to the ground-truth images. This indicates
that the proposed enhanced bidirectional motion estimation
using feature refinement is effective for HDR image synthesis.

Fig. 4 compares the synthesized HDR images qualitatively.
Because the input images contain both large motions and
a large number of poorly exposed pixels, the conventional
algorithms fail to synthesize high-quality HDR images, pro-
viding visible artifacts. For example, AHDRNet and ADNet
in Figs. 4(d) and (e), respectively, fail to reconstruct fine
textures in the saturated regions, e.g., the light rays in the
second row. Vien et al.’s algorithm in Fig. 4(f) provides
noise components and color distortions in the under-exposed
regions, e.g., the background of the hand in the fourth row.
In contrast, the proposed algorithm in Fig. 4(g) synthesizes
higher-quality images by reconstructing faithful details and
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TABLE II
EFFECTS OF THE MASKS Mk IN THE KERNEL ESTIMATOR AND THE

MULTIPLE ENCODERS ON THE SYNTHESIS PERFORMANCE.

Mk Multiple encoders µ-PSNR HDR-VDP (Q) HDR-VDP (P )

- - 35.52 52.75 0.4676
✓ - 35.83 52.95 0.4334
✓ ✓ 36.29 53.67 0.3874

suppressing visible artifacts.

B. Ablation Studies

We analyze the effectiveness of the masks Mk in LFB and
multiple encoders of the proposed algorithm.

We train the network with different settings to analyze the
effectiveness of the masks Mk in LFB in Section II-B. Table II
demonstrates that the proposed kernel estimator using the
masks improves the synthesis performance by effectively han-
dling regions with motion errors or poor exposures. Table II
also shows that using multiple encoders further increases the
performance by large margins. This is because the respective
encoders for motion estimation and refinement can better
extract contextual information for HDR image synthesis.

IV. CONCLUSIONS

We developed an MEF-based HDR image synthesis al-
gorithm based on enhanced bidirectional motion estimation
using feature refinement. First, we extracted multiscale fea-
tures from the input LDR images and then estimated the
optical flows between the LDR images in a coarse-to-fine
manner. Next, we estimated adaptive local kernels to merge
only valid information in the neighboring information for
HDR image synthesis. Finally, the synthesized image was
further refined by global residual learning, which improves
the synthesis performance. Experimental results demonstrated
that the proposed algorithm outperforms state-of-the-art HDR
image synthesis algorithms.
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