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11,4* 2,4

Steven Te Zongwei Wu

! University of Burgundy, ImViA
3 CVL, ETH Ziirich

Yulun Zhang® ©  Barthélémy Heyrman'
Cédric Demonceaux®®  Radu Timofte?
2 Computer Vision Lab, CAIDAS & IFI, University of Wiirzburg
4 University of Burgundy, CNRS, ICB

Dominique Ginhac?

5 University of Lorraine, CNRS, Inria, Loria

{steven.tel; barthelemy.heyrman; cedric.demonceaux; dginhac} @u-bourgogne.fr, {zongwei.wu; radu.timofte } @uni-wuerzburg.de, yulun100@ gmail.com

Abstract

High dynamic range (HDR) imaging aims to retrieve in-
formation from multiple low-dynamic range inputs to gen-
erate realistic output. The essence is to leverage the con-
textual information, including both dynamic and static se-
mantics, for better image generation. Existing methods of-
ten focus on the spatial misalignment across input frames
caused by the foreground and/or camera motion. However,
there is no research on jointly leveraging the dynamic and
static context in a simultaneous manner. To delve into this
problem, we propose a novel alignment-free network with a
Semantics Consistent Transformer (SCTNet) with both spa-
tial and channel attention modules in the network. The spa-
tial attention aims to deal with the intra-image correlation
to model the dynamic motion, while the channel attention
enables the inter-image intertwining to enhance the seman-
tic consistency across frames. Aside from this, we intro-
duce a novel realistic HDR dataset with more variations in
foreground objects, environmental factors, and larger mo-
tions. Extensive comparisons on both conventional datasets
and ours validate the effectiveness of our method, achiev-
ing the best trade-off on the performance and the compu-
tational cost. The source code and dataset are available at
https://steven—-tel.github.io/sctnet/.

1. Introduction

While dealing with the full range of illumination in nat-
ural scenes, traditional cameras fail to provide images with
reasonable quality and result in the loss of information in
under-exposed and over-exposed areas. Some specialized
hardware devices [18, 29] have been proposed to produce
HDR images directly. Unfortunately, they are usually too
expensive to be widely adopted. To this end, computational
High Dynamic Range (HDR) imaging has recently attracted
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Figure 1. Motivation of our alignment-free network. Most existing
methods [15, 27, 8, 24, 34] calibrate the LDR inputs at shallow
latent space vis-a-vis the dynamic motion. Differently, we propose
an alignment-free network that jointly models the dynamic and
static context across frames through attention blocks.

great research attention, aiming to merge multiple Low Dy-
namic Range (LDR) images with different exposure times
to produce an HDR image with increased dynamic range
and heightened realism.

Given well-aligned LDR images, traditional imaging
methods [4, 25,7, 10, 31] can produce faithful results. Nev-
ertheless, a perfect alignment is always hard to achieve.
In practice, it is very common to have dynamic objects in
the foreground and/or with ego motion, resulting in unde-
sirable misalignment between the LDR inputs. Moreover,
the movement across frames with different exposure val-
ues (EV) may lead to missing content in the over-/under-
cxposed regions. Therefore, a method that can efficiently
leverage information from multiple exposures, while being
robust to the misalignment is highly desired.

To tackle the misalignment issue due to the moving ob-
ject, multiple methods [2, 11] propose to compute the op-
tical flow to model the foreground motion. Several recent
methods [10, 17, 3] further integrate optical flow into a
learning-based method to align motion between the input



images. However, due to the poor generalization of opti-
cal flow methods on multiple exposures, these methods fail
to produce reliable results. Other methods [32, 15] com-
pute the affinity matrices between different images with the
help of attention modules as shown in Figure 1. Once the
multi-EV features are calibrated, they are further merged
and fed into deep convolutional neural networks (CNNs)
such as [36]. More recently, Niu et al. [19] leverages gener-
ative adversarial network (GAN) for HDR imaging to deal
with ghost artifacts. [8] further merges GAN with an at-
tention module to improve the model efficiency. However,
these methods are based on local convolutions, limiting
their ability to model and benefit from long-range depen-
dencies. A recent method [15] replaces the deep convo-
lutional network with a transformer and proposes a hybrid
CNN-transformer architecture. In general, existing methods
[15,32, 8, 24, 34]often follow the common practice of first
computing the cross-image alignment with convolutional
attention. Then, the features are further refined with con-
textualized awareness. Despite the plausible performance,
these methods are heavily based on the alignment module
for multi-EV feature calibration. Moreover, the SOTA per-
formance is achieved with heavy computational cost, which
is undesirable for real-time applications.

We observe that previous works [24, 34, 3, 32, 27] often
focus on dealing with the motion changes across different
images. However, motion changes are highly correlated, not
decoupled, with the static contexts, i.e., the semantic infor-
mation of the holistic environment during imaging. Inspired
by this observation, in this paper, we propose SCTNet, a
novel Semantics Consistent Transformer network, which
consists of two parts: intra-image spatial feature modeling
and inter-EV semantic intertwining. Specifically, instead
of computing the attention at a shallow stage, as shown in
Figure 1, we directly investigate the transformer network to
explore the spatial correlation between the merged multi-
EV inputs. This spatial feature modeling operation aims
to not only compute the contextualized awareness within a
single image but also explore the spatial correlation across
LDR inputs. However, directly aggregating the multi-input
features is challenging since the different exposures may
have different spatial distributions. Thus, we complement
the spatial attention block with our new semantic-consistent
cross-frame attention block. These two attention blocks
work in a consecutive manner to make sure that both the
foreground motion and the static context are well-learned
and merged simultaneously in an end-to-end manner.

Moreover, to fully benefit from the popular non-local at-
tention mechanism, we introduce a novel dataset for HDR
deghosting that adheres to the standard acquisition ap-
proach put forth by [10]. Our dataset is collected to ful-
fill the demand for larger training and evaluation data re-
quired to implement vision transformers in HDR deghost-

ing tasks. The dataset comprises diverse global and local
motion and illumination ranges to generate more versatile
and all-encompassing HDR deghosting solutions. To make
algorithms more robust, we have expanded our dataset to in-
clude a wider range of scenes, including twilight and night
scenes, in contrast to the conventional dataset [ 10] with only
day scenes. To summarize, our contributions are threefold:

e We propose a unified framework, SCTNet, that jointly
models the foreground motion and static semantic con-
text simultaneously, both of which are essential for
HDR deghosting.

e We introduce a realistic supervised HDR deghosting
dataset presenting a richer variety of scenes with more
variation in the types of motion and more environmen-
tal factors than existing benchmark datasets.

* We demonstrate the effectiveness of our approach
through extensive experiments on both the Kalantari
dataset [ 10] as well as our proposed dataset. Our SCT-
Net performs favorably against other state-of-the-art
techniques by reaching the best trade-off between per-
formance and computational cost.

2. Related works

HDR Deghosting Methods: Existing HDR deghosting al-
gorithms can be categorized into two groups: Patch Match-
Based and Deep Learning methods.

Patch Match-Based Methods: One category involves pixel
rejection techniques. These methods focus on globally
aligning LDR images and then discarding misaligned pix-
els. Approaches include error map creation based on color
differences by Grosch et al. [0], motion area identification
using threshold bitmaps by Pece et al. [20], and weighted
intensity variance analysis by Jacobs et al. [9]. Other meth-
ods propose gradient-domain weight maps by Zhang et
al. [35] and probability maps by Khan et al. [12]. How-
ever, such methods often lead to suboptimal HDR results
due to pixel rejection causing information loss.

Another set of methods focuses on motion registration.
These involve aligning non-reference LDR images with the
reference LDR image prior to merging. Techniques in-
clude optical flow-based motion vector prediction by Bo-
goni [2], luminance domain transformation using expo-
sure time and optical flow-based motion compensation by
Kang et al. [11], and optical flow-based registration fol-
lowed by HDR reconstruction by Zimmer et al. [37]. Ad-
ditionally, Sen et al. [25] introduced a patch-based energy
minimization for simultaneous alignment and HDR recon-
struction. Hu et al. [7] enhanced image alignment through
brightness and gradient consistency optimization.

Deep Learning Solutions: To address occlusions in patch-
based methods, convolutional ncural networks (CNNs)
gained prominence duc to their ability to handle such



























