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ABSTRACT

It is highly desired but challenging to acquire high-quality photos with clear
content in low-light environments. Although multi-image processing methods
(using burst, dual-exposure, or multi-exposure images) have made significant
progress in addressing this issue, they typically focus on specific restoration or
enhancement problems, and do not fully explore the potential of utilizing multiple
images. Motivated by the fact that multi-exposure images are complementary
in denoising, deblurring, high dynamic range imaging, and super-resolution, we
propose to utilize exposure bracketing photography to get a high-quality image by
combining these tasks in this work. Due to the difficulty in collecting real-world
pairs, we suggest a solution that first pre-trains the model with synthetic paired
data and then adapts it to real-world unlabeled images. In particular, a temporally
modulated recurrent network (TMRNet) and self-supervised adaptation method
are proposed. Moreover, we construct a data simulation pipeline to synthesize
pairs and collect real-world images from 200 nighttime scenarios. Experiments
on both datasets show that our method performs favorably against the state-of-
the-art multi-image processing ones. Code and datasets are available at https:
//github.com/cszhilu1998/BracketIRE.

1 INTRODUCTION

In low-light environments, capturing visually appealing photos with clear content presents a highly
desirable yet challenging goal. When adopting a low exposure time, the camera only captures a
small amount of photons, introducing inevitable noise and rendering dark areas invisible. When
taking a high exposure time, camera shake and object movement result in blurry images, in which
bright areas may be overexposed. Although single-image restoration (e.g., denoising (Zhang et al.,
2017; 2018b; Guo et al., 2019; Brooks et al., 2019; Zamir et al., 2020; Abdelhamed et al., 2020; Li
et al., 2023), deblurring (Nah et al., 2017; Zhang et al., 2018a; Tao et al., 2018; Cho et al., 2021;
Zamir et al., 2021; Mao et al., 2023), and super-resolution (SR) (Dong et al., 2015; Lim et al., 2017;
Zhang et al., 2018e;c; Liu et al., 2020a; Liang et al., 2021; Ledig et al., 2017)) and enhancement
(e.g., high dynamic range (HDR) reconstruction (Eilertsen et al., 2017; Liu et al., 2020b; Zou et al.,
2023; Pérez-Pellitero et al., 2021; Lee et al., 2018; Chen et al., 2023)) methods have been extensively
investigated, their performance is constrained by the severely ill-posed problems.

Recently, leveraging multiple images for image restoration and enhancement has demonstrated
potential in addressing this issue, thereby attracting increasing attention. We provide a summary
of several related settings and methods in Tab. 1. For example, some burst image restoration
methods (Bhat et al., 2021a;b; Dudhane et al., 2022; Luo et al., 2022; Lecouat et al., 2021; Mehta
et al., 2023; Dudhane et al., 2023; Bhat et al., 2023; Wu et al., 2023; Bhat et al., 2022) utilize multiple
consecutive frames with the same exposure time as inputs, being able to perform SR and denoising.
The works based on dual-exposure images (Yuan et al., 2007; Chang et al., 2021; Mustaniemi et al.,
2020; Zhao et al., 2022; Zhang et al., 2022b; Shekarforoush et al., 2023; Lai et al., 2022) combine the
short-exposure noisy and long-exposure blurry pairs for better restoration. Multi-exposure images
are commonly employed for HDR imaging (Kalantari et al., 2017; Yan et al., 2019; Prabhakar et al.,
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Table 1: Comparison between various multi-image processing manners

Setting Methods Input Images Supported Tasks
Denoising Deblurring HDR SR

Burst Denoising (Godard et al., 2018; Xia et al., 2020; Rong
et al., 2020; Guo et al., 2022) Burst X

Burst Deblurring (Wieschollek et al., 2017; Peña et al., 2019;
Aittala & Durand, 2018) Burst X

Burst SR (Deudon et al., 2020; Wronski et al., 2019;
Wei et al., 2023) Burst X

Burst Denoising and SR

(Bhat et al., 2021a;b; Dudhane et al., 2022;
Luo et al., 2022; Lecouat et al., 2021; Mehta
et al., 2023; Dudhane et al., 2023; Bhat et al.,

2023; Wu et al., 2023; Bhat et al., 2022)

Burst X X

Burst Denoising and HDR (Hasinoff et al., 2016; Ernst & Wronski, 2021) Burst X X

Dual-Exposure Image Restoration
(Chang et al., 2021; Mustaniemi et al., 2020;

Zhao et al., 2022; Zhang et al., 2022b;
Shekarforoush et al., 2023; Lai et al., 2022)

Dual-Exposure X X

Basic HDR Imaging
(Kalantari et al., 2017; Yan et al., 2019; Niu

et al., 2021; Liu et al., 2022; Yan et al., 2023a;
Tel et al., 2023; Zhang et al., 2024b)

Multi-Exposure X

HDR Imaging with Denoising (Hasinoff et al., 2010; Liu et al., 2023; Chi
et al., 2023; Pérez-Pellitero et al., 2021) Multi-Exposure X X

HDR Imaging with SR (Tan et al., 2021) Multi-Exposure X X
HDR Imaging with Denoising and SR (Lecouat et al., 2022) Multi-Exposure X X X

Our BracketIRE - Multi-Exposure X X X
Our BracketIRE+ - Multi-Exposure X X X X

2019; Wu et al., 2018; Niu et al., 2021; Liu et al., 2022; Yan et al., 2023a; Tel et al., 2023; Zhang
et al., 2024b; Song et al., 2022).

Nevertheless, in night scenarios, it remains unfeasible to obtain noise-free, blur-free, and HDR images
when employing these multi-image processing methods. On the one hand, burst and dual-exposure
images both possess restricted dynamic ranges, constraining the potential expansion of the two
manners into HDR reconstruction. On the other hand, most HDR reconstruction approaches based
on multi-exposure images are constructed with the ideal assumption that image noise and blur are
not taken into account, which results in their inability to restore degraded images. Although recent
works (Liu et al., 2023; Chi et al., 2023; Lecouat et al., 2022) have combined with denoising task,
blur in long-exposure images has not been incorporated into them, which is still inconsistent with
real-world multi-exposure images.

In fact, considering all multi-exposure factors (including noise, blur, underexposure, overexposure,
and misalignment) is not only bene�cial to practical applications, but also offers us an opportunity to
combine image restoration and enhancement tasks to get a high-quality image.First , the indepen-
dence and randomness of noise (Wei et al., 2020) between images allow them to assist each other in
denoising, and its motivation is similar to that of burst denoising (Mildenhall et al., 2018; Godard
et al., 2018; Xia et al., 2020; Rong et al., 2020; Guo et al., 2022). In particular, as demonstrated
in dual-exposure restoration works (Yuan et al., 2007; Chang et al., 2021; Mustaniemi et al., 2020;
Zhao et al., 2022; Zhang et al., 2022b; Shekarforoush et al., 2023; Lai et al., 2022), long-exposure
images with a higher signal-to-noise ratio can play a signi�cantly positive role in removing noise
from the short-exposure images.Second, the shortest-exposure image can be considered blur-free. It
can offer sharp guidance for deblurring longer-exposure images.Third , underexposed areas in the
short-exposure image may be well-exposed in the long-exposure one, while overexposed regions in
the long-exposure image may be clear in the short-exposure one. Combining multi-exposure images
makes HDR imaging easier than single-image enhancement.Fourth, the sub-pixel shift between
multiple images caused by camera shake or motion is conducive to multi-frame SR (Wronski et al.,
2019). In summary, leveraging the complementarity of multi-exposure images offers the potential to
integrate the four problems (i.e., denoising, deblurring, HDR reconstruction, and SR) into a uni�ed
framework that can generate a noise-free, blur-free, high dynamic range, and high-resolution image.

Speci�cally, in terms of tasks, we �rst utilize bracketing photography to combine basic restoration
(i.e., denoising and deblurring) and enhancement (i.e., HDR reconstruction), named BracketIRE.
Then we append the SR task, dubbed BracketIRE+, as shown in Tab. 1. In terms of methods, due to
the dif�culty of collecting real-world paired data, we achieve that through supervised pre-training on
synthetic pairs and self-supervised adaptation on real-world images. On the one hand, we adopt the
recurrent network manner as the basic framework, which is inspired by its successful applications
in processing sequence images,e.g., burst (Guo et al., 2022; Rong et al., 2020; Wu et al., 2023)
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and video (Wang et al., 2023b; Chan et al., 2021; 2022) restoration. Nevertheless, sharing the
same restoration parameters for each frame may result in limited performance, as degradations (e.g.,
blur, noise, and color) vary between different multi-exposure images. To alleviate this problem, we
propose a temporally modulated recurrent network (TMRNet), where each frame not only shares
some parameters with others, but also has its own speci�c ones. On the other hand, pre-trained
TMRNet on synthetic data has limited generalization ability and sometimes produces unpleasant
artifacts in the real world, due to the inevitable gap between simulated and real images. For that, we
propose a self-supervised adaptation method. In particular, we utilize the temporal characteristics of
multi-exposure image processing to design learning objectives to �ne-tune TMRNet.

For training and evaluation, we construct a pipeline for synthesizing data pairs, and collect real-world
images from 200 nighttime scenarios with a smartphone. The two datasets also provide benchmarks
for future studies. We conduct extensive experiments, which show that the proposed method achieves
state-of-the-art performance in comparison with other multi-image processing ones.

The contributions can be summarized as follows:

• We propose to utilize exposure bracketing photography to get a high-quality (i.e., noise-free,
blur-free, high dynamic range, and high-resolution) image by combining image denoising,
deblurring, high dynamic range reconstruction, and super-resolution tasks.

• We suggest a solution that �rst pre-trains the model with synthetic pairs and then adapts
it to unlabeled real-world images, where a temporally modulated recurrent network and a
self-supervised adaptation method are proposed.

• Experiments on both synthetic and captured real-world datasets show the proposed method
outperforms the state-of-the-art multi-image processing ones.

2 RELATED WORK

2.1 SUPERVISEDMULTI -IMAGE PROCESSING.

Burst Image Restoration and Enhancement.Burst-based manners generally leverage multiple
consecutive frames with the same exposure for image processing. Most methods focus on image
restoration, such as denoising, deblurring, and SR tasks, as shown in Tab. 1. And they mainly explore
inter-frame alignment and feature fusion manners. The former can be implemented by utilizing
various techniques,e.g., homography transformation (Wei et al., 2023), optical �ow (Ranjan & Black,
2017; Bhat et al., 2021a;b), deformable convolution (Dai et al., 2017; Luo et al., 2022; Dudhane et al.,
2023; Guo et al., 2022), and cross-attention (Mehta et al., 2023). The latter are also developed with
multiple routes,e.g., weighted-based mechanism (Bhat et al., 2021a;b), kernel predition (Xia et al.,
2020; Mildenhall et al., 2018; Dahary et al., 2021), attention-based merging (Dudhane et al., 2023;
Mehta et al., 2023), and recursive fusion (Deudon et al., 2020; Guo et al., 2022; Rong et al., 2020; Wu
et al., 2023). Moreover, HDR+ (Hasinoff et al., 2016) joins HDR imaging and denoising by capturing
underexposure raw bursts. Recent updates (Ernst & Wronski, 2021) of HDR+ introduce additional
well-exposed frames for improving performance. Although such manners may be suitable for scenes
with moderate dynamic range, they have limited ability for scenes with high dynamic range.

Dual-Exposure Image Restoration. Several methods (Yuan et al., 2007; Chang et al., 2021;
Mustaniemi et al., 2020; Zhao et al., 2022; Zhang et al., 2022b; Shekarforoush et al., 2023; Lai et al.,
2022) exploit the complementarity of short-exposure noisy and long-exposure blurry images for
better restoration. For example, Yuanet al. (Yuan et al., 2007) estimates blur kernels by exploring
the texture of short-exposure images and then employ the kernels to deblur long-exposure ones.
Mustaniemiet al. (Mustaniemi et al., 2020) and Changet al. (Chang et al., 2021) deploy convolutional
neural networks (CNN) to aggregate dual-exposure images, achieving superior results compared
with single-image methods on synthetic data. D2HNet (Zhao et al., 2022) proposes a two-phase
DeblurNet-EnhanceNet architecture for real-world image restoration. However, few works join it
with HDR imaging, mainly due to the restricted dynamic range of dual-exposure images.

Multi-Exposure HDR Image Reconstruction. Multi-exposure images are widely used for HDR
image reconstruction. Most methods (Kalantari et al., 2017; Yan et al., 2019; Prabhakar et al., 2019;
Wu et al., 2018; Niu et al., 2021; Liu et al., 2022; Yan et al., 2023a; Tel et al., 2023; Zhang et al.,
2024b; Song et al., 2022) only focus on removing ghosting caused by image misalignment. For
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instance, Kalantari (Kalantari et al., 2017) align multi-exposure images and then propose a data-
driven approach to merge them. AHDRNet (Yan et al., 2019) utilizes spatial attention and dilated
convolution to achieve deghosting. HDR-Transformer (Liu et al., 2022) and SCTNet (Tel et al., 2023)
introduce self-attention and cross-attention to enhance feature interaction, respectively. Besides, a
few methods (Hasinoff et al., 2010; Liu et al., 2023; Chi et al., 2023; Pérez-Pellitero et al., 2021) take
noise into account. Kimet al. (Kim & Kim, 2023) further introduce motion blur in the long-exposure
image. However, the unrealistic blur simulation approach and the requirements of time-varying
exposure sensors limit its practical applications. In this work, we consider more realistic situations in
low-light environments, and incorporate both severe noise and blur. More importantly, we propose
to utilize the complementary potential of multi-exposure images to combine image restoration and
enhancement tasks, including image denoising, deblurring, HDR reconstruction, and SR.

2.2 SELF-SUPERVISEDMULTI -IMAGE PROCESSING

The complementarity of multiple images enables the achievement of certain image processing tasks
in a self-supervised manner. For self-supervised image restoration, some works (Dewil et al., 2021;
Ehret et al., 2019; Sheth et al., 2021; Wang et al., 2023c) accomplish multi-frame denoising with the
assistance of Noise2Noise (Lehtinen et al., 2018) or blind-spot networks (Laine et al., 2019; Wu et al.,
2020; Krull et al., 2019). SelfIR (Zhang et al., 2022b) employs a collaborative learning framework
for restoring noisy and blurry images. Bhatet al. (Bhat et al., 2023) propose self-supervised Burst
SR by establishing a reconstruction objective that models the relationship between the noisy burst
and the clean image. Self-supervised real-world SR can also be addressed by combining short-focus
and telephoto images (Zhang et al., 2022a; Wang et al., 2021; Xu et al., 2023). For self-supervised
HDR reconstruction, several works (Prabhakar et al., 2021; Yan et al., 2023b; Nazarczuk et al.,
2022) generate or search pseudo-pairs for training the model, while SelfHDR (Zhang et al., 2024b)
decomposes the potential GT into constructable color and structure supervision. However, these
methods can only handle speci�c degradations, making them less practical for our task with multiple
ones. In this work, instead of creating self-supervised algorithms trained from scratch, we suggest
adapting the model trained on synthetic pairs to real images, and utilize the temporal characteristics
of multi-exposure image processing to design self-supervised learning objectives.

3 METHOD

3.1 PROBLEM DEFINITION AND FORMULATION

Denote the scene irradiance at timet by X (t). When capturing a raw imageY at t0 time, we can
simplify the camera's image formation model as,

Y = M (
Z t 0 +� t

t 0

D(Wt (X (t))) dt + N ): (1)

In this equation, (1)D is a spatial sampling function, which is mainly related to sensor size. This
function limits the image resolution. (2)� t denotes exposure time andWt represents the warp
operation that accounts for camera shake. Combined with potential object movements inX (t), the
integral formula

R
can result in a blurry image, especially when� t is long (Nah et al., 2017). (3)N

represents the inevitable noise,e.g., read and shot noise (Brooks et al., 2019). (4)M maps the signal
to integer values ranging from 0 to2b � 1, wherebdenotes the bit depth of the sensor. This mapping
may reduce the dynamic range of the scene (Lecouat et al., 2022). In summary, the imaging process
introduces multiple degradations, including blur, noise, as well as a decrease in dynamic range and
resolution. Notably, in low-light conditions, some degradations (e.g., noise) may be more severe.

In pursuit of higher-quality images, substantial efforts have been made to deal with the inverse
problem through single-image or multi-image restoration (e.g., denoising, deblurring, and SR)
and enhancement (e.g., HDR imaging). However, most efforts tend to focus on addressing partial
degradations, and few works encompass all these aspects, as shown in Tab. 1. In this work, inspired by
the complementary potential of multi-exposure images, we propose to exploit bracketing photography
to integrate these tasks for noise-free, blur-free, high dynamic range, and high-resolution images.

Speci�cally, the proposed BracketIRE involves denoising, deblurring, and HDR reconstruction, while
BracketIRE+ adds support for SR task. Here, we provide a formalization for them. Firstly, We de�ne

4



Published as a conference paper at ICLR 2025

the number of input multi-exposure images asT, and de�ne the raw image taken with exposure
time � t i asY i , wherei 2 f 1; 2; :::; Tg and� t i < � t i +1 . Then, we follows the recommendations
from multi-exposure HDR reconstruction methods (Yan et al., 2019; Niu et al., 2021; Liu et al.,
2022; Yan et al., 2023a; Tel et al., 2023), normalizingY i to Y i

� t i =� t 1
and concatenating it with its

gamma-transformed image,i.e.,

Y c
i = f

Y i

� t i =� t1
; (

Y i

� t i =� t1
) 
 g; (2)

where
 represents the gamma correction parameter and is generally set to1=2:2. Finally, we feed
these concatenated images into BracketIRE or BracketIRE+ modelB with parameters� B , i.e.,

X̂ = B(f Y c
i gT

i =1 ; � B ); (3)
whereX̂ is the generated image. Furthermore, the optimized network parameters can be written as,

� �
B = arg min

� B

L B (T (X̂ ); T (X )) ; (4)

whereL B represents the loss function, and can adopt`1 loss.X is the ground-truth (GT) image.T (�)
denotes the� -law based tone-mapping operator (Kalantari et al., 2017),i.e.,

T (X ) =
log(1 + � X )
log(1 + � )

; where� = 5 ; 000: (5)

Besides, we consider the shortest-exposure image (i.e.,Y 1) blur-free and take it as a spatial alignment
reference for other frames. In other words, the outputX̂ should be aligned strictly withY 1.

Towards real-world dynamic scenarios, it is nearly impossible to capture GTX , and it is hard to
develop self-supervised algorithms trained on real-world images from scratch. To address the issue,
we suggest pre-training the model on synthetic pairs �rst and then adapting it to real-world scenarios
in a self-supervised manner. In particular, we propose a temporally modulated recurrent network for
BracketIRE and BracketIRE+ tasks in Sec. 3.2, and a self-supervised adaptation method in Sec. 3.3.

3.2 TEMPORALLY MODULATED RECURRENTNETWORK

Figure 1: Illustration of baseline re-
current network (e.g., RBSR (Wu
et al., 2023)) and our TMRNet. In-
stead of sharing parameters of aggre-
gation moduleA for all frames, we
divide it into a common oneA c for
all frames and a speci�c oneA s

i only
for i -th frame. Modules with differ-
ent colors have different parameters.

Recurrent networks have been successfully applied to
burst (Wu et al., 2023) and video (Wang et al., 2023b; Chan
et al., 2021; 2022) restoration methods, which generally in-
volve four modules,i.e., feature extraction, alignment, aggre-
gation, and reconstruction module. Here we adopt a unidirec-
tional recurrent network as our baseline, and brie�y describe
its pipeline. Firstly, the multi-exposure imagesf Y c

i gT
i =1 are

fed into an encoder for extracting featuresf F i gT
i =1 . Then, the

alignment module is deployed to alignF i with reference fea-
tureF1, getting the aligned feature~F i . Next, the aggregation
moduleA takes~F i and the previous temporal featureH i � 1 as
inputs, generating the current fused featureH i , i.e.,

H i = A( ~F i ; H i � 1; � A ); (6)

where� A denotes the parameters ofA . Finally, H T is fed
into the reconstruction module to output the result.

The aggregation module plays a crucial role in the recurrent
framework and usually takes up most of the parameters. In
burst and video restoration tasks, the degradation types of mul-
tiple input frames are generally the same, so it is appropriate
for frames to share the same aggregation network parameters
� A . In BracketIRE and BracketIRE+ tasks, the noise models
of multi-exposure images may be similar, as they can be taken
by the same device. However, other degradations are varying.
For example, the longer the exposure time, the more serious
the image blur, the fewer underexposed areas, and the more overexposed ones. Thus, sharing� A
may limit performance.
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Figure 2: Self-supervised loss terms for real-image adaptation.B denotes TMRNet for BracketIRE
or BracketIRE+ task. In sub-�gure (a), an integer from1 to R (R < T ) is randomly chosen asr . In
sub-�gure (b), EMA denotes exponential moving average.

To alleviate this problem, we suggest assigning speci�c parameters for each frame while sharing
some ones, thus proposing a temporally modulated recurrent network (TMRNet). As shown in Fig. 1,
we divide the aggregation moduleA into a common oneA c for all frames and a speci�c oneA s

i only
for i -th frame. Features are �rst processed viaA c and then further modulated viaA s

i . Eq. (6) can be
modi�ed as,

G i = A c( ~F i ; H i � 1; � A c );
H i = A s

i (G i ; � A s
i
);

(7)

whereG i represents intermediate features,� A c and� A s
i

denote the parameters ofA c andA s
i ,

respectively. We do not design complex architectures forA c andA s
i , and each one only consists of a

3� 3 convolution layer followed by some residual blocks (He et al., 2016). More details of TMRNet
can be seen in Sec. 5.1.

3.3 SELF-SUPERVISEDREAL-IMAGE ADAPTATION

It is hard to simulate multi-exposure images with diverse variables (e.g., noise, blur, brightness, and
movement) that are completely consistent with real-world ones. Due to the inevitable gap, models
trained on synthetic pairs have limited generalization capabilities in real scenarios. Undesirable
artifacts are sometimes produced and some details are missed. To address the issue, we propose to
perform self-supervised adaptation for real-world unlabeled images.

Speci�cally, we explore the temporal characteristics of multi-exposure image processing to design
self-supervised loss terms elaborately, as shown in Fig. 2. Denote the model output of inputting
the previousr framesf Y c

i gr
i =1 by X̂ r . Generally,X̂ T performs better than̂X r (r < T ), as shown

in Sec. 6.1. For supervisinĝX r , although no ground-truth is provided,X̂ T can be taken as the
pseudo-target. Thus, the temporally self-supervised loss can be written as,

L self = jjT (X̂ r ) � T (sg(X̂ T )) jj1; (8)

wherer is randomly selected from1 to R (R < T ), sg(�) denotes the stop-gradient operator.

Nevertheless, only deployingL self can easily lead to trivial solutions, as the �nal outputX̂ T is not
subject to any constraints. To stabilize training process, we suggest an exponential moving average
(EMA) regularization loss, which constrains the outputX̂ T of the current iteration to be not too far
away from that of previous ones. It can be written as,

L ema = jjT (X̂ T ) � T (sg(X̂ ema
T )) jj1; (9)

whereX̂ ema
T = B(f Y c

i gT
i =1 ; � ema

B ) and� ema
B denotes EMA parameters in the current iteration.

Denote model parameters in thek-th iteration by� Bk , the EMA parameters in thek-th iteration can
be written as,

� ema
Bk

= a� ema
Bk � 1

+ (1 � a)� Bk ; (10)

where� ema
B0

= � B0 anda = 0 :999.

The total adaptation loss is the combination ofL ema andL self , i.e.,

L ada = L ema + � self L self ; (11)

where� self is the weight ofL self .
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4 DATASETS

4.1 SYNTHETIC PAIRED DATASET

Although it is unrealistic to synthesize perfect multi-exposure images, we should still shorten the
gap with the real images as much as possible. In the camera's imaging model in Eq. (1), noise, blur,
motion, and dynamic range of multi-exposure images should be carefully designed.

Video provides a better basis than a single image in simulating motion and blur of multi-exposure
images. We start with HDR videos from Froehlichet al. (Froehlich et al., 2014)1 to construct the
simulation pipeline. First, we follow the suggestion from Nahet al. (Nah et al., 2019) to perform
frame interpolation, as these low frame rate (� 25 fps) videos are unsuitable for synthesizing blur.
RIFE (Huang et al., 2022) is adopted for increasing the frame rate by 32 times. Then, we convert
these RGB videos to raw space with Bayer pattern according to UPI (Brooks et al., 2019), getting
HDR raw sequencesf V m gM

m =1 . The �rst frameV 1 is taken as a GT.

Next, we utilizef V m gM
m =1 and introduce degradations to construct multi-exposure images. The

process mainly includes the following 5 steps. (1) Bicubic 4� down-sampling is applied to obtain
low-resolution images, which is optional and serves for BracketIRE+ task. (2) The video is split into
T non-overlapped groups, wherei -th group should be used to synthesizeY i . Such grouping utilizes
the motion in the video itself to simulate motion betweenT multi-exposure images. (3) Denote
the exposure time ratio betweenY i andY i � 1 by S. We sequentially moveSi � 1 (f i � 1g-th power
of S) consecutive images into the abovei -th group, and sum them up to simulate blurry images.
(4) We transform the HDR blurry images into low dynamic range (LDR) ones by cropping values
outside the speci�ed range and mapping the cropped values to 10-bit unsigned integers. (5) We add
the heteroscedastic Gaussian noise (Brooks et al., 2019; Wang et al., 2020; Hasinoff et al., 2010)
to LDR images to generate the �nal multi-exposure images (i.e., f Y i gT

i =1 ). The noise variance is a
function of pixel intensity, whose parameters are estimated from the captured real-world images in
Sec. 4.2. More details of RGB-to-RAW conversion, frame interpolation, and noise can be seen in
Appendix A.1, Appendix A.2, and Appendix A.3, respectively.

Besides, we set the exposure time ratioS to 4 and the frame numberT to 5, as it can cover most of
the dynamic range with fewer images. The GT has a resolution of 1,920� 1,080 pixels. Finally, we
obtain 1,335 data pairs from 35 scenes. 1,045 pairs from 31 scenes are used for training, and the
remaining 290 pairs from the other 4 scenes are used for testing.

4.2 REAL-WORLD DATASET

Real-world multi-exposure images are collected with the main camera of Xiaomi 10S smartphone
at night. Speci�cally, we utilize the bracketing photography function in ProShot (Games, 2023)
application (APP) to capture raw images with a resolution of 6,016� 4,512 pixels. The exposure
time ratioS is set to 4, the frame numberT is set to 5, ISO is set to 1,600; these values are also the
maximum available settings in APP. The exposure time of the medium-exposure image (i.e., Y 3) is
automatically adjusted by APP. Thus, other exposures can be obtained based onS. It is worth noting
that we hold the smartphone for shooting, without any stabilizing device, which aims to bring in the
realistic hand-held shake. Besides, both static and dynamic scenes are collected, with a total of 200.
100 scenes are used for training and the other 100 are used for evaluation.

5 EXPERIMENTS

5.1 IMPLEMENTATION DETAILS

Network Details. The input multi-exposure images and ground-truth HDR image are both 4-channel
data packed from raw images with the Bayer pattern. Following settings in RBSR (Wu et al., 2023),
the encoder and reconstruction module consist of 5 residual blocks (He et al., 2016), the alignment
module adopts �ow-guided deformable approach (Chan et al., 2022). Besides, the total number of
residual blocks in aggregation module remains the same as that of RBSR (Wu et al., 2023),i.e., 40,

1The dataset is licensed under CC BY and is publicly available at the site.
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