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In this supplementary material, we first present addi-
tional details on BAENet (Sec. S1), followed by descrip-
tions of the noise synthesis process (Sec. S2), RAW conver-
sion pipeline (Sec. S3), and details of the dataset (Sec. S4).
We then describe the camera system for real-world evalu-
ation (Sec. S5) and computational cost analysis (Sec. S6).
Next, we present additional experimental results (Sec. S7).
Finally, we include additional qualitative results (Sec. S8).

S1. Implementation Details of BAENet

Normalization of Inputs BAENet takes a preview image
along with gain g, and motion magnitude m, as inputs.
Since g, and m,, have different scales with large variations,
we normalize them to the range [0, 1] as follows:

9p = (gp - gmin)/(gmax - gmin) € [07 1}7 (S1)
m, = min (mp/mmr, 1) e [0, 1], (S2)

where g, and 7, are the gain and motion magnitude be-
fore the normalization, respectively. gmin and gmax repre-
sent the minimum and maximum gain values for the shoot-
ing environment, respectively. We set gnin = 51200 and
gmax = 102400 to account for extremely low-light condi-
tions. my, denotes the threshold of motion magnitude and
is set to 20. We empirically found that truncating motion
values beyond this threshold improves performance.

Network Architecture For BAENet, we adopt Mo-
bileNetV2 [11], and construct the input by concatenating g,,
and m,, to each pixel position of I, € RZ*W>3 then feed
the concatenated tensor Binpy € RAXWX5 into BAENet.
We modify the input channels of the first convolution layer
of MobileNetV2 to 5 to match the input of BAENet, and
change the output channels of the last fully connected layer
to n + 1 in order to predict the exposure times for n burst
images. Here, the (n + 1)-th element of the output vector
allows the sum of the n exposure times to be shorter than
the upper bound, if necessary.

S2. Details of Noise Synthesis

In the differentiable burst simulator, we synthesize realistic
noise using a heteroscedastic Gaussian distribution, follow-
ing [17]:

N~N (07 /\read + /\shotSs,e) ) (S3)

where Aghor and Aeaq represent the shot noise and read noise
parameters, respectively, and .S . denotes the integration of
scene radiance during the exposure duration, corresponding
to Eq. (7) in the main paper. The amount of noise should
be proportional to the gain of each burst image g;. In the
following section, we describe how to determine the noise
parameters according to g;. In this paper, we use the term
“gain” to refer to the linear gain, which is equivalent to the
camera ISO.

Given a preview image, we compute the gain of each
burst image g; as:

gi=gp 2 (S4)

where ¢; is the exposure time estimated by BAENet for each
burst image, and g, and ¢, are the gain and exposure time
of the preview image, respectively. To simulate extremely
low-light images, we randomly sample g,, from a uniform
distribution within the range [51200, 102400].

Based on g;, we compute the shot noise parameter )\i hot
and the read noise parameter ., for each burst image. To
this end, we first calibrated the shot noise and read noise
parameters of our camera system across a range of gains,
from 100 to 12,800. Then, we model the relationship be-
tween gains and the shot and read noise parameters, follow-
ing [3]. The shot noise parameter is linearly proportional
to the gain. For each burst image, we model the shot noise
parameter \’, . as:

bor = 9.2857e—07 x g; + 8.1006e—05, (S5)

The coefficients of Eq. (S5) are estimated from the cali-
brated shot noise parameters in our camera system. Addi-
tionally, read noise parameters are known to be linearly pro-
portional to the shot noise parameters in the log domain. We



model the read noise parameter \°__, as:
log(\i,,q) = 2.2282 x log(\.),,¢) + 0.45982,  (S6)

The coefficients of Eq. (S6) are also estimated from the cal-
ibrated read noise and shot noise parameters. For each burst
image, we compute A%, . and A\¢__, according to g; and
then synthesize noisy burst images using Eq. (S3).

S3. Details of RAW conversion

In our dataset, we convert SRGB video clips into RAW
video clips. We first apply gamma expansion to convert the
video clip into the linear SRGB space, then convert its color
space to the RAW color space using color correction ma-
trices (CCMs). Next, we apply inverse white balance and
mosaic the resulting videos to the RGGB Bayer pattern. In
this section, we describe the details of color space conver-
sion and inverse white balance.

Conversion to RAW Color Space Camera systems capture
images in the RAW color space and convert them to sSRGB
images using color correction matrices (CCMs). Using the
inverse of CCMs, we can convert the SRGB videos in our
dataset to the RAW color space as follows:

Rraw R
Graw | = CCM ™' - |GreB | (S7)
Braw Bgras

where (RsrgB, Gsrcs, Bsros ) is an RGB color of the sSRGB
color space. (Rraw,Graw, Braw) is the corresponding
RGB color converted to the RAW color space. CCM is a
color correction matrix. To obtain the matrix, we calibrated
three CCMs using the target camera (Basler a2A1920-
160ucBAS) under three different scenes. We randomly sam-
ple CCM from the three estimated matrices for each video
clip and convert the video clip to the RAW color space. This
reflects the fact that the CCM of real camera systems can
vary under different light sources.

Inverse White Balance For each video clip, we randomly
sample white balance gains to reflect varying white balance
adjustments in real-world scenarios. Then, we perform in-
verse white balance as follows:

9JRGB

R:Ram7 G=G -grec, B=HB-

)

where R',G’', B’ and R, G, B are the pixel values of the
RGB channels before and after inverse white balance, re-
spectively. grgp represents the total gain for all RGB chan-
nels, while gr and gp are the individual white balance
gains for red and blue channels. The white balance gain for
the green channel is typically set to one, so we omit it in
Eq. (S8). We randomly sample grap from a Gaussian dis-
tribution A/ (0.8, 0.1). gr and gp are sampled from uniform
distributions ¢/ (1.9, 2.4) and U (1.5, 1.9), respectively.

, (S8)

S4. Details of the Dataset

Along with scene radiance sequences with camera and ob-
ject motion from the GoPro dataset [7], we include static
sequences without such motion. To achieve this, we utilize
ground-truth sharp images from the RealBlur dataset [9].
Specifically, we sample a sharp sSRGB image from the Real-
Blur dataset and convert it into the camera RAW color space
as described in Sec. 5.1 of the main paper. We then generate
a scene radiance sequence by duplicating it. Although as-
suming no camera or object motion in burst shots is less re-
alistic, we found empirically that including static scenes sta-
bilizes the training process and enhances the performance of
our framework. Finally, we generated Diesiore and DpagNet
containing a total of 4,092 and 1,127 sequences, respec-
tively, with 3,728 and 1,036 from the GoPro dataset and
364 and 91 from the RealBlur dataset. For evaluation of our
method, we also generated a test set consisting of 532 scene-
radiance sequences from the GoPro dataset.

Since our synthetic training dataset uses frames from
daytime high-FPS videos [7] as the source images for
burst simulation, a potential sim-to-real gap may arise. As
shown in Fig. 2 of the main paper, the preview and in-
put burst images are captured in daytime conditions, which
differ from the extremely low-light scenarios targeted by
our method. Nevertheless, prior work [10] has shown that
models trained on blurred images synthesized from daytime
high-FPS videos with added noise can generalize well to
real low-light data [9]. Consistent with these findings, our
real-capture experiments presented in Sec. 6.2 of the main
paper demonstrate that the proposed method performs reli-
ably in real-world low-light scenarios. At the same time, the
sim-to-real gap cannot be entirely eliminated and remains a
natural limitation when training on synthetic data. Address-
ing this gap is an important direction for future work.

SS. Camera System for Real-world Evaluation

In the real-world capturing setup described in Sec. 6.2
of the main paper, our handheld dual-camera system con-
sists of two Basler a2A1920-160ucBAS cameras, each
equipped with an Edmund 6 mm C-Series lens. One cam-
era captures burst images with exposure times predicted by
BAENet, while the other uses a predefined exposure setting
of {8, 24,40, 56} /1920 seconds. The system was connected
to a Samsung Galaxy Book4 Ultra NT960XGP laptop, and
we captured 142 burst images in low-light environments.

S6. Computational Cost

The computational workload of our pipeline consists of
three components: motion estimation from preview images
using RAFT-small [13], BAENet, and burst image restora-
tion. Other methods in Tab. | rely on heuristic strategies
or lightweight predictors for exposure selection, so their



Components  Motion estimation BAENet Burst image restoration
FLOPs (G) 65 6 1769

Table S1. Computational cost of each module in our pipeline.

{8,24,40,56}  {8,16,32,64}  DEBIR (Ours)  Ground truth

Figure S1. Qualitative comparison with another predefined-
exposure schedule on our test set.

Metric | {8,24,40,56} {8,16,32,64] DEBIR (Ours)
PSNRT 35.04 35.07 35.32
SSIM?t 0.9481 0.9482 0.9519
LPIPS, 0.164 0.163 0.154

Table S2. Quantitative comparison with another predefined-
exposure schedule on our test set. The best and second-best results
are in bold and blue, respectively.

computational cost mainly arises from burst image restora-
tion (1769G FLOPs). In comparison, DEBIR additionally
requires motion estimation and exposure prediction using
BAENet, which together introduce only 71G FLOPs as re-
ported in Tab. S1. Therefore, the additional overhead of DE-
BIR is negligible compared to the overall cost of burst im-
age restoration.

S7. Additional Experiments

Predefined Exposure Schedule In the main paper, we
compared against a predefined-exposure baseline [6, 17]
based on an arithmetic schedule, {8,24, 40,56} /1920 sec-
onds, where the exposure times increase by a fixed step of
16/1920 seconds. Since HDR pipelines often employ expo-
nentially increasing exposure times, we additionally eval-
uated a geometric schedule, {8, 16,32,64}/1920 seconds,
which follows a constant ratio of 2. As shown in Fig. S1,
DEBIR produces finer details than the predefined schedules.
Consistently, Tab. S2 shows that both predefined schedules
yield similar but overall inferior performance, whereas our
DEBIR model achieves the best results across all metrics.
This is because predefined exposure bracketing follows a
fixed schedule that cannot account for varying shooting en-
vironments, whereas DEBIR can adapt to the scene and thus
achieves better results.

Performance Gap across Noise Levels To further analyze
the results in Tab. | of the main paper, we evaluate perfor-

{8,24,40,56} {8,16,32,64} DEBIR (Ours) Ground truth

Figure S2. Qualitative comparison with Exposure Bracket [6, 17]
on the new test set with stronger noise.

Original (Tab. 1)

Methods i > 3 I 3 New

{8,24,40,56} | 35.75 35.40 35.15 34.35 3470 | 32.04
{8,16,32,64} | 35.81 3543 3520 3436 34.71 | 32.00
DEBIR (Ours) | 35.97 35.64 35.43 34.65 35.03 | 32.87

Table S3. PSNR comparison with Exposure Bracket. Columns 1-5
correspond to ISO-based subsets of our test set, while column 6
corresponds to a new test set with stronger noise. The best and
second-best results are shown in bold and blue, respectively.

mance across different noise levels. Our test set is synthe-
sized with noise corresponding to ISO values sampled from
the range [51200, 102400]. We divide the test set into five
bins with evenly spaced ISO intervals and evaluate perfor-
mance in each bin, as summarized in Tab. S3.

The first two rows in Tab. S3 correspond to the
predefined-exposure baseline Exposure Bracket [6, 17]
using arithmetic and geometric exposure schedules
{8,24,40,56}/1920 and {8, 16, 32,64} /1920 seconds, re-
spectively. Across all noise levels (columns 1-5 in Tab. S3,
with increasing ISO values), DEBIR consistently achieves
higher PSNR than Exposure Bracket, and the performance
gap becomes larger as the ISO value increases. We further
construct a new test set using the same scenes with ISO
values sampled from a higher range [153600, 204800],
resulting in significantly stronger noise. The corresponding
result is reported in column 6 (New) of Tab. S3, where the
performance gap between Exposure Bracket and DEBIR
increases to 0.83 dB.



Dig. Act. Avg. Grad. Exp.
Test set Gim. S-L AE AE Brk. 1()(1;113151)2
[41 [16] [2]1 [12] [6,17]

REDS + Basler
REDS + Pixel

32.53 32.44 33.44 33.68 33.60 33.86
31.44 31.26 3229 3244 3245 32.50

Table S4. Quantitative comparison of PSNR on new test sets. The
best and second-best results are in bold and blue, respectively.

Qualitative results in Fig. S2 also support this observa-
tion. DEBIR better preserves fine details while producing
fewer color artifacts caused by denoising failures. Overall,
these results demonstrate that DEBIR shows a clear advan-
tage under harsher low-light conditions with stronger noise.
By adaptively predicting exposure times according to the
shooting environment, DEBIR enables more effective burst
image restoration.

Generalization Capability In image restoration tasks, neu-
ral networks trained on data from a specific dataset or cam-
era are not necessarily expected to generalize well to dif-
ferent datasets or devices [9]. Our setup follows common
practice in image restoration, where models are typically
trained for a target camera using datasets tailored to that
device. However, it may still be questioned whether our
model achieves strong performance only on the datasets or
the noise characteristics of the target camera used in our ex-
periments, i.e., whether the reported performance is simply
a result of overfitting to the datasets used. To this end, we
conducted an additional study on generalizability.

Specifically, we generated two test sets using the REDS
dataset [8] with noise parameters from two different cam-
eras: a Basler camera, which was used in our main ex-
periments, and a Google Pixel. For the Google Pixel, we
used the calibrated noise parameters provided in the SIDD
dataset [1]. As our training set is generated using sharp
frames from the GoPro [7] and RealBlur [9] datasets and
the noise characteristics of a Basler camera, these test sets
allow us to examine generalization to unseen scenes cap-
tured by both the same and a different device.

As shown in Tab. S4, our method outperforms other ap-
proaches on ‘REDS + Basler’, demonstrating strong gen-
eralization to novel scenes from the same camera. Further-
more, while cross-device generalization is inherently chal-
lenging, our results on ‘REDS + Pixel’ suggest that the
model may still outperform competing methods even on
images captured by a different camera. Furthermore, since
our pipeline synthesizes training data from camera parame-
ters, adapting the framework to a different target camera is
straightforward in practice.

The Impact of Each Burst Image In this study, we exam-
ine which image among the burst images is most important
in our pipeline. To verify this, we replace each burst im-
age with a zero-filled image and evaluate the performance.
Tab. S5 shows that replacing any burst image significantly

i-th burstimage w/ol; w/oly w/ols w/ol, Full

PSNR?T 1371 3212 3391 34.89 35.32
SSIM?t 0.1059 0.9161 0.9367 0.9461 0.9519
LPIPS| 0.627 0.198 0.183 0.167 0.154

Table S5. Analysis of the impact of each burst image on perfor-
mance. Here, I; refers to the ¢-th burst image. The best and second-
best results are in bold and blue, respectively.

reduces performance, indicating that all burst images play
a crucial role in restoration. Notably, the first burst image,
which is the base frame in the burst image restoration net-
work, has the most significant impact on performance. The
influence gradually decreases for subsequent frames.

Comparison with RL-based Methods Several RL-based
methods [14, 15] have been proposed for automatic expo-
sure control. However, most of them target HDR recon-
struction and are not well suited for burst image restora-
tion. AdaptiveAE [15] predicts exposure times in a step-
wise manner, resulting in a sequential decision-and-capture
pipeline that is inefficient and unsuitable for burst image
restoration scenarios. Another RL-based method [14] as-
sumes static scenes and operates on a small, fixed num-
ber of exposures (e.g., three), which makes it difficult to
extend methodologically to burst image restoration settings
that typically require more frames.

Nevertheless, we evaluate a publicly available RL-based
method [14] for comparison. To ensure a fair comparison,
we fine-tuned Burstormer [5] using exposure times pre-
dicted by the policy network of [14]. The corresponding
burst images were synthesized using our burst simulator.
Using this approach, the method achieved 34.71 dB PSNR,
which is 0.61 dB lower than DEBIR. While our focus is
burst image restoration, extending DEBIR to support HDR
reconstruction is an interesting direction for future work.

Motion Estimation Reliability In our implementation, pre-
view images are captured with an exposure time of 1/120
seconds, which we empirically found to provide sufficiently
sharp previews for reliable flow estimation, whereas longer
exposure times introduce motion blur. Under this setting,
we further evaluated the robustness of motion estimation by
estimating the motion magnitude m,, using noise-free pre-
view images and observed only a negligible performance
difference of 0.04 dB. This robustness stems from how the
motion cue m,, is defined in our pipeline: optical flow is
computed on downsampled preview images and aggregated
into a single scalar by averaging over the entire frame, in-
tentionally capturing only coarse motion information. Al-
though optical flow estimation may degrade under more se-
vere conditions, the estimator itself can be further fine-tuned
to improve robustness if necessary. Moreover, our frame-
work is not restricted to optical flow. Alternative motion
cues such as gyroscope signals can also be incorporated
without modifying the pipeline.



S8.

Additional Results

We present additional qualitative results on our test set
(Fig. S3) and real-world results obtained with our camera
system (Fig. S4). These results demonstrate that DEBIR
yields visually superior outcomes over other methods, con-
firming its effectiveness.
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Figure S3. Additional qualitative results on our test set.
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Figure S4. Additional qualitative results using a real-world camera system.
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