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Joint Motion Deblurring and Low-Light Image
Enhancement on Raw Images

Weijie Cai and Yu-Hua Chen

Abstract—Capturing high-quality images in low-light environments remains a fundamental challenge in computational photography.
While motion blur is often mitigated in these settings by employing fast shutter speeds and high ISO gains, it remains an unavoidable
artifact in specific scenarios, particularly in video acquisition where exposure time is intrinsically constrained by the frame rate. In this
work, we investigate the adaptability of state-of-the-art (SOTA) models to the task of joint low-light enhancement and deblurring in the
RAW domain. Specifically, we examine whether DarkIR, a recent SOTA model in the sRGB domain, can be effectively applied to RAW
sensor data, and we attempt to extend ExposureDiffusion, the current SOTA in low-light enhancement, to handle motion blur. To
facilitate this, we construct a new synthetic dataset containing realistic motion blur and extend the DarkIR architecture with a
Metadata-Aware Encoder that leverages raw image metadata. Additionally, we attempt to extend ExposureDiffusion by incorporating
blur kernels into its training process. Our experiments reveal that both models exhibit distinct limitations in this domain: pretrained
DarkIR struggles significantly with the heavy noise inherent to low-light RAW images, though fine-tuning with metadata proves
substantially beneficial. Conversely, the pretrained ExposureDiffusion model fails to handle blur effectively and proves difficult to
fine-tune for geometric degradations without architectural modifications.

Index Terms—Computational Photography, Low-Light Image Enhancement, Motion Deblurring, Raw Image Processing
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1 INTRODUCTION

Acquiring high-quality images in low-light environ-
ments remains a central problem in computational pho-
tography. When lighting conditions are poor, the resulting
images usually have three issues: excessive noise, wrong
colors, and blurriness from long exposures or camera shake.
Addressing these issues requires a system capable of solving
all three problems simultaneously.

Current learning-based approaches generally fall into
two categories: those operating on processed sRGB images
and those operating on raw sensor data. In the sRGB do-
main, methods like DarkIR [1] have shown promise but are
limited by the non-linearities of the Image Signal Processing
(ISP) pipeline. Furthermore, these models typically treat
restoration as a purely visual task, ignoring critical capture
metadata (such as ISO) that correlates with noise levels.
Conversely, in the raw domain, ExposureDiffusion [2] has
established itself as the state-of-the-art on the Seeing in the
Dark (SID) dataset by leveraging the linearity and high
bit-depth of raw signals. Nevertheless, these robust raw-
domain models excel at denoising and low-light enhance-
ment but fail to address motion blur.

To address these challenges, we develop a comprehen-
sive approach that advances both sRGB and raw-domain
methods for low-light deblurring. Recognizing that existing
datasets lack images with both extreme noise and realistic
motion blur, we create a new synthetic dataset that fills
this gap and enables proper training of joint deblurring-
denoising-LLIE models. For sRGB-domain processing, we
augment the DarkIR architecture with ISO-aware mecha-
nisms that provide physical guidance during training and
inference. In the raw domain, we adapt ExposureDiffusion,
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which was previously successful only for static scenes, to
handle dynamic content through fine-tuning on our syn-
thetic data.

Our main contributions are summarized as follows:

• Synthetic Dataset Generation: We construct a com-
prehensive dataset derived from SID, providing syn-
thetically generated training and testing sets that
simulate realistic motion blur for low-light scenarios.

• Metadata-Guided sRGB Architecture: We propose a
novel enhancement to the sRGB-based DarkIR model
by injecting ISO metadata, allowing the network to
adaptively handle noise without altering the under-
lying domain.

• ExposureDiffusion Adaptation: We fine-tune the
state-of-the-art raw-domain model, ExposureDiffu-
sion, on our synthetic dataset, extending its capabil-
ities to robustly handle joint deblurring and denois-
ing.

2 RELATED WORK

2.1 Joint Low-Light Enhancement and Deblurring
Simultaneous low-light enhancement and deblurring is a
challenging task due to the complex degradation rela-
tionship between noise and blur. Early attempts, such as
LEDNet [3], noted that a direct combination or sequential
application of enhancement and deblurring models lacks
synergy; specifically, enhancement steps often magnify blur
or remove cues necessary for effective deconvolution. To
address this, they proposed an end-to-end model to perform
the tasks jointly.

Subsequent works improved upon this foundation.
FourierDiff [4] achieved better perceptual metrics by embed-
ding Fourier priors into a pre-trained diffusion model. More
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recently, DarkIR [1] set a new state-of-the-art (SOTA) by
designing a lightweight network utilizing both spatial and
frequency information. However, a significant limitation of
these methods is their operation in the sRGB domain. sRGB
images have compressed dynamic range and lack critical
metadata about capture settings, limiting the model’s ability
to recover details in extreme low-light conditions.

2.2 Image Deblurring in the RAW Domain
While deep learning-based image restoration has flour-
ished in the sRGB domain, research specifically targeting
RAW-to-RAW deblurring remains comparatively nascent,
despite the inherent advantages of operating in linear,
device-independent space. Foundational work by Liang
[5] demonstrated that deblurring models trained solely on
RAW data significantly outperform their sRGB counter-
parts, while also offering superior generalization to un-
seen sensors through fine-tuning. Addressing the need for
physically accurate training data, the RawIR framework [6]
introduced a comprehensive degradation pipeline model-
ing sensor noise, motion blur, and camera shake. By inte-
grating this pipeline with the NAFNet architecture, RawIR
achieves robust restoration capabilities on real-world in-
puts. Concurrently, architectural innovations have focused
on efficiency; ELMformer [7] proposes a Locally Multiplica-
tive Transformer tailored to the specific characteristics of
RAW data, achieving top-tier performance on denoising and
deblurring benchmarks with minimal computational cost.
Most recently, frequency-domain approaches have gained
traction, with FrENet [8] utilizing adaptive frequency mod-
ulation to surpass existing state-of-the-art methods in both
restoration quality and efficiency. Collectively, these studies
validate the efficacy and promise of performing deblurring
directly in the RAW domain.

2.3 Low-light Image Enhancement in the RAW Domain
The superiority of processing low-light images in the
RAW domain over the processed sRGB domain is well-
established, driven by the preservation of linear signal
characteristics and high dynamic range. Early data-driven
approaches sought to replace traditional Image Signal Pro-
cessing (ISP) pipelines; notably, Chen et al. [9] pioneered
the “Seeing in the Dark” (SID) framework, demonstrating
that fully convolutional networks operating directly on raw
sensor data could recover viable images where traditional
pipelines fail. Building on this, Wei et al. [10] argued that
the performance of such networks is heavily dependent
on noise assumptions, proposing the “Extreme Low-light
Denoising” (ELD) framework which utilizes a physics-
based noise formation model to characterize complex sensor
noise, thereby achieving higher restoration accuracy. More
recently, Wang et al. [2] addressed the ill-posed nature of
enhancement by introducing ExposureDiffusion, a method
that integrates a physics-based exposure formulation into
a diffusion-based restoration model to learn a continu-
ous exposure process in the RAW domain, progressively
refining low-light inputs into well-exposed images while
maintaining photometric consistency. However, while these
methods excel at photometric enhancement and denoising,
they predominantly model the scene as static, and therefore

do not address geometric degradations—specifically motion
blur—that can arise in practice from the slightly longer
exposure times used in low-light photography.

3 PROPOSED METHOD

We formally define the task of joint motion deblurring and
low-light image enhancement as follows. Let x ∈ RH×W

denote the input RAW image with a Bayer pattern. Let
m ∈ Rdm represent the associated metadata vector extracted
from the RAW file (e.g., ISO, lens specifications), where dm is
the dimensionality of the parameter space. Correspondingly,
let y ∈ RH×W×3 denote the ground-truth normal-exposure,
deblurred sRGB image.

Our objective is to learn a mapping function F that
reconstructs a clean, high-quality image from the degraded
RAW input and its metadata:

ŷ = F(x,m) ≈ y (1)

The remainder of this section is organized as follows:
Section 3.1 details the methodology used to construct our
synthetic dataset for training and benchmarking. Section 3.2
presents our architecture, which adapts DarkIR [1] for RAW
image processing. Finally, Section 3.3 describes how we
leverage this dataset within the ExposureDiffusion frame-
work to improve performance on blurry inputs.

3.1 Synthetic Dataset

We adopt the physics-based noise model for digital RAW
images introduced in the ELD dataset [10], formulated as:

D = KI +N (2)

where K denotes the overall system gain, I represents the
number of incident photoelectrons, and N encapsulates the
total noise introduced during image capture.

The SID dataset [9] consists of short-exposure and long-
exposure image pairs captured under identical settings,
differing only in exposure time. Let r ∈ [100, 1000] denote
the ratio between the long and short exposure times. We
express the relationship for both RAW images as:

Dshort = KI +Nshort (3)

Dlong = rKI +Nlong (4)

By scaling the long-exposure image by 1/r, we can
approximate the clean signal:

1

r
Dlong = KI +

1

r
Nlong ≈ KI (5)

Here, we approximate the noise term 1
rNlong to zero, as

r is a sufficiently large value, rendering the scaled noise
negligible. Consequently, we can isolate the noise compo-
nent of the short-exposure image, Nshort, by subtracting the
approximated clean signal from the raw input:

Nshort = Dshort −KI ≈ Dshort −
1

r
Dlong (6)

Finally, to generate pairs of blurred, low-light images
and their clear counterparts, we apply a random motion
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Fig. 1: An example of a synthetically generated motion
kernel (dx = dy).

kernel M based on the implementation by [11]. The ker-
nel generation begins by sampling a maximum trajectory
length:

Lmax = [U(0, 1) + U(0, λ2)]×
√
d2x + d2y × 0.75 (7)

where λ represents the intensity and (dx, dy) denotes the
kernel dimensions. The trajectory is constructed by iter-
atively sampling the step size rt and angle θt until the
maximum length is reached:

rt = Beta(1, 30)× (1− λ+ ϵ)×
√
d2x + d2y (8)

where ϵ = 0.1 is a constant added for numerical stability.
The trajectory angle is sampled as:

θmax = U(0, λπ) (9)

θt = Triangular(0, λθmax, θmax + ϵ) (10)

To simulate jitter, the trajectory direction is inverted relative
to the previous step with a probability J ∼ Beta(2, 20). We
generate a unique kernel for each image instance, sampling
square dimensions dx = dy ∼ U(30, 80) and fixing the
intensity at λ = 0.5. A representative motion kernel is
illustrated in Figure 1.

Given the generated kernel M , we synthesize the blurry,
low-light RAW image D′

short by convolving the clean signal
approximation with the kernel and injecting the extracted
noise:

D′
short = (KI) ∗M +Nshort

≈
(
1

r
Dlong

)
∗M +

(
Dshort −

1

r
Dlong

)
(11)

To generate the corresponding ground truth, we process
the long-exposure RAW image Dlong through a standard-
ized ISP pipeline (implemented via rawpy) to obtain the
clean sRGB image y. Consequently, our final dataset consists
of pairs mapping the synthetic blurry RAW input D′

short to
the high-quality sRGB target y.

3.2 Adaptation of DarkIR

We construct an end-to-end pipeline based on the DarkIR
framework [1], which has achieved state-of-the-art results
in joint low-light image enhancement (LLIE) and deblur-
ring benchmarks. To bridge the domain gap between RAW

inputs and the sRGB-trained architecture, we introduce two
key modifications, as illustrated in Figure 2.

First, we address the bit-depth limitation. The original
DarkIR model operates on 8-bit sRGB inputs, confining the
dynamic range to 255 discrete levels. To mitigate this, we
configure the ISP (implemented via rawpy) to output a
16-bit array. Since inputs are normalized to [0, 1] prior to
processing, this adjustment preserves high-fidelity spectral
details while maintaining compatibility with the model’s
expected input domain.

Second, we design a Metadata-Aware Encoder. Camera
metadata provides critical physical context for restoration,
yet is often discarded in traditional pipelines. We extract
and normalize the following five attributes to condition the
model:

• Exposure Time t: This parameter governs signal ac-
cumulation and is the most significant factor in low-
light imaging. We apply logarithmic normalization:

t̂ =
log10(t) + 4

6
(12)

• ISO Value SISO : The ISO setting directly correlates
with signal gain and noise magnitude. It is normal-
ized logarithmically as:

ŜISO =
log10(SISO)

6
(13)

• F-Number Nf : The aperture size determines both
incoming light flux and depth of field. Conditioning
on Nf assists the model in distinguishing optical
defocus from motion blur. We apply linear normal-
ization:

N̂f =
Nf

32
(14)

• Focal Length f : Jointly with the F-number, the focal
length defines the field of view. We normalize it
linearly:

f̂ =
f

500
(15)

• White Balance (rmul, gmul, bmul): Since the pre-
training domain (DarkIR) and our target domain
(SID) may differ in color space, explicit white balance
information aids in learning the correct color map-
ping. We normalize the red and blue gains relative to
the green gain:

r̂ratio =
rmul

5gmul
, b̂ratio =

bmul

5gmul
(16)

These parameters are integrated into the architecture via
a linear projection layer added to each frequency-domain
feed-forward layer (FreMLP). Building on the observation
from [1], [4] that illumination information is primarily con-
centrated in the spectral amplitude, we project the metadata
vector to match the channel dimension of the FreMLP mod-
ule. This projected vector is then spatially broadcast and
added directly to the amplitude component of the feature
map, as illustrated in Figure 3.

In our experiments, we evaluate three configurations: (1)
direct inference using the pre-trained DarkIR model, (2) fine-
tuning DarkIR on our dataset without modification, and (3)
fine-tuning the proposed metadata-aware DarkIR. We adopt
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Fig. 2: Overview of our adapted DarkIR architecture. Note that the linear layers are distinct for different encoder blocks in
LOL stage.
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Fig. 3: Metadata-guided encoder block architecture. We
build upon DarkIR’s [1] SpAM and FreMLP modules, inject-
ing normalized ISO information through a linear projection
layer that modulates the spectral amplitude within the
frequency-domain feed-forward network.

the hybrid loss function from the original implementation,
comprising a reconstruction loss (Lmain, Charbonnier), per-
ceptual loss (Lpercep, VGG-based), edge loss (Ledge, Lapla-
cian), and a multi-scale reconstruction loss (Llol). The total
objective is formulated as:

L = λp · Lmain + λpe · Lpercep + λed · Ledge + Llol (17)

Following the settings in [1], we adopt the weighting coef-
ficients λp = 1, λpe = 0.01, and λed = 50. For all settings,
we fine-tuned on our synthetic dataset (training split) for 10
epochs.

3.3 Fine-tuning ExposureDiffusion
To address the limitations of deterministic feed-forward
networks and the computational inefficiency of vanilla dif-
fusion models in low-light image enhancement, Wang et al.
[2] propose ExposureDiffusion, a framework that integrates
a physics-based exposure model into the diffusion process.
Unlike standard diffusion approaches that initiate restora-
tion from pure Gaussian noise, ExposureDiffusion treats the
input low-light image as an intermediate noisy state (XT )
generated by a simulated exposure degradation process.
This allows the reverse diffusion process to start directly
from the low-light input, significantly reducing the number
of inference steps and accelerating convergence. The method
employs a diffusion model to approximate the exposure
process and introduces an adaptive residual layer to ef-
fectively manage the trade-off between noise removal and
detail preservation in well-exposed regions. By leveraging
this physical prior, the model achieves robust enhancement
and denoising on raw data without the need for extensive
Gaussian denoising steps common in traditional diffusion-
based restoration.

To address both low-light conditions and motion blur,
we modify the degradation model by injecting blur kernels
into the training set. Consequently, the initial state XT in
the diffusion process encapsulates both photometric (low
exposure, noise) and geometric (blur) degradations. This
formulation requires the reverse diffusion process to simul-
taneously handle exposure adjustment and deconvolution.

4 EXPERIMENTAL RESULTS

In this section, we present the experimental results to vali-
date the performance of our adapted DarkIR model and the
fine-tuned ExposureDiffusion model. For each architecture,
we first report the quantitative comparisons across datasets,
as summarized in Table 1, to evaluate its robustness against
synthetic blur. Then, we present a quantitative and qualita-
tive analysis of the fine-tuning process to demonstrate the
effectiveness of our adaptation methods.

4.1 Adaptation of DarkIR
4.1.1 Analysis of Blur Robustness
We first examined the pretrained DarkIR model’s sensitivity
to motion blur. We observed that the original model tends
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TABLE 1: Quantitative comparison of DarkIR and Expo-
sureDiffusion on the SID and SID-Blurred datasets. “FT”
denotes Fine-Tuned models.

Method PSNR ↑ SSIM ↑

Dataset: SID (Original)

DarkIR (Pretrained) 14.16 0.3937
DarkIR (Denoise + Pretrained) 13.35 0.5025
ExposureDiffusion (Pretrained) 36.54 0.8823

Dataset: SID-Blurred

DarkIR (Pretrained) 11.36 0.2340
DarkIR (Denoise + Pretrained) 13.49 0.5622
DarkIR (FT w/o EXIF) 17.83 0.6117
DarkIR (FT w/ EXIF) 18.65 0.6240
ExposureDiffusion (Pretrained) 33.15 0.8377
ExposureDiffusion (FT) 28.57 0.7345

to amplify noise, leading to severe visual degradation. To
address this, we also evaluated a pipeline where the image
is denoised using NAFNet [12] before being processed by
DarkIR.

As shown in Table 1, the original model suffers a perfor-
mance drop, with PSNR falling from 14.16 dB on the clean
SID dataset to 11.36 dB on the SID-Blurred dataset. How-
ever, when the input is denoised first, the model maintains
comparable PSNR and achieves even higher SSIM on the
blurred dataset. This suggests that the DarkIR model itself
is robust to blur, but its performance is primarily hurt by the
high-ISO noise and color space discrepancies in the dataset.

4.1.2 Fine-tuning Results and Analysis
To address the low PSNR observed in both baseline mod-
els, we fine-tuned the original DarkIR model on our syn-
thetic dataset with RAW image metadata (EXIF) information
injected into the architecture. As shown in Table 1, the
fine-tuned model significantly improves PSNR from 11.36
dB (pretrained model) to 18.65 dB, while SSIM increases
from 0.2340 to 0.6240. Notably, it also surpasses the two-
stage pipeline that first preprocesses images via denoising,
which achieves a PSNR of 13.49 dB and SSIM of 0.5622.
These quantitative results demonstrate that our architectural
adaptation and fine-tuning strategy successfully enhance
DarkIR’s performance on the joint task of motion deblurring
and low-light image enhancement.

To further investigate whether the injected EXIF informa-
tion contributes to this improved performance, we conduct
an ablation study by fine-tuning a DarkIR model with the
original architecture (without EXIF injection). As shown in
Table 1, the model with EXIF information outperforms the
vanilla architecture on both PSNR and SSIM metrics. This
confirms that encoding camera settings metadata meaning-
fully contributes to improving DarkIR’s performance on the
SID-Blurred dataset.

4.1.3 Qualitative Analysis
In Figure 4e, 4f, 4g, we present a visual comparison between
the pretrained DarkIR model, the two-stage pipeline, and
our fine-tuned model with EXIF injection. We observe that
the pretrained DarkIR model fails to handle the domain
shift, amplifying the severe noise to produce a heavily dis-
torted, unusable image. In contrast, the two-stage pipeline

(denoising prior to DarkIR) successfully suppresses the
noise, revealing the underlying structural content, though
it fails to fully correct the color shift.

Finally, our fine-tuned model achieves the best visual
quality, successfully recovering the scene structure and
restoring a color space consistent with the ground truth.
However, some blur remains in the predicted image. We
hypothesize that this is due to the competing objectives of
the joint task: given that DarkIR is a lightweight model,
simultaneously handling severe noise removal and large-
motion deblurring (up to 80 pixels) creates a capacity bottle-
neck. The optimization process likely prioritizes denoising
and global color recovery, which significantly reduce the
loss. This results in slightly over-smoothed textures and a
compromise in high-frequency detail restoration.

4.2 Adaptation of ExposureDiffusion Model
4.2.1 Analysis of Blur Robustness
We conducted a comprehensive evaluation to assess the
robustness of the original ExposureDiffusion model against
motion blur. Quantitatively, the model exhibits a significant
performance degradation, dropping from 36.54 dB on the
clean SID dataset to 33.15 dB on the SID-Blurred dataset
(see Table 1). To corroborate these metrics with qualitative
evidence, we present a failure cases in Figure 4d. This
visual example demonstrates that while the model success-
fully corrects exposure, it fails to deconvolve the geometric
degradation, resulting in outputs that retain significant blur
artifacts. This confirms that the pre-trained priors are spe-
cific to photometric noise and do not generalize to unseen
geometric distortions.

4.2.2 Fine-tuning Results and Analysis
To address the observed limitations, we attempted to fine-
tune the ExposureDiffusion model by injecting blur kernels
directly into the training data. However, contrary to the
expectation that the model would adapt to the new degra-
dation, this strategy led to a significant performance regres-
sion: the PSNR dropped from 33.15 dB (baseline) to 28.57
dB after fine-tuning. We posit that this degradation stems
from the complexity of the joint optimization task; requiring
the model to simultaneously learn deblurring and exposure
correction creates a challenging learning landscape.

Moreover, the original ExposureDiffusion formulation im-
plicitly assumes a static-scene imaging model, in which the
number of photons arriving at each pixel grows approxi-
mately proportionally with exposure time:

Xt = λtKI +N, (18)

where λt represents the exposure time, K and N follow the
same definition as Equation (2) while I represents the rate
of the photoelectrons which is proportional to the scene
irradiation. This assumption is violated once motion blur
is introduced, as object and camera motion redistribute
photon counts across neighboring pixels. In that case, the
raw measurement is better modeled as

Xt = K

∫ λt

0
I(t) dt+N, (19)

where I(t) denotes the time-varying irradiance along the
exposure trajectory. Because I(t) now changes over the time
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instead of remaining constant, the architecture—primarily
tailored for pixel-wise photometric mapping under static
conditions—struggles to disentangle and jointly resolve de-
blurring and exposure correction without explicit structural
guidance or specialized loss constraints.

4.2.3 Cascaded Restoration with Pre-trained Models
As an alternative strategy, we investigated whether the
geometric and photometric degradations could be effec-
tively decoupled via a two-stage cascaded pipeline. Given
the scarcity of off-the-shelf models pre-trained for RAW-
domain deblurring, we employed Restormer [13], a strong
and widely-adopted baseline model for transformer-based
image restoration in the sRGB domain. Our experimental
pipeline followed the sequence: RAW input → ExposureDif-
fusion → ISP → Restormer → output

We observed that the initial stage, ExposureDiffusion,
successfully recovered the exposure and suppressed sensor
noise, yielding well-lit but blurry sRGB outputs. Conse-
quently, the input to the secondary stage was effectively
reduced to a pure deblurring task. However, despite this
simplified objective, quantitative evaluation revealed no
distinct improvement in restoration quality. We hypothe-
size that this inefficacy is driven by a significant domain
distribution shift arising from hardware disparities. The off-
the-shelf Restormer checkpoint is optimized on the GoPro
dataset, which is captured using action cameras with small
sensors and specific optical characteristics. In contrast, our
SID-Blurred benchmark is derived from the Sony A7S II, a
full-frame mirrorless camera with a vastly different sensor
size and signal profile. These differences in sensor character-
istics likely prevent the pre-trained model from generalizing
effectively to our specific data distribution.

5 CONCLUSION

In this work, we proposed the novel task of joint motion
deblurring and low-light image enhancement on RAW im-
ages. To facilitate this, we introduced a synthetic dataset
with both training and testing sets to serve as a benchmark.
We evaluated two approaches adapted from DarkIR and
ExposureDiffusion (ED), respectively.

Our analysis reveals distinct challenges for each method.
While the original DarkIR model suffered from noise am-
plification, we successfully mitigated this by fine-tuning on
our dataset and incorporating a RAW metadata encoding
module. Conversely, while ED demonstrated superior per-
formance in low-light enhancement, it failed to account for
image blur effectively, even after fine-tuning. This suggests
that this joint task requires a specialized mathematical for-
mulation capable of simultaneously modeling illumination
and motion blur, rather than simply adapting single-task
models.

We acknowledge certain limitations in our current
benchmark. Due to resource constraints, our synthesis
method was applied only to the Sony subset of the SID
dataset; however, the proposed pipeline is theoretically
agnostic and can be generalized to any RAW sensor data.
Future work will aim to expand the benchmark to other
datasets, such as ELD [10] and incorporate more complex
degradation types, including out-of-focus blur and localized
object motion.
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(a) Ground
Truth

(b) Blurry Synthetic
Input

(c) Pretrained ED on
Sharp Input

(d) Pretrained ED on
Blur Input

(e) Pretrained DarkIR on
sRGB after ISP

(f) Pretrained DarkIR on
denoised sRGB after ISP

(g) DarkIR (FT w/ EXIF)
on sRGB after ISP

Fig. 4: Comparison of ExposureDiffusion and DarkIR on the same scene.


