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Abstract

In this paper, we present Ev-iCRF, a novel self-supervised
pipeline for high dynamic range (HDR) image reconstruc-
tion from a single-exposure low dynamic range (LDR) im-
age, guided by asynchronous event streams generated by a
bio-inspired event camera. The highlight of Ev-iCRF lies
in its formulation of the inverse camera response function
(iCRF) based on Event-LDR Correspondence. By leveraging
the HDR properties of event data, the method enables direct
iCRF estimation, offering a new perspective for event-guided
HDR imaging. The pipeline is trained in a self-supervised
manner using formulation-driven iCRF estimation loss and
refinement loss, without the need for synchronized HDR su-
pervision. Ev-iCRF adopts a two-stage coarse-to-fine recon-
struction pipeline, allowing effective fusion of features from
both LDR image and event data. The event information is
used to optimize the iCRF, enabling accurate HDR recon-
struction from LDR inputs. We evaluate Ev-iCRF on real-
world datasets, and results show that it outperforms state-
of-the-art methods in HDR reconstruction accuracy. More-
over, the reconstructed images demonstrate improved texture
fidelity and structural detail.

Introduction
High dynamic range (HDR) imaging plays a critical role in
applications such as autonomous driving (Paul and Chung
2018; Li, Qiao, and Ruichek 2015) and film production
(Hasinoff et al. 2016; Reinhard et al. 2015; Tocci et al.
2011), as it provides a wider exposure range than tradi-
tional imaging techniques, enabling clearer scene details un-
der challenging lighting conditions. A common approach to
reconstruct the HDR image from the single-exposure low
dynamic range (LDR) input is inverse tone mapping (iTMO)
(Gabriel 2017; Lee, An, and Kang 2018; Khan, Khanna, and
Raman 2019; Ning et al. 2018), which aims to extend the
dynamic range by inferring texture details in underexposed
regions. However, a fundamental limitation remains: recov-
ering details that fail to be captured by the RGB camera due
to inherent limited dynamic range. Therefore, LDR image
often lose critical information in both highlight and shadow
regions as a result of saturation. This loss poses a significant
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challenge to high-quality HDR reconstruction, making full
dynamic range recovery an ongoing problem in the field.
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Figure 1: Illustration of self-supervised iCRF estimation
guided by event data. LDR edge pairs are mapped to HDR
using the iCRF, and event data provide irradiance changes.
We assume that events (e.g., green box) occurring over a
short interval ∆t → 0 are triggered by the log-intensity dif-
ference between HDR edge pairs (e.g., red boxes), which
enables loss-based optimization of the iCRF.

Event cameras are emerging bio-inspired sensors that
show great potential in addressing the aforementioned prob-
lem for HDR reconstruction from a single-exposure LDR
image (Han et al. 2020). Unlike traditional CCD/CMOS
cameras, event cameras asynchronously generate streams of
events in response to per-pixel changes in brightness, of-
fering significantly higher dynamic range (iniVation 2025).
This property makes them a promising complementary
modality for overcoming the limitations of conventional
imaging systems. Existing HDR imaging approaches using
event cameras can be broadly categorized into pure event-
based and event-guided methods. Event-based methods re-
construct HDR image directly from event streams (Rebecq
et al. 2019; Zhu et al. 2022; Weng, Zhang, and Xiong 2021).
However, since event cameras primarily capture sparse edge
information and lack rich semantic content, the resulting
reconstructions often exhibit reduced detail and perceptual
quality. In contrast, event-guided methods aim to enhance
HDR reconstruction by fusing single-exposure LDR image
with synchronized events (Han et al. 2023), leveraging the
complementary strengths of both modalities.

However, existing event-guided methods face two crit-
ical limitations. First, most rely on end-to-end learning
pipelines that lack explicit physical interpretability, which
limits their transparency and generalizability across di-
verse scenarios. Second, they typically require pixel-aligned
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HDR–LDR–Event triples for supervised training. Such
dataset is extremely scarce, as obtaining HDR ground truth
for dynamic scenes demands complex multi-camera beam-
splitting systems (Zou et al. 2024), making large-scale col-
lection impractical.

To address the aforementioned limitations, we propose
Ev-iCRF, a two-stage self-supervised approach for event-
guided HDR reconstruction. The key insight underlying
Ev-iCRF is that event data inherently encode brightness
changes, providing rich self-supervision signals in regions
where information is lost in LDR image. Fig. 1 illus-
trates why event data can effectively guide the estima-
tion of the iCRF. Ev-iCRF formulates the iCRF based
on Event-LDR Correspondence (Event-Guided iCRF Es-
timation) and constructs self-supervised iCRF estimation
loss (Event-guided iCRF Initialization) and refinement
loss (Complementary Mask-driven iCRF Optimization
Module), using a coarse-to-fine pipeline to directly guide
iCRF estimation with the HDR characteristics of event data.
Specifically, in the first stage, the method coarsely estimates
an iCRF by integrating event data with LDR image. We in-
troduce a feature fusion component for cross-modality fu-
sion and an event-guided iCRF estimation component that
maps the LDR image to HDR using imaging models, in
which event data are associated with the LDR image to en-
able self-supervision, as illustrated in Fig. 1. In the second
stage, we implement complementary mask-driven optimiza-
tion, which enhances parameter estimation accuracy through
information-orthogonal sampling space construction. This
spatial sampling strategy maximizes mutual information in-
dependence across distinct regions.

The main contributions can be summarized as follows,

• We propose Ev-iCRF, a novel self-supervised event-
guided iCRF estimation approach for HDR reconstruc-
tion from a single-exposure LDR image, without the
need for HDR image as ground truth.

• To accurately estimate the iCRF, we design a two-stage
coarse-to-fine approach that leverages the encoding of
brightness changes by events to supervise the iCRF es-
timation process for accurate HDR reconstruction.

• Extensive evaluations on datasets demonstrate that Ev-
iCRF not only achieves high HDR reconstruction accu-
racy from a single-exposure LDR image—with enhanced
texture fidelity and structural detail—but also outper-
forms sota methods that rely on ground-truth supervision.

Related Work
Event-Guided HDR Image Reconstruction. Recent ad-
vancements in event-based HDR reconstruction have made
significant strides through multimodal learning approaches.
(Han et al. 2020) enhanced HDR imaging by integrating in-
tensity maps from event cameras with LDR images, later
expanding their framework (Han et al. 2023) with a recur-
rent chroma compensation network to improve color consis-
tency, alongside an intensity upsampling module for high-
resolution reconstruction. (Wang et al. 2020) developed
a unified sparsity-aware network that simultaneously pro-
cesses events and LDR inputs, enabling denoising, deblur-

ring, and super-resolution. Several multimodal frameworks
have emerged to address key challenges in event-guided
HDR imaging. (Yang et al. 2023) introduced HDRev-Net,
which tackles modality alignment and flicker suppression
through dedicated feature fusion modules. (Messikommer
et al. 2022) combined exposure bracketing with event data
to mitigate saturation and motion artifacts while preserving
color fidelity. (Shaw et al. 2022) utilized attention mecha-
nisms and feature distillation for effective cross-modality in-
tegration. Recently, (Guo et al. 2024) introduced a diffusion-
based fusion module that achieves 12-stop HDR imaging
with enhanced artifact suppression in high-contrast regions.
(Weng, Li, and Huang 2024) proposed a joint framework
that enhances images with detailed textures in high dynamic
range scenes by combining frames with locally underex-
posed regions and event streams.

By contrast, self-supervised methods are rare. (Xiaopeng
et al. 2024) proposed a framework that primarily focused on
reconstructing HDR images from dynamically blurred LDR
images. It introduces an exposure synthesis and decompo-
sition module, linking the reconstructed HDR image to the
LDR image. This method primarily leverages event data to
remove motion blur from LDR images in high-speed scenes,
with a focus different from that of Ev-iCRF. Specifically, it
constructs a self-supervised loss based on the relationship
between blurred and sharp LDR images, rather than utiliz-
ing event data itself in a self-supervised manner within the
loss formulation, as done in Ev-iCRF.
Event-to-HDR Image Reconstruction.

Recent advancements in event-to-HDR reconstruction
have focused on improving resolution and handling extreme
lighting. (Wang et al. 2019) pioneered event-to-HDR con-
version via conditional GANs, while later works (Mostafavi,
Wang, and Yoon 2021; Wang, Kim, and Yoon 2020, 2021)
tackled resolution limits through supervised and unsuper-
vised super-resolution. To enhance robustness under chal-
lenging illumination, (Zhang et al. 2021) proposed an SNN-
CNN hybrid for synthetic aperture imaging that preserves
fine scene details.

Recent efforts also emphasize architectural efficiency and
real-world applicability. (Wang et al. 2021; Wang, Chae, and
Yoon 2021; Zheng et al. 2023) introduced knowledge distil-
lation frameworks for joint HDR reconstruction and task-
specific learning in non-ideal conditions. Meanwhile, (Zou
et al. 2024) presented a keyframe-guided recursive CNN that
mitigates event sparsity in high-speed HDR video and re-
leased a real-world dataset to address data scarcity in event-
based HDR research.

Methodology
In this section, we first introduce the formulation of the
event-guided modeling of the inverse camera response func-
tion (iCRF), denoted as f−1, which serves as the foundation
for the design of Ev-iCRF. We then describe the detailed
architecture of Ev-iCRF. As illustrated in Fig. 2, Ev-iCRF
adopts a two-stage, coarse-to-fine pipeline, consisting of two
primary modules highlighted in different colors. The first
stage includes the Event-Guided iCRF Estimation mod-
ule, which produces a coarse estimate of the f−1 based on
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Figure 2: Overview of the Ev-iCRF pipeline. Ev-iCRF adopts a coarse-to-fine two-stage optimization network. First, the event
frame and LDR image are processed by a fusion network to supplement missing texture details in the LDR image. Subsequently,
an event-guided iCRF estimation network generates an initial coarse iCRF. Finally, a complementary mask-driven refinement
network further optimizes iCRF to achieve high precision.

the correspondence between the LDR input image L and
its associated event data. The second stage consists of the
Complementary Mask-Driven iCRF Optimization mod-
ule, which refines the f−1 using additional guidance from
event data and adjacent LDR frames , thereby yielding a re-
fined mapping f⋆ and enabling reliable event-guided HDR
reconstruction H⋆. This two-stage pipeline ensures robust
self-supervised estimation of the iCRF for accurate HDR re-
construction. (A summary of notations is provided in the ap-
pendix for clarity.)
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Figure 3: In the camera imaging model, the camera response
function is used to map irradiance to intensity.

Event-Guided iCRF Estimation
Event data inherently encode HDR information, as they con-
tinuously capture changes in scene irradiance. This char-
acteristic enables event data to guide the mapping from
LDR-to-HDR reconstruction without relying on ground-
truth HDR supervision. In other words, they facilitate the
design of a self-supervised reconstruction approach. In this
section, we leverage the fundamental imaging principles of

event cameras to derive an event-guided modeling of iCRF,
which serves as the basis for reconstructing HDR image
from LDR input.

Specifically, consider an image composed of two adja-
cent regions with distinct and uniform colors, The corre-
sponding irradiance values can be denoted as ⟨H1, H2⟩, as
shown in Fig. 3(a). During the imaging process, these ir-
radiance values undergo a transformation governed by the
camera response function (CRF), expressed as, L = f(H)
which maps physical irradiance to observed image intensity.
This transformation, illustrated in Fig. 3(b), characterizes
the nonlinear relationship between irradiance and pixel in-
tensity. As a result, the final image contains intensity values
⟨L1, L2⟩ corresponding to the original irradiance pair, as de-
picted in Fig. 3(c).

If we can obtain a set of intensity pairs ⟨L1, L2⟩ corre-
sponding to uniformly colored regions in the LDR image,
along with their associated irradiance pairs ⟨H1, H2⟩, we
can estimate the iCRF, f−1 (Lin et al. 2004; Lin and Zhang
2005). Once the iCRF is estimated, the LDR image can be
transformed into its corresponding HDR representation us-
ing the relation H = f−1(L).

In practical applications, obtaining the irradiance pairs
⟨H1, H2⟩ typically relies on multi-exposure image synthe-
sis, which suffers from several limitations, including in-
creased acquisition complexity and sensitivity to motion ar-
tifacts. In contrast, event cameras—with their exceptionally
high dynamic range (up to 140 dB (Posch, Matolin, and
Wohlgenannt 2011)), can directly record irradiance changes
in the scene, making them well-suited for HDR reconstruc-
tion.
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For an LDR image LDRn captured at time tn, we define
an effective edge region as a region that satisfies two con-
ditions: (1) it consists solely of an edge and its two adjacent
uniform grayscale regions, and (2) the grayscale difference
between the two regions exceeds a predefined threshold θ.
From each image LDRn, we extract effective edge region
pairs ⟨L1, L2⟩ . The examples of the effective edge region
pairs and detailed algorithm can be found in appendix. For
the corresponding event data e(t1, t2), captured during the
time interval tn ∈ (t1, t2), each event is represented as a
quadruple (t, x, y, p), where t denotes the timestamp of the
event, (x, y) are the spatial coordinates, and p ∈ {+1,−1}
indicates the polarity of the brightness change.

We establish a relationship between the event data and
changes in scene irradiance. Specifically, we first accumu-
late the events occurring within the time interval (t1, t2)
to construct an event intensity difference at pixel (x, y) is
E

(x,y)
(t1,t2)

. According to the principle of event camera (Licht-
steiner, Posch, and Delbruck 2008), the event intensity dif-
ference reflects the logarithmic change in irradiance between
two time points at pixel (x, y) , it can also use the accumu-
lation of all event polarities and thresholds during (t1, t2) at
pixel (x, y) to obtain, and it can be expressed as:

E
(x,y)
(t1,t2)

=
∑

(τ,p)∈(t1,t2)

pθ = logHx,y
t1 − logHx,y

t2 (1)

where θ is the contrast threshold of the event camera.
For the effective edge pair sets ⟨L1, L2⟩ extracted from

the LDR image LDRn , we map each pair to the HDR do-
main using f−1, yielding the corresponding irradiance set
⟨H1, H2⟩. Let ∆t = t2 − t1 denote the time interval of the
event data and under the assumption that ∆t → 0, we estab-
lish the following relationship:

Ht1 −Ht2 = Hi −Hj (2)

This implies that the irradiance change in the effective edge
region over the interval ∆t corresponds to the intensity dif-
ference between the two adjacent regions in the HDR do-
main. From this, we can approximate the relationship be-
tween the event frame and scene irradiance as:

E(t1, t2) ≈ log(Hi)− log(Hj). (3)

Finally, we define the loss function as:

L =
∑
⟨i,j⟩

∥∥log f−1(Li)− log f−1(Lj)

, E(i,j)(t1, t2)
∥∥∥2
2
. (4)

By minimizing L, we leverage event data as a self-
supervised signal to guide the estimation of the iCRF from
LDR image. This formulation enables effective learning of
the iCRF without requiring ground-truth HDR supervision.

Event-guided iCRF Initialization
Based on the formulation derived above, we design an
Event-Guided iCRF Initialization Module to perform coarse

estimation of the iCRF. The module begins by fusing infor-
mation from the event data and the LDR image, using the
event data to compensate for missing textures and saturated
regions in the LDR input. It then estimates the iCRF by inte-
grating this fused representation with empirical prior knowl-
edge of typical iCRF behaviors, enabling a physically mean-
ingful and data-driven initialization for HDR reconstruction.
Event-LDR Fusion. LDR image often lose texture infor-
mation in overexposed or underexposed regions due to their
limited dynamic range, whereas event data can capture com-
plementary details in such areas. To exploit this advantage,
we adopt the fusion strategy proposed in (Xu et al. 2022), as
illustrated in the top-left quadrant of Fig.2. Below, we briefly
describe the Event-LDR fusion process; the detailed design
can be found in(Xu et al. 2022).

First, the event data is converted into an intensity map
via event-to-video reconstruction (Cadena et al. 2021) and
concatenated with the LDR image along the channel dimen-
sion. A DenseNet (Huang et al. 2017) extracts joint features,
producing a fused image that integrates textures from both
modalities.

Then the fusion loss Lfusion is defined to measure how well
the fused output Lf preserves information from the inputs E
and L. Feature maps are extracted from five convolutional
layers of DenseNet, which define as θC(E).

Information content is quantified via the average Frobe-
nius norm of the Laplacian of each feature map:

gE =
1

5

5∑
j=1

1

HjWjDj

Dj∑
k=1

∥∇θCk
j
(E)∥2F , (5)

with similar definitions for gL and gF (from L and Lf ). To
emphasize preservation, we adopt adaptive weights ωE and
ωF , computed as:

[ωE , ωF ] = softmax
([gE

c
,
gF
c

])
, (6)

where c is a scaling constant. The final fusion loss is defined
as:

Lfusion = ωE · (1− SE,F ) + ωF · (1− SL,F ), (7)
where SE,F and SL,F are SSIM values measuring structural
similarity between the fused image and the respective in-
puts. This formulation encourages the fused output to retain
complementary information from both modalities.
iCRF Initialization with Empirical Priors. After obtain-
ing the fused image Lf , we use it to initialize the iCRF by
incorporating empirical prior knowledge derived from the
distribution of typical iCRFs.

The iCRF is parameterized as a 1024-dimensional vector,
with elements uniformly sampled within the interval [0, 1].
To impose prior structure, we adopt the Empirical Response
Model (EMoR) (Grossberg and Nayar 2003) as a statistical
prior and assuming that any valid iCRF can be approximated
by a linear combination of k principal component basis vec-
tors from EMoR. Following (Liu et al. 2020), we set k = 11.
To predict the iCRF, we extract features from the LDR im-
age and estimate the combination weights corresponding to
the 11 PCA components. The iCRF is then formulated as:

f−1(L) = EMoR(r), (8)
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where r ∈ Rk represents the coefficients of the EMoR basis
vectors.

To obtain the principal component basis vector r, we
leverage prior knowledge indicating that the grayscale his-
togram of an LDR image is informative for predicting the
iCRF. Specifically, we extract the set of pixel values {Li}ni=1
from the edge pairs ⟨L1, L2⟩ and use kernel density estima-
tion to derive the probability density function f̂(L):

f̂(L) =
1

nh

n∑
i=1

K

(
L− Li

h

)
, (9)

where f̂(L) is the estimated density at intensity value L,
n is the number of samples, h is the bandwidth parameter
that controls the smoothness of the estimation, and K is the
Gaussian kernel function.

The resulting probability density function f̂ is sampled
into a 512-dimensional vector. We employ a ResNet1D (He
et al. 2016) followed by a fully connected layer for feature
extraction. The probability distribution f̂ is passed through
this feature extraction network, denoted as N (x), to produce
the PCA coefficient vector r. This process can be expressed
as, r = N (f̂(L)). Thus, the estimated iCRF is formulated
as:

f−1(L) = EMoR(N (f̂(L))). (10)
Since our method does not rely on HDR image for super-

vision, the estimated iCRF derived from the PCA basis vec-
tor r may deviate from typical empirical iCRFs observed in
real-world data. To address this, we incorporate prior knowl-
edge from the parametric iCRF model proposed by (Eilert-
sen et al. 2017), defined as:

f−1(x) =
(1 + β)xγ

β + xγ
, (11)

where the parameters β and γ follow a Gaussian distribution
with mean µ and variance σ2. To align our estimated iCRF
with this prior, we uniformly sample the function f−1 to
produce a 1024-dimensional vector v ∈ R1024, and then
apply a parametric fitting procedure. This results in a prior-
informed iCRF expressed as:

f−1(L) =
(1 + β)vγ

β + vγ
. (12)

After initializing the iCRF with empirical priors, we pro-
ceed to self-supervised optimize it by integrating it with
the iCRF modeling process based on Event-LDR correspon-
dence. As outlined in the previous modeling process, we ex-
tract the effective edge regions from the LDR image and es-
tablish a relationship between these regions and event in-
tensity differences using Eq.3. Finally, we construct the loss
function using Eq.4. The loss function for this module is de-
fined as follows:

Lcoarse =
∑
⟨i,j⟩

∥∥log f−1(Li)− log f−1(Lj)

, E(i,j)(t1, t2)
∥∥∥2
2
. (13)

By jointly optimizing the fusion loss Lfusion and coarse
iCRF estimation loss Lcoarse, we obtain an initial estimation
of the iCRF f−1. This coarse iCRF is then applied to the
LDR image to generate the corresponding coarse HDR im-
age.

Complementary Mask-driven iCRF Optimization
Module
In the first stage, the use of filtered effective edge regions
may introduce biases in the estimation of the iCRF, primar-
ily due to the limited sampling density in the LDR image.
To mitigate this issue, the second stage introduces a Com-
plementary Mask-Driven iCRF Optimization Module (illus-
trated in the lower half of Fig. 2). This module refines the
iCRF estimation by leveraging adjacent LDR image and
their corresponding event data, significantly improving spa-
tial coverage. As a result, the sampling coverage of the scene
increases to over 90%, enabling more accurate and robust
HDR reconstruction.

Given two consecutive LDR images Ln and Ln+1 cap-
tured at times Tn and Tn+1, we first apply f−1 to obtain
initial HDR estimates Ĥn and Ĥn+1. A refined mapping
f⋆ is then introduced to optimize these estimates, yielding
H⋆ = f⋆(Ĥ). To ensure that this refinement complements
the initial stage, we define a complementary mask and ex-
tract the masked HDR region as H̃ = M∁ · Ĥ .

M∁ = {(x, y) ∈ Ĥ} \ {(x, y) ∈ Li}ni=1, (14)

We initialize f⋆ using the same empirical prior m ∈
R1024 as in the first stage (see Eq. 10) and optimize it via the
parametric prior in Eq. 12. For self-supervised learning, we
adopt the Event–LDR-based iCRF modeling (Eq. 3) and de-
fine a temporal consistency loss over irradiance differences:

Lfine =
∑

(x,y)∈H̃

∥∥∥log f⋆(H̃n+1)− log f⋆(H̃n)

, E(Tn+1, Tn)∥2 . (15)

Minimizing Lfine yields the refined function f⋆, and ap-
plying it to the masked region gives the final HDR output:
H⋆ = f⋆(H̃).

Experiments
In this section, we evaluate Ev-iCRF for HDR reconstruc-
tion through comparisons with a range of competing meth-
ods to demonstrate its superiority. In addition, we conduct
comprehensive ablation studies to validate the effectiveness
of our key design components.

Datasets and Metrics
The evaluations are conducted on the EventHDR
dataset (Zou et al. 2024), which was collected using a
novel optical system capable of capturing paired high-speed
HDR videos and event streams. As the real-world dataset
to provide HDR-Event pairs, EventHDR contains over
70,000 HDR images. For our experiment, we selected 6,242
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Figure 4: Qualitative comparison of different methods on the EventHDR-real dataset. Our method exhibits richer texture and
structural information compared to the other methods.

HDR images and generated corresponding LDR images by
multiplying with a series of exposure coefficients. Among
these images, 4,242 were used for training, and 2,000
images were randomly selected from the EventHDR test set
for evaluation.

We adopt three widely used evaluation metrics, con-
ducting all assessments in the µ-law tone-mapped domain.
Specifically, we use µ-law-PSNR, µ-law-SSIM (Wang et al.
2004), and µ-law-LPIPS (Zhang et al. 2018) to measure the
similarity between the reconstructed HDR image and the
ground truth HDR image.

Comparison with Other Methods
Competing Methods. We first evaluate the performance of
Ev-iCRF on HDR reconstruction by comparing it against
a variety of state-of-the-art methods. These include tra-
ditional non-learning-based techniques such as histogram
equalization (HE) (Gonzalez and Woods 2008), adap-
tive histogram equalization (AHE) (Zuiderveld 1994), and
contrast-limited adaptive histogram equalization (CLAHE)
(Zuiderveld 1994). We also compare against Single-
HDR(Liu et al. 2020), a frame-only supervised HDR re-
construction method; EventHDR (Zou et al. 2024), a su-
pervised event-only approach; and two supervised event-
guided methods, HDRev (Yang et al. 2023) and NeurImg-
HDR+ (Han et al. 2023). We also train our method, Ev-
iCRF(syn) and HDRev(syn) with a synthetic dataset used in
the original work of HDRev, to the generalization capabil-
ity Ev-iCRF. It is important to note that, to the best of our
knowledge, there are currently no existing self-supervised
event-guided HDR reconstruction methods. Ev-iCRF is the
first to explore this direction, filling a key gap in the HDR
reconstruction landscape.
Evaluation Results. We first conduct quantitative evalua-
tions of all HDR reconstruction methods using the test set
from the EventHDR dataset. The evaluation metrics include
SSIM, PSNR, and LPIPS, as reported in Table 1. The re-

sults show that Ev-iCRF consistently outperforms all com-
peting methods, achieving the highest scores across all met-
rics by a significant margin. Specifically, compared to the
best-performing existing method, Ev-iCRF improves SSIM
by 18% (from 0.67 to 0.79), increases PSNR by 11.4% (from
18.47 to 20.58), and reduces LPIPS by 26.3 % (from 0.19 to
0.14).

Methods µ-SSIM ↑ µ-PSNR ↑ µ-LPIPS ↓ Supervision

HE 0.44 8.09 0.41 Unsupervised
AHE 0.45 12.20 0.34 Unsupervised

CLAHE 0.67 18.47 0.19 Unsupervised
SingleHDR 0.55 13.59 0.32 Supervised
EventHDR 0.54 13.54 0.25 Supervised
NeurImg 0.61 14.92 0.24 Supervised

HDRev(syn) 0.45 9.62 0.33 Supervised
HDRev 0.26 3.40 0.71 Supervised

Ev-iCRF(syn) 0.70 15.83 0.18 Unsupervised
Ev-iCRF 0.79 20.58 0.14 Unsupervised

Table 1: Quantitative comparison on the EventHDR dataset.
The best results are highlighted in bold, and the second-best
results are underlined.

Notably, the variant Ev-iCRF(syn), trained solely on syn-
thetic data, ranks second in SSIM and LPIPS and third in
PSNR when evaluated on the real-world dataset, demon-
strating the strong generalization ability of our framework
across different data domains.

When compared with other event-guided LDR-to-HDR
reconstruction methods, specifically HDRev and NeurImg-
HDR+, both of which are trained with supervised HDR
ground truth, Ev-iCRF achieves notable improvements. It
outperforms HDRev and NeurImg-HDR+ by 0.53 and 0.18
in SSIM, achieves gains of 17.18 and 5.66 in PSNR, and
reduces LPIPS by 0.57 and 0.1, respectively.

The key advantage of Ev-iCRF lies in its iCRF-based re-
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construction, which enables accurate mapping of LDR im-
age to the HDR domain while preserving pixel-wise rela-
tionships within the same modality. This formulation avoids
the direct propagation of noise from the event stream into the
reconstructed image. In contrast, methods such as HDRev
and NeurImg-HDR+, which rely primarily on feature-level
fusion of LDR and event data, are more vulnerable to arti-
facts and noise introduced by the events.

We also conduct qualitative evaluations and present sev-
eral reconstructed examples in Fig. 4, with results from dif-
ferent methods arranged in columns for comparison. Over-
all, Ev-iCRF produces the most visually faithful results,
closely resembling the ground truth. It effectively recon-
structs both underexposed and overexposed regions in the
LDR image, where competing methods often fail. For ex-
ample, SingleHDR, a supervised LDR-only method that also
reconstructs HDR images by learning iCRF, fails to recon-
struct overexposed regions, often resulting in black pix-
els. In contrast, our method effectively preserves fine tex-
tures and structural details, even under challenging light-
ing conditions. (Additional qualitative examples under more
challenging lighting conditions are provided in the Ap-
pendix). Moreover, compared to traditional non-learning-
based methods such as HE, AHE, and CLAHE, which en-
hance contrast by manipulating image histograms, Ev-iCRF
delivers significantly better visual quality by not only recov-
ering residual details from the LDR image but also enhanc-
ing overall texture and structural consistency. Furthermore,
in comparison to EventHDR, a method that relies solely
on event data, our approach demonstrates clear advantages
in preserving low-frequency information and mitigating the
noise commonly introduced by event-based representations.

Ablation Studies
We then conduct comprehensive ablation studies to demon-
strate the effectiveness of the key components of Ev-iCRF.

Methods µ-SSIM ↑ µ-PSNR ↑ µ-LPIPS ↓
iCRF Initialization only 0.76 19.73 0.20
iCRF Optimization only 0.63 14.13 0.45

Ev-iCRF 0.79 20.58 0.14

Table 2: Ablation results on the EventHDR dataset.

Effectiveness of the Coarse-to-Fine Strategy. To evalu-
ate the effectiveness of the proposed coarse-to-fine iCRF es-
timation strategy, we conduct an ablation study by indepen-
dently applying the two core modules, Event-Guided iCRF
Initialization and Complementary Mask-Driven iCRF Op-
timization, to the LDR-to-HDR reconstruction task. These
two variants are referred to as iCRF Initialization Only and
iCRF Optimization Only in the results table. We compare
their performance against the complete Ev-iCRF framework
using standard quantitative metrics.

As shown in Table 2, the iCRF Initialization Only vari-
ant outperforms the iCRF Optimization Only variant, with
a 0.13 increase in SSIM, a 5.6 improvement in PSNR, and
a 0.25 reduction in LPIPS. This indicates that focusing on

effective edge regions enables the network to capture more
informative signal content and suppress noise. Furthermore,
the complete two-stage framework (Ev-iCRF) achieves su-
perior performance across all three metrics, demonstrating
that the iCRF optimization module effectively complements
the coarse initialization by refining unaddressed regions,
thus enhancing overall reconstruction quality.

Supervised v.s. Self-Supervised. A key hypothesis pro-
posed in this work is that, within a very short time inter-
val, the intensity value of the event data can be effectively
approximated by the irradiance difference in effective edge
regions. Based on this assumption, the event data can serve
as self-supervision for estimating the iCRF, eliminating the
need for ground-truth HDR image.

To validate this hypothesis, we implement a supervised
version of Ev-iCRF using an iCRF estimation module. In
the supervised setup, the effective edge region sets ⟨Li, Lj⟩
in the LDR domain are paired with corresponding ground-
truth edge region sets ⟨Hi, Hj⟩ in the HDR domain, which
are used as direct supervision for estimating the iCRF. No-
tably, in this supervised variant, event data are only used dur-
ing feature fusion, and are not involved in the supervision
process.

By comparing the iCRFs generated by the self-supervised
and supervised versions of Ev-iCRF on the same LDR in-
puts, we observe that both approaches produce highly simi-
lar iCRFs, exhibiting strong consistency in both qualitative
and quantitative results (see Appendix for detailed visualiza-
tions). This consistency further supports the validity of using
event data as effective self-supervision.

Additionally, the quantitative evaluation results, summa-
rized in Table 3, show that our proposed self-supervised Ev-
iCRF achieves comparable reconstruction accuracy to its
supervised counterpart, despite not requiring ground-truth
HDR labels.

Methods µ-SSIM ↑ µ-PSNR ↑ µ-LPIPS ↓
Ev-iCRF(Supervised) 0.75 22.58 0.135

Ev-iCRF(Self-Supervised) 0.79 20.58 0.12

Table 3: Comparison of supervised and self-supervised.

Conclusion
In this paper, we introduced Ev-iCRF, a novel framework
for self-supervised, event-guided iCRF estimation for HDR
image reconstruction. By leveraging single-exposure LDR
image and their synchronized event data as self-supervision,
Ev-iCRF estimates the iCRF of an RGB camera to re-
construct HDR image. Compared to conventional end-to-
end methods, Ev-iCRF provides stronger interpretability
through its physically grounded formulation. Extensive ex-
periments on real-world data demonstrate its superior per-
formance, highlighting its effectiveness and practical value
in HDR reconstruction tasks. Our self-supervised Ev-iCRF
achieves reconstruction accuracy that closely approaches
that of supervised Ev-iCRF, demonstrating its practicality
for HDR imaging without requiring costly ground-truth.
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