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Abstract
Capturing high dynamic range (HDR) video at high frame rates is critical for appli-

cations such as cinematic production and autonomous systems, yet it remains challeng-
ing with conventional cameras. We present the first unified framework that jointly per-
forms HDR reconstruction and temporal interpolation from sequences with alternating
exposures. Unlike prior work that reconstructs only middle frames or uses heavy off-the-
shelf interpolators, our lightweight network synthesizes HDR video at arbitrary timesteps
in real time on mid-range GPUs. To support this task, we introduce a new dataset
of exposure-bracketed video sequences with real-world motion. To reduce reliance on
ground-truth HDR data, we also propose a novel self-supervised training scheme that
delivers competitive results. Experiments show our approach outperforms existing base-
lines in efficiency while achieving comparable or better visual quality, establishing a
new benchmark for practical HDR video synthesis. Our code is available at https:
//github.com/huent189/unified-HFR-HDR.

1 Introduction
High dynamic range (HDR) video is crucial for applications such as cinematic production,
autonomous navigation, and surveillance, as it enables cameras to capture scenes with ex-
treme variations in light intensity—conditions that conventional systems struggle to handle.
However, producing high-frame-rate HDR video, especially in dynamic environments, re-
mains challenging due to the difficulty of recovering fine details in overexposed or underex-
posed regions while ensuring smooth, artifact-free motion between frames.

Modern cameras capture high-quality signals across a dynamic range of approximately 8
to 14 f-stops (in log2 units), but real-world scenes often exhibit intensity variations exceeding
17 f-stops [23]. Light falling outside this capture range is either too intense—causing pixel
saturation—or too dim to register a clean signal above the sensor’s noise floor. In both cases,
this leads to a loss of texture and color fidelity in the recorded image.

The effective capture range can also be constrained by components of the imaging pipeline,
both before and after sensing. For instance, optical flare can further obscure dark details,

© 2025. The copyright of this document resides with its authors.
It may be distributed unchanged freely in print or electronic forms.

* denotes equal contribution

Citation
Citation
{Myszkowski, Mantiuk, and Krawczyk} 2008

https://github.com/huent189/unified-HFR-HDR
https://github.com/huent189/unified-HFR-HDR


2 NGUYEN, CANHAM, BROWN: HFR-HDR VIDEO SYNTHESIS

while post-sensing processes such as quantization, color encoding, and compression can
reduce the number of usable intensity levels, introducing visible banding artifacts when dis-
played at high dynamic ranges.

Devices that capture the widest dynamic range typically rely on high-end hardware and
innovative designs. For example, cinema cameras and specialized sensors—such as dual-
exposure systems [6] or event-based cameras [3]—can produce high-quality HDR video, but
these solutions require custom components. Their high cost, bulky form factors, and high
power demands limit their suitability for integration into consumer devices.

A more accessible alternative is exposure bracketing, which involves alternating between
under- and over-exposed frames on standard cameras so that their combined dynamic range
can be integrated. Previous works [4, 5, 11, 17, 26, 28] have proposed HDR reconstruction
methods for video based on this technique, but they are limited in their ability to represent
motion at high frame rates.

Another work [18] frames the task as video interpolation but uses an off-the-shelf net-
work that ignores correlations between under- and over-exposed frames, leading to high
computational cost. More broadly, existing exposure-bracketed HDR datasets are either lim-
ited due to high production costs [9, 18], or fail to capture real scene motion, relying instead
on computer graphics or stop-motion sequences [4, 5, 26, 28].

Contributions. Addressing the limitations above, we make the following contributions:

• We introduce a large-scale dataset for training and evaluating the joint HDR video recon-
struction and interpolation task. Using a handheld cinema camera with a wide native dy-
namic range, we captured high-frame-rate (HFR) videos of real motion in diverse scenes,
from which exposure-bracketed frames were derived in post-processing.

• We propose a lightweight neural architecture that jointly performs HDR reconstruction
and interpolation. This joint formulation reduces computational and memory overhead,
and can be integrated into existing HDR reconstruction pipelines to enable interpolation
capabilities.

• We present a novel self-supervised learning framework that enables fine-tuning of any
pre-trained HDR video reconstruction network for the new interpolation task.

• We conduct comprehensive experiments showing that our method achieves comparable
performance in both supervised and self-supervised settings, surpassing state-of-the-art
methods while requiring fewer computational resources and less memory.

In the following sections, we review recent work regarding HDR image and video recon-
struction, then introduce our proposed model architecture, training framework, and dataset.
Finally, we evaluate the effectiveness of these contributions through ablation studies and
comparisons with existing baselines.

2 Related Work
Early examples of HDR imaging via multiple exposures date back to the advent of photogra-
phy [20], but Debevec and Malik were the first to fuse digital exposures for HDR reconstruc-
tion [7]. While effective for static scenes, this approach suffers from haloing and ghosting
due to temporal offsets between captures—a key challenge for video, which requires high-
frequency sampling in dynamic scenes. Subsequent works addressed these artifacts using
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Figure 1: We propose a method for joint high dynamic range video reconstruction and inter-
polation at arbitrary timesteps from a sequence of alternating exposures between a base ex-
posure (EV0) and a higher exposure (e.g., EV4). (a) Input and output examples. Input frames
often exhibit noise in dark regions (EV0) and loss of detail in under- and over-exposed areas
(EV0/EV4). Our method generates clean shadows and detailed highlights with temporal
consistency, while increasing the frame rate through interpolation. (b) Comparison of com-
putational cost and reconstruction quality. Our method is more efficient while maintaining
comparable or better quality than state-of-the-art baselines.

alignment strategies across exposures [11, 17]. While effective in some cases, these heuris-
tics struggle with large motion or significant exposure differences, and frame rate limitations
and motion artifacts persist in multi-exposure HDR video.
Learning-Based HDR Image and Video Reconstruction. Later works apply deep learning
to handle these edge cases, but often rely on supervised training with synthetic data, limiting
adaptability to real-world scenes and camera sensors [4, 5, 26]. Other methods use stop-
motion exposure-bracketed stills [28], which fail to capture natural scene motion. The most
closely related work is SelfHDR [31], a self-supervised HDR reconstruction method using
multi-exposure inputs. SelfHDR assumes the target image has mid-level exposure, which is
reasonable for static images but problematic in video. In HDR video, the target frame may
be a high-exposure input with highlight clipping, causing structural detail loss. As a result,
applying SelfHDR to video is unreliable.
Video Interpolation. Video interpolation has a long history, notably in compression stan-
dards like MPEG [19] and HEVC [25], where intermediate frames are predicted using block-
based motion vectors to avoid redundant encoding of static regions. However, these methods
are prone to artifacts and struggle with complex motion. Recent advances include interpo-
lation based on the Fourier Shift Theorem [8], and deep learning methods that learn trans-
formations in the latent space of convolutional networks [22] or generative models [27].
Despite their success, these approaches target standard dynamic range (SDR) video and do
not exploit exposure redundancy in HDR settings.
HFR-HDR Video Reconstruction. Existing HFR-HDR methods often rely on specialized
hardware. Chang et al. [3] combined a high-speed spike camera with a low-frame-rate RGB
sensor using alternating exposures to achieve 1000 FPS HDR. Similarly, Çoğalan et al. [6]
used dual-exposure sensors to capture lower and higher exposures simultaneously. While
effective, such systems are costly and impractical for consumer use.

To avoid hardware dependence, recent work has focused on software-based HFR-HDR
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using alternating exposures. Khan et al. [18] proposed DeepHS-HDRVideo, which uses
a pre-trained interpolator to align same-exposure frames before merging them into HDR,
enabling recursive temporal upsampling on standard cameras.

However, their multi-stage pipeline—using a separate interpolator before HDR merging—
introduces significant computational overhead. In contrast, our method retains the hardware-
free advantage of DeepHS-HDRVideo but unifies HDR reconstruction and interpolation in a
single-stage framework, better leveraging exposure redundancy and enabling real-time HFR-
HDR synthesis on mid-range GPUs.

3 Methodology

3.1 Pipeline Overview
Given a low dynamic range (LDR) video sequence {L̃i | i = 1, . . . ,n} captured at a low frame
rate (e.g., 30 FPS) using alternating exposure values, our goal is to reconstruct a high-frame-
rate (e.g., 60 FPS) high dynamic range (HDR) video, as illustrated in Figure 1. Specif-
ically, our model takes three consecutive LDR frames F0,F1,F2 and a target intermediate
time t ∈ (0,2) as input, and outputs the corresponding HDR frame in linear domain at time
t. Following prior work [4, 16, 21], we assume the camera response function (CRF) [10]
of the LDR frames is known. Then, to simplify processing and ensure consistency across
different cameras and settings, we replace the original CRF with a fixed gamma curve using
Li =

(
F−1(L̃i)

)1/γ with γ = 2.2 [4].
An overview of our pipeline is shown in Figure 2. We extend existing HDR video re-

construction frameworks by introducing a novel interpolation module for synthesizing HDR
frames at any intermediate time. The entire pipeline can be trained end-to-end with ground-
truth data or via our self-supervised framework, reducing the need for paired supervision.

3.2 Network architecture
Conventional HDR video reconstruction frameworks [4, 15, 28] typically consist of a flow
estimation module followed by a fusion network. We extend this architecture with a novel
interpolation module, named InterpNet, which synthesizes temporally aligned HDR frames
by interpolating optical flow as an implicit quadratic function of time.

Given three consecutive alternating-exposure frames F0,F1,F2, we first compute bidirec-
tional optical flows F1→0 and F1→2 using a frozen pre-trained FlowNet. These flows capture
motion between the central frame and its adjacent frames. To estimate the optical flow at an
intermediate time t ∈ (0,2), we feed these flows along with the scalar t into InterpNet.

The core design of InterpNet is motivated by the observation that pixel trajectories across
frames often follow a quadratic path in time [12, 29], due to smooth object or camera motion.
Specifically, the flow from a given input frame to an intermediate frame at time t can be
modeled as a function of t, t2, and the known flows between neighboring frames. To exploit
this prior, we transform the original flows into a higher-dimensional, temporally-aware latent
space using the following quadratic basis:

φ(t; f1→0, f1→2) =
[

f1→0, f1→0 · t, f1→0 · t2, f1→2, f1→2 · t, f1→2 · t2] . (1)

This representation encodes temporal dependencies and structures the input space for
interpolation. To improve expressiveness, we condition it on flow features from the original
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Figure 2: We introduce a novel network architecture and a self-supervised training frame-
work designed to recover both high dynamic range and temporal information from a se-
quence of alternating exposures. Unlike conventional HDR video reconstruction models,
which are typically limited to recovering only the middle frame, our method is capable of
reconstructing an arbitrary frame at any given timestep t.

FlowNet, which help capture non-linear motion, occlusions, and scene complexity beyond
what temporal scaling alone can resolve. The resulting feature volume is passed through a
lightweight convolutional sub-network to estimate target flows Ft→0,Ft→1,Ft→2, which are
then used to warp input frames F0,F1,F2 toward time t. Additional architectural details are
provided in the supplementary material

The warped frames, along with their original LDR counterparts, are passed to a fusion
network (FusionNet), which merges them to reconstruct the final linearly encoded HDR
frame Ĥt . Following the design of HDRFlow [28], FusionNet is a U-Net-like architecture
that predicts fusion weights for combining the linear input frames. In our implementation,
we retain the original FlowNet and FusionNet modules from HDRFlow, incorporating only
our InterpNet as a plug-and-play component. This modular design enables easy adoption
with minimal computational overhead.

3.3 Training Framework
We introduce two training paradigms for our network: a supervised approach that leverages
high-frame-rate HDR ground truth when available, and a self-supervised alternative that
relies solely on alternating-exposure LDR videos.

3.3.1 Supervised Training

Given HDR ground truth Hgt
t at time t, we apply a reconstruction loss on both the predicted

HDR frame Ĥt and the temporally aligned ground truth frames:

Lsup = Lrec(T (Ĥt),T (Hgt
t ))+

2

∑
i=0

Lrec(T (W(Hgt
i ,Ft→i)),T (Hgt

t )). (2)
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Here, T (·) is the differentiable µ-law tone mapping (Eq. 3), and W(I,F) warps image I
using flow F . Following prior work [18, 26, 28], the reconstruction loss Lrec is computed in
the tone-mapped domain to better reflect perceptual differences. This can be expressed as:

T (H) =
log(1+µH)

log(1+µ)
, (3)

with µ = 5000, the reconstruction loss is defined as a linear combination of the L1 loss and
a multi-scale Laplacian pyramid loss (with 5 levels) [24]. The use of the Laplacian pyramid
encourages accurate reconstruction of high-frequency details and textures.

3.3.2 Self-Supervised Training

To eliminate the need for HDR ground truth, we propose a self-supervised framework using
only alternating-exposure input. Our approach is inspired by classical HDR fusion, which
combines multi-exposure LDR images Li (with exposures ei) into an HDR image Hfusion

using linear irradiance li = CRF−1(Li)/ei and pixel-wise exposure-aware weights w(Li):

Hfusion =
∑i w(Li) · li

∑i w(Li)
. (4)

This equation represents how an HDR image would ideally be formed from multiple
exposures. If the full exposure set were available at timestep t, we could train a network to
minimize the reconstruction error against Hfusion

t at t over a training set D as follows:

ED
[∥∥Ĥt −Hfusion

t
∥∥

1

]
. (5)

By applying triangle inequalities and imposing a constraint on the weight function such
that ∑i w(Li)≥ 1, we can derive an upper bound for this ideal loss:∥∥Ĥt −Hfusion

t
∥∥

1 ≤ ∑
i

w(Li
t) ·

∥∥Ĥt − li
t
∥∥

1 . (6)

Since we only have a single LDR frame Lt (with corresponding linear irradiance lt ) per
timestep in our self-supervised setting, we propose to train our network by minimizing a
partial term of the upper bound based on this available frame:

ED
[
w(Lt) ·

∥∥Ĥt − lt
∥∥

1

]
. (7)

Despite relying on a single LDR frame per timestep, the loss remains effective due to the
alternating exposure pattern. Sampling the target time t during training exposes the network
to both under- and over-exposed frames, enabling the partial loss to approximate gradients
effectively.

A potential degenerate solution to minimizing Eq. 7 is for the network to mimic the
input’s alternating exposure pattern. Our design prevents this: the fusion network, which
generates the final HDR output, has no access to the target time t or exposure metadata. Al-
though t is used in flow estimation, the fusion stage lacks temporal cues and cannot directly
reproduce the exposure sequence.

In our implementation, we adopt the per-pixel exposure-aware weighting function w(·)
from [14], visualized in Figure 2, and apply Eq. 7 in the tone-mapped domain to better reflect
perceptual differences. This results in the following self-supervised reconstruction loss:

Lsel f _recon = w(Lt) ·
∥∥T (Ĥt)−T (lt)

∥∥
1 (8)
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Model PU-tone mapping µ-tone mapping Q∗
LPIPS ↓ Time

PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑ (ms)
HDRFlow [28] (Trivial Copy) 24.60 0.7630 30.62 0.8463 0.1522 24.14
M2M-VFI [13]+ HDRFlow 28.90 0.8726 34.90 0.9190 0.1163 183.08
EMA-VFI [30] + HDRFlow 29.79 0.8934 35.74 0.9334 0.1164 99.08
DeepHS-HDR [18] (EMA-VFI) 29.83 0.9081 35.53 0.9414 0.1266 417.61
DeepHS-HDR [18] (M2M-VFI) 29.16 0.8844 34.91 0.9259 0.1274 583.81
Ours 29.88 0.8927 35.77 0.9326 0.1010 28.25
Ours (Self-supervise) 29.29 0.8835 35.23 0.9266 0.1104 28.25

Table 1: Results on our testing set with 2× interpolation. The best score in each column is
bolded, while the second best is underlined

Finally, we introduce a cycle consistency loss to enhance temporal coherence in the ab-
sence of supervision. Given a predicted HDR frame Ĥt , we use it along with t0 and t2 to
re-predict the central frame at t1, enforcing:

Lsel f = Lsel f _recon +λcycleLcycle, (9)

where Lcycle is the Lsel f _recon loss applied to the cyclically reconstructed frame, and λcycle
balances its contribution.

4 Dataset
Existing datasets are insufficient for training and evaluating HDR video reconstruction and
interpolation under alternating exposures. To address this, we introduce a dataset of 95 raw
HDR videos (32,427 frames) captured at 60 FPS in 12-bit ProRes RAW using a Sony FX6
camera. The videos cover diverse scenes, lighting, and motion for robust model develop-
ment.
Ground Truth. We decode RAW footage into linear HDR radiance frames using Adobe
Premiere Pro. For low-light scenes, we apply video denoising selectively to improve signal
quality while preserving details.
Input Generation. From each video, we synthesize two exposure levels: a base exposure
(EV0) and a higher exposure (e.g., EV4), selected to span the effective captured dynamic
range (approximately ∼12 stops). These frames are interleaved to simulate alternating ex-
posures. To maintain realistic noise characteristics, only the higher-exposure frames are
denoised. The resulting sequences are saved in 8-bit sRGB format at 30 FPS by dropping
every other frame. This processed data serves as both the training and evaluation set for our
model. See supp. materials for additional details about the dataset and processing pipeline.

5 Experiments
Implementation details. We trained our network on an NVIDIA L40 GPU using the
Adam optimizer for a total of 40 epochs. The learning rate was set to 0.001 with a 3-epoch
warm-up, then decreased to 0.0001 and halved at epochs 20 and 30. We used a batch size
of 16 for supervised training and 8 for self-supervised training. During training, LDR frame
sequences were randomly cropped to 512×512; for self-supervised training, the input crops
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Model PU-tone mapping µ-tone mapping Q∗
LPIPS ↓ Time

PSNR ↑ SSIM ↑ PSNR ↑ SSIM ↑ (ms)
HDRFlow [28] (Trivial Copy) 23.51 0.7244 29.58 0.8184 0.16714 24.14
M2M-VFI [13]+ HDRFlow 25.45 0.7944 31.56 0.8663 0.1591 245.23
EMA-VFI [30] + HDRFlow 26.64 0.8334 32.71 0.8938 0.1590 246.96
DeepHS-HDR [18] (EMA-VFI) 26.89 0.8545 32.80 0.9069 0.1702 1145
DeepHS-HDR [18] (M2M-VFI) 25.76 0.8133 31.72 0.8798 0.1734 1142
Ours 27.18 0.8385 33.21 0.8979 0.1386 66.14
Ours (Self-supervise) 26.32 0.8176 32.40 0.8839 0.1520 66.14

Table 2: Results on our testing set with 4× interpolation.

Method PSNRPU ↑ SSIMPU ↑ PSNRµ ↑ SSIMµ ↑ Q∗
LPIPS ↓

Ours (Self-supervise) 29.29 0.8835 35.23 0.9266 0.1104
W/o cycle loss 28.36 0.8656 34.35 0.9152 0.1218
W/o FlowNet features 29.05 0.8793 35.00 0.9237 0.1108
Using implicit function of t 28.54 0.8701 34.52 0.9183 0.1206

Table 3: Ablation study on the impact of loss design and interpolation architecture choices.

were augmented with random rotations and flips. In self-supervised training, λcycle was set
to 0.1.

5.1 Comparison with Baselines

We compare our method against two groups of baselines. The first combines state-of-the-
art video interpolation models (M2M-VFI [13] and EMA-VFI [30]) with an HDR video
reconstruction method (HDRFlow [28]): the target frame at time t is first interpolated, then
used with its neighbors as input to the HDR reconstruction network. The second group
follows the DeepHS-HDR pipeline [18], combined with various interpolation models (M2M-
VFI [13] and EMA-VFI [30]). As a lower bound, we include a trivial copy baseline that
simply uses the nearest HDR output to approximate the frame at time t. All baselines were
fine-tuned on our dataset using the authors’ recommended settings. For DeepHS-HDR, we
re-implemented the method based on the paper, as no official code was available.
Quantitative results. Tables 1 and 2 report results on our test set for 2× (30→60 fps) and
4× (15→60 fps) video interpolation. We evaluate using full-reference metrics: PSNR and
SSIM computed on tone-mapped outputs using both perceptually uniform (PU)[1] and µ-
law mappings[15], the learned perceptual metric Q∗

LPIPS [2], and runtime on an RTX 4070
Super at 1280×720 resolution. Our supervised model matches or outperforms baselines in
quality while achieving a 2.5× speedup. Notably, our self-supervised variant also surpasses
several supervised baselines, demonstrating strong performance without HDR ground truth.
Qualitative results. Figure 3 presents visual comparisons between our method and existing
baselines on the test set. Our method consistently produces sharper images with greater
detail, particularly in regions with large or fast motion. We attribute this improvement to
our single-stage pipeline, which jointly performs HDR reconstruction and interpolation in
a single pass. In contrast, two-stage methods typically rely on same-exposure frame pairs
(e.g., EV0–EV0 or EV4–EV4) for motion interpolation, which can result in inaccurate or
blurred estimates. As a result, these methods struggle to handle fast motion across frames
with varying exposures.
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Figure 3: Visual comparison of HDR frame interpolation results. We abbreviate M2M-
VFI + HDRFlow as M2M-HDRF and DeepHS-HDR + EMA-VFI as DeepHS-EMA. The
“Input Overlay” shows the average of input frames in the linear irradiance domain. All
linear outputs are tone-mapped using Photoshop’s HDR tone mapping for display purposes.

5.2 Ablation Study

We conduct an ablation study to evaluate the contributions of key components in our frame-
work. The results are detailed in Table 3.

Loss function. Using only the self-supervised reconstruction loss (i.e., without the cycle-
consistency term) already yields good results, highlighting the effectiveness of our weighted
log loss. Adding the cycle-consistency loss further enhances performance across all met-
rics—particularly in perceptual quality—by enforcing temporal coherence and aiding in the
constraining of poorly exposed regions.

Architecture Design. Removing the reuse of FlowNet features leads to drops in accuracy,
emphasizing its role in refining latent flow representation within InterpNet. We also evaluate
an alternative model where the target time t is represented implicitly by concatenating it to
the input. This variant performs noticeably worse, demonstrating the benefit of an explicit,
structured interpolation mechanism—especially important in self-supervised settings where
no ground truth labels are available to anchor the temporal mapping.
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6 Conclusion
We presented a novel unified framework for high-frame-rate HDR video synthesis from
exposure-bracketed video, enabling both reconstruction and interpolation in a single end-to-
end trainable model. Our method exploits the temporal redundancy and exposure variation
across frames to produce temporally consistent HDR video at arbitrary timesteps. By in-
troducing a lightweight interpolation module grounded in quadratic motion modeling and a
self-supervised training framework, we reduce the reliance on paired HDR video data while
maintaining competitive reconstruction quality. We further contribute a high-quality dataset
tailored to this underexplored task. Extensive experiments demonstrate that our approach
achieves state-of-the-art accuracy with significantly lower computational cost, making real-
time HDR video synthesis feasible on mid-range GPUs. We hope this work and dataset
inspire further research in HDR video interpolation and reconstruction for commodity cam-
era systems.
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