
SplitHDR: Saturation-Aware HDR Recovery and
Denoising for Real-Time Detection

Jaewon Kim⋆, Sol Namkung⋆, and Dongsuk Jeon

Seoul National University, Seoul, South Korea
{jaewon.j.kim,nksol0405,djeon1}@snu.ac.kr

Abstract. High Dynamic Range (HDR) imaging is indispensable for
autonomous driving to ensure robust perception under changing light-
ing conditions, such as tunnel exits or night driving. However, exist-
ing learning-based HDR methods suffer from excessive computational
costs and latency, making them impractical for real-time edge deploy-
ment. In this paper, we propose SplitHDR, an extremely lightweight
HDR framework tailored for machine vision. Leveraging advanced sen-
sor technologies designed to minimize temporal displacement, our ap-
proach avoids relying on heavy alignment modules and introduces a
luminance-aware dynamic inference mechanism. Specifically, the model
constructs a saturation mask based on input intensity, efficiently routing
saturated regions to a multi-frame fusion mode and unsaturated regions
to a lightweight denoising mode. This task decomposition ensures that
computational resources are allocated only where necessary. Experimen-
tal results demonstrate that our method achieves state-of-the-art effi-
ciency with only 0.002M parameters and 3.63 GMACs, reducing the pa-
rameter count by over 99% compared to existing multi-exposure models.
Despite the extreme compression, the HDR images reconstructed by our
approach effectively preserve critical structural details, yielding highly
competitive object detection performance crucial for safety-critical au-
tonomous systems.

Keywords: HDR imaging · Object detection · Autonomous driving ·
Vision for edge devices

1 Introduction

Autonomous driving relies on real-time visual perception, specifically robust ob-
ject detection and recognition of vehicles, pedestrians, and traffic-control ele-
ments, to ensure safe planning and control [20, 38]. However, perception must
remain reliable under extreme illumination changes, such as tunnel exits, night-
time streets with strong headlight glare, or scenes that simultaneously con-
tain very bright highlights and dark shadows. In such conditions, conventional
⋆ Equal contribution.
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(a) Comparison on ROD dataset [39]
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(b) Performance vs. efficiency

Fig. 1: Representative results and performance-efficiency comparisons. (a)
Visual comparison on the ROD dataset [39]. Our method effectively suppresses noise
in low-light regions and preserves highlight details across high dynamic range areas (see
ROI crops). (b) Ours achieves state-of-the-art object detection (AP50) with significantly
lower computational cost (2.47k params, 3.63 GMACs) than prior HDR baselines.

low-dynamic-range (LDR) imaging frequently produces saturated highlights and
under-exposed regions, discarding radiance cues that are critical for downstream
detection and tracking [2].

HDR imaging is a natural remedy, traditionally achieved by recovering an
HDR radiance map from LDR images. Recently, deep learning-based approaches
have achieved impressive visual quality by learning to align and fuse exposure
brackets in dynamic scenes [40], and even by leveraging generative priors such as
diffusion for extreme exposure gaps [7]. However, these improvements often come
with substantial computational overhead, prohibitive under the strict latency
constraints and limited computing budgets of automotive edge platforms [24,38].

In parallel, sensor-side HDR has advanced rapidly in automotive imaging.
Modern automotive CMOS sensors provide on-sensor HDR using specialized
readout and split-pixel architectures, eliminating motion artifacts compared to
conventional multi-frame HDR [18,33]. However, these sensor-level solutions still
face inherent limitations, such as SNR drops at gain transition and amplified
noise in under-exposed regions.

These limitations underscore a critical requirement: HDR for autonomous
driving must be optimized for strict latency constraints while prioritizing ro-
bust downstream perception over photorealistic reconstruction. Moreover, not
all pixels require the same treatment. In typical driving frames, large areas are
reasonably exposed, while failures are concentrated in (i) over-exposed satu-
rated highlights where texture details are lost due to clipping, and (ii) noisy
low- and mid-exposed regions where discriminative cues are weakened. This
motivates a region-adaptive strategy that allocates computation where it most
benefits perception.

In this work, we propose an ultra-lightweight HDR pipeline employing
a divide-and-conquer strategy. Our approach decomposes the problem into



SplitHDR: Saturation-Aware HDR Recovery for Real-Time Detection 3

two complementary sub-tasks: (1) HDR recovery for saturated regions and
(2) denoising and enhancement for unsaturated regions. Then, they are
applied selectively via a saturation-aware guidance map. We evaluate the pro-
posed method on driving-oriented HDR data and report performance metrics
for both reconstruction and detection accuracy under a fixed tone mapping and
image signal processing (ISP) pipeline. As shown in Fig. 1b, our model is signif-
icantly more efficient (e.g., ∼668× fewer parameters and ∼2,130× fewer compu-
tations than other state-of-the-art multi-exposure HDR networks) while main-
taining competitive reconstruction quality and detection robustness (Fig. 1a).

2 Related Work

HDR Image Reconstruction. Recovering the high dynamic range typically
involves merging bracketed exposures. Classic HDR methods reconstruct a radi-
ance map from these exposures using rule-based algorithms [8], typically followed
by a tone mapping step for display. Meanwhile, exposure fusion [29] provides a
practical alternative by blending bracketed LDR frames into a tone-mapped
HDR image without explicit radiance map reconstruction. However, these con-
ventional approaches often fail to reconstruct missing details in saturated or
noisy regions. To address these limitations, recent studies have extensively ex-
plored deep learning-based approaches. Single-image methods [6, 9, 26] attempt
to suppress noise in under-exposed regions and recover clipped highlights, but
often lack radiometric accuracy as they rely on estimating missing information
without physical reference. For high-fidelity HDR reconstruction, multi-exposure
methods employ complex modules ranging from attention [40] to generative pri-
ors [7], yet these incur immense computational overhead.

HDR Sensors for Automotive Applications. To avoid the massive compu-
tational cost of compensating for misalignment between multi-exposure frames,
modern automotive CMOS image sensors have shifted towards advanced ar-
chitectures, such as multiple pixel gain [23, 34], multi-tap charge-splitting [11],
lateral overflow integration capacitor (LOFIC) [1, 13], and split photodiodes [3,
17,35]. These technologies enable the simultaneous capture of varying exposures
within an identical integration time, physically eliminating macroscopic motion
artifacts. However, simple blending after sensor acquisition introduces new bot-
tlenecks such as amplified shot noise in under-exposed regions and SNR drops
at hard-switching gain transitions [36]. Aligning with this trend, our framework
assumes a synchronized multi-exposure input stack, strategically allocating the
computational budget to resolve these inherent limitations.

Lightweight HDR Models for Edge Device Deployment. Processing
high-resolution, high-frame-rate image streams in real-time embedded vision
systems demands highly optimized models for hardware accelerators (e.g., FP-
GAs or ASICs). While efficient object detection algorithms [14, 31] have been
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(a) Day (mid-exposure LDR) (b) Night (mid-exposure LDR)

Unsaturated Saturated

All 83.94% (±7.44%) 16.06% (±7.44%)
Day 79.80% (±7.83%) 20.20% (±7.83%)
Night 88.08% (±3.88%) 11.92% (±3.88%)

(c) Saturation ratio

Fig. 2: Saturation in mid-exposure LDR frames. Saturated regions are visualized
with red hatching, showing that saturation occupies only a fraction of the image and
varies by scene (day vs. night).

accelerated on FPGAs with reported throughput exceeding 100 FPS [10, 25],
lightweight models for the upstream HDR fusion remain scarce. Although a few
hardware-acceleration studies for HDR exist [4,32], they are confined to conven-
tional rule-based methods. For learning-based approaches, previous work such
as LightFuse [27] proposed a dual-exposure fusion network for FPGA imple-
mentation, reporting 33 FPS on an NVIDIA Tesla V100 GPU. However, the
absence of a less-noisy mid-exposure frame limits denoising effectiveness, which
degrades reconstruction quality and yields weaker downstream object detection
performance. Our approach preserves efficiency comparable to LightFuse, while
providing superior HDR fusion performance. Moreover, our method achieves or
exceeds the detection accuracy of heavier state-of-the-art approaches.

3 SplitHDR

3.1 Motivation: Saturation Is Sparse, but Fusion Is Expensive

HDR reconstruction is primarily needed in clipped regions: once the sensor sat-
urates, pixel values no longer increase with scene radiance and must be recov-
ered by fusing multiple exposures. In practice, however, saturation is typically
bounded and localized rather than pervasive. This is because exposure-control
methods [16,19,30] explicitly penalize saturation, choosing exposure by balanc-
ing highlight clipping against noise and reconstruction error in the remaining
well-exposed regions. Moreover, HDR bracketing strategies commonly include a
user- or system-defined tolerance on the maximum percentage of underexposed
or saturated pixels [28].

In driving scenes, extreme highlights (e.g., sun glints, headlights) can make
clipped pixels non-negligible. Nevertheless, unsaturated pixels still occupy the
majority of the image in our driving HDR dataset (mean 83.9% with std. 7.4%,
Fig. 2). This leads to a clear inefficiency: conventional fusion networks spend
most of their compute on regions that are already well-exposed. Furthermore,
exposure importance is highly region-dependent (Fig. 3). In unsaturated areas,
the long exposure provides the best SNR and the highest PSNR to the HDR
ground truth, while in saturated areas the long exposure is clipped and the
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Fig. 3: Exposure-dependent fidelity across regions. Right: Saturated (green
box) and unsaturated (blue box) ROIs. Left: Linear PSNR comparison across expo-
sures. The short exposure yields the best PSNR for saturated areas, whereas the long
exposure is optimal for unsaturated areas.

short exposure retains the most useful details. These observations motivate a
region-aware design that (i) partitions processing based on local characteristics
and (ii) prioritizes efficiency for the unsaturated majority and focuses compute
on saturated regions.

3.2 Backbone Architecture and Dual-Mode Operation

Three-Exposure Interface and Residual Learning. Our lightweight back-
bone is inspired by LightFuse [27], which originally performs dual-exposure fusion
using two sub-networks: GlobalNet utilizing a U-Net-like structure constructed
with depthwise and depthwise-separable convolutions, and DetailNet composed
of a sequence of point-wise convolutions operating on full-resolution features.
As shown in Fig. 4a, we extend the input interface from dual to three-exposure
stack. Specifically, we utilize the mid-exposure frame as a reference via a global
skip connection, as it is typically well-exposed for the majority of pixels (Fig. 2).

Let (s,m, l) denote short, mid, and long LDR frames in linear space and let
T (·) be a differentiable range-compression operator (e.g., µ-tonemap) used for
training stability:

Xs = T (s), Xm = T (m), Xl = T (l). (1)

The backbone predicts a residual correction around the mid-exposure frame:

Ŷbase = Xm +∆(Xs, Xm, Xl), (2)

where ∆(·) is produced by combining the global and detail branches. This archi-
tecture preserves the scene structure of the mid-exposure and improves optimiza-
tion stability under a limited parameter budget. Consequently, the network can
focus on learning the necessary residual corrections, recovering clipped highlights
and enhancing shadowed regions relative to the reference.
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(a) Architecture of the lightweight fusion backbone
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(b) Region-aware mode configuration

Fig. 4: Backbone architecture and region-adaptive parameters. (a) The back-
bone architecture with a dual-branch structure and global skip connection for residual
learning. (b) The model dynamically switches configurations: saturated mode fuses all
inputs using the full backbone, while unsaturated mode bypasses Xs, halving interme-
diate channel widths (red hatching) to save compute.

Task-Specialized Dual-Mode Operation. Building on the lightweight back-
bone above, SplitHDR operates in two task-specialized configurations for un-
saturated and saturated regions, respectively. For unsaturated regions, we
remove the short-exposure dependency (i.e., the short frame is not fed to the
network in this mode). Excluding this input not only prevents the lowest-SNR
frame from propagating unnecessary noise, but also enables substantial channel
reduction (e.g., 9 → 6 channels for GlobalNet and 32 → 16 channels for Detail-
Net) by disabling the hatched components in Fig. 4b. As a result, the network
processes the majority unsaturated area at a drastically reduced cost. For satu-
rated regions, the full backbone is activated, and the short exposure is used to
recover lost details in over-exposed regions. This conditional design yields two
compute profiles: the saturated mode corresponds to the full backbone of 1.8k
parameters, whereas the unsaturated mode has substantially fewer parameters
(0.67k) due to the reduced feature width. Since unsaturated pixels dominate in
practice (Fig. 2), SplitHDR spends most of its budget on the cheap path and
allocates the heavier fusion path only to saturated regions where it is needed.

3.3 Region-Aware Routing for Conditional Execution

To enable dual-mode operation, SplitHDR uses a soft saturation mask as guid-
ance. The mask is used during training to learn two task-specialized parameter
sets, and during inference to realize conditional execution by region. Based on
the mask value α, the image is categorized into three distinct regions: unsatu-
rated (α = 0), saturated (α = 1), and a soft transition region (0 < α < 1). The
unsaturated region, which constitutes the majority of the image, is processed
using configuration with reduced channels. Conversely, the saturated region ac-
tivates the full backbone configuration to recover clipped details. To prevent
boundary artifacts and ensure a visually smooth transition, regions with in-
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Fig. 5: Overview of region-aware dual-mode execution. SplitHDR dynamically
switches parameter sets based on the saturation mask α. By selectively executing com-
putations across saturated, unsaturated, and blending regions, the network drastically
reduces redundant operations while preserving high-fidelity reconstruction.

termediate mask values are evaluated by both configurations and subsequently
blended according to α. This strategy avoids executing the expensive saturated
configuration across the entire frame, focusing the processing only on tiles that
contain saturation (Fig. 5).

Saturation Mask Generation. In our preprocessing, the mid exposure is
represented in a linear domain but normalized to the short-exposure reference
scale. As a result, even if the original mid frame clips at value 1 in its own
sensor scale, its maximum representable value in our mid input is bounded by
the exposure ratio r, which is defined as

r =
ts
tm

, (3)

since intensities are scaled down to match the short reference. To ensure consis-
tency with the network input, we apply the same range compression operator
T (·) used for training when comparing luminance values to thresholds.

We first compute a luminance proxy from the mid frame in the network-input
domain:

Ym =
Rm + 2Gm +Bm

4
, (4)

where (Rm, Gm, Bm) are the channels of the range-compressed mid input. We
then define upper and lower thresholds around the saturation boundary:

τupper = T (r), τlower = 0.9 T (r), (5)

where τupper corresponds to the maximum mid value under short-reference nor-
malization (i.e., confidently saturated), and τlower marks the onset of saturation.
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Finally, we form a soft transition mask α ∈ [0, 1] via a linear ramp with
clamping:

α = clamp

(
Ym − τlower

τupper − τlower + ε
, 0, 1

)
. (6)

The transition band [τlower, τupper] avoids a hard binary decision: boundary pix-
els receive gradients from both modes during training and are alpha-blended
during inference, yielding smoother transition around saturation edges.

Exclusive Masked Supervision. Instead of relying on a single network to
address the conflicting objectives of noise suppression in shadows and texture
recovery in highlights, a divide-and-conquer strategy is adopted in the training
stage. As shown in Fig. 5, we enforce specialization of the two execution modes by
applying an exclusive pixel-wise training signal. In other words, the unsaturated
mode is trained primarily on unsaturated pixels, and the saturated mode is
trained primarily on saturated pixels, using the soft mask α.

We denote the two mode outputs as Ŷunsat (unsaturated mode) and Ŷsat

(saturated mode). Let Y denote the supervision target in the same domain as
the network output. We use a ℓ1 reconstruction loss and weight it per pixel:

Lunsat =

∑
p(1− αp) ∥Ŷunsat,p − Yp∥1∑

p(1− αp) + ε
, Lsat =

∑
p αp ∥Ŷsat,p − Yp∥1∑

p αp + ε
. (7)

Then, we optimize the total objective as

L = λunsatLunsat + λsatLsat. (8)

Here, pixels with αp ≈ 0 (unsaturated) contribute almost exclusively to Lunsat,
while pixels with αp ≈ 1 (saturated) contribute almost exclusively to Lsat. The
transition band of α softly shares supervision near the boundary, which reduces
artifacts around saturation edges.

Conditional Inference Execution. At inference time, we synthesize a unified
HDR prediction by combining the two mode outputs using the soft mask. First,
we partition the image into tiles and determine the required execution modes
based on its average saturation ratio within each tile (e.g., saturated tiles whose
mean mask value satisfies 1

|T |
∑

p∈T αp ≥ γ, where we set γ = 0.01 (1%)). Next,
tiles are processed using their corresponding execution modes: the unsaturated
configuration is invoked for unsaturated tiles, the saturated configuration for
saturated tiles, and both for transition tiles to enable seamless blending. Finally,
the outputs are blended pixel-wise according to the soft mask α to produce the
final HDR prediction Ŷ :

Ŷ = (1− α)⊙ Ŷunsat + α⊙ Ŷsat, (9)

where ⊙ denotes element-wise multiplication. This tile-wise conditional execu-
tion avoids running the expensive saturated configuration on unsaturated tiles,
yielding substantial compute savings in practice.
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HDR Raw Image Demosaic
Auto White 

Balance

Apply Exposure 

and Clipping

(-2EV, 0EV, +2EV)

Add Noise

(Shot + Read)
LDR Images

Fig. 6: ISP pipeline for synthetic multi-exposure LDR generation. We process
24-bit HDR Bayer raw images into linear RGB HDR images via demosaicing and auto
white balance. We then generate three LDR brackets through exposure scaling, and
inject noise to simulate realistic sensor measurements.

4 Experiments

4.1 Dataset and Implementation Details

Dataset. We validate our method using a multi-exposure fusion dataset synthe-
sized from the ROD benchmark [39], comprising 16,089 training and 4,000 testing
samples. It provides 24-bit Bayer raw sensor data captured in day and night driv-
ing scenes, annotated with six traffic-related categories. As illustrated in Fig. 6,
we simulate the physical acquisition process by generating three-exposure stacks
with 2-stop intervals (i.e., ∆EV= 2, corresponding to a 4× exposure ratio be-
tween adjacent frames) from the Bayer raw ground truth. To ensure realistic
sensor degradation, we inject heteroscedastic Gaussian noise calibrated to ac-
count for both signal-dependent shot noise and signal-independent read noise,
following standard Poisson-Gaussian noise modeling [5, 12]. Full details on pre-
processing can be found in our supplementary material.

Implementation Details. The proposed method is implemented using Py-
Torch. The model is trained on the entire training set, which consists of 16,089
exposure stacks with 2880×1856 resolution. The network weights are initialized
using the He initialization [15] and optimized via the Adam optimizer [21] with
parameters β1 = 0.9, β2 = 0.999, and ϵ = 10−8. The learning rate is fixed at
1 × 10−3 throughout training. We adopt exhaustive tiling: each stack is parti-
tioned into non-overlapping 256× 256 tiles (77 tiles per stack), and all tiles are
used as training samples, resulting in 1,238,853 patch samples in total (309,714
optimization steps with batch size 4). Geometric augmentations, including ran-
dom horizontal flips, vertical flips, and rotations, are applied during training.

Model for Downstream Detector. Assuming real-time processing for au-
tonomous driving scenarios, we employ YOLOX-Tiny [14] to evaluate the down-
stream performance. The detection head is reconfigured to predict the six traffic-
related categories defined in the ROD benchmark. To ensure the benchmark is
not biased toward any specific HDR method, the model is trained from scratch
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Table 1: Comparison of different methods in terms of parameters, MACs, HDR re-
construction, and object detection performance

Method Params(k) GMACs HDR Reconstruction Object Detection
PSNR-µ PSNR-L SSIM-µ SSIM-L AP AP50 AP75 AR

HDR (ground truth) - - - - - - 38.34 58.77 40.18 47.83
LDR (mid) - - 30.41 25.89 0.865 0.962 34.24 53.35 36.13 43.67
Exposure Fusion [29] - - 25.01 37.47 0.631 0.930 33.94 52.04 38.82 43.27

AHDRNet [40] 1441.28 7733.12 47.37 50.98 0.994 0.997 38.38 58.72 40.19 47.84
HDRUNet [6] 1651.49 1898.31 37.19 28.55 0.961 0.968 36.36 56.38 38.14 45.78
SCTNet [37] 961.48 5256.57 48.28 51.21 0.995 0.998 38.33 58.61 40.12 47.78
SAFNet [22] 1120.85 3473.70 41.23 49.21 0.950 0.991 38.16 58.51 39.98 47.63
LightFuse [27] 1.57 7.13 40.67 38.82 0.958 0.975 37.88 58.24 39.75 47.20
Ours 2.47 3.63 44.96 46.12 0.985 0.994 38.38 58.75 40.31 47.87

(a) Day scene. (b) Night scene.

Fig. 7: Qualitative comparison results (day scene and night scene)

for 300 epochs on the tone-mapped HDR ground truth rather than the outputs of
any particular method. All inputs are resized to 1280×1280 during both training
and testing to preserve fine-grained spatial details for small object detection.

Evaluation Metrics. For quantitative comparison, we calculate two distinct
sets of metrics. For HDR reconstruction quality, we report PSNR and SSIM on
both the linear HDR domain and the µ-tonemapped domain. For downstream
detection performance, we adopt Average Precision (AP) and Average Recall
(AR) over all Intersection-over-Union (IoU) thresholds. Furthermore, AP values
at specific IoU thresholds of 0.5 (AP50) and 0.75 (AP75) are provided to analyze
detection accuracy at varying degrees of strictness. For model complexity, we
report the total number of parameters and MACs calculated at a fixed input
resolution of our dataset.

4.2 Comparisons with Prior Work

We compare SplitHDR with state-of-the-art HDR fusion methods in terms of
HDR quality and downstream object detection, as summarized in Table 1 and
Fig. 7. Our benchmarks include Exposure Fusion [29] as a non-learning baseline,
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Table 2: Object detection performance comparison with state-of-the-art models in
terms of model size and scene-wise detection performance

Input image Params(k) GMACs All Day scene Night scene
AP AR AP AR AP AR

HDR (ground truth) - - 38.34 47.83 38.57 48.44 38.26 47.10
LDR (mid) - - 34.24 43.67 37.92 47.58 31.96 40.80
Exposure Fusion [29] - - 33.94 43.27 35.44 45.09 32.85 41.60

AHDRNet [40] 1441.28 7733.12 38.38 47.84 38.63 48.52 38.28 47.06
HDRUNet [6] 1651.49 1898.31 36.36 45.78 38.33 48.21 35.26 43.99
SCTNet [37] 961.48 5256.57 38.33 47.78 38.59 48.39 38.20 47.05
SAFNet [22] 1120.85 3473.70 38.16 47.63 38.57 48.42 37.94 46.77
LightFuse [27] 1.57 7.13 37.88 47.20 38.46 48.12 37.49 46.19
Ours 2.47 3.63 38.38 47.87 38.67 48.62 38.27 47.07

alongside deep learning models with varied input configurations: HDRUNet [6]
for single-image, LightFuse [27] for lightweight dual-exposure fusion, and AH-
DRNet [40], SCTNet [37], and SAFNet [22] for multi-exposure methods. For fair
comparison, all methods were trained from scratch on our synthetic dataset un-
der the same training budget, adhering to the hyper-parameters recommended
in their original papers.

Quantitative Analysis. We evaluate all methods on the same test split us-
ing identical detection back ends and inference settings. In addition to standard
image-quality metrics (PSNR and SSIM), we report downstream object detec-
tion accuracy to directly measure how HDR reconstruction affects perception
under challenging illumination. As shown in Table 2, our method achieves state-
of-the-art performance with a minimal computational footprint—utilizing only
2.47k parameters and 3.63 GMACs, a reduction of several orders of magnitude
compared to prior models. Despite this efficiency, our method matches or exceeds
prior work on the overall metrics (tied-best All-AP and the best All-AR) and
achieves the best performance in day scenes while remaining highly competitive
at night (within 0.01 AP of the best result).

Qualitative Analysis. Fig. 8 illustrates a representative night case with strong
headlight glare. HDRUNet, constrained by its single-image input, struggles to
reconstruct missing details in saturated regions due to the lack of physical refer-
ences for fusion, resulting in false detections. LightFuse recovers details in satu-
rated regions through the short-exposure frame, but the absence of a less-noisy
mid-exposure frame makes it difficult to adequately denoise the short-exposure
signal, causing noise artifacts to propagate to the final output. Multi-exposure
methods such as Exposure Fusion and SAFNet provide robust results in satu-
rated areas but fail to effectively suppress noise in unsaturated regions, leading to
visible noise in the output. In contrast, our approach balances high-fidelity detail
reconstruction in saturated regions with robust noise suppression in unsaturated
areas. This advantage is reflected in the object detection performance, where our
model achieves accurate localization and higher confidence scores across both
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ROI 1
ROI 2

AHDRNet Exposure Fusion HDRUNet SAFNet SCTNet LightFuse Ours

ROI 1
ROI 2

AHDRNet Exposure Fusion HDRUNet SAFNet SCTNet LightFuse Ours

Fig. 8: Detection results comparison under headlight glare (night). Top: full
view with ROI1 (red) and ROI2 (green). Bottom: per-method ROI crops with detector
boxes and confidence scores. Our method improves highlight recovery and noise sup-
pression, yielding higher-confidence detections.

ROIs. Additional qualitative results across diverse scenes are provided in the
supplementary material.

Computational Efficiency. As summarized in Table 3, we evaluate the com-
putational efficiency of the proposed method. Performance gain denotes the met-
ric improvement achieved by the fused image relative to the mid-exposed LDR
input. Computational efficiency is defined as the performance gain divided by the
total GMACs, representing the benefit-to-cost ratio of each model. This analysis
reveals that our approach achieves significantly higher efficiency than state-of-
the-art algorithms while maintaining or surpassing their detection performance.
While LightFuse, a lightweight dual-exposure fusion model, offers improved ef-
ficiency, our model further optimizes the performance-complexity trade-off by
conditional execution. Specifically, it achieves a ∆PSNR-µ/GMACs of 4.008,

Table 3: Computational efficiency comparison with state-of-the-art models

Method Performance(↑) Perf. gain(↑) Efficiency(↑) Cost(↓)
PSNR-µ AP ∆PSNR-µ ∆AP ∆PSNR-µ

GMACs
∆AP

GMACs Latency(ms) Mem.(MB)

LDR (mid) 30.41 34.24 - - - - - -
AHDRNet [40] 47.37 38.38 16.96 4.14 0.002 0.001 5570.4 4905.3
HDRUNet [6] 37.19 36.36 6.78 2.12 0.004 0.001 2226.5 1404.4
SCTNet [37] 48.28 38.33 17.87 4.09 0.003 0.001 27905.2 5162.76
SAFNet [22] 41.23 38.16 10.82 3.92 0.003 0.001 1800.4 2631.6
LightFuse [27] 40.67 37.88 10.26 3.65 1.439 0.511 15.5 1329.6
Ours 44.96 38.38 14.55 4.14 4.008 1.140 15.0 1233.2
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approximately 2.8 times higher than LightFuse (1.439), and the detection effi-
ciency (∆AP/GMACs) reaches 1.140, significantly exceeding other models.

Furthermore, to validate the practical impact of region-wise conditional exe-
cution, we measure inference latency and peak memory consumption. To ensure a
fair comparison, all models are evaluated under identical conditions and settings
on an NVIDIA RTX 3090 GPU. The input frames are divided into 128×128 tiles
with sufficient overlap to avoid tile-boundary artifacts. Due to the saturation-
aware routing strategy, our method achieves both the shortest latency and the
lowest peak memory usage among all methods. These results demonstrate that
our method provides substantial performance gains with minimal computational
overhead, making it highly suitable for resource-constrained environments.

4.3 Ablation Study

Component-wise Ablation. As shown in Table 4, we perform an ablation
study to clarify the contribution of each component to the performance. Starting
from a single two-exposure backbone as a baseline (C1), we first extend the input
stack to three exposures (C2), then evaluate a naïve capacity-scaled variant that
employs a dual-mode configuration and always executes the full model (C3). We
then add masked supervision (C4) to specialize each mode for its target region.
Finally, we test our saturation-aware conditional execution (C5).

Impact on Task Performance. Increasing model capacity with a dual con-
figuration (C3) contributes most to HDR reconstruction quality (40.93 → 44.01
PSNR-µ) at the expense of additional computational cost (7.84 → 10.23 GMACs);
however, this reconstruction gain does not directly translate into object detec-
tion (37.68 → 37.80 AP). Adding masked supervision to this dual configuration
(C4) leads to substantial detection gains (37.80 → 38.38 AP) with a further mod-
est reconstruction improvement (44.01 → 44.96 PSNR-µ) at the same compute.
These performance gains arise because gradients from saturated pixels predomi-
nantly update the fusion configuration, while gradients from unsaturated pixels
update the denoising configuration. This naturally encourages specialization for
each region instead of forcing a single computation path to handle both regimes.

Table 4: Component-wise ablation study: configurations (top) and performance (bot-
tom). The blue-bold denotes the design choice introduced at that step, and the
underlining indicates the most improved metric from that addition.

Feature C1 C2 C3 C4 C5 (Ours)

Input stack 2 3 3 3 3
# of modes 1 1 2 2 2
Masked supervision – – × ✓ ✓
Tile-wise cond. exec. – – × × ✓

Params (k) 1.57 1.80 2.47 2.47 2.47
GMACs 7.13 7.84 10.23 10.23 3.63
PSNR-µ 40.67 40.93 44.01 44.96 44.96
AP 37.88 37.68 37.80 38.38 38.38
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Impact on Computational Efficiency. Starting from the baseline (C1),
adding an input stack (C2) and a dual-mode configuration (C3) progressively in-
creases both the parameter count (1.57k → 2.47k) and computational cost (7.13
→ 10.23 GMACs). Our conditional execution reduces this overhead without
compromising task performance. The expensive fusion configuration runs only
on saturated regions, while a lightweight denoising configuration (37% of the full
backbone channels) handles the remaining unsaturated regions. As unsaturated
areas dominate most frames (83.94% on average in our dataset), this selective
execution significantly reduces the total compute to 3.63 GMACs, a 54% reduc-
tion over C2 and 65% over C3 and C4. Remarkably, this is even 49% below the
baseline (7.13 GMACs) while achieving higher PSNR-µ and AP, demonstrating
that conditional execution decouples model capacity from compute.

Tile Size and Latency Analysis. To validate our choice of the tile size for
conditional execution, we profile latencies and routing statistics across tile sizes
in Table 5. Compute savings from conditional execution outweigh the scheduling
overhead, and 128×128 provides the optimal latency–overhead trade-off.

Table 5: Tile size analysis and component latency breakdown.

Tile size 32 64 128 256 128
Conditional execution ✓ ✓ ✓ ✓ ✗

Total # of tiles 5220 1305 345 96 345
- Unsaturated only 3848 893 214 52 -
- Saturated only 27 5 1 0 -
- Contains both 1345 407 130 44 345

Total latency (ms) 21.24 16.34 15.24 17.10 17.70
- Mask generation & route 0.53 1.18 1.46 2.70 1.32
- Inference 20.71 15.16 13.78 14.40 16.38

The blue-bold denotes our design choice.

Saturation Threshold and Boundary Consistency. Table 6 presents a sen-
sitivity analysis on the mask type and saturation threshold, showing that the
90% soft mask achieves the best performance. Fig. 9 shows smoother bound-

Table 6: Sensitivity analysis on saturation threshold.

Mask Thres. (%) PSNR-µ SSIM-µ AP AR

Hard (Binary) 90 44.87 0.985 38.35 47.72

Soft

85 44.93 0.985 38.35 47.84
90 44.96 0.985 38.38 47.87
95 44.75 0.985 38.29 47.67
99 42.40 0.981 37.75 47.12

The blue-bold denotes our design choice.
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Result (Binary mask) Map (Binary mask) Result (Soft Mask) Map (Soft Mask)

Fig. 9: Binary vs. soft saturation routing.

aries than hard routing, mitigating the spatial inconsistency risk from running
different parameter sets across regions.

Robustness under Sensor Perturbations. To verify that SplitHDR remains
robust against the diverse perturbations encountered in real sensor pipelines, we
evaluate four perturbation types covering sensor noise, exposure-ratio drift, al-
ternative ISP pipelines, sub-pixel optical offsets of advanced HDR sensors (e.g.,
photodiode-offset and microlens misalignment), and random frame misalign-
ment. Across all variations, SplitHDR remains stable with a drop of at most
0.13 AP and 0.10 AR (approximately 0.3% relative) without retraining. Detailed
experimental setup and results are provided in the supplementary material.

5 Conclusion

In this work, we present SplitHDR, a region-adaptive HDR framework tailored
for real-time object detection in autonomous driving. Our approach addresses
the computational redundancy in existing HDR pipelines by leveraging the ob-
servation that saturation is spatially sparse in typical driving scenarios. By in-
troducing a luminance-aware dynamic routing mechanism, the model effectively
decomposes the HDR task into lightweight denoising for the dominant unsatu-
rated regions and targeted fusion for saturated highlights. Experimental results
demonstrate that this divide-and-conquer strategy yields a highly efficient ar-
chitecture, and the resulting model requires only 3.63 GMACs and 2.47k pa-
rameters, reducing the computational burden by orders of magnitude compared
to state-of-the-art multi-exposure networks. Crucially, this extreme compres-
sion does not compromise downstream perception; the HDR images recovered
by SplitHDR effectively maintain structural details, yielding competitive object
detection performance. These findings validate that allocating computational re-
sources based on pixel-wise information density is a viable path toward deploying
robust, latency-critical perception systems on edge devices.
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