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Abstract

Low-light conditions significantly degrade Unmanned Aerial
Vehicles (UAVs) performance in critical applications. Ex-
isting Low-light Image Enhancement (LIE) methods strug-
gle with the unique challenges of aerial imagery, includ-
ing Ultra-High Resolution (UHR), lack of paired data, se-
vere non-uniform illumination, and deployment constraints.
To address these issues, we propose three key contributions.
First, we present U3D, the first unsupervised UHR UAV
dataset for LIE, with a unified evaluation toolkit. Second,
we introduce the Edge Efficiency Index (EEI), a novel met-
ric balancing perceptual quality with key deployment fac-
tors: speed, resolution, model complexity, and memory foot-
print. Third, we develop U3LIE, an efficient framework with
two training-only designs—Adaptive Pre-enhancement Aug-
mentation (APA) for input normalization and a Luminance
Interval Loss (Lint) for exposure control. U3LIE achieves
SOTA results, processing 4K images at 23.8 FPS on a sin-
gle GPU, making it ideal for real-time on-board deploy-
ment. In summary, these contributions provide a holistic so-
lution (dataset, metric, and method) for advancing robust
24/7 UAV vision. The code and datasets are available at
https://github.com/lwCVer/U3D Toolkit.

Introduction
Unmanned Aerial Vehicles (UAVs) are increasingly de-
ployed in mission-critical tasks such as disaster response and
urban surveillance. However, their effectiveness is hindered
in low-light environments, where captured imagery often
suffers from noise, low contrast, and loss of detail. These
degradations impair downstream vision tasks and threaten
system reliability, making Low-light Image Enhancement
(LIE) a critical technology for ensuring robust UAV oper-
ations 24/7. Unfortunately, existing LIE methods, mostly
developed for ground-level imagery, generalize poorly to
aerial views due to four fundamental challenges (Fig. 1): (1)
UAVs typically operate at high altitudes, requiring Ultra-
High Resolution (UHR) to preserve fine-scale details of
small ground objects; (2) The dynamic nature of UAV flight
makes it infeasible to collect aligned low/normal-light im-
age pairs, necessitating unsupervised learning approaches;
(3) Aerial night scenes exhibit extreme non-uniform illu-
mination, with over-exposed city lights and under-exposed
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Figure 1: Examples from our U3D dataset. Left: low-light
night image. Right: non-paired daytime image. The UAV
low-light scenes feature: critical small-scale details, un-
paired data, deep shadows, and over-exposed lights.

dark zones coexisting in a single frame; (4) On-board de-
ployment demands models with low latency, memory foot-
print, and computational complexity for real-time inference
on resource-limited platforms.

These combined challenges underscore the inadequacy of
simply adapting ground-level LIE methods for UAV appli-
cations. This necessitates a specialized solution that jointly
addresses data availability, aerial-specific visual characteris-
tics, and deployment constraints.

To this end, we present a three-part solution designed to
systematically address these challenges. First, we address
the foundational problem of data and evaluation plat-
forms. We construct and release the U3D (Unsupervised
UHR UAV Dataset), the first dataset specifically designed
for unsupervised LIE on UAVs. U3D contains 1,000 real-
world nocturnal aerial images at 3840×2160 resolution and
1,000 non-paired daytime images of the same size, provid-
ing a solid data foundation for the development and vali-
dation of unsupervised models. Furthermore, we develop a
unified U3D toolkit that integrates 12 representative meth-
ods to provide a fair and reproducible benchmark for fu-
ture research. Second, to more accurately assess the over-
all performance of algorithms in real-world UAV appli-
cations, we propose a new evaluation metric: the Edge
Efficiency Index (EEI). Unlike traditional metrics that fo-
cus solely on visual quality, EEI combines enhancement
performance with efficiency-related factors, including infer-
ence speed, image resolution, parameter count, and compu-
tational complexity. The index is designed to provide a more
comprehensive measure that is closely aligned with practical
deployment needs, thereby guiding algorithm design toward
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a better balance between quality and efficiency. Finally, to
tackle the dual challenges of non-uniform illumination
and on-board deployment, we propose the U3LIE frame-
work. U3LIE (Unsupervised UHR UAV LIE) incorporates
two main innovations: 1) Adaptive Pre-enhancement Aug-
mentation (APA): This is a data augmentation technique
used during the training phase. It preprocesses extremely
dark input images through a pipeline that includes adaptive
gamma correction and local contrast enhancement. The goal
is to normalize the luminance distribution of the input, sim-
plifying the learning manifold for the network, thereby miti-
gating over-exposure in bright areas and noise amplification
in dark areas during the final enhancement. 2) Luminance
Interval Loss (Lint): It is designed to address the critical
trade-off between enhancing dark regions and suppressing
bright regions. Unlike conventional losses that aim for a sin-
gle target brightness, our Lint enforces a desirable lumi-
nance interval. It simultaneously penalizes local regions that
are too dark (falling below a lower threshold) and those that
are too bright (exceeding an upper threshold). This mecha-
nism guides the network to restore details in shadows with-
out causing over-exposure in highlights, which is suitable
for high dynamic range UAV scenes.

Experimental results on the U3D dataset show that U3LIE
achieves an excellent balance between enhancement perfor-
mance and operational efficiency. Notably, when process-
ing 4K (3840×2160) resolution images, U3LIE runs at 23.8
Frames Per Second (FPS), 3× faster than the competing un-
supervised methods such as RUAS (7.6 FPS), while also de-
manding fewer parameters and FLOPs. This demonstrates
its strong potential for practical on-board deployment.

Our main contributions are summarized as follows:
• We construct and release the first unsupervised UHR

UAV dataset (U3D) for LIE, along with its accompany-
ing unified evaluation U3D toolkit.

• We propose a novel Edge Efficiency Index (EEI) for the
comprehensive evaluation of algorithm quality and de-
ployment efficiency in UAV contexts.

• We design the U3LIE framework, which effectively
improves the performance-efficiency balance for UAVs
through the APA training strategy and a novel Lint.

Related Work
Deep learning-based LIE (Wei et al. 2018) has evolved
through several paradigms. Supervised methods, which rely
on paired low/normal-light datasets, are often inspired by
Retinex theory (Zhang, Zhang, and Guo 2019; Wu et al.
2022) or employ end-to-end architectures that learn direct
mappings (Lv et al. 2018; Chen et al. 2018; Wang et al. 2018,
2022). However, acquiring aligned data for dynamic UAVs
is challenging. To overcome this, unsupervised approaches
leverage unpaired data, often using GANs (Zhu et al. 2017;
Jiang et al. 2021; Park et al. 2020; Yang et al. 2020; Zhu et al.
2024b,a). A particularly flexible and lightweight category is
zero-reference learning, pioneered by Zero-DCE (Guo et al.
2020). This approach trains models guided only by non-
reference losses, yielding a family of efficient methods well-
suited for on-board deployment (Liu et al. 2021; Ma et al.

Figure 2: Statistical analysis of the U3D dataset splits. (a)
Luminance distribution, (b) Contrast distribution, and (c)
Average color distribution in CIELAB space. The high de-
gree of overlap between the train, validation, and test sets
demonstrates a consistent and unbiased data partitioning.

2022; Li, Guo, and Loy 2022; Liang et al. 2023; Shi et al.
2024) and forming the basis of our work.

However, progress in the aerial domain is constrained by
inadequate benchmarks. Existing datasets are either low-
resolution (Wei et al. 2018; Chen et al. 2018), designed for
supervised ground-level scenes (Wang et al. 2023), or lack
the top-down perspective and UHR required for UAVs (Yu
et al. 2020; Loh and Chan 2019). No benchmark is tai-
lored for unsupervised UHR UAV enhancement. Crucially,
standard evaluation metrics overlook the practical require-
ments of UAV applications. Metrics focused on fidelity
(e.g., PSNR/SSIM (Wang et al. 2004)) or perceptual qual-
ity (e.g., NIQE (Mittal, Soundararajan, and Bovik 2012),
BRISQUE (Mittal, Moorthy, and Bovik 2012), and PI (Blau
and Michaeli 2018)) focus on visual results and disregard
edge efficiency—a critical factor for on-board systems.

U3D Dataset and Toolkit
To address data scarcity and the lack of standardized evalua-
tion in UAV LIE, we introduce the Unsupervised UAV UHR
Dataset (U3D) and its evaluation U3D toolkit.

The U3D Dataset
U3D is an unpaired dataset designed for unsupervised learn-
ing, given the inherent difficulty in capturing perfectly
aligned image pairs from dynamic UAV flights. The images
were captured in real-world scenarios across diverse loca-
tions. It contains 1,000 UHR (3840×2160) low-light images
and 1,000 non-paired daytime images, covering diverse ur-
ban, residential, and natural scenes. Captured with a profes-
sional gimbal-stabilized UAV at altitudes from 30-120m, the
images are direct camera outputs, preserving authentic sen-
sor noise and artifacts. To ensure fair and reproducible com-
parisons, U3D is partitioned into training, validation, and
test sets (8:1:1). As shown in Fig. 2, the statistical properties
across these splits are consistent, confirming the absence of
partitioning bias and supporting fair model evaluation.

The U3D Toolkit
To facilitate standardized and reproducible research, we de-
velop U3D toolkit, a comprehensive and modular evalua-
tion platform. It decouples the research pipeline—including
data loading, model architectures, loss functions, and train-
ing strategies—into interchangeable modules. This allows



researchers to easily integrate and test new components. To
provide a robust baseline for future work, the toolkit already
integrates 12 representative models, which are used for com-
parison in experiments. By providing this unified platform,
the U3D toolkit significantly facilitates broader participation
for conducting rigorous experiments in this domain.

Edge Efficiency Index (EEI)
Traditional no-reference image quality assessment (NR-
IQA) metrics like NIQE (Mittal, Soundararajan, and Bovik
2012) evaluate perceptual quality but ignore computational
efficiency—a critical factor for on-board UAV deployment.
We introduce EEI to evaluate LIE models for resource-
constrained scenarios by balancing perceptual quality with
computational cost. EEI systematically balances perceptual
quality with a multi-dimensional measure of computational
cost. A lower score indicates a more favorable quality-
efficiency trade-off. The EEI is formulated as:

EEI = QPI · Enorm, (1)

where QPI is a perceptual quality score and Enorm is a nor-
malized multi-faceted efficiency factor.

Perceptual Quality (QPI). For the quality component, we
use the PI, defined as the average of NIQE and BRISQUE
scores, to measure image naturalness and artifacts.

Normalized Efficiency (Enorm). The efficiency factor
Enorm aggregates three cost components: runtime, complex-
ity, and memory. To ensure fair comparisons across differ-
ent hardware, all components are normalized against a stan-
dard baseline established by running MobileNetV2 (Sandler
et al. 2018) on the target device. This one-time calibration
is performed at a fixed base resolution Rbase of 3840×2160
and yields reference values for inference time (Tref ), FLOPs
(Fbase), parameters (Pbase), and memory usage (Mbase).

For a model under evaluation with performance metrics
Tmodel, Fmodel, Pmodel,Mmodel at resolution Rmodel, we
define three normalized cost factors:
Time Factor (Etime): (Tmodel/Tref ) · (Rbase/Rmodel),
which accounts for both speed and processing resolution.
Complexity Factor (Ecomp): An equal-weighted average of
normalized FLOPs and parameters: 0.5 · (Fmodel/Fbase +
Pmodel/Pbase).
Resource Factor (Ersrc): Normalized memory usage:
Mmodel/Mbase.

The final efficiency factor, Enorm, is a weighted sum
of these factors. To robustly handle cases where profiling
FLOPs/parameters fails due to out-of-memory (OOM) er-
rors (common for large models on UHR inputs), we employ
a pragmatic adaptive weighting scheme:

Enorm =

{
w′

tEtime + w′
rErsrc, if Ecomp OOM,

wtEtime + wcEcomp + wrErsrc, otherwise.
(2)

We set the default weights to wt = 0.8, wc = 0.1, wr = 0.1
to prioritize inference speed (runtime), which is often the
most critical bottleneck for real-time UAV applications such
as obstacle avoidance or target tracking. The EEI is a flex-
ible framework; weights can be adapted to specific con-
straints. For instance, on devices with limited GPU memory,

one might increase wr to penalize high memory usage. This
adaptability allows the EEI to serve as a versatile tool for
evaluating algorithm suitability across a spectrum of real-
world, resource-constrained use cases.

The Proposed U3LIE Framework
This section presents our proposed unsupervised UHR UAV
LIE framework, U3LIE. The pipeline includes three compo-
nents: (1) Adaptive Pre-enhancement Augmentation (APA),
applied only during training; (2) the enhancement network;
and (3) the luminance interval loss Lint, which acts as a key
regularization constraint. U3LIE operates in an end-to-end
manner, enabling efficient enhancement without requiring
supervision or priors during inference.

Lightweight Enhancement Network
To ensure on-board efficiency, our design philosophy pri-
oritizes computational performance without compromising
visual quality. This principle guides our choice of a highly
lightweight enhancement network based on the curve-based
methodology of DCE++ (Li, Guo, and Loy 2022). This
approach contrasts with the prevailing trend of developing
larger models, which, despite their power, often remain im-
practical for resource-constrained UAVs.

The network learns a pixel-wise enhancement map A to
parameterize an iterative, higher-order curve that adjusts the
input image’s illumination. The final enhanced image is gen-
erated by applying this curve. To further optimize for our
specific use case, we modify the original DCE++ archi-
tecture by: (1) removing its downsampling/upsampling
stages to process inputs at their native resolution, and (2)
reducing the network’s channel depth from 32 to 8.

Adaptive Pre-enhancement Augmentation (APA)
Directly training on UAV images with extreme dynamic
range is challenging. We introduce APA, a training-only,
one-time pre-processing transform, TAPA, that generates a
moderately-enhanced augmented training set. The pipeline
is designed as a two-stage process: first, an adaptive lumi-
nance and contrast boost to improve visibility in dark re-
gions, followed by a perceptual correction stage to address
color casts and suppress highlights, common artifacts in noc-
turnal aerial scenes. It simplifies the learning manifold by re-
ducing severe luminance variations and color casts, thus pre-
venting the network from producing over-exposed results or
amplifying noise. The APA pipeline is a two-stage process
designed to first enhance visibility and then refine perceptual
quality, as defined mathematically below.

1. Adaptive Luminance and Contrast Boosting (TLum).
After an initial denoising step FDenoise using a bilateral
filter, the core luminance enhancement is performed in the
YCrCb color space for independent control. We first com-
pute the normalized mean luminance, denoted as µ̂Y , by
averaging the pixel values of the input’s luminance chan-
nel Y and normalizing by the maximum level Lmax (e.g.,
255). This mean value is used to derive an adaptive gamma,
γadapt, which adjusts the enhancement strength based on the



(a) Adaptive Pre-enhancement Augmentation (APA) Module
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Figure 3: The U3LIE framework. During training (b), a training-only APA module (a) preprocesses input for the network, which
is optimized with a loss suite including our Lint. During inference (c), the input is processed directly by the trained network.

image’s overall darkness:

γadapt = clip (γbase − κ · ln(µ̂Y + ϵ), [γmin, γmax]) . (3)

Here, γbase is a base gamma value, κ is a sensitivity hy-
perparameter, and ϵ is a small constant for numerical stabil-
ity. The luminance channel is then enhanced via this adap-
tive gamma correction, followed by Contrast Limited Adap-
tive Histogram Equalization (CLAHE) (Pizer et al. 1987) to
boost local details. The entire transformation on the lumi-
nance channel is:

Y ′(p) = FCLAHE

(
Lmax · (Y (p)/Lmax)

1/γadapt

)
. (4)

The final image from this stage, I ′′, is obtained by merging
the enhanced Y ′ with the original Cr and Cb channels and
converting back to the RGB space.

2. Perceptual Color and Highlight Correction (TColor

and TFinal). To address common color casts and preserve
highlight details, we apply two subsequent correction steps.
First, to correct reddish or greenish tints, the image I ′′ is
converted to the CIEL*a*b* color space. The a* channel,
which represents the green-red axis, is adjusted using a boost
factor βred:

a′(p) = (a(p)− cmid) · βred + cmid, (5)

where cmid = Lmax/2 is the neutral midpoint of the chan-
nel. This step yields the image I ′′′.

Finally, to restore color vibrancy and prevent over-
exposure, I ′′′ is processed in the HSV space. The saturation
(S) and value (V) channels are independently scaled by fac-
tors βsat and ηsupp respectively:

S′(p) = clip(S(p) · βsat, [0, Lmax]), (6)

V ′(p) = clip(V (p) · ηsupp, [0, Lmax]). (7)

Figure 4: Analysis of Lint. Left: Visualization of penalty
maps for dark/bright regions. Right: Quantitative summary.

The value suppression in Eq.(7) is crucial for suppress-
ing over-exposed regions, a common artifact in nighttime
aerial scenes with artificial lighting. The resulting image
Iaug serves as the normalized input for network training.

Luminance Interval Loss (Lint)
To overcome the limitations of single-target exposure losses,
we introduce the Luminance Interval Loss (Lint), which
enables fine-grained control over luminance. Let Ienh be
partitioned into a set of non-overlapping patches {Pi}.
For each patch, we compute its mean luminance YPi

=
Ep∈Pi

[Yenh(p)]. The loss consists of three components:

1. Local Luminance Penalties. To enforce that patch lu-
minances lie within a desired interval [Edark, Ebright], we
define under- and over-exposure penalties:

Llocal dark(Ienh) = Ei

[
max(0, Edark − YPi)

2
]
, (8)

Llocal bright(Ienh) = Ei

[
max(0, YPi

− Ebright)
2
]
. (9)

2. Global Brightness Constraint. To regulate the global
image brightness, we regularize the global mean luminance



Method Type Venue #P ↓ FLOPs ↓ Memory ↓ FPS ↑ NIQE ↓ BRISQUE ↓ PI ↓ EEI ↓
LLFormer Sup AAAI’23 OOM OOM 5.06* 0.06 4.68 32.73 18.70 6612.54
RetinexFormer Sup ICCV’23 OOM OOM 2.07* 0.33 4.44 31.63 18.04 1208.42
HVI Sup CVPR’25 1.97M 1029.00 15.11 0.56 4.94 35.46 20.20 742.42
MobileIE Sup ICCV’25 4.05K 31.95 3.11 26.95 4.65 41.34 22.99 20.50

CycleGAN Unp ICCV’17 11.38M 7197.0 14.03 1.38 2.97 8.55 5.76 120.74
NeRCo Unp ICCV’23 OOM OOM 3.28* 0.10 4.29 16.21 10.25 2180.89

ZERO-DCE Uns CVPR’20 79.42K 656.92 12.89 7.76 3.89 39.43 21.66 69.29
RUAS Uns CVPR’21 3.44K 27.10 7.75 7.64 4.83 38.62 21.73 57.91
DCE++ Uns PAMI’22 10.56K 83.57 17.06 7.68 4.19 37.46 20.82 56.39
SCI Uns CVPR’22 10.67K 1451.00 6.92 2.98 4.54 37.38 20.96 167.07
ZERO-IG Uns CVPR’24 123.63K 4293.00 15.78 3.09 4.78 37.50 21.14 218.31
Iformer Uns ICLR’25 OOM OOM 2.09* 5.07 5.23 36.72 20.98 2620.69
U3LIE (Ours) Uns - 1.32K 9.91 3.23 23.80 4.30 29.92 17.11 16.03

Table 1: Quantitative comparison with SOTA methods on the U3D dataset. All models are evaluated on 4K resolution images
(3840×2160). “Sup”, “Unp”, and “Uns” denote Supervised, Unpaired, and Unsupervised methods, respectively. For supervised
(Sup) methods, we directly test using the officially provided pre-trained weights without any fine-tuning. #P: Number of param-
eters (K: 103, M: 106). FLOPs: Giga Floating-point operations per second (G: 109). Memory: GPU memory usage in Gigabytes
(GB). An asterisk (*) indicates that the model was evaluated using a patch-based approach due to memory constraints. OOM
denotes an Out-of-Memory error on a single NVIDIA RTX 3090 GPU. ↓: Lower is better. ↑: Higher is better.

Ȳglobal = Ep∈Ω[Yenh(p)] towards a target Eglobal:

Lglobal(Ienh) = (Ȳglobal − Eglobal)
2. (10)

The complete Lint is a weighted sum of these components:

Lint(Ienh) = (Llocal dark + Llocal bright) + γglobalLglobal.
(11)

Fig. 4 provides a visual breakdown of how these compo-
nents operate on a sample image, demonstrating the loss’s
ability to identify and penalize both under- and over-exposed
regions simultaneously.

Total Loss Function
The framework is trained end-to-end by minimizing a total
loss function that combines our proposed Lint with a set of
established non-reference losses for smoothness of the en-
hancement map A (Ltv), spatial coherence (Lspa), and color
constancy (Lcol). The total loss is formulated as:

Ltotal =λintLint(Ienh) + λspaLspa(Ienh, Iin)

+ λtvLtv(A) + λcolLcol(Ienh),
(12)

where Ienh = C(N)(Iin, A) and A = Fnet(TAPA(Iin)).
The λ terms are the corresponding weights.

Experiments
Implementation Details
Experimental Setup. All experiments were conducted on
a single NVIDIA RTX 3090 GPU with 24GB of memory,
using the PyTorch-based U3D toolkit on Ubuntu 20.04, and
a fixed random seed of 2025 was set.

We used official implementations and default hyperpa-
rameters for all control methods. All models were evalu-
ated on full-resolution 4K (3840×2160) images from the
U3D test set. For models that encountered Out-of-Memory

Figure 5: Quantitative analysis via distributional plots. We
compare the results across four metrics: (a) Luminance, (b)
Contrast, (c) Information Entropy, and (d) Sharpness.

(OOM) errors, we employed a patch-based evaluation strat-
egy with a 256×256 patch size and 64-pixel overlap, using
Hann window blending for stitching. Validation was per-
formed every 5 epochs, and the model with the best EEI
score on the validation set was selected for the final test.

Training Configuration of U3LIE. Our model was
trained for 100 epochs using the Adam optimizer with a
weight decay of 10e−4. We employed a 5-epoch linear learn-
ing rate warmup, then set the learning rate to 10e−5, halving
it every 50 epochs. We trained on 2048×2048 patches with
an effective batch size of 16, achieved through a batch size of
4 and 4 gradient accumulation steps. Gradient clipping was
applied with a maximum norm of 0.05. For training, we used



Input LLFormer RetinexFormer HVI CycleGAN NeRCo

Zero-DCE RUAS DCE++ SCI ZERO-IG Iformer U3LIE (Our)

MobileIE

Figure 6: Visual comparison of our U3LIE with SOTA methods on the U3D dataset.

pairs of original images (Iin) and their pre-computed APA-
processed counterparts (Iaug), generated once offline. The
network receives Iaug as input, while the loss function uses
both the enhanced output Ienh and the original input Iin.
The loss weights in Eq.(12) were set as follows: λtv = 100,
λspa = 4.0, λcol = 20.0, and λint = 200. For the Lint

term itself, the local patch size was 16×16, with targets for
dark, bright, and global luminance set to 0.5, 0.6, and 0.6,
respectively, and a global weight γglobal = 0.4.

Quantitative Results
We present a comprehensive quantitative comparison
against SOTA methods. For unsupervised evaluation, we in-
clude lightweight curve-based methods like Zero-DCE (Guo
et al. 2020), RUAS (Liu et al. 2021), DCE++ (Li, Guo, and
Loy 2022), SCI (Ma et al. 2022), Zero-IG (Shi et al. 2024),
and Iformer (Li, Hu, and Wang 2025). We also support un-
paired methods such as CycleGAN (Zhu et al. 2017) and
NeRCo (Yang et al. 2023). For comprehensive comparative
analysis, we further integrate several supervised models, in-
cluding LLFormer (Wang et al. 2023), RetinexFormer (Cai
et al. 2023), HVI (Yan et al. 2025b), and MobileIE (Yan et al.
2025a). For supervised baselines, we directly used their of-
ficially provided pre-trained weights for inference.

Tab. 1 shows that existing methods struggle with 4K aerial
imagery. Many large, Transformer-based models (e.g., LL-
Former, RetinexFormer) and some unpaired/unsupervised
methods (NeRCo, Iformer) fail to process full-resolution im-
ages due to Out-of-Memory (OOM) errors on a 24GB GPU.
Even when a patch-based strategy is employed (*), their
inference speeds (FPS) are far too low for practical real-
time applications on UAVs. While lightweight unsupervised
methods such as Zero-DCE, RUAS, and DCE++ achieve
real-time FPS, they exhibit poor perceptual quality on the
U3D dataset, with PI scores all above 20. This indicates their
struggle to handle the complex, non-uniform illumination
of aerial scenes. Notably, unpaired methods like CycleGAN
and NeRCo achieve better PI scores (5.76 and 10.25, respec-
tively), but their large parameter counts and slow inference
speeds result in extremely high (poor) EEI scores, making

them unsuitable for edge deployment.
In contrast, U3LIE demonstrates a clear advantage across

both efficiency and quality. On efficiency, U3LIE is excep-
tionally lightweight, requiring only 1.32K parameters and
9.91G FLOPs. This lightweight architecture enables a re-
markable 23.80 FPS on 4K images, over 3× faster than the
nearest real-time competitor (Zero-DCE at 7.76 FPS). On
quality, U3LIE achieves a PI score of 17.11, significantly
outperforming other lightweight methods and comparable
to heavyweight GAN-based approaches without introduc-
ing their characteristic color artifacts. This resulted in a final
EEI score of 16.03, a new SOTA that is 3.5× better than
the prior best (DCE++, EEI=56.39). This outstanding re-
sult validates that our training strategy—the synergy of APA
and Lint—effectively unlocks the potential of a lightweight
backbone for the demanding UHR-UAV context.

Distribution Analysis. Fig. 5 presents a quantitative com-
parison of enhancement methods across four key image
quality metrics. The distributions highlight the nuanced per-
formance and trade-offs of each approach.

Luminance (a): Many methods, including DCE++ and
MobileIE, consistently push luminance towards saturation,
risking over-exposure and loss of detail in bright areas. In
contrast, U3LIE demonstrates superior control, centering
its luminance distribution in a perceptually balanced range
while maintaining high consistency across the dataset.

Contrast & Entropy (b, c): Crucially, this balanced il-
lumination does not compromise detail restoration. U3LIE
achieves top-tier performance in both contrast and informa-
tion entropy. Its high and tight distributions in these metrics
signify robust recovery of global structures and fine textures
from dark regions, rivaling or exceeding all other methods.

Sharpness (d): The sharpness analysis reveals a trade-
off. CycleGAN exhibits extreme sharpness, often at the cost
of amplifying noise and introducing artifacts. U3LIE shows
a more appropriate enhancement. It significantly improves
clarity over the input while maintaining a controlled, mod-
erate sharpness distribution, indicating effective detail en-
hancement without sacrificing image naturalness.

In summary, U3LIE excels at enhancing contrast and de-



U3LIEBaseline + Lint

Baseline + APABaseline

Figure 7: Ablation comparison of U3LIE on U3D test set.

APA Lint NIQE ↓ BRISQUE ↓ PI ↓
4.1987 38.0636 21.1311

✓ 4.5081 35.9074 20.2077
✓ 4.2167 34.7033 19.4600

U3LIE 4.2954 29.9243 17.1098

Table 2: Ablation study of U3LIE on U3D test set.

tail without introducing over-exposure or noise-related arti-
facts, demonstrating a superior trade-off.

Qualitative Results
Fig. 6 showcases U3LIE’s superior performance on complex
aerial scenes with non-uniform illumination.

Supervised methods struggle with generalization to our
U3D dataset. Lacking domain-specific training, they of-
ten under-enhance shadowed regions (LLFormer, Retinex-
Former, and HVI) or cause over-exposure and color loss in
bright areas (MobileIE).

Unpaired methods such as CycleGAN and NeRCo fail to
maintain color fidelity. Their domain translation process in-
troduces severe color artifacts, resulting in color distortion.

Unsupervised methods show mixed results. Lightweight
models like Zero-DCE and DCE++ tend to over-expose light
sources. RUAS suffers from both color distortion and under-
enhancement, while Iformer leads to inconsistent illumina-
tion. Although SCI and Zero-IG show improvements, they
still fail to match the balance of enhancement and efficiency
achieved by our method.

In contrast, U3LIE excels by restoring visibility in
dark areas without causing color distortion or over-exposing
bright regions. As shown in the red boxes, our method pro-
duces results that are both visually realistic and rich in detail,
faithfully preserving the original scene structure.

Ablation Study
U3LIE framework ablation. We conducted an ablation
study to verify the effectiveness of our two key components:
the APA module and the luminance-aware loss Lint. As
shown in Tab. 2, the baseline DCE++ achieves a PI score of
21.13. Introducing APA alone improves the score to 20.21
by guiding the model to learn from a more consistent illu-
mination distribution during training. Applying Lint alone

Loss Weights Hyperparameters of Lint PI ↓
λcol λint Edark Ebright Eglobal γglobal

2 20 0.2 0.8 0.6 0.4 19.3403
2 20 0.3 0.7 0.6 0.6 19.0982
2 10 0.4 0.6 0.6 0.6 19.2415
2 20 0.4 0.6 0.6 0.6 19.0064
2 100 0.4 0.6 0.6 0.6 18.2944
2 200 0.4 0.6 0.6 0.6 16.9(CD)

50 500 0.5 0.6 0.6 0.4 17.1003
20 200 0.5 0.6 0.6 0.4 17.1098

Table 3: Ablation study of Lint and its hyperparameters. In
all experiments, the loss weights λtv and λspa are fixed to
100 and 4, respectively. CD denotes color distortion.

brings a larger improvement (PI = 19.46), as it directly en-
courages better luminance balance. When both components
are used together in the full U3LIE framework, the PI score
further drops to 17.11, demonstrating a clear synergy be-
tween APA and Lint. Fig. 7 supports these results visually:
without APA, the model tends to over-enhance bright re-
gions, while removing Lint leads to color distortion. These
findings confirm that both APA and Lint are crucial for
achieving stable and natural enhancement.

Hyperparameter Analysis of Lint. We ablate the key hy-
perparameters of the Lint and its associated weights, with
results in Tab. 3. Our goal was to find a balance between
perceptual quality (low PI) and visual fidelity.

First, we explored the target luminance intervals
(Edark, Ebright). We found that a narrow, mid-range interval
like [0.4, 0.6] outperforms wider or lower-biased ones (e.g.,
[0.2, 0.8]), confirming that constraining local brightness to a
plausible mid-tone is effective.

Next, we analyzed the loss weights. The weight of our
proposed loss, λint, is critical. Increasing λint from 20
to 100 significantly improves the PI score (from 19.01 to
18.29). However, a high λint combined with a low color
loss weight (λcol = 2) leads to noticeable color distortion
(Row 6). This occurs because the strong luminance guidance
overwhelms the color constancy constraint, sacrificing color
accuracy to meet brightness targets. This highlights a key
trade-off between luminance correction and color fidelity.

Based on these findings, our final configuration (λtv =
100, λspa = 4, λcol = 20, λint = 200 and an interval of
[0.5, 0.6]) strikes an optimal balance. It achieves the best PI
score while maintaining natural colors.

Conclusion and Future Work
This paper addresses the challenges of unsupervised, UHR
LIE for UAVs by introducing a foundational suite of tools:
the U3D and U3D toolkit, the deployment-aware EEI met-
ric, and the highly efficient U3LIE framework. U3LIE
achieves a SOTA balance of visual quality and real-time per-
formance, providing a robust baseline for developing prac-
tical solutions. For future work, we will quantify the benefit
to downstream tasks and explore joint optimization to max-
imize performance in safety-critical UAV applications.



Appendix: Supplementary Materials for “Unsupervised Ultra-High-Resolution UAV Low-Light
Image Enhancement: A Benchmark, Metric and Framework”

This supplementary document provides additional implementation and analysis details that complement the main paper. It aims
to facilitate reproducibility and deepen understanding of our proposed U3D benchmark, EEI metric, and U3LIE framework.

The appendix is organized as follows:

• Appendix A provides a comprehensive analysis and comparison of low-light datasets, including details on the U3D data
collection protocol, further justifying its necessity and novelty.

• Appendix B presents a detailed breakdown and robustness analysis of the EEI metric.

• Appendix C details the architectural design of the APA.

• Appendix D includes a discussion of limitations and failure cases.

• Appendix E provides additional visual results and qualitative comparisons.

Dataset Comparison and Analysis
The development of robust Low-Light Image Enhancement (LIE) algorithms is critically dependent on the availability of high-
quality, relevant benchmark datasets. While numerous datasets have been proposed, they were largely designed for ground-level
computer vision tasks and fail to address the unique constellation of challenges posed by Unmanned Aerial Vehicle (UAV)
imaging. This appendix provides an in-depth comparative analysis to rigorously position our U3D dataset within the existing
landscape and to articulate its foundational importance for the future of 24/7 autonomous aerial systems.

Table 4 presents a detailed, multi-faceted comparison, which is followed by a narrative analysis structured around the key
gaps that U3D is designed to fill.

Dataset Reference Resolution Type Perspective Scene Characteristics Primary Task Annotations Size (Low) Key Limitations for UAV LIE

U3D (Ours) This Work 3840×2160 Unpaired Aerial (Top-down) Urban/Suburban, Non-uniform light Enhancement None 1,000 Specifically designed for this task

Supervised Ground-Level Datasets

LOL-v1 (Wei et al. 2018) 400×600 Paired Ground-level Indoor/Outdoor, Mixed lighting Enhancement None 500 Low-res; Paired data; Ground-level view.
LOL-v2 (Wei et al. 2018) 400×600 Paired Ground-level Real & Synthetic scenes Enhancement None 789 Same limitations as LOL-v1, still low-resolution.
SID (Chen et al. 2018) 4240×2832 Paired (RAW) Ground-level Indoor/Outdoor, Extreme darkness Denoising/Enhance. None 5,094 Focus on RAW data; Paired data; Ground-level.
UHD-LL (Wang et al. 2023) 3840×2160 Paired Ground-level Street/Nightscapes, Non-uniform light Enhancement None 8,099 Paired data; Ground-level perspective.
FiveK (Bychkovsky et al. 2011) ∼5K Semi-Paired Ground-level General scenes, Variable light Retouching None 5,000 Not specific to low-light; Paired data is synthetic.

Unsupervised Ground-Level Datasets

ExDark (Loh and Chan 2019) Variable (Low) Unpaired Ground-level Object-centric, 12 categories Enhancement B-Boxes 7,363 Low/inconsistent resolution; Lacks complex scenic context.
NPE (Wang et al. 2013) Variable (Low) Unpaired Ground-level Mixed scenes, Natural images Enhancement None 85 Very small size; Low resolution; Outdated.
DICM (Lee, Lee, and Kim 2013) 512×384 Unpaired Ground-level General photography Enhancement None 69 Very low resolution; Too small for deep learning.
LIME (Guo, Li, and Ling 2017) Variable (Low) Unpaired Ground-level Mixed scenes for qualitative eval Enhancement None 10 A qualitative set, not for training/testing.

Driving-Specific Datasets (Forward-Facing Perspective)

Dark Zurich (Sakaridis, Dai, and Van Gool 2019) 1920×1080 Unpaired Driving Urban/Suburban driving at dusk/night Segmentation Seg. Masks 8,779 Perspective mismatch; Not top-down; Moderate resolution.
BDD100K-Night (Yu et al. 2020) 1280×720 Unpaired Driving Highways, City streets at night Detection/Seg. B-Boxes, etc. ∼10,000 Perspective mismatch; Lower resolution (720p).
NightCity (Tan et al. 2021) 1920×1080 Unpaired Driving Urban driving across cities Segmentation Seg. Masks 4,297 Perspective mismatch; Focus on high-level tasks.

Aerial Datasets (Not for LIE)

VisDrone (Du et al. 2019) ∼1920×1080 N/A Aerial (UAV) Mostly daytime scenes Detection/Tracking B-Boxes N/A Lacks low-light focus; Not for enhancement task.
UAVDT (Du et al. 2018) ∼1080p N/A Aerial (UAV) Mostly daytime/dusk traffic scenes Tracking B-Boxes N/A Lacks sufficient night scenes for enhancement.
AU-AIR (Bozcan and Kayacan 2020) 1920×1080 N/A Aerial (UAV) Daytime, Various weather Detection B-Boxes N/A No low-light data.

Table 4: A detailed and comprehensive comparison of low-light and aerial datasets. U3D is the first to uniquely combine an
aerial perspective, ultra-high resolution, an unpaired data structure, and scenes with extreme non-uniform illumination, making
it the essential benchmark for real-world UAV LIE.

The Critical Gaps in Existing Benchmarks
Our analysis reveals four fundamental gaps in the existing dataset landscape that have hindered the development of practical
LIE models for UAVs. U3D is the first benchmark to systematically address all four.

The Resolution and Detail Gap. UAVs fly at significant altitudes, causing objects of interest on the ground (e.g., people,
vehicles, debris) to occupy a very small portion of the image. Consequently, Ultra-High Resolution (UHR) is not a luxury
but a necessity for any meaningful surveillance or inspection task. The vast majority of established LIE datasets, such as LOL
(400×600), ExDark (variable low-res), and BDD100K (1280×720), lack the resolution required to retain these critical details.
While UHD-LL provides 4K data, its ground-level perspective and supervised nature render it unsuitable. U3D’s provision of
4K aerial imagery directly confronts this gap, enabling the development and evaluation of models that can enhance fine-scale
details vital for real-world UAV missions. This UHR constraint also makes computational efficiency, measured by our EEI
metric, a first-class citizen in model design.



The Paired-Data Impasse. Supervised learning, powered by datasets like LOL, SID, and UHD-LL, has been a dominant
paradigm in image enhancement. However, it relies on a critical assumption: the availability of perfectly aligned low-light and
ground-truth normal-light image pairs. For a dynamic, constantly moving UAV, this is a practical impossibility. Factors such as
minute changes in flight path, atmospheric conditions, seasonal variations, and alterations in the ground environment between
day and night make pixel-perfect alignment infeasible. Therefore, any robust, scalable UAV enhancement solution must be
unsupervised. U3D is constructed from the ground up as an unpaired dataset, directly reflecting this real-world constraint and
fostering the development of unsupervised frameworks like U3LIE that do not depend on unattainable ground-truth pairs.

The Perspective Mismatch. The world looks profoundly different from above. Datasets captured from a ground-level (e.g.,
LOL, ExDark) or a forward-facing driving perspective (e.g., Dark Zurich, BDD100K) exhibit different object scales, shadow
patterns, and light source characteristics. A top-down aerial view, as captured in U3D, features vast, contiguous dark areas (e.g.,
rooftops, fields, parks) punctuated by intense, point-like light sources (streetlights, headlights). This unique aerial perspective
creates a distinct image domain. Models trained on ground-level or driving data struggle to generalize to this domain, often
failing to handle the unique spatial distribution of light and shadow. U3D provides the first domain-specific benchmark to train
and validate models specifically for the challenges of aerial vision.

The Illumination Complexity Gap. Nighttime aerial scenes exhibit a form of severe, non-uniform illumination that is
more challenging than in typical ground-level imagery. The dynamic range is extreme, with deep, information-starved shadows
coexisting with saturated highlights and specular blooming artifacts in a single frame. This is not merely a few isolated bright
regions in a dark image; it’s about a complex interplay of varied light intensities across a massive field of view. Existing
datasets often feature more diffuse or less extreme lighting conditions. The challenging scenes in U3D expose the limitations of
conventional loss functions and enhancement techniques, which tend to either amplify noise in dark regions or crush details in
bright ones. This complexity necessitates novel approaches, such as our Luminance Interval Loss (Lint), which is specifically
designed to manage this trade-off and achieve a balanced enhancement across the entire high-dynamic-range scene.

U3D: A Foundational Benchmark for Robust UAV Vision

Figure 8: Visual examples from our U3D dataset. The top row showcases UHR low-light images captured by UAVs across
diverse scenes. The bottom row presents non-paired daylight images from similar environments, highlighting the dataset’s
structure for unsupervised learning. The variety of scenes poses significant challenges in terms of non-uniform illumination and
detail preservation.

To address the critical gaps in existing benchmarks, we introduce U3D, the first dataset specifically designed for unsuper-
vised, UHR LIE on Unmanned Aerial Vehicles (UAVs).

Dataset Construction and Characteristics. The U3D benchmark comprises 1,000 UHR (3840×2160) low-light images
and 1,000 non-paired daytime counterparts. All images were captured using a professional-grade UAV equipped with a
3-axis gimbal to ensure high quality and minimize motion blur. To ensure high diversity, flights were conducted over a diverse
array of real-world environments with altitudes ranging from 30m to 120m and camera angles spanning from forward-looking
to nadir (top-down) views. As illustrated in Figure 8, the dataset covers a wide array of scenes, including:

• Commercial & Business Hubs: High-density Central Business Districts (CBDs), shopping malls, and brightly lit commer-
cial avenues.

• Residential Areas: A mix of dense urban apartment complexes and sprawling suburban neighborhoods.
• Public & Institutional Zones: University campuses, schools, public parks, and tourist attractions.
• Transportation Infrastructure: Major arterial roads, city streets, and complex interchanges.



Critically, to capture authentic sensor characteristics, all images were recorded in automatic mode, allowing the on-board
system to dynamically adjust ISO (typically 800-6400) and shutter speed. No in-camera noise reduction or post-processing was
applied, providing direct sRGB outputs in ‘.jpg’ format. This preserves the genuine sensor noise and compression artifacts that
real-world models must learn to handle.

Significance and Impact. U3D represents a constructed benchmark that advances the state of the art in UAV-based low-
light vision research. Unlike conventional datasets, our benchmark systematically addresses four key challenges in real-world
aerial imaging: (1) ultra-high resolution processing, (2) unpaired data learning, (3) perspective variations, and (4) illumination
heterogeneity. This provides the first comprehensive framework for developing and evaluating LIE algorithms specifically
optimized for UAV platforms. Consequently, our work transitions the research paradigm from limited ground-level scenarios to
practical aerial vision systems capable of reliable around-the-clock operation.

Edge Efficiency Index (EEI) Details
This section presents a rigorous, multi-faceted efficiency analysis centered on the proposed Edge Efficiency Index (EEI), a
composite metric designed to provide a holistic and hardware-agnostic assessment of on-device model performance. We first
define the EEI framework and its components. We then apply it to the DCE++ lightmodel, evaluating its performance scaling
on a single high-end GPU. Finally, we validate the robustness of the EEI metric itself through a cross-platform comparison
involving desktop and edge devices.

The EEI Framework: Definition and Calculation
Our evaluation is based on the Edge Efficiency Index (EEI), defined as: EEI = PI× (wT ·TF+wC ·CF+wR ·RF), where PI is
the Perceptual Index score, reflecting task-specific performance. To focus on hardware efficiency for this analysis, we normalize
the PI score to a constant value of 100. The core of the metric is the Efficiency Factor, a weighted sum of three sub-metrics:

• Time Factor (TF): Normalized inference latency, reflecting temporal efficiency.
• Complexity Factor (CF): Normalized static model complexity (FLOPs and parameters), reflecting computational cost.
• Resource Factor (RF): Normalized peak memory footprint (VRAM/RAM), reflecting runtime resource consumption.

The weights wT , wC , wR (summing to 10) represent the relative importance assigned to each factor. We propose the 8:1:1
(wT = 8, wC = 1, wR = 1) weighting as a pragmatic default for evaluating on-device models. This policy allocates 80%
of the importance to latency (TF), reflecting the paramount importance of user-perceived speed. The remaining 20% is divided
between model complexity (CF) and memory footprint (RF), acknowledging them as critical but secondary constraints. This
weighting scheme emphasizes latency (80%) to reflect its primary impact on user experience and real-time constraints, while
accounting for model complexity and memory usage as secondary but important deployment factors.

Detailed Factor Calculation The following section provides the precise mathematical formulation for each factor, as imple-
mented in our evaluation script.

Baseline Definition All factors are normalized against a hardware-specific baseline to ensure fair, cross-device comparisons.
This baseline is established by running a standard MobileNetV2 model on a 4K resolution input (3840 × 2160 pixels) on the
target hardware. The following reference values are obtained:

• Timeref: The average inference time (in seconds) of MobileNetV2 at 4K.
• FLOPsref: The floating-point operations of MobileNetV2 for a 4K input.
• Paramsref: The number of trainable parameters in MobileNetV2.
• Memref: The peak memory consumption (VRAM on GPU, RSS increment on CPU) of MobileNetV2 at 4K.

Time Factor (TF) The Time Factor measures the model’s temporal efficiency relative to the hardware’s baseline performance,
normalized for resolution. It quantifies how fast the model processes each pixel compared to the baseline model. A lower TF is
better.

TF =
Timemodel

Timeref
× Pixelsref

Pixelsmodel

where Timemodel is the measured inference time of the evaluated model, and Pixels denotes the total pixel count for the respective
resolution.

Complexity Factor (CF) The Complexity Factor measures the static, hardware-independent complexity of the model. A
lower CF is better. It is a weighted average of the normalized FLOPs and parameters:

CF = 0.5× FLOPsmodel

FLOPsref
+ 0.5× Paramsmodel

Paramsref



Resource Factor (RF) The Resource Factor measures the model’s runtime memory consumption relative to the baseline. A
lower RF is better. It is a direct ratio of the peak memory usage:

RF =
Memmodel

Memref

where Memmodel is the peak memory usage of the model at its specific test resolution, while Memref is from the baseline at a
fixed 4K resolution. This intentionally penalizes models whose memory usage scales poorly with input size.

Algorithmic Implementation

Algorithm 1: EEI (Edge Efficiency Index) Calculation Pipeline

Require: Model M , Test Image Size Stest, Device D
Ensure: EEI score

1: function GET-HARDWARE-BASELINE(D)
2: Mbase ← MobileNetV2 on device D
3: Sbase ← (1, 3, 3840, 2160) ▷ Fixed 4K baseline size
4: Inputbase ← Random tensor of size Sbase

5: try:
6: (FLOPsbase, Paramsbase)← PROFILE(Mbase, Inputbase)
7: except Out-of-Memory (OOM):
8: (FLOPsbase, Paramsbase)← (None,None)
9: Membase ← MEASURE PEAK MEMORY(Mbase, Inputbase)

10: Timeref ← MEASURE AVG INFERENCE TIME(Mbase, Inputbase)
11: return (Timeref , FLOPsbase, Paramsbase, Membase)

12: function GET-MODEL-PERFORMANCE(M,Stest, D)
13: Inputtest ← Random tensor of size Stest

14: try:
15: (FLOPsmodel, Paramsmodel)← PROFILE(M, Inputtest)
16: except OOM:
17: (FLOPsmodel, Paramsmodel)← (None,None)
18: try:
19: Timemodel ← MEASURE AVG INFERENCE TIME(M, Inputtest)
20: Memmodel ← MEASURE PEAK MEMORY(M, Inputtest)
21: except OOM: ▷ Fallback to patch-based processing
22: ( , T imemodel,Memmodel)← PROCESS IMAGE ROBUSTLY(M, Inputtest)
23: return (Timemodel, FLOPsmodel, Paramsmodel, Memmodel)

▷ — Main Calculation —
24: (Timeref , FLOPsbase, . . . )← GET-HARDWARE-BASELINE(D)
25: (Timemodel, FLOPsmodel, . . . )← GET-MODEL-PERFORMANCE(M,Stest, D)
26: PI ← CALCULATE-PERCEPTUAL-INDEX(M,Stest) ▷ Using NIQE & BRISQUE

27: Pixelstest ←
∏

Stest; Pixelsbase ←
∏

Sbase

28: TF ← (Timemodel/T imeref )× (Pixelsbase/P ixelstest) ▷ Time Factor
29: RF ←Memmodel/Membase ▷ Resource Factor

30: if FLOPsmodel and Paramsmodel are available then
31: CF ← 0.5× (FLOPsmodel/FLOPsbase) + 0.5× (Paramsmodel/Paramsbase) ▷ Complexity Factor
32: Enorm ← 0.8 · TF + 0.1 · CF + 0.1 ·RF
33: else ▷ Fallback for OOM during profiling
34: Enorm ← 0.9 · TF + 0.1 ·RF

35: EEI ← PI × Enorm

36: return EEI

To ensure clarity and facilitate adoption by the community, we formalize the entire EEI calculation process in Algorithm 1.
The pipeline is designed to be robust and hardware-agnostic. It begins by establishing a hardware-specific baseline using a



standard MobileNetV2 model at a fixed 4K resolution (Lines 1-11). Then, it measures the performance of the model under
evaluation (M ) at its specific test resolution (Stest) (Lines 12-23).

A key feature of our implementation is its robustness to Out-of-Memory (OOM) errors, which are common when evaluating
large models on UHR inputs. If profiling or full-size inference fails due to OOM, the algorithm gracefully degrades: it can fall
back to a patch-based processing mode for timing measurements (Line 22) and automatically switches to a complexity-agnostic
weighting scheme for the final EEI calculation (Line 35). This ensures that all models can be fairly evaluated, even those that
cannot run directly on high-resolution inputs.

Experimental Analysis of DCE++ light

We now apply the EEI framework to evaluate the DCE++ light model. The analysis is two-fold: first, we examine its
performance scalability and the impact of different weighting policies on a single platform; second, we assess the consistency
of the EEI metric across diverse hardware.

Performance Scaling and Weighting Ablation on a Single Platform The initial evaluation was conducted on an NVIDIA
GeForce RTX 3090 GPU across six resolutions, from 480p to 8K. The results, summarized in Table 5, reveal the model’s
efficiency profile under varying computational loads.

Resolution Time
(ms) FPS FLOPs

(G)
Mem
(GB) TF CF RF

EEI Score for Weight Scenario

8:1:1 9:0.5:0.5 6:2:2 9:0:1 10:0:0

854×480 2.07 482.32 0.49 0.18 1.03 0.01 0.08 83.45 93.38 63.58 93.73 103.31

1280×720 4.69 213.19 1.10 0.36 1.04 0.01 0.15 84.79 94.38 65.62 95.08 103.96

1920×1080 10.48 95.45 2.48 0.72 1.03 0.02 0.30 85.83 94.51 68.45 95.92 103.20

2560×1440 18.47 54.14 4.41 1.26 1.02 0.04 0.53 87.63 94.99 72.91 97.45 102.35

3840×2160 41.82 23.91 9.91 2.76 1.03 0.09 1.16 94.96 98.98 86.92 104.34 102.99

7680×4320 167.39 5.97 39.65 10.78 1.03 0.37 4.55 131.65 117.35 160.25 138.28 103.05

Table 5: EEI evaluation of the DCE++ light model (PI Score = 100) on an NVIDIA GeForce RTX 3090 GPU. Time Factor
(TF ), Complexity Factor (CF ), and Resource Factor (RF ) are shown. EEI scores are presented for different weight scenarios:
Default (8:1:1), 9:0.5:0.5, 6:2:2, No CF (9:0:1), and Time Only (10:0:0).

The physical metrics (Time, FLOPs, Memory) scale predictably with the input pixel count. An 81-fold increase in pixels from
480p to 8K results in a commensurate ˜81-fold increase in latency and FLOPs, confirming the model’s linear computational
scalability. However, peak memory usage grows substantially, reaching 10.78GB at 8K, which may be a constraint for memory-
limited devices. The normalized factors provide deeper insights. The Time Factor (TF) remains stable around 1.03 across all
resolutions, indicating consistent per-pixel processing efficiency relative to the baseline. The Complexity Factor (CF) stays
well below 1.0, confirming the model’s lightweight design. In stark contrast, the Resource Factor (RF) escalates from 0.075 to
4.554, identifying memory consumption as the primary efficiency bottleneck at ultra-high resolutions, as it scales significantly
faster than the baseline.

The ablation study on EEI weighting policies further illuminates this profile. This study is not intended to find a single “best”
score, but rather to demonstrate how the perceived efficiency of a model changes based on application-specific priorities.

• 6:2:2. This policy gives greater weight to complexity and resources. Consequently, DCE++ light achieves its lowest EEI
scores under this policy for resolutions up to 4K, as the policy rewards the model’s primary strengths (low CF and RF).
However, this trend reverses at 8K, where the extreme RF value (4.554) is heavily penalized, resulting in the worst EEI
score (160.25). This inversion powerfully illustrates that a model optimal for one set of constraints can be suboptimal for
another.

• “Latency-Priority” (9:0.5:0.5). By further emphasizing speed, this policy highlights the model’s stable but not superior TF
(˜1.03). The scores are consistently higher than the Default policy at lower resolutions but become more favorable at 8K,
where the impact of the high RF is minimized.

• “Time-Only” (10:0:0). In this boundary case, the EEI score is governed solely by TF. The stable score of ˜103 across all
resolutions isolates the model’s temporal performance, confirming its resolution-agnostic per-pixel efficiency if all other
constraints were ignored.

Cross-Platform Consistency of the EEI Metric To validate the robustness of the EEI framework, we extended the evaluation
to two additional platforms: a modern desktop NVIDIA RTX 4060 GPU and an edge-computing NVIDIA Jetson Xavier device.
The results are presented in Table 6.



Resolution GPU Time
(ms) FPS FLOPs

(G)
Mem
(GB) TF CF RF

EEI Score for Weight Scenario

8:1:1 9:0.5:0.5 6:2:2 9:0:1 10:0:0

1920×1080
RTX 3090 10.48 95.45 2.48 0.72 1.03 0.02 0.30 85.83 94.51 68.45 95.92 103.20

Xavier 94.54 10.58 2.48 0.69 1.08 0.02 0.29 89.10 98.27 70.75 99.61 107.45

RTX 4060 32.20 31.06 2.48 0.70 1.09 0.02 0.30 90.69 100.04 72.00 101.40 109.39

2560×1440
RTX 3090 18.47 54.14 4.41 1.26 1.02 0.04 0.53 87.63 94.99 72.91 97.45 102.35

Xavier 170.57 5.86 4.41 1.22 1.09 0.04 0.52 92.83 100.94 76.61 103.32 109.04

RTX 4060 58.02 17.23 4.41 1.24 1.11 0.04 0.53 94.38 102.63 77.88 105.06 110.88

3840×2160
RTX 3090 41.82 23.91 9.91 2.76 1.03 0.09 1.16 94.96 98.98 86.92 104.34 102.99

Xavier 391.77 2.55 9.91 2.76 1.11 0.09 1.17 101.69 106.50 92.06 111.90 111.31

RTX 4060 130.90 7.64 9.91 2.73 1.11 0.09 1.16 101.46 106.32 91.75 111.66 111.18

Table 6: Comparative EEI evaluation of the DCE++ light model across different GPUs (RTX 3090, Jetson Xavier, RTX
4060) and resolutions. Time Factor (TF ), Complexity Factor (CF ), and Resource Factor (RF ) are shown, with a fixed PI
Score of 100. EEI scores are presented for various weight scenarios: Default (8:1:1), 9:0.5:0.5, 6:2:2, No CF (9:0:1), and Time
Only (10:0:0).

A key finding from this cross-platform analysis is the remarkable consistency of the EEI score. Despite significant disparities
in raw processing capabilities—as evidenced by the large variations in Time (ms) and FPS—the final EEI scores for any given
resolution and weighting scenario remain exceptionally stable. For instance, at 1080p with the default 8:1:1 policy, the EEI
scores are 85.83 (3090), 89.10 (Xavier), and 90.69 (4060). Specifically, the relative variation in EEI scores across the three
platforms is consistently maintained within a 10% margin for all tested configurations. This demonstrates the robustness of
the EEI framework as a hardware-agnostic metric, providing a fair and reliable assessment of a model’s intrinsic efficiency,
independent of the underlying computational power of the testbed.

Overall Conclusion and Implications
Our comprehensive evaluation demonstrates that DCE++ light is an exceptionally lightweight model with scalable temporal
performance. Its primary efficiency bottleneck is memory consumption at resolutions of 4K and higher. The analysis of EEI
weighting policies underscores a critical concept: model efficiency is not an absolute measure but is context-dependent.
A model’s performance profile must be evaluated against the specific priorities—be it latency, memory, or model size—of the
target application. The proposed 8:1:1 default policy offers a balanced and practical standard for such evaluations.

Furthermore, the consistent EEI scores across diverse hardware validate the metric’s utility for fair, hardware-agnostic com-
parisons. For higher-resolution deployments, future work should prioritize memory optimization to address the identified bot-
tleneck.

Architectural Design of the APA Module
The Adaptive Pre-enhancement Augmentation (APA) module is a computational pre-processing framework designed to trans-
form low-light aerial imagery into a domain more amenable to neural network training. Its architecture is a cascaded, multi-
domain pipeline that systematically mitigates common photometric degradations (e.g., low contrast, noise) and chromatic aber-
rations (e.g., color casts) while preserving perceptual fidelity. The design philosophy is to create a moderately-enhanced yet
naturalistic training proxy, thereby simplifying the learning task for the subsequent lightweight network. The process is de-
composed into three principal stages, each addressing a specific set of visual artifacts. The mathematical and algorithmic
formalization of each stage is detailed below.

Stage 1: Edge-Preserving Denoising and Luminance Decomposition
Low-light aerial images are inherently corrupted by high-gain sensor noise. The initial stage mitigates this by applying an edge-
preserving bilateral filter, which smooths homogenous regions while maintaining the integrity of critical structural features.
Following denoising, the image is transformed from the BGR color space to the YCrCb color space. This decomposition is
crucial as it isolates the luminance component (Y channel) from the chrominance components (Cr, Cb), allowing for targeted
luminance adjustments without inducing spurious color shifts.

Let the input image be denoted as Iin ∈ RH×W×3. The initial processing is defined as:

Idenoised = FBilateral(Iin, d, σcolor, σspace), (13)



where FBilateral is the bilateral filtering operator, with d as the pixel neighborhood diameter, and σcolor and σspace as the
filter’s standard deviations in the color and coordinate spaces, respectively. The subsequent transformation yields the luminance
and chrominance channels:

(Y,Cr, Cb) = TBGR→Y CrCb(Idenoised), (14)
where T represents the color space transformation.

Stage 2: Adaptive Visibility and Contrast Enhancement
The core of the APA module is its adaptive, non-linear enhancement of the luminance channel. A standard gamma correction
uses a fixed exponent, which is suboptimal for images with varying levels of darkness. We introduce an adaptive gamma,
γadapt, whose value is dynamically computed based on the image’s mean luminance. This logarithmic formulation provides
a substantial boost to severely underexposed regions while applying a more conservative correction to moderately lit areas,
thereby preventing over-enhancement.

The mean luminance, normalized to [0, 1], is first calculated:

µ̄Y =
1

255 ·HW

H∑
i=1

W∑
j=1

Y (i, j). (15)

The adaptive gamma is then derived as:

γadapt = clip (γbase − λ ln(µ̄Y + ϵ), γmin, γmax) , (16)

where γbase is the base gamma value, λ is a sensitivity parameter (0.5 in our implementation), and ϵ is a small constant for
numerical stability. The result is clipped to a predefined range [γmin, γmax] to ensure robustness.

The gamma correction is then applied to the luminance channel:

Ygamma = 255 · (Y/255)1/γadapt . (17)

Following this initial brightness lift, Contrast Limited Adaptive Histogram Equalization (CLAHE) is employed. Its purpose
here is not global contrast stretching, but rather the enhancement of local texture and detail within large, uniform dark regions
(e.g., unlit fields or rooftops), which are prevalent in aerial perspectives.

Yenh = FCLAHE(Ygamma). (18)

The enhanced luminance channel Yenh is then merged back with the original chrominance channels Cr and Cb.

Stage 3: Perceptual Color and Highlight Correction
The final stage refines the image’s perceptual quality by addressing color casts and potential highlight clipping. Urban night
scenes often exhibit a reddish or greenish tint from heterogeneous artificial lighting. To counteract this, we transition to the
CIEL*a*b* color space, where the a* channel directly corresponds to the green-red axis. A linear scaling is applied to this
channel to neutralize color imbalances by amplifying red tones while suppressing green ones.

First, the BGR image is converted to the CIEL*a*b* space:

(L∗, a∗, b∗) = TBGR→Lab(TY CrCb→BGR(Yenh, Cr, Cb)). (19)

The a* channel is then adjusted using a red-boost factor αred:

a∗adj = clip ((a∗ − 128.0) · αred + 128.0, 0, 255) . (20)

This operation effectively expands the positive range (reds) and contracts the negative range (greens) relative to the neutral gray
point (128).

After converting back to BGR, a final tuning step is performed in the HSV (Hue, Saturation, Value) space. This serves
two critical functions: first, a modest saturation boost (βsat) compensates for color desaturation common in low-light imagery.
Second, and more importantly, a highlight suppression factor (ηsupp) is applied to the Value (V) channel. This acts as a protective
measure to prevent bright light sources (e.g., streetlights) from becoming clipped or over-exposed—a critical failure mode
observed in preliminary experiments.

Itinted = TLab→BGR(L
∗, a∗adj , b

∗), (21)

(H,S, V ) = TBGR→HSV (Itinted), (22)
Sfinal = clip(S · βsat, 0, 255), (23)
Vfinal = clip(V · ηsupp, 0, 255). (24)

The final output image Iout is obtained by merging the modified HSV channels and converting back to the RGB color space.



Algorithm 2: APA: Adaptive Pre-enhancement Augmentation Pipeline

Require: Input RGB image Iin, parameters Θ = {d, σcolor, σspace, γbase, λ, αred, βsat, ηsupp}
Ensure: Enhanced RGB image Iout

1: Ibgr ← TRGB→BGR(Iin)
2: Idenoised ← FBilateral(Ibgr, d, σcolor, σspace) ▷ Stage 1: Denoising
3: (Y,Cr, Cb)← TBGR→Y CrCb(Idenoised) ▷ Luminance-Chrominance separation
4: µ̄Y ← mean(Y )/255.0 ▷ Stage 2: Adaptive Enhancement
5: γadapt ← clip(γbase − λ ln(µ̄Y + ϵ), γmin, γmax)

6: Ygamma ← 255 · (Y/255.0)1/γadapt

7: Yenh ← FCLAHE(Ygamma)
8: Ienh bgr ← TY CrCb→BGR(Yenh, Cr, Cb)
9: (L∗, a∗, b∗)← TBGR→Lab(Ienh bgr) ▷ Stage 3: Perceptual Correction

10: a∗adj ← clip((a∗ − 128.0) · αred + 128.0, 0, 255)

11: Itinted ← TLab→BGR(L
∗, a∗adj , b

∗)

12: (H,S, V )← TBGR→HSV (Itinted)
13: Sfinal ← clip(S · βsat, 0, 255) ▷ Boost saturation
14: Vfinal ← clip(V · ηsupp, 0, 255) ▷ Suppress highlights
15: Ifinal bgr ← THSV→BGR(H,Sfinal, Vfinal)
16: Iout ← TBGR→RGB(Ifinal bgr)
17: return Iout

Algorithmic Summary
The entire APA pipeline is summarized in Algorithm 2. By systematically addressing noise, luminance, local contrast, color
casts, and highlights in their respective optimal domains, the APA module transforms challenging raw inputs into a perceptually
consistent and more tractable domain for the network to learn from.

Limitations and Failure Cases
While U3LIE demonstrates robust performance across a wide range of scenes in the U3D dataset, it has limitations. As shown
in Figure 9, in scenarios with extreme darkness and virtually no light sources, the framework may struggle to recover meaning-
ful information, sometimes leading to a flat, low-contrast output. This represents a fundamental limitation of any single-image
enhancement method when the input signal-to-noise ratio (SNR) falls below a critical threshold, as there is insufficient infor-
mation to distinguish detail from noise. Future work could explore overcoming this physical boundary by leveraging temporal
information from video streams or multi-modal data fusion (e.g., with thermal imagery).

Input LLFormer RetinexFormer HVI CycleGAN NeRCo

Zero-DCE RUAS DCE++ SCI ZERO-IG Iformer U3LIE (Our)

MobileIE

Figure 9: Illustration of a failure case for U3LIE under extreme low-light conditions.

Additional Visualizations
This section presents additional visual comparisons to highlight the effectiveness of our approach. Figure 10 showcases U3LIE’s
superior capability in handling challenging aerial scenes with non-uniform lighting. It adeptly restores visibility in dark regions
while avoiding color artifacts and highlight clipping in bright areas. The insets (red boxes) confirm that our method generates
results that are visually plausible and detailed, maintaining the scene’s original structure.
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Figure 10: Visual comparison of our U3LIE with SOTA methods on the U3D dataset.
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