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ABSTRACT

Low-light image enhancement is crucial in situations where
visible sensors might suffer from severe noise and informa-
tion loss (e.g., nighttime surveillance). Recent approaches
investigate auxiliary modalities invariant to illumination to
improve the performance, such as thermal infrared imaging.
We propose a Multimodal Intrinsics-Guided Framework that
integrates RGB and thermal data to reconstruct well-lit im-
ages. Our method utilizes a two-stage pipeline: first, we
employ an intrinsic decomposition strategy to separate re-
flectance and shading components through knowledge distil-
lation, where a teacher network guides a student model in re-
constructing consistent intrinsic components; then, a refine-
ment stage restores fine structures and visual details. We train
the proposed model on synthetic data from HDRT dataset and
demonstrate strong generalization to real-world benchmarks
such as LLVIP and V-TIEE, outperforming state-of-the-art
methods in most evaluation metrics. Code is available at:
https://github.com/simonemelc/TIRGlow

Index Terms— Low-light Image Enhancement, Multi-
modal Fusion, Thermal Infrared, Intrinsic Decomposition.

1. INTRODUCTION

Low-light image enhancement (LLIE) plays a key role in
computer vision, as images captured at night often suffer
from low contrast, heavy noise, and color distortion. These
degradations reduce visual quality and strongly affect down-
stream tasks, especially in nighttime surveillance, where
reliable scene interpretation is required for monitoring, track-
ing, and safety-related applications. Traditional enhancement
methods mainly adjust intensity and contrast, but they of-
ten amplify noise or introduce visual artifacts, limiting their
effectiveness in real-world scenarios [1]. Recent learning-
based approaches improve performance but still struggle
when operating on severely under-exposed images with low
signal-to-noise ratios [2]. To address these limitations, there
is a growing interest in using auxiliary sensors that are less
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Fig. 1. A visual example on a very low-light image from
LLVIP: the proposed method fuses low-light RGB and TIR
to recover missing textures and colors.

sensitive to illumination changes, such as LiDAR [3], event
cameras [4], and thermal infrared (TIR) sensors [2,5]. In
particular, TIR imaging captures emitted heat rather than
reflected light, providing stable structural and textural cues
under poor lighting conditions. Motivated by this trend, our
work focuses on integrating thermal information with low-
light RGB data to achieve more robust and visually consistent
image enhancement. The main contributions from this paper
are: 1) We employ a knowledge distillation strategy where
a teacher network guides the student to disentangle intrinsic
properties, allowing better physical consistency and color
fidelity compared to standard methods. 2) We adapt a multi-
scale attention gating mechanism to the multimodal domain
to selectively integrate thermal features and inject structural
details only where the visible signal is degraded, preventing
the propagation of thermal noise common in naive fusion
approaches. 3) We validate a realistic low-light simulation
pipeline on HDRT [6] data that enables robust zero-shot
generalization to real-world benchmarks (LLVIP [7] and V-
TIEE [8]), outperforming state-of-the-art methods especially
in structure and color preservation.

2. RELATED WORK

Traditional LLIE. Classical techniques adopted to solve
LLIE task include gamma-correction and histogram equaliza-
tion; however these early approaches do not take illumination
into account, leading to physically inconsistent results [9, 10].
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Retinex-based formulations, instead, successfully treat the
problem through the reflectance-illumination decomposition
which improve global contrast but often amplify noise or
introduce halos and color artifacts under complex illumi-
nation [11]. Deep learning solutions have significantly im-
proved LLIE performance by combining Retinex priors with
CNN-based decompositions, while more recent transformer-
based methods [1] leverage self-attention to capture long-
range dependencies and non-uniform illumination patterns.
GAN-based [12,13] and diffusion-inspired [14] enhancement
models further improve perceptual quality by learning real-
istic brightness, texture, and color distributions in low-light
conditions. Nevertheless, large-scale evaluations and recent
LLIE challenges [15] show that most existing models still
struggle on extremely dark images.

Thermal-Assisted LLIE. Several works exploit auxiliary
modalities that are less affected by illumination, such as TIR
imaging [2, 5]. Thermal-guided enhancement approaches
typically use thermal edges or textures as guidance maps
to regularize the enhancement of visible images, improv-
ing structural consistency without excessively boosting RGB
noise [2]. More recent multimodal frameworks explicitly
fuse RGB and thermal features through attention mecha-
nisms [8]. Beyond pure enhancement, Zhao et al. [16] in-
troduces visible—infrared information synthesis for severe
low-light scenarios, arguing that single-modality enhance-
ment is fundamentally limited when large regions lack valid
visible signal.

3. METHODOLOGY

3.1. Intrinsic Image Decomposition

We base our work on the physical principles of image forma-
tion. Intrinsic Image Decomposition (IID) theory [17] states
that an image I can be modeled as the pixel-wise product of
two distinct layers: reflectance R and shading S. Adopting the
standard Lambertian-world assumption, this decomposition is
formulated as:

I'=RgrGp® Sgray~ (D

Rrgp € R¥>*H*W represents the illumination invariant mate-
rial properties and colors of the scene, Sgrqy € RIXHXW “ip.
stead, is a gray-scale image that captures the light distribu-
tion and the surface geometry. The separation between illu-
mination and reflectance has a long history in LLIE with re-
cent studies further showing that solving reconstruction or en-
hancement tasks in the intrinsic domain, rather than in lumi-
nance, improves color fidelity and simplifies statistical mod-
eling [18, 19].

3.2. Teacher Network

A significant challenge in training intrinsic models is the lack
of ground-truth reflectance and shading data in the context of

LLIE. We address this limitation through a knowledge dis-
tillation strategy where we utilize as a teacher network a pre-
trained model from Careaga et al. [20] which proved to deliver
high-quality decomposition in the wild. This teacher pro-
cesses a normal-exposure image I, to extract reflectance Ry
and shading S,; maps, serving then as targets for our student
network. Following the preprocessing solution from [20], the
input image is first normalized to the [0, 1] range and lin-
earized (j;;) using a standard gamma value of 2.2. The es-
timated R, is bounded to [0, 1], instead S, is unbounded to
physically account for light intensities that exceed the nor-
malized dynamic range of the input image.

3.3. Student Network

During the training phase, the proposed student network first
predicts the intrinsic decomposition from paired low-light
RGB and thermal inputs, using the teacher’s output as su-
pervision (Rg, Sg). Then, a refinement stage is added to
predict the final well lit image I, The framework operates
as an end-to-end system and it is summarized in Figure 2
(more details can be found in the Supplementary). The net-
work utilizes a dual-encoder CNN to extract features from
both low-light RGB I;,,, and thermal T frames. Inspired by
Han et al. [21], we implement a multi-scale attention gating
mechanism [22] at every resolution level [ to selectively filter
thermal features. First (FB in Figure 2), we fuse the encoders
features (FI’ 7FTI) to obtain the raw skip connection X! and
then (AG in Figure 2) we generate an attention mask M’
using the upsampled features G! from the decoder as a struc-
tural reference; the raw skip connection X! is then multiplied
with M to obtain the final gated skip connection X':

M=xlowm, = G(Ww¢(WxXZ+WgGZ)> )

where ¢ and ¢ denote the Sigmoid and ReL.U activations re-
spectively. W, and W, are learnable 1 x 1 kernels that project
inputs to an intermediate feature space, while Wy, aggregates
them into a single-channel attention map. This mask M’ €
[0,1] acts as a spatial filter, suppressing background noise
while highlighting thermal-guided structural details. At this
point, the decoder predicts R and S. Given the unbounded
nature of the shading, we follow Dille et al. [18] and use an
inverse shading map D = (1 +$)~! to prevent numerical in-
stability and gradient explosion during loss minimization. We
recover then § = (1 — D)/D and using the intrinsic law we
produce the first linear coarse reconstruction Foarse = R® S.
Then, we concatenate [y With the thermal input 7" before
feeding into the refinement net, consisting of a sequence of
Residual Blocks [23] that learn a residual error map £ to be
added to I.pgys in order to correct potential artifacts or color
shifts and finally obtain the prediction I aftera Si gmoid (o).
Note that since we train the full pipeline end-to-end against
the RGB ground truth, this allows the student to compensate
for potential failure points that may derive from the teacher’s
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Fig. 2. Overview of the proposed framework: the teacher net provides intrinsic supervision; the student net fuses RGB and TIR
features via Fusion Blocks (FB) and refines the resulting skip connections using Attention Gates (AG). The model first predicts
I oarse, and then applies a Residual Refinement Net guided by the thermal input to produce the final enhanced result L.

priors, ensuring the final results is not strongly impacted by
its limitations.

3.4. Objective Functions

We optimize the network end-to-end using a composite ob-
jective function:

Lyotal = O Lg + Ls) + BLphy +YLres 3)

Reflectance and Shading. The reflectance (Lg) and shading
(Ls) terms are supervised using a smooth ¢; pixel criterion
(Lpix) combined with a structural edge 1oss (L,gg) to preserve
high-frequency details. For reflectance, we additionally em-
ploy a CIELAB loss (L) to enforce chromatic consistency.
As mentioned before, we use the inverse shading representa-
tion D = (1+S)~! for computing the loss:

Ly (R7 Ié) = xprix + 7\'eLeaz’ge + 7\'cLlab (4)
LS(Dvﬁ) = }"prix + keLedge %)

Physical Consistency and Refinement. We enforce the in-
trinsic constraint via a reconstruction loss against I purse and
the ground truth linear image ;. Also in this case, we apply
the loss in the inverse domain for numerical stability:

Lphy:Lpix ((1+Ilin)717(1+icoarse)7l) (6)

The refinement module predicts a linear image 1,,,; to align
with human perception, we compute losses in the SRGB do-
main applying a gamma correction. The total loss compares

IA;,{,Y = (f,,u,)ﬁ against the SRGB ground truth I

2l
Lref (Iogyalgt) = }\prpix + }”eLedge + }\chlab + 7‘-¢ Lperc @)

Detailed definitions of individual loss components (i.e., Ly,
Ledges Liab» Lpere) and the specific hyperparameter values are
provided in the Supplementary.

4. EXPERIMENTAL SETUP

4.1. Training Data Synthesis

To train the model, we require a large amount of triplets of
low-light RGB I, thermal T, and well-lit ground truth I,.
We use the HDRT dataset [6] which contains 10,000 HDR-
TIR pairs and provides per each scene under-, over-, and well-
exposed SDR renderings. Although the dataset includes a real
low-light image (the under-exposed one), we observed that
its exposure reduction was not sufficiently aggressive to rep-
resent severe darkness conditions so we opted to select the
well-exposed image as the ground truth and apply to it a low-
light simulation pipeline as follows:

fiow=Q [(K ) Igt + Nshor + nread) ]/Y:| 3

Equation 8 first converts SRGB images from HDRT in the
linear domain through a gamma operation (y = 2.2) and ap-
plies an exposure gain ¥ € [0.0005,0.005]. Then, follow-
ing [2,25], we add noise (shot and read components). While
true Poisson-Gaussian modeling is physically accurate only
for RAW data, approximating it on linearized post-ISP data
remains standard practice. Finally, the image is brought back
to sRGB (1/v) and quantized (Q). See supplementary for ad-
ditional details.



Table 1. Quantitative comparison across three datasets. Training Data indicates the source domain used for training. Input
reports the input sensor configuration. Setting distinguishes between Supervised and Zero-Shot. Best scores in red, second-best

in blue.
Method Training Data Input Setting PSNR?T SSIM7T LPIPS| AEy) #Params
HDRT
EnGAN [12] Unpaired (LOL, RAISE, HDR) RGB Zero-Shot 13.97 0.627 0.440 16.02 8.64M
LLFlow [24] LOL RGB Zero-Shot 13.71 0.652 0.416 19.02 38.38M
RetinexFormer [1] LOL-v2 RGB Zero-Shot 16.12 0.668 0.363 13.06 1.61M
RT-X Net [8] LLVIP RGB+TIR Zero-Shot 15.26 0.539 0.419 16.92 1.64M
RT-X Net [8] (Retrained) HDRT RGB+TIR Supervised 26.02 0.827 0.183 5.27 1.64M
Ours HDRT RGB+TIR Supervised 28.99 0.883 0.112 3.51 1.38M
LLVIP
EnGAN [12] Unpaired (LOL, RAISE, HDR) RGB Zero-Shot 19.83 0.704 0.320 11.02 8.64M
LLFlow [24] LOL RGB Zero-Shot 13.90 0.561 0.449 18.67 38.38M
RetinexFormer [1] LOL-v2 RGB Zero-Shot 16.15 0.599 0.363 13.99 1.61M
RT-X Net [8] LLVIP RGB+TIR Supervised 27.03 0.622 0.234 8.89 1.64M
Ours HDRT RGB+TIR Zero-Shot 25.80 0.795 0.220 4.93 1.38M
V-TIEE
EnGAN [12] Unpaired (LOL, RAISE, HDR) RGB Zero-Shot 18.94 0.574 0412 14.04 8.64M
LLFlow [24] LOL RGB Zero-Shot 16.91 0.589 0.470 16.57 38.38M
RetinexFormer [1] LOL-v2 RGB Zero-Shot 17.13 0.584 0.439 16.36 1.61IM
RT-X Net [8] LLVIP RGB+TIR Zero-Shot 18.21 0.347 0.503 17.71 1.64M
Ours HDRT RGB+TIR Zero-Shot 20.56 0.614 0.473 11.65 1.38M

Table 2. Ablation study on HDRT Dataset. Best results in
red.

Experiment PSNR 1 SSIM 1 LPIPS | AEg |
(a) w/o Thermal (RGB only) 25.95 0.856 0.148 4.88
(b) Shallow Attention (M only) 27.98 0.875 0.125 3.94
(c) w/o Refinement (Coarse only) 28.22 0.878 0.121 3.73
(d) Full Model 28.99 0.883 0.112 3.51

4.2. Implementation Details

We implemented our framework using PyTorch on a NVIDIA
L40S GPU. The network was trained for 150 epochs using
the AdamW optimizer, a weight decay of 1 x 107* and a
CosineAnnealingLR scheduler (learning rate initialized at
1 x 107%). During training, we applied consistent geomet-
ric data augmentation (flips, rotations) across all modalities
and we randomized for each sample the exposure gain and
noise parameters from Equation 8, alternating between harder
and softer darkness profiles. The input resolution was set to
384 x 384 pixels with a batch size of 8.

5. RESULTS

5.1. Quantitative Analysis

We evaluate the proposed solution using HDRT, LLVIP and
V-TIEE dataset and compare the results against four represen-
tative LLIE methods: EnGAN [12], LLFlow [24], Retinex-
Former [1], and RT-X Net [8]. Due to unavailability of the
code, we could not include other thermal-aware LLIE meth-
ods in the comparison [2, 3, 14]. Table 1 reports the quantita-
tive results in terms of standard PSNR, SSIM and LPIPS; we

compute also CIE AE( scores since a core part of this work
is to analyze color preservation properties. Note that methods
like [1,8,24] use post-processing operations to achieve better
results, but they require data augmentation and ground truth
information to perform mean alignment, ending up being im-
practical for fast and target-agnostic scenarios like nighttime
surveillance; therefore we disabled this option to run a fair
comparison across all models. The significant performance
gap on HDRT between our model and the others is justified
by the fact that competitors are tested in a Zero-Shot man-
ner using official pre-trained weights, simulating a realistic
cross-domain deployment. For this purpose, we retrain RTX-
Net on HDRT and demonstrate we still obtain better results.
Notably, our framework has robust adaptability across LLVIP
and V-TIEE, outperforming the other methods particularly in
structural similarity (SSIM) and color fidelity (AE(). Finally,
we highlight the efficiency of our architecture as it is the most
lightweight among the compared methods.
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Fig. 3. Visualization of the attention masks (deepest and
finest) and of the coarse and refined reconstruction results on
HDRT samples.
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Fig. 4. Visual comparison example. The first two rows show low-light samples from the LLVIP dataset, while the last two rows
are from V-TIEE. Each column compares the analyzed methods against the ground truth.

5.2. Ablation Study

We conducted an ablation study to evaluate the impact of
thermal information, multi-scale attention and the refinement
stage. Table 2 reports the scores for each experiment: the
proposed full model achieves the best performance across all
metrics validating the influence of each analyzed component.
First, thermal shows to be useful in guiding the restoration;
second, limiting the attention mechanism only to the shal-
lowest level proves to be suboptimal, suggesting that filter-
ing features at multiple resolution is more effective; finally,
the refinement stage shows its importance in recovering finer
details and more faithful results.

5.3. Visual Comparison

Visual comparisons on LLVIP and VTIEE samples are pre-
sented in Figure 4. In general, we notice that approaches
like EnGAN tend to hallucinate textures or introduce arti-
facts; LLFlow method often produce overly smooth results;
retinex-based transformers like RetinexFormer and RTX-Net
instead amplify high-frequency noise in the deepest shadows.

In contrast, our framework, leveraging the clean structural pri-
ors from thermal, helps maintaining natural structural defini-
tion and color saturation. More comparisons, together with
the specification of the test sets for LLVIP and V-TIEE, can
be found in the Supplementary.

6. CONCLUSION

In this work we present a physics-guided framework for LLIE
that explicitly integrates thermal structural cues into the in-
trinsic decomposition process, targeting extreme scenarios
where the RGB signal is severely degraded. While trained
on synthetic data from HDRT, experimental results on LLVIP
and V-TIEE show that the proposed approach generalizes
well and better preserves structure and color than recent
state-of-the-art methods, reducing noise, artifacts, and color
instability. The conducted ablation studies also confirm the
contribution of thermal information and of the attention-based
fusion mechanism. Future work will focus on extending the
framework to video with real-time constraints and to richer
multimodal settings (e.g., event or LIDAR data).
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1. DETAILED NETWORK ARCHITECTURE

The proposed framework employs a dual-encoder U-Net ar-
chitecture. During our experimentation, we found out that
utilizing Group Normalization (GN) instead of Batch Nor-
malization throughout the network was helpful in mitigating
the training instability and achieving overall better results.

1.1. Fundamental Building Blocks

In this section we detail the hyperparameters of the core com-
putational units:

e ConvBlock: The standard processing unit consists
of a 3 x 3 Convolution (with padding 1, bias=False),
followed by Group Normalization (Ngsoups = 8) and a
LeakyReLU activation (slope a0 = 0.2).

e ResBlock: Utilized in the refinement stage, it consists
of a ConvBlock followed by a second 3 x 3 Convolu-
tion and Group Normalization. A residual connection
adds the input feature map to the output before a final
LeakyReLU activation (a0 = 0.2).

1.2. Encoder-Decoder Configuration

The backbone is a symmetric 4-level U-Net. To maintain a
lightweight architecture, we set the initial network width to
C = 16 channels for both inputs.

e Dual Encoders: We utilize two independent encoders.
Downsampling is performed via strided convolutions
(k =3,s =2,p = 1), doubling the channels at each
stage (16 — 32 — 64 — 128).

* Bottleneck: The bottleneck concatenates the deep-
est features from both modalities (128 + 128) and
processes them via a ConvBlock with 256 channels,
preserving the spatial resolution of H/8 x W /8.

* Decoder & Fusion: Upsampling is performed via bi-
linear interpolation followed by a concatenation with
the gated skip connections. The skip connections are
fused via a 1 x 1 convolution that reduces the concate-
nated channels (C; 4+ Cj) back to C; before entering the
Attention Gate.

* Prediction Heads: The decoder branches into two
heads for Reflectance (R) and Inverse Shading (D).
Each head consists of: 3 x 3 Conv — LeakyReLU
— 3 x 3 Conv — Sigmoid, mapping the 16-channel
feature map to 3 channels (for R) or 1 channel (for D).

1.3. Refinement Module

The refinement network is designed to recover details lost
during the coarse prediction. It accepts a 4-channel input ob-
tained by concatenating [ parse (3 ch) and the original thermal
input 7' (1 ch). First, a ConvBlock maps the 4-channel input
to a hidden dimension of 32 channels; then a sequence of 4
ResBlocks processes the features at full resolution (H x W)
to capture fine structural dependencies; finally a 1 x 1 convo-
lution projects the features to 3 channels, producing the resid-
ual map E. The final output is obtained as Fou = G(fcoarsg +
E), where G is the Sigmoid function.

2. LOSS COMPONENTS DESCRIPTION

In this section, we present more in detail the implementation
of the loss functions used to supervise the network. For all
formulations, we use Y to denote the ground truth and ¥ the
prediction; N is the total number of pixels.

Pixel Reconstruction Loss (Ly;). To compute the photo-
metric error, we employ the Smooth ¢; loss, which is less
sensitive to outliers than #,. It is defined as:

N 1 o
Lyi(Y)Y) = N ZPS(YP ~Y,),
P

(1)
0.5-d%/5,
p5<d){ /

if |d| < 9,
|d|—0.5-8, otherwise,

where 0 is set to 0.01. This loss is always applied with weight
Ay, =1.0.

Edge Loss (L.44.). To preserve structural sharpness, we use
a composite loss constraining both gradient magnitude and
orientation. Let V denote the spatial gradient operator and
M(-) = ||V -||2 its magnitude. The function is defined as:



Gain: 0.001

Fig. 1. Low light simulation from HDRT ground truth normal-exposed image using different values for the exposure gain. Best

if viewed in digital format.

Ledge(?ay) = Lmag +0.5- Ldir
Lmag = HM(?) _M(Y)Hl
VY,-VY, )

| )
Lair = < ) Limy), '(1 5
N; M¥)p>t} M(¥), -M(Y),+e

where 17 is a function that aims to mask flat regions (thresh-
old T = 0.05) to ensure numerical stability and p is any pixel.
The weight here is always set to A, = 0.8.

Color Loss (L;,5). To decouple chromaticity from lumi-
nance, we first convert RGB images to the CIELAB space
and minimize the error specifically on the chrominance chan-
nels (a,b):

Liap(P,Y) = |[Ta = Y|, + [T = V] 3)

We explicitly exclude the luminance (L) channel to enforce
color consistency independent of brightness. We set the
weight A, = 1.0.

Perceptual Loss (L,¢.). To align results with human per-
ception and preserve semantic consistency, we compute the
distance between feature maps extracted from a pre-trained
VGG-16 network [1]. We extract maps ¢; from four distinct
depths: shallow layers (relul_2,relu2_2) capturing fine tex-
tures, and deeper layers (relu3_3,relud_3) capturing struc-
tural semantics. The loss is defined as:

Lpere(Y,Y) = Zw, |0;(N(T))—0;(NY))||, @

where N(-) represents the standard ImageNet mean-variance
normalization required by the pre-trained backbone. The
weights are set to w = {1/32,1/16,1/8,1/4} respectively,
assigning higher importance to higher-level semantic fea-
tures. This component is weighted in the total loss with
Ao =0.2.

Total Objective. The final objective function combines these
components for the reflectance (R), shading (S), physical con-

sistency (phy), and refinement (ref) stages:
Liotal = a(LR + LS) + BLphy + 'YLrefv %)

where we seto. =1, =0.5,y= 1.

3. PHYSICS-BASED LOW-LIGHT SIMULATION

In this section we extend the description of the adaptive ex-
posure scaling and noise injection part in the low-light simu-
lation.

Adaptive Scaling. During training, instead of a fixed gain,
we determine the exposure factor k¥ dynamically to target spe-
cific darkness levels regardless of the initial scene brightness
of the image Ij;, = 1;,/[. We define a target mean intensity feqy
sampled uniformly from [0.0005,0.005]. The gain is com-
puted as:

K= tmean/(:u(llin) + 8) (6)

where u(-) represents the mean operator. Figure 1 shows sev-
eral low-light simulated version of the same image with dif-
ferent values of x.

Noise Model. Following the signal-dependent nature of pho-
ton arrival, we model the degradation process in the linear
domain as:

VAN Ilm+ 9\[ (7)

Shot Noise ng0r

Inr)i.&} K- Ilm+9\£ 0 G
——

Signal

Read Noise 1,000

where A denotes the standard Normal distribution. To en-

sure robustness across different noise levels, we sample G, €
[0.001,0.01] and o, € [0.00005,0.0002].

4. ADDITIONAL VISUAL COMPARISON

In Figures 3 and 4 are shown additional results and com-
parisons between the proposed solution and state-of-the-art
methods on LLVIP and V-TIEE dataset. Note that for LLVIP
images we used the test set of 70 samples that Jha et al. [2]



made available from their official GitHub page '. Regard-
ing V-TIEE images, due to the lack of official documentation
detailing the pairing of low-light and well-lit images (ground
truths), we performed a manual selection and pairing between
the different low-exposure and high-exposure versions within
the dataset. This naturally led to the formation of a custom
test set. Furthermore, since some well-lit images intended
to serve as ground truth presented clearly perceptible artifacts
(e.g., under-exposure, noise, incorrect white balance), we also
selected images from the dataset that had balanced and clean
ground truths, reducing the full set to a subset of 28. We re-
port in Figure 2 the 28 V-TIEE normal light images used in the
test as ground truths. While this filtering was strictly intended
to avoid evaluating on corrupted targets, we acknowledge that
manually selecting a subset may induce bias, and we explic-
itly highlight these artifact issues as a dataset limitation.
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Fig. 4. Visual comparison example. The first two rows show low-light samples from the LLVIP dataset, while the last two rows
are from V-TIEE. Each column compares the analyzed method against the ground truth.
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