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This supplementary document details the LSD prepara-
tion and insights of TFFormer, provides additional experi-
mental results, and discusses the limitations of the proposed
method. We organized the document as follows:

* Section | details LSD preparation

* Section 2 details the distribution of the LSD and illus-
trates the limitation of the existing dataset visually.

* Section 3 provides learning details and performance of
the TFFormer in existing SLLIE.

* Section 4 provides additional experimental results

1. LSD Preparation

We designed our LSD app carefully to collect a large-scale
SLLIE dataset leveraging multiple sensors for diverse real-
world data collection. We also developed our scene classi-
fier by utilizing the capability of SOTA image classification
models.

1.1. Sensor Details

To diversify our proposed LSD dataset, we utilize 15 dis-
tinct image sensors from six different smartphones, encom-
passing a variety of imaging principles, resolutions, pixel
sizes, and sensor sizes. These sensors respond uniquely
to various lighting conditions, particularly noise, dynamic
range, and color reproduction. Table 1 provides the specifi-
cations of these smartphones and their cameras, with the
resolution reflecting the maximum native output of each
sensor. However, under low-light conditions, these sen-
sors typically generate 4K images by leveraging pixel-
binning techniques to create larger effective pixels, enhanc-
ing brightness and reducing noise.

This study replicates real-world scenarios using the de-
fault pixel-binning configurations of modern smartphones.
Only the rear cameras were employed, as they offer supe-
rior imaging performance compared to front-facing cam-
eras. The diversity in sensor types, field of view, and imag-
ing characteristics substantially enriches the LSD dataset,
ensuring its robustness and relevance for low-light image
enhancement research.
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1.2. LSD App

Our LSD app was developed by leveraging android-api [7]
to capture aligned low-light and corresponding reference
images. Before fixing the final version, we experimented
with the available APIs to find the best and easy-to-use in-
terface for collecting low-light samples. Fig. 1 illustrates
the sample screenshot of our LSD app. To capture a scene,
we first selected a random camera sensor for the device;
we calibrated the settings based on our capture calibration
strategy. Before saving the scenes, we visually inspected
the captured scenes to ensure their usability.

Kaleidoscope serrvos fll & Camera Settings. Kaleidoscope seTTinGs

(a) Sesnor Selection (b) Capture Settings (c) Preview

Figure 1. User interface and detail of LSD APP. (a) Selecting Sen-
sor. (b) Settings adjustment of low-light and reference images. (c)
Preview of capture scenes

1.3. VGGScene Classifier

Refining the collected patches from our image pairs posed
significant challenges, mainly due to unwanted imaging
limitations such as blurs, over-exposed light sources, dark
under-exposed regions, and defocus in reference images.
Developing individual algorithms to address each issue
proved inefficient and complex, while manually inspecting
every image pair was impractical.

To overcome these hurdles, we developed a learning-
based scene classifier to automate and accelerate the refine-
ment process. This approach enabled us to identify and
exclude imperfect images from training, ensuring higher
dataset quality. Before beginning the LSD scene collection,
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Device Camera Sensor Resolution (Max.) Sensor Size Pixel Size Aperture Year
Samsung Galaxy S10 Main (Wide) S5K2L4 12 MP (4032 x 3024) 1/2.55 in. 1.4 um f/1.5-2.4 2019
Telephoto S5K3M3 12 MP (4032 x 3024) 1/3.6 in. 1.0 pm /2.4 2019

Ultra-Wide S5K4HS5 16 MP (4608 x 3456) 1/3.1in. 1.0 ym /2.2 2019

Samsung Galaxy Z Flip3 Main (Wide) IMX555 12 MP (4032 x 3024) 1/2.55 in. 1.4 um /1.8 2021
Ultra-Wide IMX258 12 MP (4000 x 3000) 1/3.0 in. 1.12 um /2.2 2021

Xiaomi Redmi 10C Main (Wide) ISOCELL JN1 50 MP (8160 x 6144) 1/2.76 in. 0.64 pm /1.8 2022
Samsung Galaxy S22 Ultra Main (Wide) HM3 108 MP (12032 x 9024) 1/1.33 in. 0.8 um /1.8 2022
Telephoto (3x) IMX754 10 MP (3648 x 2736) 1/3.52 in. 1.12 um /2.4 2022

Telephoto (10x) IMX754 10 MP (3648 x 2736) 1/3.52 in. 1.12 um /4.9 2022

Ultra-Wide IMX563 12 MP (4000 x 3000) 1/2.55 in. 1.4 pm /2.2 2022

Samsung Galaxy Z Flip5 Main (Wide) IMX563 12 MP (4032 x 3024) 1/1.76 in. 1.8 um /1.8 2023
Ultra-Wide IMX258 12 MP (4000 x 3000) 1/2.55 in. 1.12 um /2.2 2023

Samsung Galaxy Z Fold5 Main (Wide) GNS5 50 MP (8160 x 6120) 1/1.57 in. 1.0 um /1.8 2023
Telephoto IMX754 10 MP (3648 x 2736) 1/3.94 in. 1.0 pm /2.4 2023

Ultra-Wide IMX563 12 MP (4000 x 3000) 1/3.0 in. 1.12 pym /2.2 2023

Table 1. Specifications of the camera sensors utilized to collect the proposed LSD. Utilizing such diverse sensors helps us generalize the

SLLIE in the real world for practical use.

we extensively evaluated state-of-the-art (SOTA) classifica-
tion methods and constructed a separate scene classification
dataset to fine-tune our classifier. This allowed us to handle
challenging scenarios and streamline the refinement process
robustly.

1.3.1. Data Preparation.

Before start collecting the LSD dataset, we captured around
200 random scenes to find the limitations and probable ob-
stacles of preprocessing our LSD. Also, we made a list of
unwanted imaging consequences that may affect our learn-
ing strategy. Based on the initial study, we made a classi-
fication dataset and separated perfect and imperfect scenes
into two categories. Tab. 2 illustrates the detail of our scene
classification dataset. We collected 12,770 image patches
to learn scene classifiers with SOTA classification methods.
Fig. 2 demonstrates the sample images from our scene clas-
sification dataset.

Class Train Test

Perfect 5,580 755
Imperfect 5,456 979
Total 11,036 1,734

Table 2. Detail of LSD scene classification dataset.

1.3.2. Experiments and Results.

We studied the existing classification method to learn the
perfect scene identification. We alter the final classifica-
tion layer of SOTA models to fit our objective [15]. Ad-
ditionally, we leverage Imagenet’s [6] pre-trained weights
of these methods from the torch-vision [4] library to accel-
erate the learning process and achieve faster convergence.
We trained existing methods for 25 epochs with their sug-
gested hyperparameters. Fig. 3 details the training loss and

validation accuracy of the SOTA classification method on
LSD scene classification. VGG13 [12] illustrates the max-
imum validation accuracy among the SOTA classification
methods. Based on the experimental results, we leverage
the best weight of VGG13 for making our LSD scene clas-
sifier. Tab. 3 compares numerous deep methods in LSD
scene classification.

Model Accuracy (%)
Widerresnet [20] 95.13
VGG16 [12] 97.02
VGG16_bn [12] 95.67
Densenet161 [9] 96.92
VGGI13[12] 97.57

Table 3. Comparison between SOTA deep image classification
methods on LSD scene classification.

Fig. 4 illustrates the sample images eliminated by our
patch filtering strategy.

2. LSD vs. Existing Datasets

2.1. Training Scenes

Capturing images in real-world, uncontrolled environments
offers significant advantages, particularly in replicating sce-
narios where images are taken with handheld cameras.
However, such conditions often introduce imaging limita-
tions, such as blurs, over-exposed highlights, and under-
exposed regions, especially in the reference images. These
imperfections can mislead deep learning models and result
in unusable outputs.

To address this, we refined our training dataset by filter-
ing out images with these limitations. This was achieved
by analyzing the global intensity of reference images and



(a) Imperfect Scenes

(b) Perfect Scenes

Figure 2. Sample images from scene classification dataset. (a) Imperfect scenes. (b) Perfect scenes.
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Figure 3. Learning scene classification with SOTA image classi-
fication methods. (a) Validation accuracy vs epoch. (b) Training
loss vs epoch.
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Figure 4. Sample images were eliminated through our patch filter-
ing strategy.
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leveraging our VGG-based scene classifier for robust filter-
ing. Tab .4 provides a detailed breakdown of the device-
wise distribution of the refined LSD training dataset, high-
lighting the diversity and quality ensured through this pro-
cess. It is worth noting that some devices may use the same
image sensor. However, these setups employ different fo-
cal lengths and image processing techniques, ensuring that
the resulting samples remain diverse even when the same
sensor is utilized.

2.2. Testing Scenes

One major limitation of the current SLLIE datasets is the
absence of diverse testing scenes. To counter this, we cu-
rated the most extensive benchmarking test set, incorporat-
ing a variety of hardware, scenes, and sources. Tab. 5 de-

tails our LSD test set. For comprehensive evaluation, our
test set includes paired scenes for quantitative and qualita-
tive assessments and unpaired images for subjective evalu-
ation.

2.2.1. Pair Images.

We collected 400 testing scenes for pair testing, including
DLL and NLL pairs captured in different lighting condi-
tions. Each of these categories also includes subsets for in-
door and outdoor samples. For testing scenes, we selected
the full scenes with minimal unexpected imaging instances.

2.2.2. Unpair Images.

Image enhancement invariably remains debatable, contin-
gent upon personal preferences. Therefore, the proposed
LSD offers 2,117 unique test cases for extensive subjec-
tive assessment. Our unpaired testing set encompasses
data samples captured with DSLR cameras, smartphones,
frames from 10 low-light videos, and social media images.
We observed millions of images stored on social media,
which can still benefit from SLLIE techniques, breathing
new life into them.

2.3. Limitation of Existing SLLIE Datasets

Existing SLLIE datasets predominantly consist of scenes
captured under well-lit conditions, with low-light inputs ar-
tificially generated using low ISO settings and short expo-
sure times. As shown in Fig. 5, these samples are often
taken in high-brightness outdoor environments, making the
dataset semi-synthesized rather than representative of ac-
tual low-light scenarios. While useful for controlled ex-
periments, this approach fails to authentically replicate the
challenges faced in natural low-light environments, such as
complex lighting distributions, varying noise levels, and di-
verse low-illumination conditions.

Moreover, these brighter scenes often contain naturally
underexposed regions better suited for HDR mapping than
developing and evaluating dedicated SLLIE methods. This
mismatch can mislead model development, as the dataset
does not fully capture the nuanced challenges of real low-
light imaging. To advance SLLIE research, it is essential to
focus on datasets that authentically represent diverse low-



Device DLI NLI Combine Raw Patches Filtered Patches Usable Patch (%)
Samsung Galaxy S10 84 67 151 5,185 3,847 74.19
Samsung Galaxy Z Fold 5 759 689 1448 56,577 50,416 89.11
Samsung Galaxy S 22 Ultra 1,270 1,420 2,690 85,471 75,514 88.35
Samsung Galaxy Z Flip 3 329 347 676 22,800 20,312 89.09
Xiaomi Redmil0C 166 161 327 9,163 8,439 92.10
Samsung Galaxy Z Flip5 367 366 733 29,657 21,167 71.37
Total 2,975 3,050 6,025 208,853 179,695 86.04

Table 4. Details of LSD training set (filtered). We filtered out around 15% of patch pairs to make our training set robust.

Type  Lighting Condition Category Scenes
Low-light DLI 100
Pair Extreme DLI 100
Low-light NLI 100
Extreme NLI 100
Android 300
iPhone 250
Unpair Mix DSLR 300
Social Media 50

Video Frames 1,217

Total 2,517

Table 5. Detail of our LSD benchmarking set. We developed the
largest and most diverse SLLIE benchmarking dataset throughout
this study.

light conditions rather than relying on semi-synthetic ap-
proximations.

In contrast to the existing SLLIE datasets, we collected
our datasets in actual low-light scenarios (0.1-200 lux). Fig.
6 illustrates the samples from the proposed LSD. We col-
lected data over the years in different seasons, such as win-
ter, autumn, and summer.

3. TFFormer

Due to page limits, our main article could not provide de-
tails on implementing TFFormer, LC loss, and complexity
analysis. This section details the missing part to ensure the
reproducibility of our proposed method.

3.1. Implementation Details

LC Extraction: Luminance-Chrominance (LC) extraction
separates an image’s intensity and color information.
Luminance (L) is computed as L = 0.299R + 0.587G +
0.114B, representing brightness based on human visual
perception. Where R, G, and B are color channels of
an image. Chrominance (C) captures color details by
subtracting luminance from the original Image: C =1 - L.
This decomposition is widely used in image processing for

tasks like compression, enhancement, and object tracking,
enabling better independent handling of brightness and
color.

LC Encoding: We expanded the luminance-boosted im-
age (Ipr), luminance features (Fy,), chrominance-boosted
image (Igc) and chrominance features (F¢) into same fea-
ture dimension as Fy, € RH*XWx40 1 ater, we feed our
luminance and chrominance encoder with these expanded
feature maps to obtain Iy, _ or Ic_, . Our luminance and
chrominance encoders comprise the LCGAB, followed by
two convolution operations with stride 2 to down-sample
the LC attributes and boosted-image maps. We expanded
the dimension of the feature channel by a factor of 2 in ev-
ery recurring encoder block. Also, we reduced the spatial
dimension by a factor of 2 while expanding the feature maps
in both encoders to obtain Ipy,,,,,, and Irr,,,,.-

I...=LCGAB(Igy,FL) (1
IBLyw, = Conv(Ienc, s = 2) 2)
IrL,.,, = Conv(FL,s = 2) 3)

The Chrominance branch follows the same equation
to obtain their respective images Ic_... Imc.,., and
Ifcyown-

LC Decoding. In the decoder part, we combined the
luminance and chrominance features from the encoder by
adding them as a skip connection to guide the decoder’s
LCGAB. The LCGAB in the decoder is followed by a trans-
pose convolution operation to decode the RGB images into
their actual input dimension.

ILyee = LOGAB(IBLygwn: IFLaown ) “4)
Iup = ConvTransposed(Iy,.,) Q)

Chrominance features are also up-sampled similarly. We
refined the final decoded features with our reconstructed lu-
minance and chrominance attributes. Additionally, our TF-
Former is designed as a fully convolutional network and can
take images of any dimension as input. It can generate the



Figure 5. Sample images from existing SLLIE dataset. Many of the collected scenes of these datasets are captured in bright outdoor scenes

and replicated in the low-light input by controlling camera parameters.

Outdoor
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Figure 6. Sample images LSD. We collected all samples in 0.1-200 lux for over two years. (a) Samples from DLI scenes. (b) Samples

from NLI scenes

output with the same dimension as the input without losing
any spatial dimension.

3.2. Loss calculation

To perceive visually plausible images, we leverage an addi-
tional L1 loss along with the proposed LCCG. Thereby, we
defined final LC-guided loss as:

AC:)\R(»CR"‘»CLC) (6)

where Ly represents the traditional Ly loss, Ag is a low-
light regularization coefficient.

3.3. Training Details

We implemented our proposed TFFormer using PyTorch
framework [13]. Our TFFormer optimized with an Adam



optimizer [10] with a hyperparameter of 5; = 0.9, 8y =
0.99. We set the initial learning rate = 1e — 4 and adjusted it
after training 100,000 steps using ReduceLROnPlateau
scheduler [3]. We trained our model for 250,000 steps, uti-
lizing a batch size of 12 and image dimensions 128 x 128 x
3. Additionally, we leverage a low-light regularization co-
efficient A\ = 0.2 empharically to tune the proposed LC
guidance. The training process spanned approximately 100
hours, executed on low-end hardware featuring an AMD
Ryzen 3200G central processing unit (CPU) operating at
3.6 GHz, complemented by 32 GB of random-access mem-
ory, and an Nvidia GeForce GTX 3060 (12GB) graphical
processing unit (GPU).

3.4. TFFormer on SLLIE Datasets

To assess the performance of the proposed LSD dataset
against existing SLLIE datasets, we leverage our TFFormer
model throughout this study. Prior to conducting cross-
dataset comparisons, we validated the effectiveness of TF-
Former on existing SLLIE datasets to ensure a fair and
consistent evaluation. For this purpose, we compared TF-
Former with state-of-the-art (SOTA) SLLIE methods that
utilize Retinex theory or transformer-based architectures.
Tab. 6 summarizes these comparisons, focusing on meth-
ods like Retinexformer, recognized as one of the best
single-stage SLLIE models and the winner of the NCLLIE-
CVPR24 challenge. Additionally, we included only models
for which reported results were reproducible.

As shown in Tab. 6, TFFormer consistently outper-
formed all SOTA methods across LOL-V1 [19] and LOL-
V2 (real) [24] datasets. Specifically, TFFormer achieved the
highest PSNR (26.13 dB on LOL-V1 and 31.55 dB on LOL-
V2), SSIM (0.8875 on LOL-V1 and 0.9147 on LOL-V2),
and the lowest LPIPS (6.12 and 3.79, respectively). These
results highlight the superior performance of TFFormer in
enhancing real-world low-light images, surpassing strong
baselines such as Retinexformer and MIRNet. This estab-
lishes TFFormer as a robust model for LSD-based evalua-
tions and a strong contender for advancing SLLIE research
on diverse datasets.

In addition to the quantitative evaluation, the qualitative
results in Fig. 7 and Fig. 8 further demonstrate the prac-
ticability of TFFormer for generic SLLIE tasks. The pro-
posed TFFormer consistently produces cleaner images with
enhanced detail preservation and improved color accuracy,
resembling the reference images. Additionally, the supe-
rior performance of TFFormer on LOL-V1 and LOL-V2
ensures its reliability and robustness for performing cross-
dataset evaluations.

3.5. Inference Analysis

Tab. 7 demonstrates the inference speed and computa-
tional complexity of the proposed TFFormer on our hard-

ware setup. Notably, the proposed TFFormer comprises
only 5.87M trainable parameters—substantially fewer than
those in well-known transformer models such as Uformer,
MIRNet, and SNRNet. Moreover, as a single-stage net-
work, TFFormer enables end-to-end optimization and effi-
cient inference, enhancing performance while significantly
reducing computational overhead. It takes just over 0.5 sec
to enhance a large dimension low-light input on a mid-end
GPU like GTX-3060. It is worth noting we evaluated our
method with Float32 precision without performing any op-
timization. Therefore, the inference speed of TFFormer can
be further improved by adopting model compression tech-
niques such as quantization [23], pruning [11], etc., for fu-
ture usage.

4. LSD-TFFormer In Real-world

This section illustrates more results of LSD-TFFormer on
diverse scenarios.

4.1. TFFormer on LSD

Our TFFormer can perform evenly in numerous lighting
conditions and scene types. We perform an extensive evalu-
ation of TFFormer in eight subsets of LSD testing set. Fig.
9 and 10 illustrate the performance of our TFFormer in all
subcategories of the proposed LSD pair benchmark dataset.
Please note that the LSD benchmark dataset was collected
using various camera sensors of different sizes. These sen-
sors exhibit distinct responses to different lighting condi-
tions. As a result, certain scenes within the LSD testing
benchmark dataset may appear either darker or brighter than
their actual lighting conditions.

4.2. TFFormer vs. Existing Method (More Results)

As we mentioned earlier, the challenges posed by over-
enhancement, noise amplification, and color distortion in
existing SLLIE methods. We present qualitative compar-
isons in Figures 11 and 12. These examples underscore TF-
Former’s ability to generalize to complex, real-world scenes
across varying illumination levels and conditions.

In Figure 11, we visually compare TFFormer against
three representative SLLIE architectures: Diff-Retinex [25],
HVI [22], and RetinexFormer [2], on both standard low-
light (DLI) and challenging noisy low-light (NLI) scenar-
ios. Despite leveraging Retinex priors [2, 25] or biologi-
cally inspired feature fusion [22], these baselines frequently
suffer from overexposure, structural artifacts, and color dis-
tortions—especially under NLI conditions. In contrast, TF-
Former consistently delivers results with more natural tone
rendering and finer structure preservation, validating the ef-
fectiveness of its luminance—chrominance (LC) decoupling
and guided refinement mechanism.

Figure 12 extends the comparison to a broader
set of 10 state-of-the-art methods, including classical



Method LOL-V1 LOL-V2 Average

PSNR{1 SSIMtT LPIPS| PSNR{ SSIMtT LPIPS| PSNR{ SSIM{T LPIPS|

Input 7.77 0.4186 37.08 9.72 0.4370 27.24 8.75 0.4278 32.16

Kind [27] 19.66  0.8519 10.42 18.06  0.8571 12.59 18.86  0.8545 11.51

MIRNet [26] 24.14 0.8675 7.45 28.10 0.9012 5.13 26.12 0.8844 6.29

SNRNet [21] 24.61 0.8660 6.84 21.48 0.8717 9.15 23.05 0.8689 7.99

Retinexformer [2] ~ 25.15 0.8675 6.54 22.79 0.8637 8.20 23.97 0.8656 7.37

TFFormer 26.13 0.8875 6.12 31.55 0.9147 3.79 28.84 0.9011 4.95

Table 6. Quantitive comparison between existing SLLIE methods and TFFormer on LOL-V1 and LOL-V2. The proposed TFFormer
outperforms the existing methods on existing benchmarking datasets as well. The best and the second-best results are highlighted in red
and blue, respectively.

Input KinD MIRNet SNRNet

Retinexformer TFFormer GT

]

Figure 7. Qualatitive comparison between TFFormer and SOTA methods. The proposed method can produce cleaner and more color-
accurate indoor scene images.
Input KinD MIRNet SNRNet

Retinexformer TFFormer GT

Figure 8. Qualatitive comparison between TFFormer and SOTA methods. The proposed method can produce cleaner and more color-
accurate images on outdoor scenes.

Input Size Param. (M) Compl. (GMac) Inf. Time (ms) former and CNN methods often suffer from over-smoothing
256 % 256 x 3 34.52 62.21 (e.g., MIRNet, Uformer) or produce strong unnatural color
512 x 512 x 3 5.87 138.09 180.37 casts (e.g., DeepUPE, SNRNet). Retinex-based designs, de-

1024 x 1024 x 3 552.35 657.78

spite strong PSNR, tend to yield inconsistent tones under
challenging lighting, likely due to excessive or misaligned
enhancement. These observations, supported by both qual-
itative and quantitative evidence, underscore the robustness
and generalization capacity of TFFormer in complex real-

Table 7. Inference analysis of proposed TFFormer.

RetinexNet [19], Kind(+)[27, 28], DeepUPE[17], MIR-
Net [26], IAT [5], Uformer [18], SNRNet [21], GSAD [8],
and LYT [1]. Across both DLI and NLI cases, TFFormer
produces perceptually coherent, cleaner outputs with better
structure and fewer color artifacts. Prior RGB-based trans-

world scenes.

Together, these visual results reinforce the paper’s cen-
tral hypothesis: existing SLLIE models struggle to preserve
structure and realism under challenging real-world scenar-
ios, while TFFormer, trained on the proposed LSD dataset



(c) DLL Low-light (Indoor)

(b) DLL Extreme (Outdoor)

(d) DLL Low-light (Outdoor)

Figure 9. TFFormer performance on DLI subsets, including indoor and outdoor scenes from low-light and extreme lighting conditions. In
each pair, on the left is the input image, and on the right is the enhanced image by LSD-TFFormer.

(a) NLL Extreme (Indoor)

(c) NLL Low-light (Indoor)

B -
(d) NLL Low-light (Outdoor)

Figure 10. TFFormer performance on NLI subsets, including indoor and outdoor scenes from low-light and extreme lighting conditions.
In each pair, on the left is the input image, and on the right is the enhanced image by LSD-TFFormer.

and guided by LC-aware modules, produces high-fidelity
enhancements with superior generalization.

4.3. LSD on Deep SLLIE Methods

The primary motivation of this study is to advance SLLIE
methods by providing a reliable dataset for training deep-
learning models on real-world scenarios and benchmarking
their performance across diverse conditions. To evaluate
this, we trained the state-of-the-art Retinexformer [2] on
existing LOL-V1, LOL-V2, and our proposed LSD dataset.
Subsequently, we tested the model on complex scenes out of
this dataset. Fig. 13 illustrates the performance of Retinex-
former in enhancing these real-world complex scenes.

Notably, Retinexformer is one of the top-performing
methods on LOL-V1 and LOL-V2. However, we observed
that even its pretrained model (obtained directly from the
official repository) often produces severe artifacts and over-
exposed regions in challenging scenarios trained with exist-
ing SLLIE datasets. In contrast, training Retinexformer on
the proposed LSD dataset enables it to generate more nat-
ural and visually appealing results. Furthermore, our TF-
Former surpasses its counterparts by producing cleaner and
more plausible images, thanks to its LC Encoding and LC
Guidance mechanisms. These results underline the signifi-
cant contributions of the LSD dataset and TFFormer in tack-
ling real-world SLLIE challenges and their practicability in
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Figure 11. Real-world complex scene enhancement with low-light image enhancement methods. (a) input image capture with Samsung
S22 Ultra. (b)-(c) Retinexformer[2] with existing datasets. (d) Retinexformer[2] with LSD. (e) Proposed (LSD-TFFormer)

Input RetinexNet

DeepUPE

TFFormer

T

Figure 12. Qualitative comparison of existing SLLIE methods on the LSD dataset. The top scenes show performance on NLI, while
the bottom examples illustrate performance on DLI scene types. TFFormer produces cleaner-plausible images, outperforming existing

methods..

improving SLLIE methods.
4.4. LSD-TFFormer on Real-world Scenes

Visual Comparison. Fig. 14 illustrates more exam-
ples of real-world SLLIE obtained by the proposed LSD-
TFFormer. Our method can handle diverse scenes ob-
tained by numerous hardware and lighting conditions. Our
LSD-TFFormer is also effective in enhancing images stored
on social media (e.g., Facebook, Twitter, Instagram, etc.).
These popular social platforms contain billions of user im-
ages captured with old camera hardware in low-light con-
ditions. Our proposed method opens a new life to these
images by enhancing and providing them with a modern

touch.

User Study. We also performed a separate user study to
verify the mass acceptance of our LSD-TFFormer in real-
world scenarios. In this study, 35 participants aged 15 to
62 evaluated enhanced outputs across various lighting con-
ditions and capture sources. Each participant was shown
three randomly selected low-light versus enhanced image
pairs from multiple SLLIE datasets and asked to choose the
image they preferred, based solely on aesthetic appeal and
without knowledge of the study’s purpose.

As summarized in Table 8, over 82% of participants
preferred the outputs generated by LSD-TFFormer. The
preference was particularly strong in categories involving



LOL-V1 + Retinexformer
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LOL-V2 (real)+ Retinexformer

LSD+ Retinexformer LSD+ TFFormer

Figure 13. Real-world complex scene enhancement with low-light image enhancement methods. (a) input image capture with Samsung
S22 Ultra. (b)-(c) Retinexformer[2] with existing datasets. (d) Retinexformer[2] with LSD. (e) Proposed (LSD-TFFormer)

older social media photos and noisy video frames, where
traditional models tend to fail due to compression artifacts
and low signal-to-noise ratios. This preference distribution
supports the claim that our model generalizes beyond con-
trolled lab settings and remains robust across highly diverse,
real-world image sources.

Fig. 15 visually reinforces these findings by compar-
ing LSD-trained models against those trained on existing
datasets, such as LOL-V1/V2, LSRW, and NCLLIE. While
models trained on traditional datasets often produce flat or
over-smoothed results, LSD-trained TFFormer outputs ex-
hibit more natural contrast, reduced artifacts, and better
color fidelity. In many cases, the LSD-enhanced images
preserved ambient lighting cues and semantic details that
were lost in other reconstructions. This aligns with user
preferences and demonstrates the practical utility of our
dataset and model for consumer-grade image enhancement
applications.

Device Low-light + LSD-TFFormer 1
DSLR 0.0952 0.9048
Video (Frames) 0.3095 0.6905
iPhone 0.1905 0.8095
Android 0.2063 0.7937
Social Media 0.0714 0.9286
Average 0.1746 0.8254

Table 8. User study on LSD-TFFormer. In 82% of cases, user
preferred LSD-TFFormer over low-light images.

4.5. Visual Improvement on Vision Task

Apart from aesthetical use cases, the proposed method can
also accelerate everyday vision tasks. Fig. 16 Illustrates the
performance gain achieved in two prominent vision tasks
by incorporating our proposed method. Our approach sig-
nificantly enhances the performance of widely utilized ob-

ject detection (OD) [16] algorithms and facilitates improved
matching of images [14] in low-light conditions. Notably,
matching and registering low-light and well-lit images to
make a paired dataset for SLLIE is extremely difficult.
However, our method can support future studies by seam-
lessly matching collected low-light and well-lit images to
enrich SLLIE research.

4.6. LSD-TFFormer vs Night mode

Night-mode photos are typically produced by combining
multiple shots with different exposure settings. Compar-
ing multi-shot approaches like night mode with single-shot
methods such as LSD-TFFormer is unfair. However, to
push the limit and study the feasibility of single-shot SLLIE
in a broader aspect, we evaluated and compared our LSD-
TFFormer with night mode photos. Thus, we mounter our
smartphone on a fixed point and fixed its focal point. Later,
we captured one scene in auto mode and another by en-
abling the dedicated night mode.

We enhanced the auto-mode photo (without night mode)
with our LSD-TFFormer. Fig. 17 illustrates the compar-
ison between LSD-TFFormer and night mode from Sam-
sung Galaxy Z fold 5. We found that such dedicated night
photography mode of smartphones is a trend to produce
smooth images that lack salient details. On the other hand,
our method can produce brighter images compared to the
multi-shot processing while maintaining the salient details
of the short-exposure images.

4.7. Failure Case

Despite promising results in numerous test cases, our TF-
Former can produce visible noisy regions in NLL scenes
captured under 1 lux. Fig. 18 illustrates such an example
of a failure case. We planned to address such extremely
challenging cases in future studies.
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Figure 14. Few more examples of generic SLLIE obtained by LSD-TFFormer. In each pair, on the left is the input image, and on the right
is the enhanced image by LSD-TFFormer.
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