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Abstract—Low-light video enhancement is a critical task in
computer vision with a wide range of applications. However,
there is a lack of high-quality benchmark datasets in this field. To
address this issue, we collect a high-quality low-light video dataset
using a well-designed camera system. The videos in our dataset
feature apparent camera motion and strict spatial alignment. In
order to achieve general low-light video enhancement, we propose
a Retinex-based method called Light Adjustable Network (LAN).
LAN iteratively adjusts the brightness and adapts to different
lighting conditions in various real-world scenarios, producing
visually appealing results. We further develop a new dataset
capture method and low-light video enhancement method to
address the limitation of our previous dataset in capturing
dynamic scenes and previous method. The new camera setup and
capture method enable the recording of real continuous videos
and generate the new dataset. Our new low-light video enhance-
ment method, LAN++, leverages a new inter-frame relationship,
difference images. It utilizes the texture information contained
in the difference images of dynamic scenes to supplement the
high-frequency details of the original features, which produce
sharper and more realistic output images. The extensive experi-
ments demonstrate the superiority of our low-light video dataset
and enhancement method. Our dataset can be downloaded
at https://pan.baidu.com/s/1d3EljvVduVMOwUOvzjWaqA ?pwd
=p45g.

Index Terms—Computational photography, low-light video
enhancement, image decomposition, low-light video dataset.

I. INTRODUCTION

NHANCING videos captured in low-light conditions
is a vital area of computer vision that has various
applications, including consumer electronics, surveillance, and
self-driving cars. The objective is to enhance visibility and
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Fig. 1. Visual comparison on a real-captured low-light video. From left to
right are low-light input, our LAN++ trained on our DID dataset, our LAN++
trained on R-DID dataset, and our LAN++ trained on SDSD dataset.

improve the visual quality of these videos, which usually
suffer from low brightness, low contrast, severe noise, and
blur. Although many advancements have been made in this
field, low-light video enhancement remains a challenge due to
the complex and unpredictable nature of low-light settings.

Deep learning methods [11], [12], [13], [20], [21], [34], [38]
have recently shown promising results in the enhancement of
low-light videos. However, the effectiveness of these meth-
ods heavily depends on the quality of the training dataset.
Acquiring high-quality video pairs of dynamic scenes in
both low-light and normal-light conditions is particularly
difficult, as it requires capturing videos of the same scene
with identical motion. Existing low-light video datasets have
limitations that hinder their usefulness. For example, synthetic
datasets like SIDGAN [14] lack real-world variability, while
static video datasets like SMID [11] fail to capture dynamic
scenes. Although SDSD [13] collected paired real-world low-
light videos, it still has limitations such as restricted camera
motion, imperfect spatial alignment, and inconsistencies across
frames. Consequently, constructing a high-quality low-light
video dataset remains a challenging task.

Due to the limitations in the current methods for spa-
tiotemporal alignment in low-light video dataset acquisition,
we design two camera systems to capture pairs of low-light
videos, with one system focusing on spatial alignment and the
other on temporal alignment. For spatial alignment, we build
a large-scale paired low-light video dataset called “Dancing
in the Dark” (DID). DID excels in providing more precise
spatial alignment, diverse scenes, and larger camera motion.
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Fig. 2. An example of the difference image. (a) First frame of the dynamic scene. (b) Second frame of the dynamic scene. (c) The difference image of

(a) and (b).

Additionally, DID is captured by multiple brands and types
of cameras under various lighting conditions, enhancing its
generalizability. For temporal alignment, we collect a new
version of the dataset called ‘“Real video version of DID” (R-
DID). The advantage of R-DID lies in its ability to capture
scenes with moving objects and record continuous pairs of
videos, which are capabilities that DID lacks.

We propose a Light Adjustable Network (LAN) based on
the Retinex theory [1], [39], [40], [41], [42] and an enhanced
version of LAN named LAN++ using a novel inter-frame
relationship for general low-light video enhancement. By
iteratively refining illumination components, LAN generates
enhanced results with different luminance levels. Our method
is capable of adapting to various scenes by dynamically select-
ing the degree of light enhancement, which means we have the
flexibility to manually adjust the illumination of the results.
This approach demonstrates to be good at generalization and
can avoid overexposure or underexposure in extreme cases.
This is different from previous methods, which were limited
to enhancing lighting degradation similar to the training low-
light samples. LAN++ adopts a new inter-frame relationship,
called difference image, to enhance the details of low-light
frames. The difference between two adjacent frames might
contain the overall edge and texture of the frame if the scene
is dynamic. Fig. 2 shows an example of the difference image.
We utilize the two-stage channel attention method to fuse the
feature of difference image into the original feature, resulting
in sharper and more realistic video frames.

We conducted extensive experiments to demonstrate the
generalizability and superiority of our datasets and methods.
Fig. 1 shows the results of LAN++ trained on SDSD, DID
and R-DID datasets for enhancing low-light videos captured
by mobile phones in real scenes.

In summary, the contributions of our work are as follows:

e We build two high-quality paired low-light video datasets:
one characterized by pronounced camera motion, strict
spatial alignment, and diverse scene content; the other
comprises real and continuous videos capable of captur-
ing moving scenes.

e We propose a Retinex-based low-light video enhancement
method, named Light Adjustable Network(LAN), which
iteratively refines the illumination components and adap-
tively adjusts the illumination to generate more natural
and robust enhanced results. Based on LAN, we propose
an improved model named LAN++ to exploit a novel

TABLE I
COMPARISON OF OUR DATASET WITH PREVIOUS LOW-LIGHT VIDEO
DATASETS
Dataset Real Status Capture Device Num Release
SIDGAN [14] X Dynamic - - v
EHSC [10] v Dynamic Canon 5D Mark III 900 X
SMOID [12] v Dynamic  FLIR GS3-U3-23S6C 35800 X
DRV [11] v Static Sony RX100 VI 22220 v
SDSD [13] v Dynamic Canon 6D Mark II 37500 v
Sony RX100 M4
Canon EOSR10
DID v Dynamic Panasonic G9 41038 v
Fujifilm XT4
Nikon Z5
R-DID v Dynamic HUAWEI P40 pro 30305 v

inter-frame relationship through the difference of adjacent
images. LAN++ generates sharper and more realistic
results with the help of difference images.

e We conduct extensive experiments to validate the effec-
tiveness of our datasets and models compared with
state-of-the-art methods.

This work is an extension of our previous paper that appears
in ICCV2023 [32]. Compared to the conference version, we
have introduced a significant amount of new materials: 1) We
build a new dataset named R-DID, which is the supplement to
the previous DID dataset. Images in DID are captured frame
by frame, and can not form continuous videos with scenes of
moving objects. R-DID adopts a new capture system with a
capturing method different from DID. It shoots low-light and
normal-light video pairs simultaneously and uses DeepFlow
[30] to align the pair frame by frame. 2) Based on LAN,
we build an improved model named LAN++ by utilizing a
novel inter-frame relationships, difference images. In dynamic
scenes, the difference image contains the overall edge and
texture of the frame. LAN++ fuses the information in the
difference image into the original frame feature with a two-
stage channel attention method. LAN++ outperforms LAN
on all datasets. 3) We perform more experiments, analysis
and ablation studies on new dataset and model to show
the effectiveness of our method over existing state-of-the-art
methods.

II. DID AND R-DID DATASET

The effectiveness of low-light enhancement methods
depends heavily on the quality of the training dataset. How-
ever, acquiring high-quality paired low-light video datasets
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Fig. 4. The camera system of DID.

poses challenges. Even if two videos with different lighting
conditions are captured in the same scene, it is difficult to
ensure them to follow the same motion trajectory. Although
synthetic paired video data can be generated [14], training
deep models on such synthetic data may introduce artifacts
and color biases when applied to real low-light videos due
to the disparity between synthetic and real-world data [9].
As shown in Table I, recently released real-captured paired
low-light video datasets like EHSC [10], SMOID [12] and
DRV [11] have certain limitations, such as delayed release or
static video content, while the video quality of datasets like
SDSD [13] may be constrained. Additionally, relying solely

6801

Algorithm 1 DeepFlow-Based Alignment Procedure
Input: normal-light video V},, low-light video V;
Output: Aligned and cropped frame pairs {(/;", I}"")}
Parameters: Target height A, target width w
1: for each frame pair (I, [;) in (Vj, V) do
Step 1: Brightness Compensation
gray, < RGB2Gray(1)
gray; < RGB2Gray(1))
up < mean(grayy)
< mean(gray;)
I C(r () - (ua/ )))
Step 2: DeepFlow Alignment
Vy(l,) < ComputeGradient(grayy,)
10: Solve for flow field F:
1 ming Y, IV, j) - FG, )+
12: G, PIF + AYVFIP
B L0y e X0 S ren
14 [l (1= ld = L)
15: where (x',y") = (x,y) + F(x,y)
16: Step 3: Center Cropping

R e A A ol e

) out H-h . H+h W-w . W4+w
7 I < Ile[gnz Heh 2H’+h2W‘ 2WJr

. out —-h . —-w . w
18: "1, 1[21 PR W ]
19: Output (", I7")

20: end for

on videos from a camera with a consistent non-linear response
can substantially degrade model performance when faced with
videos from cameras with unknown response functions [15].
Models trained on these datasets often fall short in real-
world application scenarios, highlighting the urgent need for
a comprehensive, high-quality low-light video dataset.

A. Camera System of DID

To create a comprehensive high-quality low-light video
dataset, we have developed a camera system that comprises
five brands of capture devices, an electric gimbal, a signal
generator, and a central processing device. This system cap-
tures paired video datasets by taking frames sequentially. In
the process illustrated in Fig. 4, the central processing device
adjusts the camera ISO settings to capture a series of low-light
frames and corresponding normal-light frames at the same
location. Subsequently, these frames are transmitted to the
central processing device. The device evaluates the quality
of the frames and, if they meet the predefined standards,
synthesizes them into final low-light and normal-light frames.
If the quality is not satisfactory, a signal is sent to recapture the
frames until the desired quality is achieved. After capturing a
frame pair, the signal generator activates the electric gimbal
to make slight movements. To ensure the continuity between
adjacent frames, we impose a constraint where the total sum
of horizontal and vertical rotation angles of the electric gimbal
is limited to less than 1° each time.

B. Camera System of R-DID

To obtain a real-world paired low-light video datasets, we
design a camera system consisting of a smartphone holder and
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Fig. 5. The camera system of R-DID.

two smartphones. Unlike the frame-by-frame shooting method
of DID, R-DID takes continuous and real videos. As shown
in the Fig. 5, we place two HUAWEI P40 Pro smartphones
side by side on a smartphone holder, ensuring that they are in
the same plane with minimal distance between their cameras.
We use a central controlling device to simultaneously start and
stop video recording on both smartphones, adjusting the ISO
settings before capturing to ensure that one smartphone records
a normal-light video and the other records a low-light video.
Despite the close proximity of the cameras, the slight angular
deviation in the captured low/normal-light videos requires
a further processing for alignment. We perform frame-by-
frame alignment for each pair of low/normal-light videos.
Algorithm 1 provides the pseudo-code of alignment, mainly
consisting of three steps. For each pair, we convert them
into grayscale images and increase the average brightness of
the low-light frame to match that of the normal-light frame,
reducing the impact of brightness differences on subsequent
image alignment. Next, we employ DeepFlow [30] to compute
the flow mapping from the low-light frame to the normal-
light frame. We apply the mapping to the low-light frame and
crop the resulting aligned bright-dark frame to remove black
borders, yielding a set of aligned low/normal-light frames.
The aforementioned alignment operations are applied to every
frame of the low/normal-light videos, resulting in aligned
low/normal-light video pairs.

C. DID Data

We collected 413 paired videos with a total of 41038 frames
and named them as DID dataset (standing for “Dancing in
the Dark™). The resolution of our videos is 2560 x 1440, and
more statistical indicators of the overall dataset are shown in
Fig. 6. We maintain some reasonable fluctuations in video
brightness and illumination intensity within the dataset to
enhance the model’s generalization capability. In Fig. 7, we
give two samples of different scenarios in our dataset.

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 34, 2025

Algorithm 2 Calculate Optical Flow

Input: video V

Output: Optical flow

Parameters: H,W (The height and width after resize),

Farneback optical flow parameters

mean flow,,r, < 0;

count < Q;

for Adjacent frames (F e, Fyx) of V do
Fyre < RGB2GRAY (Resize (F pre> (H, W)));
F,.. < RGB2GRAY (Resize (F,., (H, W)));
Sflow « calcOpticalFlowFarneback(F e, Fiux);
floworm < norm(flow, axis = —1);
mean flower — meanflow,ymm

+mean(flow,orm);
count < count + 1;

end for

mean flow,,p, <— meanflow,,,/count,

return mean flow,omm

R A A ol S

—_ = = =
QLN e

Algorithm 3 Calculate LOE

Input: low-light video V; and normal-light video V,

Output: LOE

Parameters: H, W (The height and width after resize), win
(Window size)

1: LOE « [];

2: for each frame (F,, Fj) of V; and V,, do

3: F; «— RGB2GRAY (Resize (F}, (H, W)));

4: F;, «— RGB2GRAY (Resize (F}, (H, W)));

5: LOEframe < [1;

6: for x « Otow — 1Stepwin do

7: for y « Otoh — 1Stepwin do

8: RD « 0;

9: for win, « Otowin — 1 do

10: for win, < Otowin — 1 do

11: E « (Fi[x + winy,y + winy] > Fi[x : x +
win,y : y+win])® (F[x+win,, y+win,] >
Fplx : x+ win,y : y + win));

12: RD < RD + sum(E);

13: end for

14: end for

15: LOE fy4pe.append(RD/(win X win));

16: end for

17: end for

18: LOE .append(mean(LOE ¢, ));

19: end for

20: return mean(LOE)

In order to conduct a quantitative comparison between our
dataset and existing low-light video datasets, we have intro-
duced two assessment metrics: lightness-order-error (LOE)
[28] and optical flow [29]. LOE evaluates the relative order
of lightness in different local areas to assess the alignment
of paired low-light and normal-light frames. Optical flow
measures pixel motion between consecutive images to capture
the dynamics of a video. Algorithm 2 and Algorithm 3 provide
the pseudo-code to calculate the optical flow and LOE.
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Fig. 7. Two example videos of our DID dataset.
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Fig. 8. LOE and optical flow of different datasets.

As shown in the Fig. 8, our dataset exhibits the lowest
LOE, indicating excellent alignment in our paired videos.
Furthermore, the optical flow measurement of our dataset
surpasses that of DRV [11] and SDSD [13], suggesting more
pronounced motion in our videos compared to the relatively
static content in DRV and SDSD. Therefore, our dataset
contains better aligned results and a larger range of scenes.

In summary, our DID dataset has the following advantages
over the previous low-light video datasets:

e DID is a multi-illuminance, multi-camera low-light video
dataset.

Intensity is equal %
on this line

Intensity of frames under low light 82158 158 36462 27-695 95863 8631031 1081-1199 1199-1368

@ RORS ©

Fig. 9. Statistical indicators for our R-DID dataset. (a) Intensity distribution
for low/normal-light videos. (b) Luminance distribution for low-light videos.
(c) Luminance distribution for normal-light videos.

Fig. 10. Two Example Videos of Our R-Did Dataset.

e DID is a dynamic video dataset with obvious camera
motion, rather than static or with only small motion.

e DID is a high quality paired dataset with very precise
spatial alignment.

e Experiments demonstrate that models have better perfor-
mance when trained with our dataset.

D. R-DID Data

We collected 78 paired videos with a total of 30305 frames
and named them as R-DID dataset (“R” stands for “Real
video”). The resolution of our videos is 1280 x 720, and more
statistical indicators of the overall dataset are shown in Fig. 9.
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TABLE II
COMPARISONS OF DID AND R-DID

Dataset Alignment Video Format Advantage
Low noise.
High alignment quality.
Non-synthetic video.

Dynamic scenes.

DID Physical alignment Frame-synthesized video

R-DID | DeepFlow optical flow method Real, continuous video

In Fig. 10, we give two samples of different scenarios in our
dataset.

Table II shows the differences of DID and R-DID. DID’s
alignment quality significantly surpasses all existing video
datasets, which is crucial for models to learn the degradation
simulation process in low-light enhancement and evaluate
model performance. Although DID is a high-quality dataset,
it is captured frame-by-frame and therefore does not represent
real videos. The scenes in DID are limited to static scenarios,
and the synthetic videos do not include motion blur and other
phenomena existing in real videos. Our motivation of collect-
ing R-DID is to overcome these limitations of DID. R-DID
consists of real videos that contain a large number of dynamic
scenes. Models trained on R-DID have better adaptability for
applications involving multiple dynamic scenes.

III. METHOD

Enhancing low-light images or videos is a challenging
task due to the inherent ill-posed nature of this problem.
As with many inverse problems, a single low-light input
can correspond to multiple suitable normal-light outputs.
Although previous low-light enhancement methods have gen-
erated results that are close to ground truth, they typically
use one-to-one models to generate fixed outputs for a given
input, which limits their generalization performance. In real-
world applications, the distribution of low-light samples may
differ from existing low-light datasets and may even include
extremely dark or slightly dark scenes. Therefore, simply
fitting the light degradation of the training data may lead
to suboptimal solutions and often results in overexposed or
underexposed enhanced images.

To address these challenges, we propose the Light
Adjustable Network (LAN) for general low-light video
enhancement. Our approach adaptively adjusts the illumination
to generate appropriately exposed results and enables users to
adjust the light intensity to produce different outputs. This
adaptive feature makes our model more robust and versatile,
allowing it to perform well on a wider range of low-light
scenarios.

In addition, our preliminary studies indicate that the inter-
frame relationship across video frames can benefit low-light
video enhancement and is overlooked in the literature work.
Compared to LAN, we employ a novel inter-frame relationship
called the difference image in LAN++. The difference image
is the absolute difference of each pixel between adjacent
frames. For dynamic scenes, the difference image can clearly
display the edge and texture of the current video frame. By
incorporating the features of the difference image into the
original features, it is beneficial for generating sharper and
more realistic normal-light video frames.

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 34, 2025

A. Light Adjustable Network

Fig. 11 (a) illustrates the framework of our proposed
LAN++. According to Retinex theory [1], we decompose the
input video frames X,;ie_rx), into reflectance components
R; and illumination components I, [37], and then enhance
the illumination components through iterative refinement, and
finally synthesize them into normal light frames ¥,. In the
process of estimating reflectance components R,, we integrate
the corresponding difference image feature into the current
frame features to supplement the edge and texture information.
The definition of the difference image is shown below:

Dy (x,y,0) = |F(x,y.¢) = Fry1(x,y,0)| (1)

where x, y, ¢ represent the the horizontal, vertical and channel
coordinates of the pixel.

Specifically, given a sequence of low-light frames X,;; €
REXHXWX3 - we first concatenate them and project them as
embedding F? € RI*WXC through a Residual Block [2].
Meanwhile, we calculate the difference image D, ; € R *W>x3
and project them as embedding D? € RF*WXC  Then, the
reflectance estimation module estimates the reflectance R, from
it. The reflectance estimation module is a dual branch hier-
archical structure. One branch handles video frame features
and the other handles difference image features. Two branches
have the same structure with four stages, each consisting of
a feature extraction block and a down-sampling layer. The
components of the feature extraction block are shown in Fig.
11 (a), and the block design is inspired by [4], [S], and [6]. For
the i-th stage, the feature map Fi~!, Di~! € R X3 X27'C will
be processed to obtain the feature map Fi,Di e Rz X2 *2C,
Before the down-sampling layer at each stage, the video frame
features and difference image features are input into a fusion
module, which will be described in detail in Section III-B. The
output feature map of the fusion module has the same size as
the input, and the output result is fed into the down-sampling
layer of the video frame branch. F?} will be considered as
the reflectance component R, and then sent to the synthesis
module.

The illumination enhancement module first encodes the
input frame X, into a latent representation zy by a pre-trained
encoder, and then enhances the illumination component with
iterative refinement, which will be described in detail in
Section III-C.

The estimated reflectance R, and the enhanced illumination
I, are first aligned by a convolutional layer and then fed
into the synthesis model. The synthesis module also has a
hierarchical architecture with 4 stages, each consisting of a
feature fusion block and a up-sampling layer. The components
of the feature fusion block are the same as the feature extrac-
tion block of the reflectance estimation module. In addition,
we use skip connections in the corresponding stages of the
synthesis module and reflectance estimation module to better
recover image details. Finally, the feature map output from the
synthesis module is projected by a convolutional layer as the
enhanced result f/,.
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Fig. 12. The process of iterative illumination refinement.

B. Difference Feature Fusion

When enhancing extremely dark video frames, many meth-
ods generate blurry and less textured images. To address this
issue, we employ a difference feature fusion module that
integrates the features of the difference image into the video
frame features, leveraging prior features to supplement high-
frequency information from the original features. As shown
in Fig. 11 (b), the Difference Feature Fusion module (DFF)

consists of two stages, with the Attentional Feature Fusion
module (AFF) followed by the Difference-Guided Channel
Attention module (DGCA).

Inspired by [3] and [31], AFF incorporates the original
features F! € RP*WXC and the differential features D! €
RH*XWXC to generate mixed features that enhance the texture.
Using point-wise convolutions, we calculate the global channel
attention w, and the local channel attention of the mixed
feature w; to obtain the mixed feature weight w. The weights of
the original feature and difference feature are set to w and 1-w,
respectively, and a weighted sum is carried out to produce the
output of the first stage M! € RFXW*C The formula of the
M! is shown below:

w

t

wi+wg
Fi-w+Di-(1-w)

2

In the second stage, DGCA takes the output from the first
stage M! € RF*WXC and the difference feature D € RF7*WxC
as inputs. DGCA generates Q vector from M! and K,V vectors
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TABLE III
QUANTITATIVE RESULTS OF DIFFERENT METHODS ON SDSD DATASET

. SDSD

Methods Leamning - —peNR+SSIMT  LPIPS|  MUSIQ T
DRBN [20] Image 22.31 0.65 0.30 37.46
RUAS [27] Image 15.48 0.64 0.35 47.12
LLFlow [23] Image 24.90 0.78 0.22 38.08
SNR-Aware [24] Image 25.27 0.82 0.20 38.17
SCI [25] Image 16.90 0.64 0.28 42.91
SMG [33] Image 26.12 0.79 0.15 37.36
MBLLEN [21] Video 21.79 0.65 0.20 45.98
SMID [11] Video 24.09 0.69 0.35 34.35
SDSDNet [13] Video 24.92 0.73 0.16 39.89
Chbhirolya et al. [20] Video 23.46 0.79 0.20 37.58
SGLLIE [34] Video 23.89 0.70 0.45 35.28
LAN (default T') Video 26.95 0.85 0.16 47.96
LAN (adaptive) Video 27.25 0.85 0.14 48.35
LAN++ (default T) Video 26.64 0.86 0.13 53.60
LAN++ (adaptive) Video 28.03 0.88 0.11 54.12

from Di. The input features are normalized and processed
through convolution layers and reshaping operations to obtain
0O.K,V vectors [7] of size (hw, ¢). The Q vector is multiplied by
the K vector to compute the difference feature attention matrix.
The result of matrix multiplication between the attention
matrix and V vector, along with the original features, is fed
into an MLP network through skip connections to produce
the output result FDi € RA*WXC The formula of the FD! is
shown below:

FDi=Fi + ®(Q,K,V)

T
=F£+VS0ftmax(Q\/§) €)]

where c¢ is the number of channel dimension.

C. Iterative Illumination Refinement

Since the enhancement of the illumination component
requires more global information than local texture infor-
mation, we think it is a good way to process it in a
lower-dimensional representational space. This also prevents
iterative refinement from taking up too much computational
resources. Therefore, we first encode the input X, into the
latent space via an autoencoder, which is perceptually equiv-
alent to the data space.

To be able to adjust the light intensity of the enhanced result,
we iteratively refine the light so that the illumination compo-
nent can be adjusted by changing the number of iterations.
As shown in Fig. 12, the illumination enhancement module
generates target illumination features z, in 7' refinement steps.
Starting with the latent representation zp, the module iteratively
refines the illumination component through successive itera-
tions (z1, 22, - - -» 27-1, Zr)- The ground truths for illumination
of different intensities are defined as latent representations of
a mixture of low light frames and corresponding normal light
frames. The ground truth of zi k(1,77 i shown below:

-1
TT
Z=E(ax Vi +(0-ar)-Xy) 4

where £ denotes the representation of the pre-trained encoder.

IEEE TRANSACTIONS ON IMAGE PROCESSING, VOL. 34, 2025

We use a U-Net [8] to learn the mapping from Zi to Zi4.
Then the illumination component can be adjusted by changing
the number of iterative refinements.

D. Adaptive Light Adjustment

Although our model has better generalization than one-to-
one networks, we believe that manual adjustment to select the
appropriate illumination is a suboptimal solution. Therefore,
we further improve our model so that it can adjust the
illumination adaptively in different scenarios.

Since the model tends to perform poorly on low-light
samples that differ significantly from the distribution of the
training data, we vary the number of iterations so that the
recovered illumination features approximate the illumination
distribution of the normal-light samples of the training data.
We assume that the intensity data of the normal-light samples
[ follow a Gaussian distribution,

I~ N (u,07) (5)

where u denotes the mean and o denotes the standard devia-
tion. We perform statistical analysis on normal light samples
of the training data and calculate the sample mean and sample
standard deviation. With a specific distribution of normal
light intensities, we calculate the intensity of the generated
illumination component z; for each iteration and perform a
hypothesis test on the intensities of (Zx-21, Zk—2n+1s - -+ Zk)s
where n is a pre-defined interval parameter. We use a one-
sided student’s test, which compares the mean intensity I, of
(Zk=2n> Zk=2n+15 - - -» Zk) With the known mean u of the normal-
light intensity distribution. The null hypothesis Hy and the
alternative hypothesis H; are shown below:

H()Zl_kZ/J
H L <pu (6)

The test statistic is calculated as:

N 7

Sk
where sy is the standard deviation of the intensities of (zx_2y,
Zh-2nt1s -+ Zh)-
The rejection region is:
< toz,2n (8)

where « is the significance level (we take 0.05) and 2n is the
degree of freedom. f,7, is the @ quantile of a t-distribution
with 2n degrees of freedom. It represents that under the t-
distribution, there is an « probability that the value is less
than 7, 5,.

Finally, we compare our calculated ¢ with critical value #, 2.
If t < t42, then we reject the null hypothesis (i.e. the mean
intensity 7 is less than the known mean ) and the illumination
enhancement module continues to iterate to generate a higher
intensity illumination component; otherwise we cannot reject
the null hypothesis and the illumination enhancement module
stops iterating and sends zz_, to the synthesis module.

In addition, to prevent brightness jitter in the enhanced
video, we limit the difference in the number of iterations
of adjacent frames to no more than % (where p is a
hyperparameter).
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Fig. 13. Visual comparison with state-of-the-art low-light enhancement methods on DID dataset.

TABLE IV
QUANTITATIVE RESULTS OF DIFFERENT METHODS ON DID DATASET

. DID

Methods Leamning - —pe R+ SSIMT  LPIPS|  MUSIQ T
DRBN [26] Tmage 25.22 0.91 0.09 65.59
RUAS [27] Image 17.01 0.74 0.24 55.28
LLFlow [23] Image 25.71 0.92 0.09 66.51
SNR-Aware [24] Image 24.05 0.90 0.08 66.44
SCI [25] Image 11.15 0.44 0.53 64.56
SMG [33] Image 23.58 0.85 0.08 66.22
MBLLEN [21] Video 24.82 0.91 0.09 66.47
SMID [11] Video 22.97 0.87 0.18 54.05
SDSDNet [13] Video 21.88 0.83 0.11 64.31
Chhirolya et al. [20] Video 22.77 0.88 0.13 62.51
SGLLIE [34] Video 20.48 0.84 0.19 60.39
LAN (default T') Video 27.28 0.92 0.08 64.96
LAN (adaptive) Video 29.01 0.94 0.07 65.05
LAN++ (default T") Video 27.80 0.93 0.07 69.47
LAN++ (adaptive) Video 30.17 0.95 0.06 69.59

TABLE V

QUANTITATIVE RESULTS OF DIFFERENT METHODS ON R-DID DATASET

. R-DID

Methods Leaming 5o R+ SSIMT — LPIPS | MUSIQ T
DRBN [26] Image 24.33 0.85 0.23 43.87
RUAS [27] Image 13.23 0.65 0.39 29.63
LLFlow [23] Image 24.10 0.82 0.29 31.21
SNR-Aware [24] Image 25.58 0.83 0.25 47.78
SCI [25] Image 17.22 0.68 0.42 32.14
SMG [33] Image 25.30 0.80 0.09 63.10
MBLLEN [21] Video 24.26 0.84 0.22 63.33
SMID [11] Video 20.58 0.76 0.33 35.02
SDSDNet [13] Video 19.12 0.57 0.45 26.34
Chhirolya et al. [20] Video 24.59 0.84 0.18 55.19
SGLLIE [34] Video 20.49 0.75 0.29 30.93
LAN (default T") Video 24.83 0.81 0.12 66.58
LAN (adaptive) Video 26.16 0.81 0.11 66.91
LAN++ (default T") Video 26.18 0.82 0.09 66.74
LAN++ (adaptive) Video 26.73 0.82 0.09 67.06

E. Training and Loss Function

First, we follow [16] to train a VAGAN [17], [18] to
encode the input frames into latent space. Then we train the
illumination enhancement module. The illumination enhance-
ment module functions to adjust the illumination intensity
of generated results. During its independent training phase,
the training data for the illumination enhancement module is
generated through proportional mixing of low-light input and
ground truth. Specifically, we create 7 — 1 intermediate-state
images by blending input and ground truth in different ratios,
forming a latent representation sequence with progressively
increasing illumination intensity (Zo, Zi, - .., Zr—1, Zr). We use
adjacent pairs (Zx, Zx+1) in this sequence as input-output pairs

TABLE VI
QUANTITATIVE RESULTS OF ABLATION STUDY ON SDSD TESTSET

Model PSNR  SSIM

No difference feature 27.25 0.85

Only AFF in fusion 27.56 0.87

Only DGCA in fusion 27.75 0.87

AFF and DGSA in fusion 27.76 0.87

No Iterative illumination refinement | 26.32 0.87
No adaptive light adjustment 26.64 0.86
LAN++ 28.03 0.88

for module training, enabling the U-Net within the module
to learn the refined low-light enhancement process. During
subsequent full-model training, we freeze all parameters in
the illumination enhancement module and set the iteration
number to 7. This configuration allows flexible adjustment
of illumination intensity by modifying the U-Net’s iteration
number during inference. For each latent representation of the
input samples, we let the U-Net used for iterative refinement
learn the mapping from Z; to Zx4;, as follows:

Lo = \Ifu@) -zl + & )
where fy denotes the mapping function learned by U-Net and
Ly is the loss term used to train U-Net, || - || represents

Frobenius norm and the constant € is set to 0.001. k € [1,T]
is a random variable.

Finally, we train the entire network. According to Retinex
theory, the reflectance components of low-light frames and
paired normal-light frames should be consistent, so we add a
reflectance consistency loss as follows:

Lr = lfz(X0) = fr(YDIIE,

where fr denotes the mapping function of the reflectacne
estimation module.

The overall loss function to train our LAN++ is summarized
as:

(10)

L=0-0 IV -V} +€

N L
+ ALssv (V1. Y7) + TR (11)

where A is a trade-off parameter, Lgsspy represents the
structural similarity loss [19], and 7 denotes a temperature
parameter.
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Fig. 14. Visual comparison with state-of-the-art low-light enhancement methods on SDSD dataset.
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Fig. 15. Visual comparison with state-of-the-art low-light enhancement methods on R-DID dataset.
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Fig. 16. Visual comparison on extremely dark and slightly dark videos.

IV. EXPERIMENTS

A. Implementation Details

We show the superiority of our proposed approach and the
effect of our constructed DID and R-DID through experiments
in this section. To evaluate the effect of our method, we
retrain 11 previous representative methods on the DID, R-
DID and SDSD datasets for comparison and give an ablation
study for our method. In addition, a user study is conducted
to demonstrate the results of our approach and the chosen
baselines.

We divide our DID and R-DID datasets into a training set,
a test set, and a validation set in the ratio of 3:1:1. Then we
use the training set to train our LAN and LAN++. We augment
the data using rotation and horizontal flipping and optimize the
network by AdamW optimizer [22] with the momentum terms
of (0.9, 0.999). We set the learning rate to 0.001 and use the
cosine decay strategy to decrease it. Our default number of

iterations 7 = 10 and we train LAN and LAN++ for 200
epochs on a Tesla A100 GPU.

B. Quantitative Evaluation

To comprehensively evaluate the effectiveness of our pro-
posed method, we conduct quantitative experiments on paired
video datasets captured under various scenes, including the
R-DID, DID and SDSD datasets. Specifically, we evaluate
the performance of our method on the test datasets of R-
DID and DID, which comprise videos with diverse scenes and
illumination conditions, including some challenging data with
extremely low illumination levels that are difficult to recover.
We compare the quality of the enhanced videos produced by
our LAN and LAN++ with state-of-the-art methods. More-
over, we further evaluate the performance of our approach on
the test dataset of SDSD, which includes 12 indoor video pairs
and 13 outdoor video pairs.
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Fig. 17. Visual results in the user study.

(a) Input

()T =10 (d) T =20

Fig. 18. Visual comparison of enhanced results of different iterations 7. The
light becomes stronger as the number of iterations increases.

TABLE VII

THE RESULTS OF DIFFERENT LOW-LIGHT ENHANCEMENT METHODS IN
THE USER STUDY. “LAN++" IS THE PERCENTAGE THAT OUR RESULT
IS PREFERRED, “OTHER” IS THE PERCENTAGE THAT SOME OTHER
APPROACH IS PREFERRED, “SAME” IS THE PERCENTAGE THAT
THE USERS HAVE NO PREFERENCE

Methods Other Same LAN++
MBLLEN [21] 33.3% 26.7% 40.0%
SDSDNet [13] 16.7%  13.3% 70.0%

Chhirolya et al. [20] | 21.7% 10.0%  68.3%
SNR-Aware [24] 26.7% 15.0%  58.3%
LAN [32] 35.0% 18.3% 46.7%

We adopt four well-known objective evaluation metrics:
Peak Signal-to-Noise Ratio (PSNR), Structural Similarity
(SSIM) [19], Learned Perceptual Image Patch Similarity
(LPIPS) [35] and Multi-scale Image Quality Transformer
(MUSIQ) [36]. PSNR is the ratio between the maximum
possible power of normal light image and the power of the
enhanced image and measures the fidelity between them.
SSIM is a perceptual approach for predicting the quality of
digital images and videos, based on the change of structural
information between two images. LPIPS is a method for
measuring image similarity, which evaluates the perceptual

TABLE VIII

THE RESULTS OF DIFFERENT DATASETS IN THE USER STUDY. “SDSD” Is
THE PERCENTAGE THAT THE SDSD DATASET IS PREFERRED, “DID” IS
THE PERCENTAGE THAT DID DATASET IS PREFERRED, “R-DID” IS
THE PERCENTAGE THAT THE R-DID DATASET IS PREFERRED

Methods SDSD DID R-DID
MBLLEN [21] 20.0% 42.5% 37.5%
SDSDNet [13] 33.3% 53.3% 13.3%
Chhirolya et al. [20] | 21.7% 46.7% 31.7%
SNR-Aware [24] 16.7% 36.7%  46.7%
LAN [32] 25.0% 48.7%  26.3%

LAN++ 15.7% 51.0% 33.3%

difference between two images using deep learning models.
Compared to traditional methods, LPIPS is more in line with
human perception. MUSIQ is a Transformer-based multi-scale
metric for assessing image quality. Unlike the previous three
metrics, it is a no-reference image quality assessment method.

Table III, Table IV and Table V present the quantitative
evaluation results of different methods on SDSD, DID and R-
DID datasets. As shown in the table, our proposed improved
version of Light Adjustable Network (LAN++) outperforms
all other methods in all metrics, demonstrating its superior
performance in low-light video enhancement. Particularly, our
method achieves higher PSNR values than all other methods
with a significant margin (more than 4dB on DID, more than
1.9dB on SDSD and more than 1dB on R-DID respectively).
This superiority highlights the effectiveness of our approach
in enhancing low-light videos compared to all other meth-
ods. Furthermore, our adaptive lighting adjustment strategy is
shown to be very effective in improving the performance of
the model, especially in datasets with richer scenes.

C. Qualitative Evaluation

We perform thorough qualitative evaluations on the R-DID,
DID and SDSD datasets to assess the performance of our pro-
posed method. Fig. 13 presents the results obtained on the DID
dataset, where it is observed that SNR-aware, SMG, SMID and
the method proposed by Chhirolya et al. produce images with
a darker tone, leading to substantial color deviation. Moreover,
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Fig. 19. Performance in different degrees of low light conditions.

SMID suffers from high levels of noise, while LLFlow exhibits
noticeable checkerboard artifacts. DRBN and MBLLEN fail
to depict image details effectively, and SDSDNet produces
images with severe artifacts. Compared to LAN, LAN++ has
a clearer texture.

Fig. 14 presents the visual results obtained on the SDSD
dataset, which comprises low-quality videos with significant
noise that pose challenges for enhancement. In comparison
to the GroundTruth, DRBN yields images with low bright-
ness and weak enhancement. LLFLow exhibits noticeable
checkerboard artifacts. Both the Chhirolya et al.’s method
and SDSDNet produce images with obvious artifacts or noise,
which fail to display specific detailed information. SNR-
aware, MBLLEN, SMG and SMID result in significant color
deviation, which adversely affects the visual quality of the
images. Similarly, LAN++ performs better than LAN in terms
of texture.

Fig. 15 presents the visual results obtained on the R-DID
dataset, which consists of real, continuous video in dynamic
scenes containing moving objects. Similar to the previous
result, the enhanced images generated from Chhirolya et al.,
LLFlow, SMG and SDSDNet are blurry, especially SDSDNet,
with complete loss of texture. DRBN yields images with
unnatural shadows. SNR-aware’s result has obvious gridded
artifacts. LAN++ and LAN perform relatively well, and the
results produced by LAN++ were sharper than LAN.

Fig. 16 shows the visual results for the extreme samples. It
is evident that for videos with extremely low illumination,
most methods produce underexposed outputs, whereas for
videos with slightly low illumination, most methods generate
overexposed outputs. Our proposed method, with its default
iterative settings, has successfully achieved superior results
and further improved the brightness with the adaptive light
adjustment strategy. Fig. 18 shows the impact of the number
of iterations on the enhanced results.

After a comprehensive evaluation of the comparative results
of different methods on the three datasets, our proposed
method demonstrates excellent visual performance in terms
of global brightness, color recovery and details.

D. Ablation Study

LAN++ improves the performance of the low-light video
enhancement, to validate the effectiveness of modules, we
conduct ablation study on SDSD dataset. The results are shown
in Table VL.

To validate the effectiveness of the difference image feature
and the difference feature fusion module, we train three mod-
els: one without fusing the difference feature, one with only
AFF fusing the difference feature, and one with only DGCA
fusing the difference feature. The results show that the differ-
ence image feature and the difference feature fusion module,
which includes AFF and DGCA, greatly contribute to improv-
ing the PSNR of the images generated by the model. We
also conduct ablation experiments using Difference-Guided
Spatial Attention module (DGSA) instead of DGCA. DGSA
divides features into 8 x 8 patches and applies spatial attention
mechanism. The results showed slightly inferior performance
compared to LAN++, while significantly increasing GPU
memory requirements.

To validate the effectiveness of the iterative illumination
refinement module, we trained two models: one without the
iterative illumination refinement module and one without
adaptive light adjustment. The results show that the adaptive
iterative illumination refinement module improves the PSNR
by more than 1dB, demonstrating its effectiveness.

E. User Study

To compare the subjective visual performance of our meth-
ods with other low-light video enhancement methods, we
conduct a user study involving 20 participants. We capture
dynamic low-light videos using an iPhone 14 Pro in real-world
scenarios, segment the videos into frames, and feed them into
six different low-light video enhancement methods (MBLLEN,
SDSDNet, Chhirolya et al.’s method, SNR-Aware, LAN, and
LAN++) trained on three different low-light video datasets
(SDSD, DID, R-DID). Subsequently, we group and compare
the results to evaluate the performance of various low-light
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video enhancement models and the quality of different low-
light video datasets.

We have each participant perform 5 comparisons, including
three sets of model performance comparisons and two sets
of dataset generalization comparisons, with each comparison
involving the random selection of 3 videos for evaluation.
For the model performance comparisons, the DID dataset is
used as the training data. Firstly, one method from the four
low-light video enhancement methods other than LAN and
LAN++ is selected for comparison against LAN and LAN++.
In each comparison, participants simultaneously view two
videos (referred to as Video A and Video B), and compare
them based on factors like realism, brightness, contrast, etc.,
selecting between “Video A is better,” “Video B is better,” or
“I don’t know which is better.” Subsequently, one method is
chosen from the six methods for the dataset generalization
comparison, where participants compare the results of this
method when trained on the SDSD, DID, and R-DID datasets,
ranking them based on generalization performance into the
best, second-best, and worst generalization datasets.

The quantitative results of the user study are shown in
Table VII and Table VIII, respectively. Besides, the visual
results of the user study can be seen in Fig. 17. The tables and
the figure present the comparison results between our method
and other methods as well as the comparison results for
generalization between the SDSD, DID and R-DID datasets.
The results indicate that our method is more appealing to
users in all comparisons with other methods, suggesting that
our results are more natural and realistic. In addition, in the
comparison of generalization between the SDSD, DID and R-
DID datasets, methods trained with DID datasets can produce
more natural and vivid videos, while models trained with R-
DID datasets can produce videos with better continuity.

At the same time, we also compared the performance
of LAN++ with other methods under different degrees of
low-light conditions. As shown in Fig. 19, under extremely
low-light conditions, our method adjusts the number of itera-
tions adaptively to produce brighter images. In slightly dim
conditions, our method reduces the degree of brightening
by adaptively adjusting the number of iterations, avoiding
overexposure issues observed in other methods.

V. CONCLUSION

To help effectively enhance the low-light videos, we create
two datasets: a dynamic high-quality paired low-light video
dataset called DID, and a real continuous paired low-light
video dataset called R-DID. DID is generated with pronounced
camera motion and strict spatial alignment, and R-DID is
aligned by optical flow algorithm in moving object scenes.
Based on the Retinex theory, we propose a Light Adjustable
Network (LAN) for general low-light video enhancement,
which adaptively adjusts the illumination to generate natural
and robust enhanced results. Further we incorporate a novel
inter-frame relationship, difference image, into the structure of
LAN and design an improved Light Adjustable Network called
LAN++. Extensive experiments and user studies demonstrate
the effectiveness of our proposed datasets and methods,
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which outperform state-of-the-art approaches. Our work con-
tributes novel resources and methodologies for low-light video
enhancement.
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