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Abstract
We introduce Daytime-Memory Guided Nighttime Image
Enhancement (DMGNIE) framework, the first framework
that turns long-running daytime surveillance videos of a sin-
gle intersection into persistent “daytime memory” to guide
nighttime image enhancement in traffic scenes. Our key in-
sight is simple yet powerful: for a static scene, perfectly ex-
posed daytime frames are, pixel-for-pixel, high-quality illu-
mination prior for the same location under extreme low-light.
Due to the complex lighting conditions in real-world traffic
scenes, existing low-light image enhancement (LLIE) meth-
ods suffer from issues such as overexposure in highlight re-
gions and noise amplification in low-light condition regions,
which degrades the performance of downstream computer vi-
sion tasks. DMGNIE tackles these issues in two steps: (1)
SegBMN, a semantic prior-based background modeling net-
work, distills a clean, static daytime background from hours
of video as scene prior guiding the enhancement of nighttime
image; (2) a Foreground Localization-Guided Contrastive
Learning module avoid the interference from the background
prior with foreground objects during the guidance by maxi-
mizing the differences between foreground and background
features. Finally, We conduct comprehensive experiments on
real traffic surveillance datasets of two cities to evaluate the
effectiveness. And the experimental results demonstrate that
DMGNIE outperforms state-of-the-art baselines and achieves
superior performance in challenging low-light conditions.

Introduction
In traffic scenarios with poor illumination conditions, such
as rural roads and urban highways, surveillance cameras of-
ten suffer severely limited light intake due to low-light en-
vironments. This results in issues like color distortion and
detail blurring in captured images, subsequently degrading
the performance of computer vision tasks—including re-
duced target detection accuracy (Han and Lim 2024; Sun, Li,
and Mu 2024) and confused semantic segmentation bound-
aries (Chen et al. 2023; Choe et al. 2024). Therefore, low-
light image enhancement (LLIE) is crucial for ensuring the
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Figure 1: Illustration of our motivation. (a) Traditional LLIE
methods. (b) Our proposed DMGNIE framework with day-
time scene prior. As illustrated by the enhanced results,
DMGNIE not only preserves foreground objects from the
input image (highlighted in pink), but also effectively miti-
gates overexposure in bright regions (highlighted in yellow).

reliability of nighttime traffic monitoring systems and im-
proving the robustness of computer vision algorithms under
complex lighting conditions. So far, lots of LLIE methods
are developed, such as statistical adaptive techniques, e.g.,
histogram equalization (Pizer et al. 1987; Poynton 2012),
Retinex theory (Land 1977), and deep learning-based frame-
works, e.g., LLNet (Lore, Akintayo, and Sarkar 2017), Zero-
DCE (Guo et al. 2020; Li, Guo, and Loy 2021). These so-
lutions primarily enhance low-light image quality through
global illumination correction or local contrast improve-
ment, performing well under moderate low-light conditions.
However, they face significant limitations in practical ap-
plications. Traditional methods suffer from rigid parameter
mappings that degrade performance under extreme dynamic
ranges, while deep learning models exhibit generalization
errors with rare illumination combinations due to training
data constraints. As shown in Fig. 1(a), the enhanced re-
sult of a state-of-the-art LLIE method on a real nighttime
traffic surveillance image exhibits overexposure in highlight
regions and fails to restore fine-grained details (e.g., tree
leaves) with their original colors in low-light areas.

Such LLIE methods for video enhancement usually
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treat every frame in isolation. Yet surveillance, traffic, and
wildlife monitoring cameras are increasingly deployed in
fixed positions and left running continuously. For these cam-
eras, daytime recordings provide an abundant, perfectly reg-
istered, and temporally stable source of information about
scene geometry, texture, and color distribution. One ques-
tion is posed: Can we treat the “daytime twin” as a privi-
leged teacher for the night?

To this end, we propose a novel framework, named
Daytime-Memory Guided Nighttime Image Enhance-
ment (DMGNIE), the first framework that turns long-
running daytime surveillance videos of a single intersection
into persistent “memory” to guide high-fidelity nighttime
image enhancement, as Fig. 1 (b) shows. We first construct
the framework that turns long-running daytime surveillance
videos of a single intersection to guide high-fidelity night-
time image enhancement. Specifically, to extract static scene
information from the daytime video, a semantic prior-based
background modeling module, termed SegBMN, is designed
to extract clean static background image as daytime memory
to guide nighttime image enhancement. Then, to avoid inter-
ference of the guidance of the background image with the in-
formation of foreground objects (e.g. vehicles, pedestrians)
from the input nighttime image, we design a Foreground
Localization-Guided Contrastive Learning (FLGCL) mech-
anism to enhance the discriminability between foreground
and background features. Specifically, we firstly design a
Siamese Network to obtain the location prior of foreground
objects by differing the enhanced image and background im-
age. Then, the location prior is used to guide the multi-scale
contrastive leaning for the preservation of foreground ob-
jects information. Compared with traditional LLIE methods,
DMGNIE can learn better illumination of daytime, and, un-
like neural style transfer models, it preserves structural con-
sistency with the original input and semantic fidelity .

In summary, our main contributions are as follows:

• To avoid foreground ghost artifacts in background mod-
eling in real traffic scenes, a semantic prior-based back-
ground modeling network (SegBMN) is designed to
model a clean and stable static daytime background from
daytime video streams.

• A Foreground Localization-Guided Contrastive Learning
mechanism is designed for preservation of dynamic fore-
ground objects in nighttime images by separating the fea-
tures between foreground and background.

• We conduct extensive quantitative and qualitative exper-
iments on three real traffic surveillance datasets, and the
results demonstrate that our method consistently outper-
forms state-of-the-art enhancement approaches in both
visual quality and restoration accuracy.

Related Works
Low-Light Image Enhancement
Learning the transformations that enhancing texture details
and color fidelity in the dark regions of low-light nighttime
images lies at the core of low-light image enhancement.
Traditional approaches (Pizer et al. 1987; Poynton 2012;

Land 1977; Jobson, Rahman, and Woodell 1997; Wang et al.
2013) rely on statistical priors. In deep learning era, some
fully supervised methods (Lore, Akintayo, and Sarkar 2017;
Chen et al. 2018b; Yan et al. 2025) are proposed for learning
low-light enhancement on paired dataset. However, acquir-
ing paired data from real-world is challenging. To address
this, several methods adopt unsupervised learning strategies,
like SCI (Ma et al. 2022) designing a self-calibration mech-
anism, Zero-DCE (Guo et al. 2020) and Zero-DCE++ (Li,
Guo, and Loy 2021) learning adaptive gamma correction
curves, UDNet (Saleh et al. 2025) exploring color uncer-
tainty to optimize color distributions and Lighten Diffu-
sion (Jiang et al. 2024).

In addition, some methods adopt unpaired supervised
learning. EnlightenGAN (Jiang et al. 2021) pioneers the use
of adversarial learning on low-loght enhancement. Cycle-
Retinex (Wu et al. 2024) introduces a cycle consistency
loss (Zhu et al. 2017) to ensure detail preservation. SelfEn-
Net (Kar et al. 2024) proposes a transformation-consistent
self-supervised mechanism combined with an unpaired self-
conditioning strategy. However, lack of the guidance of
daytime static background image, thus these methods only
achieve suboptimal enhancement performance.

Night-to-Day Domain Translation
The pioneering work of style transfer StyleGAN (Karras,
Laine, and Aila 2019) has started the era of neural style
transferring. Since then, lots of works are proposed (Kar-
ras et al. 2020, 2021; Wang, Zhao, and Xing 2023) and
achieve impressive successes. Night-to-Day is one type of
style transferring, translating a nighttime image to daytime.
ToDayGAN (Anoosheh et al. 2019) first introduces the use
of cycle-consistency loss to preserve content information
during translation, and ForkGAN (Zheng et al. 2020) further
propose a fork-shaped encoder with perceptual consistency
in the latent feature space to enhance structural fidelity. AU-
GAN (gi Kwak et al. 2022) incorporates uncertainty estima-
tion to mine informative features from night images, while
Fan et al. (Fan et al. 2023) leverages cross-frequency rela-
tional knowledge to simplify the Night2Day pipeline. Some
studies (Jeong et al. 2021; Kim et al. 2022), impose struc-
tural constraints through manual annotations. N2D3 (Lan
et al. 2024) proposes leveraging illumination-aware priors
by partitioning the night image into distinct regions . How-
ever, in some practical scenarios, the objective is not to
enhance generative diversity, but rather to perform faithful
day-to-night translation of a fixed scene. In these cases, the
preservation of essential scene content becomes crucial yet
is often neglected

Methods
As discussed above, nighttime image enhancement tasks
could benefit significantly from the daytime static back-
ground cues, which improve luminance distribution and
structural fidelity. Firstly, we extract clean and static back-
ground image from daytime videos. There are several
statistic-based background modeling methods. For example,
the classical Robust Principal Component Analysis (RPCA)
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Figure 2: Overview of the DMGNIE framework. The night image x and background prior YBG are fed into network G for
enhancement.

method (Candès et al. 2011) decomposes image content via
iterative low-rank approximation, demonstrating robust per-
formance in standard scenarios. However, in high-resolution
complex scenes, e.g., dense traffic flows, RPCA suffers from
computational inefficiency and motion artifacts due to its re-
liance on global optimization. To address these limitations,
we propose a semantic prior-based SegBMN module, lever-
aging the segmentation mask to eliminate impacts of dy-
namic foreground objects on background. Then, we propose
DMGNIE framework based on CycleGAN, as Fig. 2 shows,
leveraging the daytime background guiding the enhance-
ment of nighttime images. This design leverages cycle-
consistent adversarial learning to construct an implicit day-
night image mapping, thereby eliminating dependencies on
strictly aligned datasets. However, the guidance of daytime
background priors may interference to the feature of fore-
ground objects, resulting in degradation of the enhanced
output. To mitigate this issue, we propose a Foreground
Localization-Guided Contrastive Learning mechanism. In-
spired by the demonstrated advantages of contrastive learn-
ing in feature discrimination and cross-domain correlation
modeling (Park et al. 2020), our method explicitly increases
the discrepancy between foreground and background fea-
tures. This design significantly improves the semantic con-
sistency of foreground object representations and enhances
the visual quality of nighttime scenes, particularly under
challenging low-light conditions.

Preliminaries
Given two sets of images from different domains, X =
{xi}Mi=1 ∈ X and Y = {yi}Ni=1 ∈ Y , where X denotes
nighttime low-light images and Y denotes daytime well-lit
images from the same scenes, with xi, yi ∈ RH×W×3, our
goal is to learn a mapping function G : X YBG−−−→ Y , imple-
menting Night-to-Day transformation, where the YBG is the
static daytime background images.

Cycle-Consistency Constrain. Cycle-Consistency Con-
strain is proposed from CycleGAN (Zhu et al. 2017), which
adopts two generators and two discriminators, one genera-
tor G : X −→ Y and another one F : Y −→ X , while
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Figure 3: Demonstration of the semantic-guided SegBMN
module. Inpus are daytime video frames and corresponding
masks, and the YBG is the background image.

two discriminators separately discriminate the image dis-
tributions of the source and target domains, that is DG

and DF . Here we mainly introduce the definition of cycle-
consistency constrain. Mathematically, for a batch of input
nighttime images {xi}Mi=1 and daytime images {yj}Nj=1 , the
cycle-consistency loss is defined as:

Lcycle = Ex∼PX [∥F (G(x))− x∥1]
+ Ey∼PY [∥G(F (y))− y∥1]

(1)

where, ∥ · ∥1 denotes the L1-norm. F (G(x)) represents the
forward cycle and G(F (y)) represents the backward cycle.

Semantic-guided for Fast Background Modeling
To address these limitations of conventional background
modeling methods, such as RPCA (Candès et al. 2011), In-
cPCP (Chau and Rodrı́guez 2017), in real traffic surveillance
videos, we introduce scene semantic priors provided by se-
mantic segmentation methods (Chen et al. 2023; Choe et al.
2024) to reduce the interference of foreground objects on the
background modeling process. Motivated by this, we pro-
pose a background modeling method based on Unified Net-
work (UNet), named SegBMN, as Fig. 3 shows.

First, a pre-trained semantic segmentation model fseg
is adopted to identify foreground objects such as cars,
pedestrians, and motorcycles from daytime video Y , like
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M = fseg(Y ). The mask M is a {0, 1}-binary mask,
where 0 denotes the foreground regions and 1 represents
the background. The inputs of SegBMN are K daytime
images Y, and their semantic mask M. Through a pyra-
mid downsampling of L stages, we extract multi-scale fea-
ture maps [Y(1), · · · ,Y(L)] = E(Y). Then the masks M
are interpolated and resized to match each scale, obtain-
ing [M(1), · · · ,M(L)]. Foreground features are suppressed
via element-wise multiplication B(l) = Y(l) ⊙ M(l), l ∈
[1, · · ·L]. The filtered background features are aggregated
across the K images by a weighted summation:

Y
(l)
BG =

K∑
j=1

B
(l)
j ⊙M

(l)
j∑K

i=1 M
(l)
i

(2)

The multi-scale background features are decoded via an up-
sampling path to reconstruct the background image YBG =

DBG

(
Y

(1)
BG, · · · , Y

(L)
BG

)
. Furthermore, to encourage the en-

coder E(·) encoding as much visual information as pos-
sible and do so accurately, we introduce another decoder
branch for identical output Yidt = Didt

(
Y(1), · · · ,Y(L)

)
and a reconstruction-guided loss that penalizes missing or
distorted content. The overall training loss is defined as

LBG = ∥YBG −Y ⊙M∥1 + α∥Yidt −Y∥1. (3)

which enforces both accurate background reconstruction
and better encoding features.

Foreground Localization-guided Contrastive
Learning
Previously, we use the SegBMN to extract clean back-
ground from daytime video streams. Then, the extracted
background as memory guides the enhancement transfor-
mation of model, enabling the enhanced output to better
align with the distribution of daytime images. Specifically,
we concatenate the background image YBG with the night-
time image X along the channel dimension and feed them
into an enhancement network.

However, based on observations of the experimental re-
sults, we found that the outputs of the enhancement network
often exhibits significant color deviations in foreground ob-
jects (such as vehicles). We attribute this issue primarily to
the interference caused by the introduction of background
priors, which hinders the model’s ability to effectively learn
and extract foreground features. As a result, the model strug-
gles to capture accurate foreground semantic information,
ultimately compromising the consistency and accuracy of
the enhancement process in semantic.

To address the above issues, we propose a foreground
localization-guided contrastive learning mechanism. Back-
ground information not only serves as a valuable prior
for nighttime image enhancement but also facilitates the
identification of foreground object regions based on spa-
tial structural differences. Building upon this, we first de-
sign a Siamese network (see right part in Fig. 2) to gener-
ate a 2D probability map that estimates the spatial location
of foreground regions. With the estimated foreground posi-
tions, we then construct positive and negative sample pairs

between foreground and background areas. Through con-
trastive learning, the model is encouraged to amplify fea-
ture discrepancies between foreground and background re-
gions while simultaneously enhancing intra-foreground fea-
ture consistency. In the following sections, we first introduce
how the Siamese network is employed for foreground local-
ization, and then elaborate on the contrastive learning strat-
egy built upon the localization results.

Foreground Objects Location. For better locating the
foreground objects in daytime images, we propose a
lightweight yet effective Siamese architecture. The inputs
of this network are the enhanced nighttime image Y ′ =
G(X,YBG) and daytime background image YBG that be-
longs to the same scene. Thus, feature vectors in the back-
ground regions of both should exhibit high similarity, while
those in the foreground regions of both are expected to differ.
However, directly computing the difference often results in
suboptimal performance as the Y ′ is generated, which leads
some slight noises and distorts existing in Y ′. To achieve
more accurate localization, we aim to enhance the model’s
robustness to such noise. Specifically, we introduce noise to
both images, producing two additional noisy counterparts.
All four images are then encoded using a shared pre-trained
encoder E. The resulting feature representations are sub-
sequently projected into a common space using two learn-
able projectors, denoted as f and fBG. Mathematically, we
have Y′ = (f ◦ E)(Y ′), Ŷ′ = (f ◦ E)(Y ′ + z),YBG =

(fBG ◦ E)(YBG), ŶBG = (fBG ◦ E)(YBG + z), where
z ∼ N (µ, σ) is gaussian noise, and ◦ is functions composi-
tion.

Then, we define an inner product operator ⊗ which per-
forms the inner product of two vectors at the same posi-
tion on the two input feature maps to obtain a 2D differ-
ence map. We have Dorig = E(Y ′) ⊗ E(YBG), Dproj =

Y′ ⊗YBG, D
self
Y = Y′ ⊗ Ŷ′, Dself

BG = YBG ⊗ ŶBG. Fi-
nally, the loss for training these two projection functions can
be defined as follows

LFGMap = KL(Dproj ∥Dorig) + β1fentropy(Dproj)

− β2

(
fentropy(D

self
Y ) + fentropy(D

self
BG )

)
+ β3fTV (Dproj),

(4)

where the second term makes Dproj be more sparse, the
third and fourth term for robust to noise and the final term
for smooth. And we use Dproj for locating the foreground
objects in the next stage.

Foreground-Background Contrastive Learning. To en-
hance semantic consistency within the foreground, a con-
trastive learning mechanism guided by foreground local-
ization is introduced. Specifically, to estimate the spatial
distribution of foreground regions in nighttime images, the
aforementioned Siamese network is leveraged firstly to ob-
tain a 2D foreground probability distribution map DX =
Siamese(G(X,YBG), YBG) with a nighttime image X and
its corresponding daytime background image YBG. Then,
we extract latent features of X via the encoder of the gen-
erator G as X(l) = G(X,YBG; θ

(l)
E ), where θ

(l)
E denotes the
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Dataset Name #Scenes #Train Images #Valid Images #Test Images
#Scenes Daytime Nighttime #Scenes Daytime Nighttime #Scenes Daytime Nighttime

LQ-TLL-QD 16 14 62,307 55,865 1 21,391 5,980 1 25,073 5,980
LQ-TLL-SZ 8 6 25,019 23,942 1 2,147 2,971 1 1,905 2,971
LQ-TELL 9 7 20,981 18,806 1 1,849 2,351 1 3,175 2,351

Table 1: The statistics of the three datasets, Low Quality Traffic Low-Light in QingDao (LQ-TLL-QD), Low Quality Traffic
Low-Light in ShenZhen (LQ-TLL-SZ) and Low Quality Traffic Extreme Low-Light (LQ-TELL).

encoder parameters of the lth layer.
For each latent features of X(l) of the lth encoder layer,

(denoted as X for short), we sample K anchor patches lo-
cated in the foreground region according to the probability
distribution DX as {Xpk

}Kk=1, pk ∼ DX , where pk is the
2D spatial position. Then, to enforce semantic consistency
between adjacent features , for each anchor patch Xpk

, we
sample M positive patches within a local spatial neighbor-
hood of radius r, constructing the positive sample set

Ω+
k = {X(1)

pk
, · · · ,X(M)

pk
}. (5)

In addition, we can derive a complementary background
probability distribution based on the DX as D̂X =
Normalize(−DX). We then sample N global negative
patches from the background regions, which are shared for
all anchor patches

Ω− = {Xq1 , · · · ,XqN }, qn ∼ D̂X . (6)
where qn is 2D spatial position. With the above, we construct
a set of contrastive triplets as follow

T = {Xpk
,Ω+

k ,Ω
−}. (7)

We adopt an InfoNCE loss (van den Oord, Li, and Vinyals
2018) to minimize intra-foreground distances and maximize
the inter-region discrepancy between foreground and back-
ground features. This design encourages stronger semantic
coherence within the foreground and better discrimination
from the background. The loss formulation is as follows:

LInfoNCE =
∑K

k=1

(
EX+∼Ω+

k

[
sim(Xpk

,X+)/τ

EX−∼Ω+ [sim(Xpk
,X−)/τ]

])
(8)

where the similarity function sim(·, ·) is inner product.

Model Optimization
Our training process consists of two stages. In the first stage,
we train the SegBMN model with Eq. 3 to get daytime back-
ground image. In the second stage, we train the generators
G and F along with their corresponding discriminators, as
well as the foreground localization-guided contrastive learn-
ing module. The adversarial loss is defined as follows
LX−→Y
GAN = EX∈X [log(1−DG(G(X)))] + EY ∈Y [DG(Y )],

LY−→X
GAN = EY ∈Y [log(1−DF (F (X)))] + EX∈X [DF (X)].

(9)
The final loss function in the second stage training is

L = LX−→Y
GAN + LY−→X

GAN + γ1Lcycle + γ2LFGMap

+ γ3LInfoNCE
(10)

where see Appendix A.1 for the definition of Lcycle loss.

Histogram
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Histogram of LQ-
TLL-QD

Red Channel
Green Channel
Blue Channel

0 255

(a)

LQ-TLL-QD

LQ-TLL-SZ
LQ-TELL

(b)

Figure 4: Visualization of the statistics of the LQ-TLL-QD,
LQ-TLL-SZ and LQ-TELL datasets. (a) Pixel intensity dis-
tribution of LQ-TLL-QD and LQ-TELL datasets. (b) 2D vi-
sualization of image histograms from the three datasets with
T-SNE (Maaten and Hinton 2008)

Datasets Description
We collect road intersections surveillance video streams de-
ployed in two cities: Qingdao and Shenzhen. The collected
data includes both daytime and nighttime images and are
unpaired1. Based on this, we construct a unpaired nighttime
image enhancement dataset Low-Quality Traffic Low-Light
(LQ-TLL) for real road intersections, which is divided into
three subsets: LQ-TLL-QD, LQ-TLL-SZ and Extremely Low-
Light Subset (LQ-TELL), according to brightness statistics
and locations. As Fig. 4 (b) shows, the distributions of LQ-
TELL are distinct from others, and Fig. 4 (a) shows the spe-
cific difference on histograms. To evaluate the generaliza-
tion ability of models cross different road scene, the road
intersections in training set and testing set are different, see
Tab. 1. See Appendix B for more details.

Our datasets offer a challenging benchmark for night-
time image enhancement under real-world low-light condi-
tions. Unlike LOL (Chen et al. 2018b; Yang et al. 2020),
SID (Chen et al. 2018a), BDD100K (Yu et al. 2020) and
Alderley (Milford and Wyeth 2012), our dataset includes ex-
tremely dark rural roads and uses static surveillance views
instead of dashcams, providing a unique perspective for traf-
fic scene understanding.

Experiments
Baselines and Metrics Descriptions
We evaluate our proposed model DMGNIE on the LQ-
TLL dataset by comparing it with state-of-the-art unsuper-
vised and supervised baseline methods. For unsupervised

1“unpaired” means there is no ground truth y for each x.
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Figure 5: The qualitative comparison results on the LQ-TELL dataset.

approaches, we include illumination enhancement models
such as UDNet (Saleh et al. 2025), SCI (Ma et al. 2022),
LightenDiffusion (Jiang et al. 2024), Zero-DCE (Guo et al.
2020), and Zero-DCE++ (Li, Guo, and Loy 2021). In the un-
paired unsupervised category, we consider models including
EnlightenGAN (Jiang et al. 2021), Cycle Retinex (Wu et al.
2024), SelfEnNet (Kar et al. 2024), ToDayDAN (Anoosheh
et al. 2019), CUT (Park et al. 2020), and CycleGAN (Zhu
et al. 2017). For supervised baselines, we evaluate HVI-
CIDNet (Yan et al. 2025), URetinexNet (Wu et al. 2022),
and Retinexformer (Cai et al. 2023). Since our LQ-TLL
dataset is unpaired, we finetune the pretrained weights of
the supervised models with our dataset to enable fair com-
parison.

To quantitatively evaluate the performance of both our
model and the baseline methods, we adopt two widely-
used no-reference perceptual quality metrics, NIQE (Mit-
tal, Soundararajan, and Bovik 2012) and BRISQUE (Mittal,
Moorthy, and Bovik 2012), to assess the perceptual quality
of enhanced images. In addition, to determine if a model ef-
fectively transforms images from the night to the day, we
employ the LPIPS (Zhang et al. 2018) and FID (Heusel
et al. 2017) metrics. We provide more experimental re-
sults of DMGNIE in Appendix C.1 and ablation analysis of
SegBMN and FLGCL in Appendix C.2 and C.3.

Comparison with Selected Baselines
As Tab. 2 shows, our method on LQ-TLL-QD, LQ-TLL-SZ
and LQ-TELL datasets outperforms baselines on NIQE, FID
and LPIPS metrics and achieves comparable performance
on BRISQUE. As shown in Fig. 5, compared with exist-
ing LLIE baselines, our method achieves better approxima-
tion for illumination of daytime road image. Our method
effectively suppresses the interference caused by overex-
posed regions (as highlighted in yellow box), and improve
the restoration of road surfaces.

Compared with generative methods, our method also
shows significant advantages in image fidelity. For road
areas, our method focuses on lighting restoration while
preserving fine-grained texture details. As shown in Fig-
ure 5, our method outperforms existing generative base-

(a) DMGINE (b) DMGINE w/o FLGCL (c) DMGINE  w/o Scene Prior

Figure 6: Illustration of ablation results of DMGNIE. (a) The
output of DMGNIE. (b) Result of ablating the FLGCL mod-
ule. (c) Result of ablating the background prior.

line methods in preserving object information. For the pink
box, the vehicle is almost completely lost in CycleGAN,
CUT changes the structure of the vehicle, and TodayGAN
changes the color of the car from black to white. In con-
trast, our method preserves both the structure and color in-
formation of the vehicle. In addition, in the blue box, our
method can preserve the structure and color of small ob-
jects. These comparisons highlight the fidelity and robust-
ness of our method. The experimental settings and hyper-
parameters are listed in Appendix C.4.

Ablation Study
The Effectiveness of Foreground Localization-guided
Contrastive Learning. To explore the effectiveness of
FLGCL module on preserving the information of fore-
ground objects, we ablate it from the DEGINE. As shown
in Fig. 6(b), although the overall visual quality of the im-
age shows a slight improvement, the preservation of fore-
ground object information is notably poor. Specifically, in
the yellow box, the original yellow-green taxi is incorrectly
enhanced into a white car; meanwhile, in the red box, a white
car is transformed into a black one. We attribute this issue to
the multi-scale contrastive learning can facilitate the preser-
vation for the foreground, preventing from interference of
daytime background.

Furthermore, since DMGNIE performs contrastive learn-
ing at multiple scales, we analyze the impact of the con-
trastive learning with different scales on performance. We
conduct ablation experiments with five scales: S1: 256, S2:
(256, 128), S3: (256, 128, 64), S4: (256, 128, 64, 32) and
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Methods
LQ-TLL-QD LQ-TLL-SZ LQ-TELL

BRISQUE↓ NIQE↓ FID↓ LPIPS↓ BRISQUE↓ NIQE↓ FID↓ LPIPS↓ BRISQUE↓ NIQE↓ FID↓ LPIPS↓
Unsupervised Learning Methods

UDNet 36.495 24.084 140.986 64.545 24.834 22.483 171.488 57.882 38.120 25.292 224.412 70.104
SCI 37.342 26.422 125.571 55.831 26.896 21.153 167.329 40.612 26.469 25.489 241.913 67.198
LightenDiffusion 35.258 25.132 127.872 56.637 20.967 25.745 162.934 41.692 40.605 26.399 305.927 69.123
ZeroDCE 34.603 25.489 133.391 55.037 21.141 21.826 187.717 43.281 34.910 26.308 235.222 67.863
ZeroDCE++ 37.938 25.991 123.041 55.712 20.813 23.746 189.371 39.218 34.206 25.791 229.401 59.433

Unpaired Unsupervised Learning Methods

SelfEnNet 74.539 26.977 351.091 91.559 57.917 26.9492 451.399 83.301 48.870 26.974 347.014 66.914
EnlightenGAN 34.979 26.492 96.518 69.431 33.049 22.997 156.361 62.613 34.382 26.004 230.490 59.338
Cycle Retinex 68.282 26.866 347.735 89.518 35.915 23.471 310.931 61.802 22.232 26.676 445.280 74.264
CycleGAN 27.895 22.816 75.103 47.037 19.376 21.161 87.753 44.017 33.852 25.183 183.573 52.884
CUT 26.478 21.826 83.268 47.769 17.730 21.700 202.720 60.058 21.094 23.894 162.743 59.646
ToDayGAN 26.653 22.834 93.307 55.991 16.443 21.822 104.258 53.759 28.507 24.422 157.999 57.692

Supervised Learning Methods

HVI-CIDNet 26.889 26.055 227.544 54.44 19.727 23.801 151.430 34.887 40.425 27.087 374.456 66.651
HVI-CIDNet* 33.002 25.148 108.119 53.769 23.796 21.785 161.952 42.062 30.158 25.088 163.282 57.013
URetinexNet 32.393 25.898 117.056 56.058 20.635 22.787 159.932 42.663 32.078 25.980 175.247 58.652
URetinexNet* 29.724 25.719 179.673 56.057 20.165 24.675 171.939 44.449 33.921 26.879 276.745 63.025
Retinexformer 33.677 25.285 114.712 54.743 27.423 21.339 198.843 47.694 30.871 25.922 159.928 57.619
Retinexformer* 33.082 26.362 108.891 57.966 24.476 25.374 222.079 49.447 30.579 26.139 167.506 61.642

Ours 31.422 22.473 43.181 42.961 20.487 22.321 92.991 31.441 26.823 23.612 55.505 45.244

Table 2: Comparison with baselines. We compare our methods across LQ-TLL-QD, LQ-TLL-SZ and LQ-TELL datasets on
common metrics like BRISQE, NIQE, FID and LPIPS. ↓ shows lower result is better. The methods name with “*” means the
results are finetuned on LQ-TLL datasets. The best result is bolded, and the second best result is underlined
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Figure 7: Impacts of performing contrastive learning of dif-
ferent scale on performance.

S5: (256, 128, 64, 32, 32). As Fig. 7 shows, when contrastive
learning is applied only to shallow, large-scale feature maps,
the results are suboptimal and even weaken effective fea-
ture encoding. As the depth of feature maps increases, con-
trastive learning gradually demonstrates its advantage in pre-
serving foreground object information, leading to significant
improvements in FID and LPIPS scores. We attribute this to
that deeper layers capture more semantic information, and
the model tends to fuse nighttime images with background
prior at these stages. Without semantic constraints from con-
trastive learning, foreground features can be interfered by
background information, ultimately degrading the enhance-
ment quality.

The Effectiveness of Daytime Memory Guidance. Fur-
thermore, to investigate the effectiveness of the background
prior in the enhancement process, we conduct a study by
removing the daytime memory guidance. As illustrated in
Fig. 6 (c), the enhanced image exhibits an illumination style
that shifts toward night, indicating that the background prior
primarily provides the essential daytime lighting condition

cues. This highlights its critical role in guiding the enhance-
ment toward realistic and visually consistent results.

Conclusion
To address the limitations (e.g., overexposure and noise am-
plification) of existing LLIE methods in enhancing night-
time images in real traffic roads, we consider using daytime
videos of the same scene captured by surveillance cameras
as memories to guide nighttime image enhancement, and
propose the DMGNIE framework. Specifically, we aim to
leverage daytime scene to facilitate the restoration for night-
time image on structures and lighting conditions. Therefore,
we propose a SegBMN module to extract static background
information from the daytime video streams and use this
information as a daytime prior to guide the enhancement
model. Secondly, to preserve foreground object information
of input, we propose a Foreground Localization-guided Con-
trastive Learning module to ensure the consistency of these
objects. Finally, to evaluate the DMGNIE, we collect a large
amount of surveillance data and construct the unpaired LQ-
TLL dataset. Both quantitative and qualitative experimental
results demonstrate the effectiveness of our approach. How-
ever, the current datasets (especially LQ-TELL) present sig-
nificant challenges, such as extreme low-light conditions and
severe noise. Future work will explore more robust priors
and advanced architectures to address these limitations.
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