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TripleA: An Unsupervised Domain Adaptation
Framework for Nighttime VRU Detection
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Abstract— Detecting vulnerable road users (VRUs) at night
presents significant challenges. Numerous methods rely heav-
ily on annotations, yet the low visibility of nighttime images
poses difficulties for labeling. To obviate the need for nighttime
annotations, unsupervised domain adaptation manifests as a
viable solution. However, existing approaches primarily focus on
semantic-level domain gaps, often overlooking pixel-level discrep-
ancies caused by inherent degradations in the nighttime domain.
These degradations can impair machine vision and limit detection
performance. In this paper, we propose TripleA, an unsuper-
vised domain adaptation framework tailored for nighttime VRU
detection. TripleA includes triple alignment. First, it aligns
daytime and nighttime images to generate synthetic nighttime
images, which are then enhanced for illumination and noise.
To remove noise, we introduce an illumination difference-aware
denoising network, incorporating a novel pseudo-supervised
attention to achieve pixel-wise noise distribution alignment. This
alignment is driven by pseudo-ground truth generated through a
carefully designed exchange-recombination strategy, facilitating
self-supervised training of the denoising network. Additionally,
we introduce degradation alignment to ensure domain-invariant
degradation encoding, which enhances the network’s robustness
for real-world nighttime images. Extensive experiments demon-
strate the effectiveness of our framework for nighttime VRU
detection, all without the need for annotated nighttime data.

Index Terms— Vulnerable road user detection, unsupervised
domain adaptation, image enhancement, low-light, denoising.

I. INTRODUCTION

ULNERABLE road users (VRUs) refer to non-motorized
individuals on roadways, such as cyclists, pedestrians,
and motorcyclists, who are particularly susceptible to trans-
portation accidents [1], [2]. The detection of VRUs is crucial
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in various applications, including smart cities [3], intelligent
transportation systems [4], and safety surveillance [5]. The
recent boom in deep learning has led to great success
in data-driven VRU detection methods [6], [7]. Although
achievements have been made in related fields, the challenge
persists in VRU detection under adverse weather, especially
in nighttime VRU detection.

Numerous state-of-the-art methods [8], [9], [10] have been
proposed to improve detection performance under low-light
conditions. Most of them are data-driven and depend on
annotations of nighttime images. However, due to the poor
quality of nighttime images, annotating them is labor-intensive
and time-consuming, which significantly impedes the practical
application of detection methods for nighttime VRUs.

Unsupervised domain adaptation (UDA) offers a promising
approach to reduce dependence on nighttime annotations,
as illustrated in Fig. 1(a). UDA techniques enable the adapta-
tion of detection models trained on annotated daytime source
domain data to the unlabeled nighttime target domain by
learning domain-invariant features. For example, a trainable
color-invariant convolution [11] transforms input images into
edge representations that are independent of illumination
and color. Other approaches [12], [13] focus on image- or
instance-level feature alignment to minimize domain discrep-
ancies. However, most of these methods focus mainly on
semantic gaps between daytime and nighttime domains, often
overlooking pixel-level gaps caused by nighttime degradation,
such as pixel intensity and random noise. These unaddressed
discrepancies can compromise the effectiveness of feature
extraction and alignment strategies.

To address nighttime degradation, a straightforward
approach involves enhancing nighttime images to reduce the
pixel-level gaps relative to daytime data, thereby enabling
detectors trained on daytime images to generalize effectively
to nighttime scenes, as illustrated in Fig. 1(b). State-
of-the-art enhancement methods can be categorized into
three types: supervised, unsupervised, and self-supervised
approaches. Supervised methods [14], [15] typically require
paired low-light and normal-light images. However, obtaining
ground truth for nighttime images is challenging due to the
inherent degradations associated with nighttime scenarios.
As a result, unsupervised and self-supervised methods, which
do not rely on ground truth, have been proposed. These
methods enhance images through generative method [16],
high-order curve adjustment [17], and concave curve align-
ment [18]. However, these methods often struggle to suppress
noise introduced by increased brightness during enhancement.
Although these methods yield notable improvements in visual

1558-0016 © 2025 IEEE. All rights reserved, including rights for text and data mining, and training of artificial intelligence
and similar technologies. Personal use is permitted, but republication/redistribution requires IEEE permission.
See https://www.ieee.org/publications/rights/index.html for more information.
Authorized licensed use limited to: Wuhan University. Downloaded on April 01,2025 at 11:50:52 UTC from IEEE Xplore. Restrictions apply.


https://orcid.org/0009-0002-4814-3476
https://orcid.org/0000-0003-4587-6826
https://orcid.org/0000-0001-8144-5842
https://orcid.org/0000-0003-3436-4251
https://orcid.org/0009-0004-3840-2133
https://orcid.org/0000-0002-7186-5605

This article has been accepted for inclusion in a future issue of this journal. Content is final as presented, with the exception of pagination.

Daytime Images
w/ Labels

Nighttime Images ~ Daytime Images
wlo Labels W/ Labels

Nighttime Images ~ Daytime Images
w/o Labels W/ Labels

Nighttime Images
wlo Labels

Distribution

Alignment
Feature

Extractor

Feature
Extractor
Weight
Sharing

Image
Enhancement

Synthetic Nighttime
" ’&L Images w/ Labels
e Image

Domain
Enhancement

Adaptation

Detection
(c) Ours

Detection
(b) Image E

Detection

(a) Unsupervised Domain A
Fig. 1. Tllustration of the paradigms for nighttime VRU detection without
annotations. The green and blue arrows represent the training and testing
data flows, respectively. (a) Unsupervised domain adaptation methods apply
different alignment strategies to adapt the cross-domain distribution. (b) The
nighttime images are enhanced, allowing the detectors trained on the daytime
domain to be directly applied. (c) Our proposed framework aligns daytime and
nighttime data distributions and removes degradation from nighttime images,
allowing labeled daytime data to be fully utilized and machine vision to be
free from the impairments of nighttime degradation.

Based

quality and image evaluation metrics, their enhancements do
not reliably translate into performance gains for downstream
detection tasks and may, in certain instances, even hinder
detection accuracy.

As the methods mentioned above cannot address both
semantic and pixel-level gaps between daytime and nighttime
images, we propose TripleA, an unsupervised domain adapta-
tion framework that incorporates triple alignment: distribution
alignment, noise distribution alignment, and degradation align-
ment. The distribution alignment bridges the semantic gap by
transferring the style of daytime images to nighttime scenes
using a generative model with a high-frequency consistency
constraint (see the upper part of Fig. 1(c)). The synthetic
nighttime images generated in this way suffer from low illu-
mination and noise, which impair machine vision and require
image enhancement (see the lower part of Fig. 1(c)). Con-
cretely, a physical model decouples illumination and noise for
independent enhancement, with illumination first brightened
and the noise subsequently suppressed by our illumination
difference-aware denoising network. Within this network, the
second alignment resolves pixel-level discrepancies in noise
distribution between daytime and synthetic nighttime images
via pseudo-supervised attention (PSA). This is achieved
by using an exchange-recombination strategy to generate
pseudo-ground truth, which provides pixel-wise references
for self-supervised denoising. Degradation alignment enforces
the denoising network to learn domain-invariant degradation
features, thus improving its robustness on real-world nighttime
images. The unified TripleA framework integrates with down-
stream detectors, enabling nighttime VRU detection without
the need for annotated nighttime data. Extensive experiments
on the KAIST Multispectral Pedestrian Detection Bench-
mark [19] and the EuroCity Persons [20] dataset demonstrate
the superiority of TripleA. Further evaluation on two additional
real-world test sets highlights its generalizability across diverse
nighttime environments.
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o We propose TripleA, an unsupervised domain adaptation
framework for nighttime VRU detection that eliminates
the need for nighttime annotations. Comprehensive exper-
iments demonstrate its superiority over state-of-the-art
methods.

o« We design an illumination difference-aware denoising
network that prioritizes denoising in regions with large
illumination boost, thereby efficiently eliminating noise
in nighttime images.

« We introduce pseudo-supervised attention, in which
pseudo-ground  truth  generated via a  novel
exchange-recombination strategy provides a pixel-wise
reference for the denoising network, enabling self-
supervised training.

II. RELATED WORK
A. Learning From Synthetic Data

Given the reliance of deep learning models on data, they
typically excel when the training (source) and testing (target)
domains share similar distributions. However, their perfor-
mance can decline markedly under dissimilar distributions.
To enhance model robustness, data augmentation techniques
such as geometric transformations and color space adjustments
are used to diversify training data. Despite these efforts,
data augmentation may not bridge significant domain gaps
effectively. To tackle this, some strategies include creating an
intermediate domain to bridge the gap between the source
and target domains [21], [22], while others adjust the data
between the domains to align distributions [23], [24]. This
study employs distribution alignment between the labeled
daytime and unlabeled nighttime domains, generating a syn-
thetic labeled nighttime domain to circumvent the need for
annotating low-quality nighttime images.

B. Image Enhancement

The poor quality of nighttime images mainly lies in two
aspects: low illumination and severe noise. Numerous methods
have been proposed to brighten low-light images. Naive meth-
ods like histogram equalization and its variants [25] improve
image visibility by redistributing the value distribution of the
histogram. However, they often result in over-enhancement
due to the neglect of the spatial distribution of illumination.
There are also variational methods built upon imaging models,
such as the atmospheric scattering model [26], [27] and the
Retinex model. The Retinex model assumes an image [
is made up of an illumination component L and a clean
reflectance component R:

I=LxR. (D

Many Retinex-based methods [28], [29], [30] first estimate
illumination map L and then directly take I/L as light-
enhanced version. These variational methods typically require
lengthy inference times as each input necessitates a unique
model solution. In recent years, the rapid advancement of deep
learning has led to the widespread adoption of neural networks
for image enhancement. These deep learning-based approaches
can be categorized into supervised [14], [15], [31], [32],
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unsupervised [33], [34], [35], and zero-shot learning meth-
ods [17], [18], [36]. Representative supervised methods such
as Retinex-Net [14], KinD [37], and Retinexformer [15] are
grounded in Retinex theory and are trained using large-scale
paired datasets. Although these methods achieve superior
performance, they depend heavily on paired training sam-
ples (a dark image paired with its well-lit counterpart),
which are challenging and costly to collect in real-world
scenarios. To circumvent the need for paired data, Enlight-
enGAN [16] utilizes unpaired training samples, where the
scenes in low-light and well-lit images do not correspond.
Additionally, to eliminate the requirement for well-lit images,
the lightweight zero-shot learning method Zero-DCE [17], [36]
treats image enhancement as a curve mapping problem.

Numerous aforementioned methods take image enhance-
ment solely as a brightening issue, often overlooking the
presence of noise inherent in low-light conditions. To address
noise N, some strategies modify Eq. (1) as follows:

I=LxR+N, 2

N /
IZLX(R-}-Z):LXR, 3)

where R’ represents the noisy reflectance map. Conse-
quently, these approaches simultaneously address illumination
enhancement and noise suppression [15], [29], [30]. Specifi-
cally, JED [29] applies spatial smoothness to the reflectance
map and addresses enhancement and denoising through a
sequential decomposition model. Retinexformer [15], which
includes an illumination estimator and a corruption restorer,
is designed to brighten images and remove corruptions in
a single stage. While these methods represent the state-of-
the-art according to image quality assessment metrics, they
do not necessarily benefit, and may even impair, downstream
high-level vision tasks.

C. Vulnerable Road User Detection

A number of benchmarks for VRU detection have been
established [38], [39]. However, most of them overlook
night scenes where VRUs face increased danger. To address
this gap, benchmarks [19], [40], [41] include night data,
highlighting the challenges of nighttime scenes. While the
majority of state-of-the-art methods [42], [43] utilize multi-
modal data, such as thermal and gated images, and employ
data fusion techniques to significantly enhance detection
performance, the cost of these sensors can be prohibitive.
Alternatively, some methods rely solely on RGB images. For
instance, a detector named FATNet [44] improves nighttime
features. Additionally, background information integrates into
the channel attention mechanism [45] to expand the difference
between low-illumination nighttime pedestrian features and
the background. However, these methods depend on nighttime
annotations, which are labor-intensive and time-consuming to
obtain due to the inherently poor quality of nighttime images.

D. Dark Object Detection

Despite remarkable progress in object detection on high-
quality images, performance often deteriorates, sometimes

drastically, in challenging dark scenes. To address this, image
enhancement prior to detection is an intuitive approach. ED-
TwinsNet [46] jointly optimizes a learnable enhancement
module with the detector. IA-YOLO [47] incorporates a differ-
ential image processing module before the detector, applying
a sequence of image filters to improve quality. DENet [48],
based on a Laplacian pyramid and cascaded with the detector,
adaptively enhances and denoises images in a detection-
driven manner. While these methods partially address dark
object detection, they all require annotations of dark images.
To eliminate this dependency, MAET [49] introduces a
low-illumination-degrading pipeline that corrupts normal-light
images, simultaneously estimating degrading parameters and
detecting objects within a multitask learning framework.
Another effective strategy is UDA, which uses well-lit images
with labels as the source domain and unlabelled dark images
as the target domain. Progressive DA [22] establishes an
intermediate domain between the source and target, enabling
progressive adaptation of features from the source to the target
domain. HLA-Face [50] employs a bidirectional adaptation
framework for dark face detection, adapting both low-level and
high-level features. While some methods [12], [13] are not
initially designed for dark object detection, their underlying
principles are applicable. However, our experiments show that
UDA methods underperform when the quality of dark images
is poor.

III. METHOD
A. Overview

Let D represent the daytime source domain, where D =
{I,y}, with I? denoting the daytime image and y the
detection label. The nighttime target domain is indicated by
N, where N = {I"}, as target labels are unavailable.

The overall framework of TripleA is illustrated in Fig. 2 and
the training procedure is shown in Algorithm 1, comprising
distribution alignment and image enhancement. For distribu-
tion alignment, a CycleGAN [51] is adopted to learn from
both D and N. It then aligns the distribution of 7¢ with N/,
resulting in a synthetic nighttime image /° € S.

In the image enhancement component, /® is decomposed
into an illumination map L and a noisy reflectance map R’
based on Retinex theory, which assumes that L is locally
smooth and continuous. Here, L is derived by averaging
the image channels and applying a Gaussian filter G4 ().
According to Eq. (3), R’ is calculated as I°/L.

The illumination map L is enhanced using an illumination
brightening network (section III-B1), while a denoising net-
work suppresses noise in R’ (section III-B2). To account for
the interaction between illumination and noise, the denois-
ing process is guided by the illumination difference map
AL. Additionally, PSA (section III-B4) is incorporated to
align the noise distribution and provide pseudo-supervision
for denoising (section III-B3). Domain-invariant degradation
alignment is also applied to extract robust degradation features,
improving the denoising network’s robustness (section III-BS5).

Finally, an enhanced nighttime image IJ,. is obtained.
A downstream detector is then trained using the enhanced
image and its detection label (I3, ., y).
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Fig. 2. The overall framework of TripleA. In distribution alignment, the daytime and nighttime data distributions are aligned to obtain a synthetic nighttime
domain. In the enhancement phase, L and R’ are the decomposed illumination and reflectance maps of the synthetic nighttime image I°. L is enhanced

by an illumination brightening network, and the noise in I . -

is suppressed by the denoising network. An Illumination Difference-Aware Shifted Window

Transformer Block (ID-STB) is designed to focus on denoising the areas with a large illumination boost. The PSA is integrated into the network to enable the

self-supervised learning. A brightened real-world nighttime image I,’l‘oi sy
layer and a domain classifier.

B. Image Enhancement

1) Illumination Brightening: To improve the visibility of a
nighttime image, we enhance its brightness by brightening the
decomposed illumination map L. Given that L is smooth and
continuous, it does not contain any details of the original image
but solely captures the ambient light within the scene. It is
straightforward to adjust such a homogeneous map, and our
primary emphasis lies not in designing a cutting-edge network
architecture for illumination enhancement. Thus, we adopt
an off-the-shelf high-order curve mapping approach [17] to
brighten the illumination map L because of its efficiency and
simplicity. The brightening can be expressed as:

Ly(p) = Lo—1(p) + Ap—1(p)Lu—1(p)(1 = Ly—1(p)), (4)

where p refers position coordinates of illumination map,
n is the number of iterations, A,_; denotes element-wise
parameter for the n-th order of the estimated curve.

2) Illumination Difference-Aware Denoising Network: The
architecture of the denoising network is depicted in Fig. 2.
It receives a brightened noisy image as its input, which can
be expressed as:

N Lene
Inuisy = Lene(R + f) = LepeR + I N, (5)
Lehe
Inoisy = Lepe + zc N. 6)

We aim to restore I,;. and remove the degradation term
%N . From Eq. (6), it can be seen that the noise is coupled
with the scale of the brightened illumination map L,j. to the
initial illumination map L. It is also in accordance with the
real-world observation: when a nighttime image is brightened,

is involved in performing degradation alignment implemented by a gradient reversal

regions with a large illumination boost reveal more noise than
regions with a small illumination boost. Thus, it is vital for
the denoising network to be aware of the spatial distribution
of illumination improvement.

An intuitive idea is taking the term L"L’” as a guide map
to gear the denoising learning focus on particular regions,
whereas the division operation can result in overflow values
which is detrimental to stable learning. Hence, we employ the
illumination difference map AL = |L.p.—L| as the guide.

We introduce the Illumination Difference-Aware Shifted
Window Transformer Block (ID-STB), which serves as the
core component of the denoising network. The ID-STB
leverages the Swin-Transformer block [52] as its base
structure, suitable for addressing the local correlation and
non-stationarity of noise that necessitates both local and long-
range modelings. To guide the modeling, the illumination
difference map AL is projected into an attention feature space
A e REXWXC "which subsequently guides the computation of
multi-head self-attention (MSA) within the ID-STB.

The schematic diagram of the ID-STB is depicted in the
lower right corner of Fig. 2. The inputs to the ID-STB include
the image feature map F; € RP*WXC and the projected
feature of the illumination difference map A. These inputs
are first normalized using a LayerNorm and then participate
in the self-attention computation. Subsequently, they pass
through another LayerNorm layer followed by a Multi-Layer
Perceptron (MLP). The input data are partitioned into 74—%/
windows of M x M size and reshaped into II{M—VZV x M?x C. The
self-attention is computed independently within each window
using the local window features f € RM xC and a € RM**C.
The attention matrices query (q), key (k), and value (v)
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Algorithm 1 Training Procedure of TripleA

1 Procedure Distribution Alignment

2 for My epochs do
3 for m; steps do
4 Draw a batch of images {I(dl), (bl)} {I(l), e (b )} from domain D and N, respectively;
5 Input {I(‘f)}f’ll and { (l)}f’ll into GD»N, GN»D, Dp, and Dys to learn the distribution of D and N;
6 Update the parameters of Gp_, nr, GN/_sD, Dp, and D by minimizing L4, defined in Eq. (12);
7 end
8 end
9 Obtain /* through unidirectional mapping I = Gp_, nr(19);
10 end
11 Procedure Image Enhancement
12 for M epochs do
13 for my steps do
14 Draw a batch of images {1(51), (hz)} {I(l), . (hz)} from domain S and N, respectively;
15 for I € {I°, 1"} do
16 Decompose I into R’ and L;
17 Feed L into illumination brightening network to generate L.,. and obtain AL = |Lep. — L|;
18 Obtain 1,55y with Eq. (5);
19 if 7 is I° then
20 ‘ Loisy < Inoisys AL® < AL;
21 else
2 \ moisy < Inoisys AL" < AL;
23 end
24 end
// Use the Denoising Network’s Encoder and Decoder
25 Obtain Fea},;, = Encoder(I; nmsy, AL®) and I3}, = Decoder(Fea;,;,);
26 Obtain Fea,,;, = Encoder (I noisy? AL™);
27 Input F eami g and F eami 4 to the domain classifier;
28 Update the parameters of the denoising network by minimizing L4,s defined in Eq. (15);
29 end
30 end
31 end

for single-head attention within a window are computed as
follows:

q_f‘l q- kZﬁMka

v = fiM,y, (7
where f; € RM %% is the i-th head after f is split into A
heads. My, My, M, are projection matrices. To achieve the
illumination difference guide, attention feature a is also split
into & heads to obtain a; € RMZX%, which spatially weights
the value (v):

four = W © a;) ® softmax(q @k //s +b),  (8)

where © and ® are Hadamard product and dot product,
respectively. k7 is the transpose of k. s is a scaling parameter.
b is the learnable relative positional encoding.

3) Exchange-Recombination Strategy: Unlike low-light
images, the intrinsic degradation associated with nighttime
scenes imposes significant challenges in acquiring a bright,
clean ground truth image that could supervise the denoising
network. In response to this limitation, and benefiting from the
distribution alignment stage in our framework, we propose an

exchange-recombination strategy. It creates a reference for the
denoising network which enables self-supervised learning.

The entire process is illustrated in Fig. 3(a). Specifically,
through distribution alignment, a daytime image /¢ and
its synthetic nighttime counterpart /° are obtained. Despite
the significant differences in texture, color, contrast, spatial
frequency, and other characteristics due to their distinct modal-
ities, the objects contained within /¢ and I°® remain the same.
Moreover, 1¢ is typically less affected by noise compared to
I®. Hence, we align the noise distribution of 7° with that of / d
to mitigate night-specific noise. In this regard, the reflectance
components of I* and /¢ are exchanged, and the daytime
reflectance RY is recombined with the enhanced illumination
L?,. to create a pseudo-ground truth:

Lgr = LS, @ avg(RY), 9)

where © signifies the Hadamard product, avg(-) denotes the
channel-wise average. I;gr € REXWXL is less influenced by
noise and irrelevant to color, making it an ideal reference for
the noise distribution. This facilitates the denoising network’s
ability to use I;gr as an explicit supervision, guiding the
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provides a pixel-wise reference for the intermediate output Gpc. £ps denotes the pseudo supervision loss.

network’s output towards noise reduction while maintaining
the integrity of the image structure.

4) Psuedo-Supervised Attention: The PSA is presented to
perform pseudo-supervision by aligning the noise distribution
between the denoised output and the pseudo-ground truth
Iygr. It is detailed in the schematic diagram shown in
Fig. 3(b). The intermediate output G.,. is extracted to be
supervised, as this not only refines the final output features,
but also avoids color deviation. Moreover, inspired by [53], the
PSA utilizes an affine transformation to recalibrate the output
features. Initially, PSA learns a pair of modulation parameters
(o, B), which are conditioned on G.j.. These parameters are
then employed to adjust the output features, which can be
written as:

o= Mi(Feaip|Gene),
Feayy; = aFeaj, + B,

B = Ma(Feajn|Gene), (10)
(11)

where Fea;j, and Fea,,; are input and output features,
respectively. M; and M, are learnable mapping functions
conditioned on Gje.

5) Degradation Alignment: The denoising network trained
on synthetic nighttime images is expected to perform well
on real-world nighttime images. To further close the gap
between the two domains, we propose to align the degradation
of them, so that the encoder can extract domain-invariant
degradation. To this end, a domain classifier is introduced
between the encoder and the decoder to classify the domain
of the encoded degradation features. The encoder can focus
on extracting domain-robust degradation features to fool the
domain classifier. The adversarial learning between the domain
classifier and the encoder is achieved by a gradient reversal

layer (GRL) [54]. Specifically, the loss function of the domain
classifier is minimized in the forward pass, while it is maxi-
mized by negating the gradients flowing through the GRL in
the backward pass. In this way, the degradation of different
domains is aligned thereby improving the robustness of the
denoising network.

C. Loss Functions

1) Distribution Alignment Loss Functions: The full objec-
tive of the distribution alignment can be written as:

[/du = )\udvﬁadv + )\cycﬁcyc + )\hfwchfw (12)

where L. denotes our proposed high-frequency consistency
loss, Laqy and L.y represent the adversarial loss and cycle-
consistency loss, respectively, adopting their exact forms
from [51]. The hyperparameters Aggv, Acye, and Ajpe are
employed to balance the terms.

a) High-frequency consistency loss: It has been observed
that the generative network exhibits a “spectral bias” towards
low-frequency information [55], resulting in blurry edges in
synthetic images. Therefore, we introduce a high-frequency
consistency loss to encourage the network to focus on high-
frequency details, such as fine edges and rich textures, which
are crucial for VRU detection. Specifically, we integrate
edge extraction into the cycle consistency constraint of the
generative model. This ensures that ineffective information
flow is minimized in bidirectional mapping (both day-to-
night Gp_, o and night-to-day G or_,p) and helps the model
become more aware of high-frequency details of objects.
We use the L1 norm to penalize the edge differences between
real images and their synthetic counterparts, as it is robust to
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(a) Ground Truth
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Fig. 4. Comparison with enhancement-based methods on the KAIST dataset. (a) Input nighttime image and ground truth bounding boxes. (b)-(n) Detection
results on images enhanced using enhancement-based methods. (0) Our result. * indicates the retrained version of the deep learning method.

noise. The high-frequency consistency loss is formulated as
follows:

Lure(Gppy, GNoD)
=E i e pya 1y IS(GN DG N (ID) = ST
+ Er e praa 1 1S (GDo A (G p(IM)) — SUM 1,
(13)

where S(-) denotes the edge extraction operation. We use the
Sobel operator for S(-) due to its robustness to noise and its
differentiability. The edge extraction from an image / can be
expressed as:

S() = [ (sx % D2 + (sy % D2, (14)
where s, is the horizontal kernel, sy, is the vertical kernel, and
* denotes the convolution operation.

2) Image Denoising Loss Functions: To optimize the
denoising network, we design the following loss functions,
including the pseudo supervision loss, color consistency loss,
reconstruction loss, perceptual loss, and domain classification

loss.

L:dnx = /\psﬁps + )\colﬁcol + )\recﬁrec + )\perﬁper + Adcﬁdc,
(15)

where Aps, Acols Arecs Apers Ade are hyperparameters.

a) Pseudo supervision loss: It utilizes the formulated
pseudo-ground truth as a reference to supervise the interme-
diate output of the denoising network:

Lps = 1T — Genell3- (16)

b) Color consistency loss: It guarantees that the color of
the image is consistent before and after denoising.

Leol = Z(UC - Vc)z’ c={R, G, B},

c

7

where U, and V. denote the average intensity value of ¢
: N N
channel in 17, . and Inm-sy. .
¢) Reconstruction loss: 1t ensures that the denoised
image is not dramatically different from the input.

2
£rec = ||nym'sy - ;hc”z' (18)
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TABLE I
THE SETTINGS OF THE ECP TEST SET

Setting Height (px)  Occlusion (%)
reasonable [40, inf] [0, 40]
small [30, 60] [0, 40]
occluded [40, inf] [40, 80]

d) Perceptual loss: Considering the consistency of the
1 3 N N
semantlc. feature between the 1npu't In oisy and output [, . of
the denoising network, we constrain it by:

) — VGG,

Lper = IVGGi(I; sl (19)

oisy
where VGG; is the operation of extracting features from the
i-th layer of a pre-trained VGG-19 [56].

e) Domain classification loss: It utilizes a binary cross
entropy loss to penalize the predicted domain class p based
on the real domain label d of input features, where features
from real-world night domain N are given the label d =
1 and the features from synthetic night domain S receive
label d = 0.

Lge = —dlog p — (1 —d)log(1 — p). (20)

IV. EXPERIMENTS
A. Experimental Details

1) Datasets: In this work, we conduct a comprehensive
evaluation and comparison of state-of-the-art methods using
two large-scale benchmarks for VRU detection. These bench-
marks consist of images captured during both daytime and
nighttime. For our study, we exclusively use labeled daytime
training sets and unlabeled nighttime training sets. Annotations
from the nighttime test set are used solely for evaluation
purposes during the testing phase.

2) KAIST Multispectral Pedestrian Detection Benchmark:

[19], acquired within typical traffic scenes, features well-
aligned color-thermal image pairs. In this paper, we selectively
extracted the visible images from the original dataset, resulting
in a collection that encompasses both daytime and nighttime
visible imagery, each with a spatial resolution of 640x 512 pix-
els. Owing to numerous problematic annotations in the original
dataset, we adopted the sanitized training annotations provided
by [57] and the improved test annotations offered by [58].
Our training set thus consists of 7601 images, including
4755 captured during the daytime and 2846 during nighttime,
alongside an additional 797 nighttime images in our test
set. In the sanitized version [57] of the dataset, both the
‘person’ and ‘cyclist’ categories have been uniformly labeled
as ‘person’. This alteration stems from the challenges faced
by human annotators when distinguishing between pedestrians
and cyclists under adverse lighting conditions or when working
with low-resolution imagery. Consequently, we only use the
‘person’ class in this study.

3) EuroCity Persons: (ECP) [20] dataset, collected across
32 cities within 12 European countries, offers a substantial
repository of detailed annotations featuring a diverse range of
pedestrians, cyclists, and other riders in urban traffic scenarios.
This dataset contains over 238,200 annotated instances across

IEEE TRANSACTIONS ON INTELLIGENT TRANSPORTATION SYSTEMS

TABLE I
COMPARISON RESULTS ON THE KAIST DATASET

Category Method LAMR(%) | mAP(%) 1
Cascade R-CNN [61] 77.1 437
Generalization Faster R-CNN [62] 85.2 41.1
YOLOVSs [63] 89.5 51.3
YOLOVS8s [64] 92.6 47.5
Fine-tuned

Oracle Cascade R-CNN [61] 61.7 52.6
ZeroDCE [17] 85.0 354
ZeroDCE* [17] 82.7 422
EnlightenGAN [16] 80.6 43.5
EnlightenGAN* [16] 74.7 41.0
Enhancement Based RetinexNet [14] 87.4 34.5
(with JED [29] 80.0 41.5
Cascade R-CNN) Retinexformer [15] 82.7 41.5
LIME [28] 82.6 36.3
SNR [65] 79.8 38.5
KinD [37] 83.8 38.5
KinD++ [66] 84.3 36.7
GLARE [67] 80.0 42.4
CIDNet [68] 81.7 42.9
EPM [12] 86.2 23.1
SIGMA++ [13] 88.4 17.3
Unsupervised ALDI++ [69] 56.2
Domain Adaptation Simple SFOD [70] 88.8 15.1
SNR{ [65] 67.4 46.4
GLARET [67] 71.1 41.5

Ours 64.2

* denotes retraining the enhancement methods with our real-world
nighttime images. | represents the image enhancement with this method
after going through the same distribution alignment step as in our
framework. (Key: Best, Second Best, )

more than 47,300 images, each with a spatial resolution of
1920 x 1024 pixels. In this study, we designate the ‘pedestrian’
and ‘rider’ classes as our detection targets. We follow the
official training set splitting and use the original validation
set as our test dataset, due to the unavailability of publicly
accessible annotations for the test set. As a result, our dataset
includes 28,114 training images, with 23,892 captured during
the daytime and 4,222 during nighttime, plus an additional
770 nighttime images in our test set.

4) Training Settings: In the distribution alignment phase,
the CycleGAN processes daytime /¢ and nighttime /” images
as inputs during training. After training, it performs a unidirec-
tional translation to produce a synthetic nighttime image, 7°.

Our implementation is based on PyTorch. For the Cycle-
GAN, we apply a batch size of 4 and use the Adam
optimizer [59] with an initial learning rate of 2 x 10~*. We set
the training epochs to 100, with the learning rate halving
after the first 50 epochs. In Eq. (12), the loss weights Agqy,
Acye are set to 10 and 0.5, respectively, following the default
implementation [51]. The weight A,y. is empirically set to
5 to maintain balance among the loss terms.

For the denoising network, a total of 900 synthetic nighttime
images paired with their corresponding daytime counterparts
are used for training. During the training process, each image
is cropped into 128 x 128 patches. The network is optimized
using the Adam optimizer [59] for 100 epochs. The initial
learning rate of 2 x 10™* is gradually reduced to 1 x 107’
following a cosine annealing schedule [60]. A batch size of 8 is
employed. The hyperparameters in Eq. (15) are empirically set
as follows: Aps = 1x 102, Aeor = 10, Aoe = 5x 1075, X ey =
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Fig. 5.
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Comparison with enhancement-based methods on the ECP dataset. (a) Input nighttime image and ground truth bounding boxes. (b)-(n) Detection

results on images enhanced using enhancement-based methods. * indicates the retrained version of the deep learning method. The pink bounding box represents

the pedestrian class and the green bounding box represents the rider class.

1 x 107!, \ge = 1. These values are chosen to ensure that
each loss term contributes comparably, maintaining a balance
among the constraints.

5) Evaluation Settings: We employ the Log Average Miss
Rate (LAMR), a metric commonly used in pedestrian detec-
tion, and mean Average Precision (mAP) for quantitative
assessments. In all our evaluations, we adhere to the common
practice of using an Intersection over Union (IoU) threshold of
0.5, appropriate due to the high non-rigidness of VRUs. On the
ECP dataset, we report numbers for different occlusion levels:
“reasonable”, “small”, and “occluded”, as defined in Table 1.
Additionally, we also provide the numbers for the “all” test
case.

B. Comparison Results

For a comprehensive evaluation, we compare our framework
with state-of-the-art methods across multiple categories.
We employ four commonly-used detectors (Cascade R-
CNN [61], Faster R-CNN [62], YOLOv5s [63], and
YOLOV8s [64]) trained on daytime images and directly
tested on nighttime images. The most generalizable detec-
tor is then selected as the base detector for each
dataset. In the enhancement-based category, the base
detector is first trained on daytime images and then
tested on nighttime images enhanced by various meth-
ods (ZeroDCE [17], EnlightenGAN [16], RetinexNet [14],

JED [29], Retinexformer [15], LIME [28], SNR [65],
KinD [37], KinD++ [66], GLARE [67], CIDNet [68]).
We also compare UDA methods (EPM [12], SIGMA++ [13],
ALDI++ [69], Simple SFOD [70]), with daytime as the
source domain and nighttime as the target domain. Notably,
to further demonstrate the effectiveness of the proposed
enhancement method in our framework, we enhance synthetic
nighttime images using comparative enhancement methods
after performing the distribution alignment process of our
framework, and then train the detector. We select the two
most effective enhancement methods for comparison based on
the results in the enhancement-based categories, denoted by
1. Furthermore, we provide an oracle where the detector is
trained on daytime images and then fine-tuned on nighttime
images, offering an upper limit for the results.

1) Evaluation on the KAIST Dataset: As depicted in
Table II, Cascade R-CNN outperforms the other three detec-
tors, achieving the lowest LAMR at 77.1%, and is therefore
selected as the baseline detector.

All enhancement methods, except for EnlightenGAN*,
result in decreased detection performance compared to the
baseline. This decline can primarily be attributed to two
factors. Firstly, most enhancement methods do not effectively
improve nighttime image quality. For instance, GLARE fails to
adequately brighten the image, as shown in Fig. 4(m); while
RetinexNet, LIME, KinD, and KinD++ enhance brightness
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TABLE III
COMPARISON RESULTS ON THE ECP DATASET
Category Method LAMRFreasonable) 1 LAMI.Q(small.) I LAMR.(occludéd) 1 LAMR(all) .\|, mAP 1T .

pedestrian rider pedestrian  rider pedestrian  rider  pedestrian rider pedestrian rider
Cascade R-CNN [61] 385 59.6 69.8 93.6 69.4 53.8 514 63.5 57.3 38.2
Generalization Faster R-CNN [62] 51.3 59.3 94.5 96.1 72.9 53.8 60.8 63.4 54.6 39.9
YOLOVSs [63] 38.5 60.2 75.7 88.6 69.6 53.8 51.1 63.5 72.1 60.3
YOLOVSs [64] 37.2 57.2 74.4 85.7 68.1 53.9 49.2 61.7 73.6 65.0
Oracle Fine-tuned YOLOV8s [64] 32.7 48.3 62.7 65.7 63.7 53.8 452 52.5 77.6 71.1
ZeroDCE [17] 56.4 62.6 87.1 88.6 82.4 53.8 66.1 65.3 63.5 55.4
ZeroDCE* [17] 46.3 59.6 81.0 82.9 74.5 53.8 57.3 62.9 69.1 56.5
EnlightenGAN [16] 47.9 59.3 84.5 88.9 715 53.8 59.1 63.4 67.1 52.5
EnlightenGAN* [16] 36.3 57.6 70.9 88.9 67.0 53.8 479 62.0 73.7 60.7
Enhancement Based RetinexNet [14] 53.1 61.1 82.9 83.8 81.5 53.8 63.4 64.2 64.9 53.1
(with YOLOVSs) JED [29] 46.5 56.9 85.4 92.0 76.8 53.8 579 61.5 68.6 51.3
Retinexformer [15] 45.5 59.6 79.1 88.6 74.9 53.8 56.7 63.6 69.4 60.5
LIME [28] 48.3 59.8 82.4 91.4 79.7 53.8 59.8 63.8 67.4 54.6
SNR [65] 49.7 59.8 86.7 92.1 77.0 53.8 60.4 63.3 66.4 534
KinD [37] 442 65.1 76.3 86.3 76.1 53.8 559 67.3 68.9 50.0
KinD++ [66] 51.3 63.6 81.7 88.6 81.0 53.8 62.1 66.8 65.2 48.6
GLARE [67] 38.4 56.5 78.9 88.6 68.1 53.8 50.4 61.1 73.0 61.1
CIDNet [68] 47.7 58.1 83.7 91.1 76.9 53.8 58.7 62.4 68.4 48.7
EPM [12] 62.5 66.8 91.5 95.5 81.4 63.2 70.3 70.1 50.7 30.4
SIGMA++ [13] 62.6 63.1 93.1 96.2 80.0 70.2 66.6 50.1 33.6
Unsupervised ALDI++ [69] 39.6 50.7 75.7 76.0 69.5 50.3 51.7 54.9 68.3 49.5
Domain Adaptation Simple SFOD [70] 87.0 80.0 96.8 100.0 95.4 69.2 90.3 81.4 22.7 15.1

JED7 [29] 53.1 83.2 53.8 57.7
GLARET [67] 27.8 61.7 57.0 53.8 39.9 779 68.1
Ours 25.6 48.2 58.7 80.3 55.0 53.8 37.9 54.0 79.0 66.6

* denotes retraining the enhancement methods with real-world nighttime images. } represents the image enhancement with this method after going through
the same distribution alignment step as in our framework. (Key: Best, Second Best,

TABLE IV
ABLATION OF HIGH-FREQUENCY CONSISTENCY LOSS

w/o thc w/ thc LAMR(%) J, mAP(%) T
v 50.9 71.1
v 49.1 719
TABLE V

ABLATION OF LOSS FUNCTIONS IN IMAGE
DENOISING NETWORK

Method LAMR(%) | mAP(%) 1
Ours w/o Lps 46.8 72.9
Ours wW/0 Lo 46.9 72.8
Ours W/o Lyec 46.6 71.8
Ours w/o Lper 46.8 73.8
Ours w/o L4, 47.6 72.4
Ours 459 72.8
TABLE VI

ABLATION OF ILLUMINATION BRIGHTENING AND
DENOISING NETWORK

Ilumination  Denoising

Baseline Brightening Network LAMR(%) | mAP(%) 1
v 49.1 71.9
v v 50.7 71.9
v v 46.5 72.1
v v v 459 72.8

but simultaneously amplify noise (Fig. 4(f), (1), (k), (1)).
Although JED (Fig. 4(g)) improves both brightness and noise
reduction, it also blurs critical image details. In contrast, our
method effectively eliminates noise in areas with significant
illumination improvements, as demonstrated in the right part of

Fig. 4(0), facilitated by the illumination difference map guid-
ing the denoising network. Additionally, the method preserves
object boundaries distinctly, due to the pixel-wise refinement
implemented in the PSA.

Secondly, although image quality is ameliorated (as shown
in Fig. 4(j)), the substantial gap between daytime and night-
time domains hinders detection performance. However, when
the domain gap is reduced through the distribution align-
ment of our framework, SNRt and GLARET show notable
improvements in detection performance, with LAMR reduc-
tions of 12.4% and 8.9%, respectively, compared to their
enhancement-only counterparts. This highlights the effective-
ness of distribution alignment, further supported by the results
from EnlightenGAN*, which translates nighttime images to
the daytime domain. Our method achieves the best result,
reducing LAMR to 64.2%, attributed to effective distribution
alignment and superior enhancement, including noise elimi-
nation in dark areas and preservation of sharp contour details
(Fig. 4(0)).

UDA methods typically use feature alignment, self-
distillation, or a combination of both to address the domain
shift between source and target domains. EPM and SIGMA++
primarily rely on feature alignment strategies; however, both
fail to achieve optimal performance, indicating that pixel-level
degradation impedes effective feature extraction and align-
ment. Simple SFOD and ALDI4+ employ self-distillation
strategies, with ALDI+4+ achieving the highest mAP due
to its multi-task soft distillation approach, which enhances
pseudo-label accuracy. However, its higher LAMR suggests
that noise interferes with the detector’s ability to recognize
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TABLE VII

ABLATION OF THE KEY COMPONENTS OF DENOISING NETWORK. ID REFERS TO ILLUMINATION DIFFERENCE GUIDE, PSA
REFERS TO PSEUDO-SUPERVISED ATTENTION, AND DA REFERS TO THE DEGRADATION ALIGNMENT

ID PSA DA LAMR(reasonable) | LAMR(small) | LAMR(occluded) | LAMR(all) ] mAP 1

v v 37.7 71.7 525 46.7 71.8

v v 38.8 69.7 54.5 47.7 723

v v 38.8 73.2 522 47.6 72.4

v v v 36.9 69.5 54.4 459 72.8
TABLE VIII

IMPACT OF SYNTHETIC NIGHTTIME IMAGE QUALITY ON DENOISING NETWORK AND DETECTION PERFORMANCE

. . mAP (%) 1 LAMR(all) (%) |
Experimental Configuration  FID | NIQE | pedestrian  rider average pedestrian rider average
w/o Lpfe 12.25 4.69 78.2 65.7 71.9 38.6 59.1 48.8
smaller training epochs 14.86 421 78.8 66.8 72.8 385 55.9 472
smaller input size 27.21 4.73 71.0 66.1 71.5 41.7 56.9 49.3
Ours 12.17 422 79.0 66.6 72.8 379 54.0 459

FID quantifies the distributional distance between synthetic and real-world nighttime images. NIQE assesses the quality of real-world nighttime images
after enhancement. mAP and LAMR(all) measure detection accuracy.

(e) w/o DA

(f) Ours

(d) w/o PSA

(g) Ground Truth

Fig. 6. Ablation study of individual components in the proposed method. (a) Illumination Brightening. (b) Illumination Difference-Aware Denoising Network.
(c) lumination Difference Guide. (d) Psuedo-Supervised Attention. (e) Degradation Alignment. (f) Ours. (g) Ground Truth. The pink bounding box represents

the pedestrian class. Zoom in for better view.

VRUs. In contrast, our method achieves the lowest LAMR,
which directly correlates with fewer missed detections—an
essential factor for ensuring the safety of VRUs.

2) Evaluation on the ECP Dataset: In contrast to the Cas-
cade R-CNN’s performance on the KAIST dataset, Table III
shows that YOLOv8s exhibits superior generalization on the
ECP dataset. Therefore, YOLOv8s is used as the baseline
detector for the ECP dataset.

Similar to the KAIST dataset results, all enhancement-
based methods, except for EnlightenGAN*, degrade detection

performance. Some methods, such as RetinexNet (Fig. 5(f))
and KinD++ (Fig. 5(1)), cause over-enhancement, leading to
oversaturation and unnatural artifacts. Others, like ZeroDCE
(Fig. 5(b)) and its retrained counterpart (Fig. 5(c)), brighten
the images while introducing a haze-like effect, which reduces
contrast. In contrast, our enhancement result (Fig. 5(0))
improves brightness, minimizes artifacts, and preserves sharp
details, leading to fewer missed detections and misclassifi-
cations. Although the enhanced result from EnlightenGAN*
exhibits suboptimal visual quality, Table III shows that it
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TABLE IX
COMPARISON OF RESULTS ON NIGHTOWLS-1K
LAMR(%) | mAP(%) 1
Category Method pedestrian rider average pedestrian rider average

Generalization YOLOvVS8s [64] 57.9 63.6 574 435 50.4
ZeroDCE [17] 72.3 66.3 69.3 53.2 29.2 41.2
ZeroDCE* [17] 77.4 94.2 85.8 479 5.6 26.7
EnlightenGAN [16] 74.7 60.5 67.6 50.3 39.5 44.9
EnlightenGAN* [16] 68.0 55.5 61.7 48.2 532
RetinexNet [14] 78.8 713 78.0 46.2 26.5 36.3
Enhancement Based ' JED [29] 69.7 66.3 68.0 56.8 30.9 43.8
(with YOLOVSs) Retinexformer [15] 73.8 69.5 71.6 53.2 30.4 41.8
LIME [28] 734 79.1 76.2 53.1 19.5 36.3
SNR [65] 71.9 69.0 70.4 54.6 27.1 40.8
KinD [37] 71.7 59.5 65.6 533 433 48.3
KinD++ [66] 75.9 67.7 71.8 47.8 33.8 40.8
GLARE [67] 68.0 65.9 66.9 589 34.5 46.7
CIDNet [68] 73.0 65.9 69.4 53.0 322 42.6
EPM [12] 80.7 55.8 68.2 36.9 29.1 33.0
SIGMA++ [13] 78.9 56.4 67.6 39.9 21.5 30.7
Unsupervised . ALDI++ [69] 70.0 259 47.9 S51.7 69.9 60.8
Domain Adaptation Simple SFOD [70] 99.5 100.0 99.7 1.8 0.0 0.9
JED{t [29] 70.9 56.0 51.0 535

GLARET [67] 71.2 46.1 58.6 56.2
Ours 59.3 38.6 48.9 68.6 64.0 66.3

All models were trained on the ECP dataset and directly tested on NightOwls-1k. (Key: Best, Second Best, )

reduces LAMR across all testing subsets compared to the
baseline, highlighting the importance of aligning source and
target domain distributions in machine vision.

Among UDA methods, EPM and SIGMA++ perform
poorly on the ‘small’ test set, indicating that feature alignment
for small targets is significantly hindered by degradation
in nighttime images, leading to numerous false negatives.
ALDI++ achieves a low LAMR in detecting riders, but
this comes at the expense of a low mAP, suggesting a high
number of false positives. In contrast, results from JEDT,
GLAREY, and our method demonstrate that detection perfor-
mance improves significantly when both domain distribution
disparities and pixel-level degradation are addressed. Notably,
our method not only achieves the lowest LAMR on several test
settings, but also achieves a high mAP, indicating a balanced
trade-off between precision and recall. This suggests that our
denoising network effectively suppresses noise that interferes
with the recognition and localization of VRUs.

C. Ablation Studies

In this section, we conduct a comprehensive ablation study
on the ECP dataset to investigate the effectiveness of the
proposed components.

1) High-Frequency Consistency Loss Lyr.: To evaluate its
effectiveness, we train the detector using synthetic nighttime
images generated without this loss and assess its perfor-
mance on real-world nighttime images, without applying
image enhancement. As shown in Table IV, the improvement
in detection performance with £;r. demonstrates its ability
to effectively reduce the domain gap between synthetic and
real-world nighttime images.

2) Loss Functions of Image Denoising Network: In our illu-
mination difference-aware denoising network, we individually
ablate each loss function to assess its impact on the final

detection accuracy. As shown in Table V, removing any of
the loss functions increases the LAMR by approximately 1%,
underscoring the importance of each constraint in the denois-
ing process. Notably, excluding the domain classification loss
results in the greatest increase in LAMR (around +2%),
suggesting that aligning the encoded degradation features
facilitates the extraction of real-world noise, thereby enhancing
the quality of recovered nighttime images. These findings
highlight the effectiveness of our proposed degradation align-
ment approach.

3) Illumination Brightening and Denoising Network: We
compare the results of applying only illumination brightening
and only image denoising. We clarify that when illumination
brightening is not applied, the original illumination map
L is used as a substitute to compute the ID-STB in the
denoising network, as AL is unavailable. The experimental
results are presented in Table VI. Compared to the baseline,
employing only the denoising network reduces the LAMR,
whereas using only the illumination brightening leads to
an increase in the LAMR. Importantly, the combination of
the two yields the most favorable outcomes, achieving a
LAMR of 45.9% and a mAP of 72.8%. This highlights that
although illumination brightening enhances nighttime images,
its exclusive use can impair performance by amplifying noise.
However, the combined use of illumination brightening and
denoising effectively suppresses the noise, demonstrating the
denoising network’s ability to mitigate the amplified artifacts
of brightening. This emphasizes the importance of using
both techniques together to achieve optimal nighttime image
enhancement.

4) Illumination Difference Guide: We remove the illumi-
nation difference guide in ID-STB to verify its effectiveness.
The quantitative results, presented in the first row of Table VII,
show that the guide notably improves the detection of small
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(e) ALDI++

13

(d) GLARE}

Fig. 7. Comparison of test results for the top five performing methods on NightOwls-1k test set. The pink bounding box represents the pedestrian class and

the green bounding box represents the rider class.

TABLE X
SENSITIVITY ANALYSIS OF Aps AND Ay

Aps Adc LAMR(ll) | mAP 1
1.5 x 102 1 453 72.6
0.5 x 102 1 45.6 72.7
1 x 102 1.5 46.2 73.5
1 x 102 0.5 46.7 72.4
1 x 102 1 45.9 72.8

The scaled weights are indicated in blue.

targets, evidenced by a 2.2% reduction in LAMR(small).
A visual comparison between the results with and without
the guide (Fig. 6(c) and Fig. 6(f), respectively) reveals that,
without the guide, small pedestrians in distant and low-light
regions are missed. This highlights that it enhances the net-
work’s capacity to preserve subtle yet semantically meaningful
features, which are crucial for accurately localizing small
targets in low-light environments.

5) Pseudo-Supervised Attention: We jointly ablate PSA
and the exchange-recombination strategy to evaluate their
effectiveness, as the latter is specifically designed to support
PSA. A comparison of the results in Fig. 6(d) and Fig. 6(f)
reveals that the absence of PSA leads to increased noise,
causing missed detections of pedestrians with less distinctive
contours in the distance. Similarly, comparing the results
in the second and fourth rows of Table VII demonstrates
that introducing PSA enhances the detection performance of

pedestrians and riders of all sizes. This finding indicates that
PSA effectively refines feature representations and preserves
more discriminative details.

6) Degradation Alignment: To verify the effectiveness of
degradation alignment, we remove the domain classifier, gra-
dient reversal layer, and real-world nighttime image input from
the denoising network. As shown in Fig. 6(e), although the
result without degradation alignment appears visually similar
to ours, the quantitative results in the third row of Table VII
reveal that degradation alignment enhances noise suppression
in real-world nighttime images and preserves more informative
features in the denoised output, ultimately improving detection
performance.

D. Analysis of the Effect of Synthetic Image Quality on
Performance of Denoising Network

To better understand how the quality of synthetic data
impacts the performance of the denoising network, we modify
the training configuration of the generative model. Specifically,
we introduce the following variations: (1) the removal of
the proposed high-frequency consistency loss (Lpfrc), (2) a
reduction in the number of training epochs from 100 to 80,
and (3) a decrease in the input image size from 360 x 360 to
256 x 256.

To quantify the alignment between synthetic and real-world
nighttime image distributions, we employ the Fréchet Incep-
tion Distance (FID) [71]. The denoising task aims to remove
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TABLE XI
COMPARISON OF RESULTS ON WHUCAMPUS
LAMR(%) | mAP(%) 1
Category Method pedestrian rider average pedestrian rider average

Generalization YOLOVSs [64] 62.6 82.9 72.7 62.0 46.2 54.1

ZeroDCE [17] 75.2 87.3 81.2 50.0 45.8 479

ZeroDCE* [17] 73.1 85.6 79.3 51.0 42.6 46.8

EnlightenGAN [16] 72.5 78.4 75.4 51.1 46.3 48.7

EnlightenGAN* [10] 73.2 75.7 74.4 54.0 55.3 54.6

RetinexNet [14] 92.0 97.0 94.5 24.1 37.1 30.6

Enhancement Based JED [29] 74.0 78.5 76.2 52.7 47.3 50.0

(with YOLOVSs) Retinexformer [15] 80.2 88.0 84.1 454 46.7 46.0

W Vs LIME [28] 75.8 85.6 80.7 465 4338 451

SNR [65] 61.7 71.9 66.8 63.6 54.9 59.2

KinD [37] 64.9 81.8 73.3 60.1 453 52.7

KinD++ [66] 75.3 82.6 78.9 48.8 40.8 44.8

GLARE [67] 58.9 76.2 67.5 64.7 56.6 60.6

CIDNet [68] 75.7 81.8 78.7 48.9 50.9 499

EPM [12] 78.6 78.5 78.5 36.0 26.4 31.2

SIGMA++ [13] 79.7 71.9 75.8 37.3 38.7 38.0

Unsupervised ALDI++ [69] 62.7 59.2 63.5 55.2 59.3

Domain I:Ada tation Simple SFOD [70] 99.6 100.0 99.8 2.5 0.0 1.2

P JED{ [29] 56.8
GLAREf [67] 51.3 59.4 55.3 727 65.7 69.2
Ours 494 55.7 52.5 74.7 68.3 71.5
All models were trained on the ECP dataset and directly tested on WHUCampus. (Key: Best, Second Best, )
e e to optimize the denoising network. A sensitivity analysis is
5 conducted to assess model robustness by scaling the weights
. of pseudo-supervision loss (),;) and domain classification
loss (Agc), while keeping Aree, Acor, and Ape, fixed. The
results in Table X show that scaling the weights by 50%
A has minimal impact on performance, suggesting the method’s
: robustness and eliminating the need for meticulous hyperpa-
(a) ECP Dataset (b) KAIST Dataset rameter tuning.
Fig. 8. t-SNE [73] visualization of images’ features extracted by pretrained

ResNet-101 [74] on (a) the ECP dataset and (b) the KAIST dataset. Yellow,
blue, and red dots represent the features of daytime, nighttime, and synthetic
nighttime images, respectively.

noise contamination and restore textural details while main-
taining semantic integrity. Therefore, its performance is
evaluated using both low-level (image quality) and high-level
(detection accuracy) metrics. Given the absence of a noise-free
nighttime reference image, we use the reference-free image
quality assessment metric NIQE [72]. Detection performance
is evaluated using mAP and LAMR(all).

The quantitative results in Table VIII reveal that a large
domain gap between synthetic and real-world nighttime
images can impair the denoising network’s robustness on real-
world data, leading to lower-quality enhanced images and
decreased detection performance. Notably, the synthetic night-
time images generated by our method most closely resemble
real-world nighttime images. As a result, our approach
achieves the most balanced performance across the three
metrics. This suggests that our method not only recovers more
visually appealing textural details but also preserves semantic
integrity.

E. Sensitivity Analysis of Loss Function Weights

In addition to the commonly used loss functions in
image restoration, two novel loss functions are introduced

E. Applications

To further validate the effectiveness and robustness of
the proposed method across a broader range of real-world
nighttime scenarios, two additional test sets are used, denoted
as NightOwls-1k and WHUCampus. NightOwls-1k consists
of 1,000 images randomly selected from the NightOwls val-
idation set [41], which includes four categories: pedestrians,
bicycle drivers, motorbike drivers, and ignored areas. To match
the class settings of the ECP dataset, the bicycle driver and
motorbike driver categories were merged into a single “rider”
class. Additionally, we collected nighttime images using an
iPhone XS smartphone on the campus of Wuhan University,
forming the WHUCampus dataset, which contains 203 valid
images. The size of each image is 1920 x 1080. We manually
labeled pedestrians and riders in these images to create the
ground truth. These test images are characterized by signif-
icant motion blur and image noise, presenting considerable
challenges for processing.

1) Performance on NightOwls-1k: The quantitative results
are presented in Table IX, while the qualitative comparisons
of the top five performing methods are illustrated in Fig. 7.
Notably, all enhancement methods, except for the retrained
EnlightenGAN, degrade detection performance, underscor-
ing the importance of addressing domain gaps. ALDI++
demonstrates strong performance in detecting riders, primarily
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(a) Ground Truth

(d) GLARE}

Fig. 9.
and the green bounding box represents the rider class.

due to generating numerous prediction bounding boxes. This
approach reduces the LAMR at the cost of significantly
increasing false positives. In contrast, our method achieves
a higher mAP while maintaining a comparable LAMR to
ALDI++. This result suggests that our enhancement tech-
niques effectively recover sharper details and textures, leading
to improved detection precision.

2) Performance on WHUCampus: The quantitative results
are presented in Table XI. Our method, along with GLAREY
and JEDT, outperforms other approaches, emphasizing the
significance of distribution alignment. The qualitative results
for the top five performing methods are displayed in Fig. 9,
where our method demonstrates superior accuracy in detecting
and classifying riders. This suggests that our enhanced results
exhibit more informative image features, which are benefi-
cial for the detector. The top performance in both metrics
underscores the robustness of our proposed framework in
challenging nighttime environments.

G. t-SNE Visualization

We perform t-distributed stochastic neighbor embedding
(t-SNE) [73], a high-dimensional data visualization technique,
to visualize the data distributions of day, night, and syn-
thetic night images. We first use a pretrained ResNet-101
[74] to extract features from images, and then input the
high-dimensional features into t-SNE to reduce dimensions
so that it can be plotted in a scatter map. A visualiza-
tion of the ECP and the KAIST datasets is displayed in
Fig. 8. Every data point corresponds to an image. The
results indicate that there exists a huge domain gap between
daytime and nighttime distributions. It is difficult to distin-
guish between the representations of synthetic and real-world
nighttime images, which are highly confused. It illustrates
that the distribution alignment can successfully transfer
daytime images into the nighttime domain, producing suffi-
ciently realistic synthetic nighttime images to fool the feature
extractor.

(e) ALDI++

(f) Ours

Comparison of test results for the top five performing methods on WHUCampus test data. The pink bounding box represents the pedestrian class

V. CONCLUSION

In this paper, we present an unsupervised domain adaptation
framework for nighttime VRU detection, which frames the
task as domain distribution alignment and nighttime image
enhancement. We introduce a high-frequency consistency loss
in a generative model to align the distributions of daytime and
nighttime images, generating synthetic nighttime images. The
degradations in these images are then decoupled and enhanced
separately. First, the illumination is brightened, followed by
denoising using our proposed illumination difference-aware
denoising network. To supervise this network, we design an
exchange-recombination strategy to generate pseudo-ground
truth, guiding the denoising process, and implement pixel-level
supervision through pseudo-supervised attention. Additionally,
we introduce degradation alignment in the denoising network,
encouraging the model to learn robust degradation features,
thereby enhancing its performance on real-world nighttime
images. Extensive qualitative and quantitative experimental
results demonstrate the effectiveness of our approach, high-
lighting its superiority and generalization capability.

Although the proposed framework does not require night-
time annotations, it assumes that daytime images do not
experience significant degradation. This assumption may
limit the method’s applicability in scenarios where daytime
images are severely degraded or unavailable. Future research
will explore strategies to mitigate this dependency on day-
time images. Potential approaches include zero-shot image
enhancement techniques or translating degraded nighttime
images into the daytime domain, thereby enabling the use of
existing detection models trained on daytime data.
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