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Abstract. Low illumination significantly impacts the performance of
learning-based models trained under well-lit conditions. While current
methods mitigate this issue through either image-level enhancement or
feature-level adaptation, they often focus solely on the image itself, ig-
noring how the task-relevant target varies along with different illumi-
nation. In this paper, we propose a target-aware representation learn-
ing framework designed to improve high-level task performance in low-
illumination environments. We achieve a bi-directional domain alignment
from both image appearance and semantic features to bridge data across
different illumination conditions. To concentrate more effectively on the
target, we design a target highlighting strategy, incorporated with the
saliency mechanism and Temporal Gaussian Mixture Model to empha-
size the location and movement of task-relevant targets. We also design
a mask token-based representation learning scheme to learn a more ro-
bust target-aware feature. Our framework ensures compact and effective
feature representation for high-level vision tasks in low-lit settings. Ex-
tensive experiments conducted on CODaN, ExDark, and ARID datasets
validate the effectiveness of our approach for a variety of image and
video-based tasks, including classification, detection, and action recogni-
tion. Our code is available at https://github.com/ZhangYh994/WiiD.

Keywords: Representation learning - Day-night adaptation - Target-
aware masking - Contrastive learning
1 Introduction

To boost the performance in low light, a naive solution is to enhance the illumi-
nation before passing the images to the downstream networks [3}/111[30132}35./41].
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However, these low-level enhancements often rely on pixel-level objectives like L1
or MSE losses. These losses always require paired data and may introduce noise,
as pixel-wise mapping disregards semantic information in the scene [46}54,56].
Therefore, some researchers attempt to solve this problem from the view of
whole image and introduce transfer learning techniques |2}/8/37,39,[53] and do-
main adaptation [22,/49,50] to push the distribution of low-lit images to well-lit
ones from image-level and feature-level, respectively. Although these methods
yield appealing results, it is still worth pointing out that the substantial domain
gap in this area presents a significant challenge for adaptation. The unidirec-
tional transferring is associated with a rapid change in the amount of available
information. When adapting from well-lit to low-lit conditions, maintaining con-
sistency in data distribution often results in the loss of significant color and
texture information, which is vital for high-level vision tasks.
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Fig. 1: Principle diagram and performance matrix of our framework. (a) The principle
of our framework. (b) The performance comparisons on different high-level vision tasks.

The process of dark-to-bright adaptation can be considered as an entropy
production process, which involves predicting high-information content from
low-information data. This can be modeled with a linear approach as described
in [24]. The problem is ill-posed because the solution is not unique [17]. Unlike
other image degradation problems such as dehazing [27,[28] and deraining [55],
dark-to-bright adaptation lacks a physical model to constrain the transforma-
tion, leading to unexpected noise in the optimization process. A more effective
approach involves defining an intermediate state and aligning the dark and bright
domains toward this state from both directions. This alignment should consider
both low-level and high-level information, as high-level tasks primarily focus on
semantic information rather than purely visual details.

Meanwhile, in contrast to low-level vision primarily focuses on enhancing
visual quality such as more vivid colors or clearer textures, high-level vision is
more concerned about the semantic understanding of the scene, which is re-
lated to the target entity for the task. For example, tasks like object recogni-
tion/detection/tracking are concerned with identifying the class or location of
the target object [22}33], while action recognition focuses on analyzing the mo-
tion of performers in a video sequence [26}[29}54]. Previous research [47] has
demonstrated that the region relevant to the target is consistently emphasized
and corresponds to a higher response in the feature map when trained with a
network. Moreover, the presence of artificial light sources such as streetlights, in-
troduces non-uniform illumination in dark scenes. Consequently, the degradation
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for the target regions may vary even in one image depending on their distance
to the light source. If adaptation is conducted based on the entire image, the
features of the target region may be not learned effectively, potentially hindering
the ultimate semantic vision tasks.

Based on these concerns, we propose a target-aware representation learning
framework for high-level vision tasks. As depicted in Fig[l] considering the chal-
lenge caused by the huge gap between the dark and bright domains, we design a
two-level bi-directional alignment strategy based on unpaired data. The low il-
lumination images are first brightened as per some enhancement priors to reveal
visual details whereas the well-lit ones are darkened via network training. Then
these two domains are aligned from both image-level and feature-level via adver-
sarial learning and Maximum Mean Discrepancy (MMD) constraint toward an
intermediate state, facilitating the subsequent representation learning. To ensure
the feature representation refinement is focused on the target rather than the
entire scene, we design a target-aware self-supervised learning (SSL) paradigm.
It first leverages the saliency theory for static attention and the Temporal Gaus-
sian Mixture Model (TGMM) to highlight the target’s movement and then uses
different masking strategies for target and non-target regions to balance the di-
versity of samples and the integrity of the target. Finally, contrastive learning
is employed to enable generalizable high-level models. This framework can be a
common solution for high-level tasks in low-illumination environments and can
be embedded in any high-level tasks.

The contributions of our method can be summarized as three-fold:

1. We propose a two-level bi-directional domain alignment scheme to address
the huge domain gap challenge, which cannot be adequately mitigated through
one-way adaptation. This scheme provides an intermediate state that alle-
viates noise generation while retaining prediction-relevant information. The
alignment process is achieved at both the image and feature levels, leveraging
adversarial learning and MMD constraints, respectively.

2. We design a target-aware masked contrastive learning strategy enhancing
feature representation for high-level vision tasks. we employ the saliency
theory and TGMM to highlight the location and motion of the target, and
then leverage distinct masking strategies for target and non-target regions.
Subsequently, contrastive learning is employed to promote a more robust
feature representation.

3. As a universal representation learning framework, our model can be in-
tegrated into various high-level vision tasks. Experiments on three public
datasets validate the effectiveness of our design in the tasks of object recogni-
tion, detection, and action recognition in low illumination, and demonstrate
the superior performance compared to state-of-the-art methods.

2 Related Works

2.1 Low Illumination Enhancement Meets High-level Vision Tasks.

Researchers have extensively discussed strategies for generalizing daytime data-
trained high-level vision models to dark scenes, such as image classification [22],
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object detection [33|, and action recognition [54]. Traditional solutions adopt
a two-stage approach, integrating the enhancement procedure with the down-
stream vision models. Early enhancement techniques, encompassing histogram
equalization |43| and Retinex theory [21], are simple handicraft feature-based im-
age processing approaches. Then the emergence of day-night datasets [6,/12,/48|
containing pairs of low-lit and well-lit images has enabled deep learning-based
enhancement methods [3}11}30,32,35]. However, the task-specific paired data is
not always available. Moreover, these pixel-to-pixel enhancements tend to over-
fit to the specific data distribution of the training set and easily introduce some
noise, limiting their applications in other scenes. Then unsupervised image trans-
lation techniques [361/39,/53] offer an alternative approach for day-night image
transfer.

2.2 Day-night Domain Adaptation

Since improved visibility does not always mean better performance for high-level
tasks |31], many studies [1,[8,/60] have turned to domain adaptation, aiming to
minimize the distribution gap between the two illumination domains from the
feature level. Sasagawa et al. [40] design a glue layer for learning the latent
features of two domains. Lengyel et al. [22] introduce domain adaptation us-
ing physical induction priors to capture illumination-robust features. Wang et
al. [50] introduce a high-low level domain adaptation method for face detection
in dark, where the low-level adaptation focuses on pixel-wise brightening and
the high-level adaptation enhances synthesized features. Luo et al. [34] present
a zero-shot day-night domain adaptation approach to free the requirement of
task-specific low-light data by synthesizing it from well-lit data, and then they
perform a min-max similarity optimization from the image and feature level,
respectively. In contrast to unidirectional domain adaptation methods, our ap-
proach performs a two-level bidirectional domain alignment. The compromise
transferring strategy retains the prediction-related information and mitigates
noise, facilitating the downstream high-level vision tasks. Unlike the recent two-
level methods [341|50], the intermediate state is not only built by the low-level
adaptation but yielded by ensuring consistency at both the image and feature
levels, reducing the potential error accumulation. Moreover, the alignment on
both levels is achieved by maximizing domain-wise similarity, mitigating po-
tential divergence issues associated with no effective constraints owing to the
minimization of similarity.

2.3 Masked Contrastive Learning

Masked Autoencoder (MAE) [9,|13,/42] and contrastive learning [5/10,[14] are
two unsupervised representation learning techniques. MAE trains the encoder
by masking parts of the input data and then reconstructing them, while con-
trastive learning refines feature representation by comparing similar (positive)
and dissimilar (negative) pairs of data points. Some studies combine the advan-
tages of mask-based techniques with contrastive learning to enhance representa-
tion learning. Yao et al. [57] establish multiple branches and leverage contrastive
learning between both the masked and unmasked sub-branches. [18}/62] employ
two identical networks to extract features from both masked and original images,
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respectively, and conducts contrastive learning between them after reconstruct-
ing the masked portions. By contrast, we do not merely transplant the masking
strategy into contrastive learning. Given our focus on high-level vision tasks, we
begin by highlighting the task-relevant targets. Then distinct masking strategies
are employed, determined by whether the region pertains to the target or non-
target. This scheme helps to filter out interference from task-irrelevant factors
during the representation learning. Compared to the random masking in MAE
and the image-based view augmentation in traditional contrastive learning, our
method ensures learning of a robust feature representation of target itself rather
than other regions in the image such as the background, and it facilitates down-
stream tasks more effectively.

target-aware masked representation learning
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Fig. 2: Overview of our method. We first obtain approximations of the intermediate
state I, from the low-lit input /4 and its well-lit counterpart I by enhancing and dark-
ening, respectively. Then they are aligned using Lq4, and Larpp at the image and fea-
ture levels simultaneously. Following the bi-directional alignment, we employ a target-
aware masking representation learning scheme, which begins with saliency /TGMM-
driven target region highlighting. To increase the diversity of target feature represen-
tation, distinct masking strategies are employed to erase/reveal the target/non-target
regions, respectively. Finally, a non-negative contrastive learning scheme is utilized to
further refine the feature representation.

3 Proposed Method

3.1 Overview

The pipeline of our target-aware representation learning framework is depicted
in Figl2l As our primary concern lies in addressing the significant gap cannot
solved by unidirectional day-night domain adaptation, we first present the bidi-
rectional alignment of low-lit and well-lit domains. Using prior-driven image
adjustment parameters, the input low-lit image [I; is first enhanced to derive
its approximation of intermediate state I,,. Simultaneously, the well-lit input
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is fed into a network to learn its prediction of the intermediate state I,,. Then
these two domains are aligned via adversarial loss L,4, and MMD loss Lyap
to achieve consistency at both low and high levels. After that, the semantic task-
relevant target region is highlighted based on saliency theory and the Temporal
Gaussian Mixture Model, depending on whether the input is an image or a video,
respectively. Different masking strategy is then utilized to provide a more diverse
representation of the target. Finally, a better feature representation of target is
learned through the contrastive learning scheme to benefit the low illumination
semantic vision task.

3.2 Two-level Bi-directional Domain Alignment

The significant gap between insufficient and sufficient illumination domains and
the differences between pixel-level and semantic-level features hamper the per-
formance on high-level vision tasks in the context of unidirectional day-to-night
domain adaptation. Therefore, it is necessary to learn a more sophisticated way
of transfer learning across two illumination domains to make them meet together
at both the image level and feature level.

Image-level alignment. Assuming we have a low-lit input I; and a well-lit
one I, the image-level alignment aims to find an intermediate state I,,, to en-
sure their consistency in image appearance. It represents a compromise strategy,
which neither results in information loss due to over-darkening nor introduces
noise by attempting to recover information that has already been lost.

As I,,, is not determined, there is no domain constraint for aligning. Then we
can find inspiration from general visual enhancement for the mapping of I, —
I,,,. Such an enhancement can be deemed a prior-driven parameter conditioning.
For instance, a well-lit image is usually considered with adequate brightness and
vivid color. The enhancement is to adjust these parameters for a better view.
Therefore, We argue that there is a set of low-lit image enhancing parameters
& = {¢1, 2, - ,¢n}, then the enhancement can be expressed as I,,, = E(I4|®),
where I,,, is the approximation of I,,, and E (+) refers to the enhancing function,
namely the adjusting curve derived under the priors .

As the darkening process is not common, it is hard to find prior as guid-
ance. Therefore, we train a network I,,, = = Fy(Iy) to achieve it, where Fy is an
encoder-decoder network parameterized by 6. Then image-level alignment should
be conducted between I,, and I,,. However, as we employ unpaired I; and I,
the pixel-to-pixel constraints like |50| do not fit our requirement. Inspired by [36],
we use adversarial learning under cycle-consistency to achieve it:

Loady = EIdNPd,a,ta(Id) [logD(E<Id|¢))] + EII)NPda,tn,(Ib) [IOg(l - D(Fe(Ib)))] (1>

Feature-level alignment. Although the image-level alignment alleviates
the gap problem of unidirectional adaptation, the semantic consistency of fea-
tures should also be considered since we aim at dealing with high-level vision
tasks. Similarly, as there is no constraint that the two domains are for the same
task, I,, and I,, not only differ from each other in content but also lead to var-
ious high-level features. Thus we need to consider drawing them together from
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the view of illumination in a higher dimension. Then we turn to the Maximum
Mean Discrepancy (MMD) as the optimization objective, being expressed as:

2

. 1 Qe 1 -
Lo I L) = EZcﬁ(F&(Im))—MZcb(Fi(fm)) , (2)
i=1 j=1 ”

where Fy, is a pre-trained network for extracting high-dimension features. L
represents the squared MMD loss in the reproducing kernel Hilbert space (RKHS)
endowed with the mapping function of ¢(-), which is usually a set of radial basis
functions. On the right side of the equation, the first term calculates the mean
of the mapped features from I, in the RKHS upon N, samples, and the second
one is for the mean of features from the I,, in the RKHS upon N, samples.

By minimizing L£y;pp, the mean discrepancy between two approximations
of the intermediate state I,, in the new feature space is reduced and a real
consistent I, is derived, thereby promoting the alignment of features. This step
is crucial for reducing the distributional differences from the feature level, helping
the high-level feature become illumination-independent.

3.3 Target-aware Masked Representation Learning

Although the two-level bidirectional alignment can bridge domains with different
illumination conditions, it is still a kind of globally coarse-grained alignment.
For any high-level tasks, the target entity is always the essence. As shown in
Figa) and (b), the illumination can vary significantly across different locations
within a single scene, leading to changes in the appearance of a target. Therefore,
attention should be paid to the target itself rather than the entire image for
feature representation learning schemes.
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Fig. 3: The reason and structure of target highlighting. (a) Different locations may
experience varying illuminations even in the same scene. (b) The appearance of the
same target may change significantly owing to different illuminations. (¢) Our target
highlighting scheme for image-based and video-based inputs.

Target highlighting. Highlighting the target is related to both the target
itself and the nature of the task. In tasks such as object recognition or detection
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relying on static images, attention should be paid to the location of the target
region. For others like action recognition or tracking, the emphasis moves to-
ward capturing the movement trajectory of the target. Accordingly, we leverage
saliency for static highlighting and TGMM for dynamic attention as depicted in
FigB|c).

Saliency for static highlighting. For the semantic vision tasks, the tar-
get should be in the most attractive region corresponding to the human visual
attention mechanism. According to |16], the salient objects should have higher
spectral residuals. Therefore, we utilize the spectral residual to produce a saliency
map. The spectral residual can be calculated as R(I) = L(I) — L(I) * H, where
R(I) denotes the spectral residual of input image I, representing the statistical
singularities that are particular to I in the frequency domain. L(I) represents
the log amplitude spectrum, computed as L(I) = log(|]F(I)|), where F(-) is the
Fast Fourier Transform (FFT) of I. H is the averaged spectrum that can be
approximated by convolution. It highlights areas of the image that differ from
the norm and thus are more likely to attract visual attention. Then we need
to map it back to the spatial domain using the Inverse Fast Fourier Transform
(IFFT), and we have the saliency map as S(I) = F~ ' {eRD+P(F)Y  where
S(I) represents the saliency map obtained after mapping back to the spatial
domain, F~1 denotes IFFT processing, and P(F(I)) is the phase spectrum of
the image. Extracting the salient region can derive the static attention map.

TGMM for dynamic highlighting. The video-based tasks are strongly
correlated with temporal information. Therefore, the temporal changes of the
target should be paid more attention to when implementing target-aware mask-
ing strategies for video inputs. To this end, we utilize TGMM to learn the
information of dynamic targets. TGMM expresses pixels in a set of Gaussian
distributions, capturing the variations of pixel value along with time. It can be
formulated as:

K
B(x) = Y wia(@) - N(L(@); pia (), 054(2)), (3)
i=1

where B(z) represents the distribution map of TGMM, A denotes a Gaussian
distribution, and I;(x) is the observed value of pixel = at time ¢. w; ((x) is the
weight of the i-th Gaussian distribution at time ¢, with u; () and o; ¢(x) repre-
senting the mean and covariance matrix of the i-th Gaussian distribution, where
i ranges from 1 to K. The movement of the target entity will lead to a mismatch
between the pixel values within the corresponding region and the Gaussian dis-
tribution of the background model. When this mismatch becomes sufficiently
distinct, it indicates the presence of the target. Then a dynamic attention map
can be created through binary processing, highlighting areas of significant change
or movement.

Region-dependent masking strategy. Masking is often used in SSL since
it helps to learn critical features and improve the generalization ability of the
model. In our scheme, we also adopt a target region-dependent masking strategy.
Following [13], we first divide the image into patches. Obviously, they fall into



Watching it in Dark 9

target and non-target regions. For patches within the target region, we apply an
erasing strategy, where the content will be removed for a robust representation
as per |51]. For background regions, we employ a leaky-patching strategy, which
is inspired by the “Leaky-ReLU” activation function and “leaks” background
information in the non-target regions to gain diversity in representation. The
mask ratio and size of the erasing mask are smaller than those of the leaky-
present mask to preserve the effective target-relevant information.

Robust target feature learning. With the target-aware views achieved by
masking, we investigate how to use them for illumination-robust feature repre-
sentations toward semantic vision tasks. Similarly, to mitigate divergence issues
caused by negative samples, we employ a non-negative contrastive learning loss
from BYOL [10] to achieve it:

2- (z(p(F(v), p' (F" (v1)))
lz(p(F @)z - llp" (F” (vF)ll,’

where v and vT are the anchor and positive sample, respectively. z is the predic-
tion head. p/p’ are the projection heads, and F'/F’ are the feature extractors.
They share the same structure but the gradient is only passed in F' and p, while
their counterparts are updated by Exponential Moving Average (EMA). In our
feature representation learning scheme, we have two branches: one is the origi-
nal model trained on daytime data, and the other is fed with I,,, obtained via
the domain alignment. As only the anchor branch has a gradient, we employ a
dual-branch optimization strategy to obtain the optimal feature representation.
Then the final contrastive learning loss can be written as:

(4)

Lzyor (v,v") =2 -

Lcor = Leyor Uy, Im) + Leyor(Im, I). (5)

3.4 Network Training

The overall structure and losses for training are illustrated in Fig[2] During the
training phase, the low-lit data is only used in the image-level domain alignment
stage, and it is not coupled with what is used for the well-lit branch, which plays
a more important role in refining the feature representation. For the inference
stage, the network is finalized and no well-lit data is required. The low-lit one is
set as the sole input to yield the result for high-level vision tasks. When training
for the domain alignment, the image-level adversarial loss and feature-level MMD
loss are utilized, then the entire optimization objective can be expressed as:

Lalign = Ladv + OZALZMMD; (6)

where « is the balancing parameter, of which the value varies along with different
tasks. After that, the target-aware representation learning is achieved together
with the downstream task. For this stage, the loss can be expressed as:

‘CT'eP = ‘Cgask + ‘Ciask + ﬁ[‘CLv (7)
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where £ is also a task-dependent balancing parameter. L, is the loss for down-
stream task. For example, it will be the cross-entropy loss for recognition tasks,
and bounding box regression loss for detection tasks. The superscripts b and
1 denote the branches of the original model trained on daytime data and the
intermediate state input I,,,, respectively.

4 Experiments

4.1 Experimental Setup

The proposed method is implemented with PyTorch on an NVIDIA RTX 3090
GPU. As our method attempts to construct a general framework for high-level
vision tasks, we select several typical tasks for validation, including 1)image-
based object recognition (classification), 2)image-based object detection, and 3)
video-based action recognition. We evaluate our method on multiple datasets.
The object recognition task is verified on two datasets of CODaN [22] and Ex-
Dark [33]. The ExDark dataset is also employed for object detection. For the
more challenging action recognition task, we use the ARID dataset [54], which is
also the benchmark for UG2+ 2022 Action Recognition from Dark Video Chal-
lenge. More details about those datasets and the network parameter settings can
be found in the Supplementary file.

4.2 Object Recognition

Result on CODaN. From Table [1} it is evident that low-light enhancement
methods, which enhance images pixel-wise from the perspective of human vi-
sual perception, underperform in downstream vision tasks. Meanwhile, the per-
formance differences among various enhancement methods are not significant,
with a maximum variation of about 2%. It indicates that the gap between low-
level and high-level vision tasks is not attributable to specific methods but is
a common phenomenon across the board. In contrast, methods based on do-
main generalization and adaptation show a greater divergence in performance.
The accuracy of MixStyle [60] is only 53.12%, which is even lower than that of
enhancement methods. It may be due to MixStyle’s reliance on low-level style
features like color and shape. Meanwhile, Similarity Min-Max [34] achieves a
much better result of 65.87%, likely because it implements dual-level adaptation
at both the image and feature levels. In comparison, our method has achieved
an improvement of about 5% on this basis. This proves that bi-directional align-
ment can effectively reduce complexity, and focusing on the target area rather
than the entire image holds significant value for high-level visual tasks.

Result on ExDark. The classification results on the ExDark dataset 33|
are demonstrated in Table [2] Although this dataset is originally intended for
detection purposes, it is also widely used for verifying the day-night adaptation
performance since its data is also annotated with class labels. Compared with
CODaN, this dataset can be more challenging since the target is smaller and the
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illumination condition is worse. According to the description in [33], we extract
400 normal light images per class from the COCO dataset as training data,
totaling 4,800 images, and evaluate on the complete ExDark dataset. As can
be seen, when facing darker conditions and smaller subject targets in ExDark
dataset, the limitations of low-light enhancement methods become even more
apparent. RUAS [32] leads to many overexposed areas and destroys the structure
of the images, making even worse results than the baseline without any enhancing
processes. For domain adaptation-based methods, IRM [1] and CIConv [22] rely
on detecting invariant low-level features like edge and color also fail since there
is a significant loss of texture information in extremely dark environments. By
contrast, our framework can still witness about 2% improvement when compared
with the second best one of Similarity Min-Max [34]. It proves the bi-directional
alignment can alleviate the information loss owing to darkness and focusing on
the target can make the feature more robust to extreme illumination conditions.

Table 1: Object recognition per- Table 2: Object recognition perfor-
formance on CODaN dataset. mance on ExDark dataset.
Method Accuracy (%) Method Accuracy(%)
ResNet-18 [15]|(baseline) 53.32 ResNet-50 |15 (baseline) 43.15
Low-Light Enhancement Low-Light Enhancement
EnlightenGAN [20] 56.68 EnlightenGAN [20] 44.63
LEDNet [61] 57.40 LEDNet [61] 43.90
Zero-DCE 1+ [23] 57.96 Zero-DCE++ [23] 45.99
RUAS [32] 58.36 RUAS |[32] 42.18
SCI 35| 58.68 SCI |35 46.45
URetinexNet [52] 58.72 URetinexNet [52] 46.37
Domain Generalization & Domain Generalization &
Adaption Adaption
MixStyle [60] 53.12 MixStyle [60] 46.46
IRM (1] 54.52 IRM 1] 44.64
AdaBN [25] 55.55 AdaBN [25] 46.84
MAET [8] 56.48 MAET [8] 46.04
CIConv [22] 60.32 CIConv |22 45.17
Similarity Min-Max [34] 65.87 Similarity Min-Max [34] ~ 49.03
Ours 70.32 Ours 51.58

4.3 Object Detection

In Table 3] we also validate the performance of dark object detection. Following
pioneer works [8,/33], to match the normal light data with the 12 categories in
ExDark dataset, we randomly selected 1000 images for each category from the
COCO and VOC datasets, totaling 12,000 images, as the well-lit training data,
and the validation set of ExDark is used as the low-lit test set. As observed,
this time all the low-lit enhancement methods witness a failure compared with
the bare baseline. It implies the noise introduced during the enhancement may
be more harmful to the localization task. The recent domain adaptation meth-
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ods [34] can improve the performance, but the severe noise in ExDark makes
localization challenging. Despite these challenges, our method still achieves the
best performance in the object detection task, with the mAP exceeding the
second-best one [34] by about 3.4.

4.4 Action Recognition

Following the image-based tasks, we explore another challenging task of video-
based action recognition, which is studied in the UG2+ 2022 Action Recognition
from Dark Video Challenge. We also evaluate the network as the unsupervised
learning track in this challenge. As illustrated in Table [4] in more complex low-
light action recognition tasks, continuous changes in illumination over time can
result in more noise if temporal consistency is not maintained globally during
enhancement. This may disrupt the coherence of features across temporal vari-
ations and result in even worse performance. Thanks to the target highlighting
strategy, our feature presentation learning pays more attention to the motion
of targets. As a result, the learned feature is more robust to changes in illumi-
nation and backgrounds. It leads to a more substantial improvement over Luo
et al’s |34] at about 6% compared with image-based recognition tasks. It is
also worth mentioning that although the fully supervised SOTA is very high,
our unsupervised method narrows the gap between unsupervised and supervised
learning by about 10 % with a smaller backbone than [15,45]. It even surpasses
some fully supervised models like C3D [44] and 3D-ResNet-18 [15], validating
the effectiveness of our feature representation learning scheme.

Table 4: Action Recognition performance on

Table 3: Object Detection perfor- ARID dataset
mance on Exdark dataset.
Method Accuracy (%)
Method mAP@0.5
- I3D [4] (baseline) 47.02%

YOLOv3 [38](baseline) 58.7 -
YOLOv3-fully supervised  76.4 Fully Supervised
Low-Light Enhancement C3D [44] 46.17%

- 3D-ResNet-18 [15] 54.68%
EnlightenGAN 20} 514 13D (fully supervised ver.) [i]  68.29%
Zero-DCE |11 57.1 3D-ResNet-101 [15] 71.57%
URetinexNet l52| 56.6 DTCM |45| 9636%
LEDNet |61] 51.4
RUAS [32] 56.3 Low-Light Enhancement
SCT [35] 56.9 StableLLVE [58] 45.08%
IAT-YOLO |7] 55.9 SMOID [19] 47.27%
Domain Generalization & SGZ [59] 46.42%
Adaption Domain Generalization &
MAET [g] 57.3  Adaption
HLA-face [50] 57.6 AdaBN [25] 46.17%
Similarity Min-Max [34] ~ 60.8 Similarity Min-Max [34] 52.01%

Ours 64.2 Ours 58.08%
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4.5 Ablation Studies

In this section, we first conduct a detailed experiment on each component of the
framework to deeply study the effectiveness of our designs, including the domain
alignment scheme and target-aware masked representation learning. Then we
also test different domain-transferring strategies to demonstrate why our design
can be more useful for high-level tasks. For simplicity, we choose CODaN as the
benchmark. Without specific saying, the experimental settings are the same as
what is mentioned in Section More experiment results can be found in the
Supplementary file.

Impacts of components of the proposed framework. In Table [ we
show how our framework helps to learn a robust feature representation for low-
illumination high-level vision tasks. Compared with the baseline (with all mod-
ules marked “x”) of ResNet-18, the domain alignment makes the dark meet
normal light, resulting in a significant improvement at about 8%. On the other
hand, the target-aware representation learning scheme seems more important
since it makes a more significant improvement at about 10%. We are also sur-
prised that even without a SSL paradigm for optimizing the feature represen-
tation, the target-aware masking can even achieve competitive performance. It
emphasizes the role of a good view of the target in high-level tasks.

Table 5: Impacts of components of the proposed framework.

two-level bi-directional target-aware mask
alignment representation learning Accuracy (%)

image-level feature-level target-aware mask contrastive learning

X X X X 53.32
v X X X 59.08
v v X X 61.64
v v v X 64.40
v VA X v 64.32
v v v Vv 70.32

Effect of different domain transferring strategies. As shown in Table
[6] the performance of bright-to-dark unidirectional adaptation is much lower
than that of dark-to-bright. It suggests enhanced information, even with noise,
can help to yield better results than removing it. Compared to it, our image-
level bi-directional alignment can make a further 2% improvement. Moreover,
the feature-level alignment achieves better performance, which may be because
this framework is oriented toward high-level tasks.

Visualization. We also present the visualization results of the ResNet-18
backbone and our framework, encoded using t-SNE. Fig[]illustrates the feature
distribution across different illumination conditions. The different colors of red,
green, and blue refer to different classes, while the intensity of the color indicates
whether the data is in low or sufficient light. It is apparent that our framework
narrows the distance between the features of different illuminations for one class,
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and correspondingly the inter-class distance is enlarged, resulting in a more
robust illumination-independent feature and enhancing overall performance.

Table 6: Results of different domain trans-
ferring strategies

e« e well-lit data

Strategies Accuracy(%) low-lit data
unidirectional

domain adaptation

dark—Dbright 57.96

bright—dark 51.52

— - (a) original daytime model (b) ours
bi-directional

domain alignment Fig. 4: Visualizing the projection of feature dis-

59.08 tribution of inter-illumination conditions of the
’ baseline and our framework.

image-level only
feature-level only 60.56
Ours (bi-direct. align.) 61.64

5 Conclusion

In this study, we address the challenge of low illumination for high-level vision
tasks via a target-aware representation learning framework. To address the gap
between low-lit and well-lit domains, we first propose a two-level bi-directional
domain alignment, considering both image appearance and semantic features,
to bridge the gap between data collected under varying illumination conditions.
To harness the high-level features of the target, we introduce a frequency-based
saliency mechanism and a Temporal Gaussian Mixture Model-based approach
to highlight task-relevant elements from static and dynamic views, respectively.
Additionally, we devise a mask token-based representation learning scheme for
learning robust target-aware features. Extensive experiments on CODaN, Ex-
Dark, and ARID datasets validate the effectiveness of our method in enhancing
feature representation for both image- and video-based high-level vision tasks,
including classification, detection, and action recognition.
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