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ARTICLE INFO ABSTRACT
Keywords: Nighttime image dehazing is a challenging task due to the scarcity of real hazy images and the domain gap
Nighttime dehaze between synthetic and real data. To address these challenges, we propose a novel deep learning framework

Contrastive learning

that integrates contrastive and adversarial learning. In the initial training phase, the dehazing generator is
Adversarial learning

trained on synthetic data to produce dehazed images that closely match the ground truths while maintaining a
significant distance from the original hazy images through contrastive learning. Simultaneously, the contrastive
learning encoder is updated to enhance its ability to distinguish between the dehazed images and ground
truths, thereby increasing the difficulty of the dehazing task and pushing the generator to fully exploit feature
information for improved results. To bridge the gap between synthetic and real data, the model is fine-
tuned using a small set of real hazy images. To mitigate bias from the limited amount of real data, an
additional constraint is applied to regulate model adjustments during fine-tuning. Empirical evaluation on
multiple benchmark datasets demonstrates that our model outperforms state-of-the-art methods, providing an
effective solution for improving visibility in hazy nighttime images by effectively leveraging both synthetic
and real data.

1. Introduction and haze-free background presents a significant challenge in this highly

ill-posed problem. Moreover, the priors utilized for dehazing in these

Nighttime hazy images, characterized by a misty and obscured
appearance, often encounter various issues that degrade their quality,
including inadequate lighting, reduced contrast, and limited visibility,
as shown in Fig. 1. These challenges significantly impact computer
vision tasks like semantic segmentation [1], and object detection [2].
Consequently, the restoration of hazy images plays a crucial role in
enabling autonomous driving, surveillance systems, remote sensing in
foggy conditions. Most dehazing methods focus on daytime images,
making them inadequate for nighttime scenarios due to their inabil-
ity to address the complexities introduced by multiple artificial light
sources [3]. In particular, the uneven distribution and diverse color of
nighttime lighting, as well as the inherent glow and glare effects present
in such scenes, cannot be represented and processed accurately.

Several models [4,5] have been proposed specifically for nighttime
hazy images, introducing new terms to capture the diverse illumination
characteristics and glow effects. These techniques are designed to de-
compose a blurry image into several components, including the glow,
atmospheric light, transmission map, and background layers. However,
due to the lack of a definitive and stable solution, achieving a clear
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methods, such as DCP [6] and MRP [7], were originally designed
to accommodate the characteristics of haze-free images during the
day. Consequently, when applied to nighttime images, this discrepancy
frequently results in distorted outputs [3]. Although deep learning-
based methods [8] are able to overcome the issues associated with
manually designed priors, collecting nighttime hazy images for training
is a complex task as it requires long exposures, static scenes, and precise
illumination calibration [9]. As a result, these methods often rely on
synthetic data for training [10]. Consequently, the domain gap between
synthetic and real data often leads to dehazing models trained on syn-
thetic images exhibiting poor generalization when applied to real-world
hazy images [9]. Unsupervised and self-supervised methods [11,12]
have been proposed to eliminate the reliance on paired training data.
However, the absence of supervision reduces their performance, leaving
room for enhancement in both dehazing quality and the realism of the
resulting images.

Real nighttime hazy images contain valuable information but are
often too limited in quantity for effective training. In contrast, while
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(a) Low light

(b) limited visibility

(c) multiple artificial light source

Fig. 1. Examples of nighttime hazy images which suffer from multiple problems.

a large number of synthetic nighttime hazy images can be gener-
ated, a gap exists between synthetic and real data. To address this,
a two-stage deep learning framework that integrates contrastive and
adversarial learning is proposed. In the first stage, a novel contrastive
and adversarial learning approach is used to train the dehazing model
on synthetic nighttime hazy image pairs. The model aims to produce
dehazed images that closely match their ground truths while maintain-
ing a greater distance from the original hazy images in the feature
space. During training, the contrastive learning encoder is updated
continuously alongside the dehazing model, increasing the difficulty of
the task by enhancing the difference between the dehazed images and
their corresponding ground truths. This forces the generator to fully
leverage the available information, resulting in improved dehazing
quality. The model is then fine-tuned using a small set of real hazy
images in the second stage, with histogram equalized images serving
as pseudo ground truths. To mitigate bias from the limited real data
and pseudo ground truths, an additional constraint is applied to control
the adjustment size. This approach effectively bridges the gap between
synthetic and real data, leveraging the strengths of both to improve
dehazing performance.
In summary, the contributions of this work include:

» A novel deep learning framework combining contrastive and
adversarial learning is proposed to address challenges related to
limited real nighttime hazy images and the gap between synthetic
and real data. The model is trained to generate dehazed images
that closely match their ground truths while maintaining distinct
separation from the original hazy images in the feature space.

A key innovation of our approach is the alternating update of the
contrastive learning encoder and the dehazing generator during
training. This dynamic interaction increases the challenge of the
dehazing task, compelling the generator to make full use of the
available information and ultimately enhancing dehazing quality.
Fine-tuning with real nighttime hazy images, processed using his-
togram equalization as pseudo ground truth, bridges the
synthetic-real data gap. An additional constraint is applied to
mitigate bias from the limited real data, ensuring better gener-
alization during the fine-tuning process.

Comprehensive evaluation on both real-world nighttime and day-
time datasets demonstrates the model’s superiority over state-of-
the-art methods, validating its effectiveness in nighttime image
dehazing.

The rest of the paper is organized as follows. Section 2 provides the
background of hazy image models and dehazing methods. Section 3
introduces the rationale and procedure of our proposed method. Sec-
tion 4 describes our experiments and results. Finally, the conclusion
and future work are given in Section 5.

2. Related work
2.1. Hazy image model

The physical scattering model [13], shown in Eq. (1), is com-
monly used to represent a hazy image in most model-based dehazing

approaches:
I(x) = J(x)t(x) + A(l — t(x)), (€D)]

where x represents an image coordinate, I(x) denotes a hazy image,
J(x) represents the haze-free image of I(x), #(x) is the transmission
map indicating the light reaching the camera without scattering, and
A stands for the global atmospheric light. The model is ineffective for
nighttime scenes because it relies on a constant A, which fails to capture
the variability of artificial lighting at night. To address this limitation,
several techniques have been proposed to improve the representation
of nighttime hazy images. One such approach estimates environmental
illumination at a point-wise level using a spatially varying atmospheric
light term [4]. This method is crucial for accurately modeling the
variations in lighting conditions across the scene. Additionally, [5]
emphasized the importance of considering factors such as light shapes,
illumination directions, and regions of light. To address this, their
method processes the locations of glow sources separately using a bi-
nary mask, while intensity maps are handled independently to capture
the varying light intensities. Another approach focuses on quantifying
nighttime glow through the use of the atmospheric point spread func-
tion (APSF) [14]. This technique models the optical characteristics of
nighttime glow, providing a more nuanced representation of lighting
effects in hazy nighttime conditions. These methods represent signifi-
cant progress in addressing the challenges of modeling nighttime haze,
offering valuable insights into how to capture the complex lighting
effects inherent in hazy nighttime scenes.

2.2. Single image dehazing methods

2.2.1. Prior-based methods

Early dehazing methods relied on statistical analysis or empirical
observation to estimate atmospheric light (4) and transmission map
(). These methods included Dark Channel Prior [6], Maximum Re-
flectance Prior [7], Multiple Color Space Prior [15] and so on. However,
these priors are often based on specific assumptions and may not
generalize well in different scenarios. For instance, Dark Channel Prior
struggles with spatially varying colors of atmospheric light, especially
in sky regions. Other approaches [16] have applied the Retinex the-
ory [17] to estimate the illumination component and detail-revealed
reflectance component of hazy images. However, these methods may
encounter difficulties when dealing with non-homogeneous and thick
hazy conditions.

2.2.2. Deep learning-based methods

With the emergence of deep learning, an increasing number of
methods have leveraged deep neural networks for estimating the atmo-
spheric light term A and transmission map #(x) [18]. These estimates,
based on the physical scattering model, can be used to calculate a clear
image J(x). On the other hand, some methods, such as [19], focus on
estimating ¢ not to directly obtain J(x), but rather to guide the image
recovery process, as the transmission map provides insight into the haze
distribution within the scene. Beyond the scattering model, other ap-
proaches decompose nighttime hazy images into structure, detail, and
noise layers using hybrid regularization terms [20]. For example, [21]
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proposed extracting high- and low-frequency components of the hazy
image to capture scene texture and structural information, respec-
tively. However, many of these methods rely on a gradient-based layer
separation technique, which assumes that noise layers exhibit strong
gradients, while fog layers have minimal gradients. This assumption
can be problematic, as it may inadvertently filter out high-frequency
details, removing important image features in the process. Additionally,
it may strip away light during fog removal, leading to dark or grayish
outputs. To address the issue of detail loss, a two-subnetwork approach
has been proposed, where one network handles dehazing and the
other refines the details [22]. While this improves detail recovery,
it also increases model complexity and may amplify artifacts, as the
second network relies on the initial output, potentially exacerbating
errors. End-to-end learning is usually adopted to generate haze-free
images using models like GANs [23] and diffusion models [24]. For
example, DW-GAN [25] employs a 2D discrete wavelet transform to
capture multi-scale features and fully exploit image information. Dif-
fusion models have gained attention for producing high-quality and
diverse samples. However, their controllability remains a challenge,
particularly in preserving structural details when removing fog. Some
approaches, such as [26], condition the diffusion model on the orig-
inal hazy image to guide dehazing, while RSHazeDiff [27] integrates
frequency domain information to impose constraints during the in-
termediate process and employs a patch-level sampling strategy to
accelerate inference.

However, these deep learning methods typically rely on large train-
ing datasets, which can be challenging to obtain for real-world hazy
images. While training on synthetic datasets may yield satisfactory
results on synthetic data, these methods may not generalize well to
real data. In the case of synthetic hazy images, the generated fog
typically exhibits a uniform color, unlike real hazy images where
the fog may display varying colors due to the presence of artificial
light sources. Additionally, synthetic hazy images face challenges in
accurately simulating the distribution of fog, especially in capturing the
varying concentrations of fog at different distances.

2.2.3. Self-supervised and unsupervised learning methods

Recent advances in self-supervised and unsupervised image en-
hancement have achieved promising results for image enhancement
tasks without the need for paired training data. These methods often
leverage contrastive learning to promote effective feature learning.
For instance, UCL-Dehaze [11] addresses the dehazing problem us-
ing unpaired real-world hazy and clean images. The model employs
patch-wise and pixel-wise contrastive learning loss to train the de-
hazing network. Similarly, the CDD-GAN model [28] uses contrastive
disentanglement learning to separate task-relevant (clean image) and
task-irrelevant (haze-related) factors within the feature space, isolating
clean images from the hazy inputs.

To address the domain gap between training and testing data,
Shyam et al. [12] proposed an augmentation technique generates hazy
images across multiple domains, while adversarially varying the degra-
dation factors of the generated images. By exposing the model to
images from diverse domains, this approach enhances the robustness
of the dehazing model. Additionally, domain adaptation techniques
such as CycleGAN and other generative adversarial networks (GANs)
have been employed to bridge the domain gap. These methods [29]
typically involve min-max games between the generator and discrim-
inator, aiming to align images from the source domain with those
from the target domain. These frameworks offer valuable insights into
addressing the challenge of insufficient real paired data. However, the
absence of ground-truth supervision in these methods can result in
visually unnatural outcomes, including color distortion and loss of fine
details.
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3. Proposed method

In this section, a method is devised to overcome the challenges
associated with limited volume in real nighttime hazy images for
training and the disparity between synthetic and real data in nighttime
image dehazing. The overall framework of the proposed method is
illustrated in Fig. 2. Our model aims to train a generator G to produce a
dehazed image from a given hazy input. An autoencoder-like dehazing
network [30] is chosen as the backbone of ¢. This network includes
six Feature Attention (FA) blocks [31] and two Dynamic Feature En-
hancement (DFE) modules [32], which together enable the network to
maintain a large, adaptive receptive field. These components are effec-
tive in preserving the structural information of the images. The training
process is composed of two phases: the training phase, represented by
solid lines, and the fine-tuning phase, represented by dotted lines in
Fig. 2.

During the training phase, synthetic nighttime hazy image pairs are
utilized to train both the generator (G) in the contrastive learning
framework and the encoder (F) through adversarial learning. ¢ is
optimized to ensure that its dehazed outputs closely align with the
ground truth in both pixel and feature spaces, while maintaining distin-
guishability from the original hazy images in feature space. The total
loss for optimizing G is as shown in Eq. (2).

E(T;mm = [’rec + ‘Crunk’ (2)

where £, and L,,, represent the reconstruction loss and pairwise
ranking loss, which are explained in Sections 3.2 and 3.1, respectively.

Simultaneously, F is trained to enhance its discriminative ability
between generated images and ground truths. The rationale for up-
dating F is that as the distance between the generated images and
ground truths increases, it becomes more challenging for G to generate
images that are close with the ground truths in the feature space. This
forces G to fully utilize the available information to update, leading to
improved dehazing quality. F is updated by minimizing the loss £, of
classifying generated images and ground truths. £, will be introduced
in Section 3.3.

Finally, the model is further updated using a limited number of
real nighttime hazy images during the fine-tuning phase. This phase
is designed to align the feature distributions learned from synthetic
data with those in real data, enhancing the model’s performance on
real-world tasks. In this phase, we assume that a small set of real-
world hazy images, without corresponding ground truth, is available.
Because collecting real nighttime hazy image pairs is costly, and the ab-
sence of corresponding real data and ground truth presents significant
challenges for learning.

To generate a pseudo-ground truth for a real nighttime hazy image,
our model employs Contrast Limited Adaptive Histogram Equalization
(CLAHE) [33]. Nighttime hazy images typically exhibit a narrow inten-
sity range, predominantly concentrated in the lower intensity regions,
and the RGB channels often have highly overlapping distributions, re-
sulting in a dark and blurry appearance. Fig. 3(a) visually demonstrates
examples of nighttime haze images and their corresponding histograms
for each color channel (RGB). To address the issues of uneven bright-
ness and background noise, our model applies histogram equalization.
CLAHE divides the image into patches and calculates a mapping re-
lationship between the original and adjusted pixel values, while also
imposing a contrast constraint during the mapping process. This tech-
nique effectively stretches the pixel distribution, improving brightness
uniformity and reducing noise. CLAHE is particularly effective for
nighttime dehazing scenarios.

Additionally, the results of applying CLAHE to each RGB, HSV,
and CIELab channel independently, as well as to the three RGB chan-
nels jointly, are shown in Fig. 3. The application of CLAHE to the
RGB channels jointly results in brighter images with higher saturation
compared to the other color spaces. Although there may be slight

adv
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Fig. 2. The framework of our proposed method consists of a two-stage training strategy. In the training phase, the dehazed image generator G is initially trained using synthetic
images, while real images are utilized in the fine-tuning phase. Throughout the entire training process, the encoder F is updated simultaneously to increase the difficulty of the
dehazing task, thereby enhancing the training of G. The loss functions used during the training process are outlined below.

(a) Avg FADE: 0.79 (b) Avg FADE: 0.52

(c) Avg FADE: 0.40

(d) Avg FADE: 0.48 (e) Avg FADE: 0.42

Fig. 3. Visual comparisons between different histogram equalization processing methods and corresponding histograms. (a) original hazy image; (b) CLAHE applied to each RGB
channel independently; (c) CLAHE applied to each HSV channel independently; (d) CLAHE applied to each CIELab channel independently; (e) CLAHE applied to three RGB channels

jointly.

color distortion in the darker regions, the overall output provides a
satisfactory pseudo-ground truth for real nighttime haze images.
Similar to the initial training phase, both £,,,, and L,,. are incor-
porated during the fine-tuning phase. In this phase, the pseudo-ground
truth, generated by applying CLAHE to the three RGB channels jointly,
serves as p. To address potential bias from the limited number of real
images, synthetic images are also included alongside the real ones.
The encoder F is not updated during fine-tuning, as it has already
demonstrated strong discriminative capability between hazy and clean
images, and the small data size during this phase could lead to inaccu-
rate updates. An additional loss term, L, (discussed in Section 3.4), is
introduced to regulate the extent of model adjustments. Thus, the total
loss for training G is as shown in Eq. (3), with the newly introduced

consistency loss Lcon detailed in Section 3.4.

ACZ“”""K = [’rec + [’rank + ‘Ccon‘ 3

3.1. Pairwise ranking loss (L, 4,)

By maintaining proximity between the dehazed and clean images,
our framework follows the principles of contrastive learning to improve
the accuracy of the dehazing process. Specifically, ¢ is optimized by
maximizing the distance between a hazy image (1) and its generated
dehazed image (¢ = G(n)), while minimizing the distance between
generated dehazed image (@) and the ground truth (p) in the space of
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the encoder (F). The pairwise ranking loss is defined as Eq. (4).

~ D(Fy(a). F,(p))
Erank - ,;4 Wi X D(T’i(a), T’,(n)) +5 ’ (4)

where D(s, 1) denotes the L1 distance between s and ¢, F; represents the
latent feature of the i, convolution layer in 7, and A is a set containing
all considered layers. 6 is a small value to prevent the occurrence of
division by 0. Following the empirical settings of perceptual loss, the
output features from the layers convl_2, conv2_ 2, conv3_4, conv4 4,
and conv5_4 are selected, and their corresponding weights w; are set
to1/32,1/16,1/8, 1/4, and 1, respectively, for the calculation of £, -

3.2. Reconstruction loss (L,,.)

While £, effectively reduces the distance between the generated
dehazed output (a) and its corresponding clean image (p) in feature
space of F, an additional constraint is introduced to minimize their
distance in the pixel space as well. This reconstruction loss, defined
in Eq. (5), encourages the generated image to closely approximate the
clean image.

£rec = ”a - p”l . (5)

3.3. Adversarial loss (L,4,)

The quality of the generated image is further enhanced through
adversarial learning. Unlike previous contrastive learning-based ap-
proaches, F in our model is updated simultaneously with the ¢, which
increases the difficulty of the dehazing task. This joint optimization
encourages the generator to produce more realistic and high-quality
dehazed images. The objective of 7 is to minimize the loss L,;,,
defined as Eq. (6), which measures its ability to distinguish between
the generated images and the ground truths.

Logy = ylog(F(x)) + (1 — y)log(l = F(x)), (6)

where x represents an image, which can either be a generated dehazed
image a or the ground truth p, and y denotes the label of x. y = 0 when
x is a, and y = 1 when x is p.

3.4. Consistency loss (L,,,)

L., defined in Eq. (7), is considered exclusively during the fine-
tuning phase to alleviate the bias caused by the limited number of real
images. The extent of model adjustments is controlled by minimizing
the changes during the fine-tuning process.

Loon = |G = G, - @

where G, denotes the generator obtained from the training phase, while
G refers to the generator that is being updated during the fine-tuning
phase.

4. Experiments
4.1. Experimental settings

4.1.1. Implementation on our proposed method

The implementation of our method utilizes PyTorch on an NVIDIA
RTX 3090 GPU. The batch size is configured to be 24, and the training
process is divided into two phases, each consisting of 100 and 50
epochs, respectively.

The synthetic nighttime dataset [34] is used in our experiments.
It consists of 3649 pairs of nighttime clean and hazy images. In our
experiments, 1839 and 1810 pairs are used for training and testing re-
spectively. The clean images are extracted from 100 video clips and the
hazy images are synthesized based on physical scattering model [13].
The raw images at original 4K resolution are resized into 256 x 256 for
training. On the other hand, the real nighttime hazy images, collected
by [14] from the Internet, consist of 440 images and are used in the
fine-tuning phase.
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Table 1
Quantitative comparisons on real-world dataset NHRW. The best and second best results
are indicated by bold and underlined respectively.

Method FADE(}) NIQE(l) BRISQUE(l) PaQ-2-PiQ(1) UNIQUE(1)
Original image 0.78 12.39 26.05 67.38 0.02
MRP [7] 0.44 16.23 24.07 66.75 -0.12
OSFD [9] 0.38 14.60 20.92 67.29 -0.05
FFANet [31] 0.60 12.43 24.32 67.42 0.03
AECRNet [30] 0.57 13.93 31.80 67.21 0.10
Zheng [34] 0.79 13.80 28.74 67.69 0.18
Jin [14] 0.29 16.79 27.97 67.23 -0.13
UCL-Dehaze [11] 0.43 14.50 30.65 66.19 -0.37
FC-DM [26] 0.52 15.23 30.56 66.58 -0.21
Ours 0.21 14.44 22.23 70.21 0.32

4.1.2. Evaluation metric

The visibility of a real-world hazy image without ground truth is
estimated using the Fog Aware Density Evaluator (FADE) [35]. FADE
is based on statistical observations from a large dataset of natural
foggy and fog-free images. A smaller FADE value indicates a better
quality of dehazing for the image. To evaluate the quality of the
generated images from different perspectives, four non-reference image
quality assessment metrics are employed. These metrics include two
traditional statistical-based and two deep learning-based image quality
assessments. For traditional statistical-based metrics, such as Natural
Image Quality Evaluator (NIQE) [36] and Blind/Referenceless Image
Spatial Quality Evaluator (BRISQUE) [37], a lower score from both
metrics indicates better perceptual quality of the generated images. For
deep learning-based models, such as From Patches to Pictures Deep
Quality Prediction Models (PaQ-2-PiQ) [38] and Unified No-reference
Image Quality and Uncertainty Evaluator (UNIQUE) [39], a model
with a higher score indicates better performance. For the paired clean
and hazy images, two well-known metrics, Peak Signal-to-Noise Ratio
(PSNR) and Structural Similarity Index (SSIM), are used to evaluate the
image quality.

4.2. Results on real-world datasets

Our proposed method is evaluated and compared with the ex-
isting state-of-the-art (SOTA) methods of image dehazing, including
UCL-Dehaze [11], Jin [14], Zheng [34], AECRNet [30], FFANet [31],
OSFD [9], MRP [7] and FC-DM [26], in the real-world hazy image
dataset, NHRW [9]. It is important to note that none of these images
were included in the training phase of the methods.

Table 1 presents the experimental results in terms of the metrics.
The dehazed images produced by the methods, except Zheng’s, exhibit
improved visibility as evidenced by their lower FADE values compared
to the original images. Among these methods, our approach achieves
the lowest FADE value of 0.21, indicating superior performance. In
terms of NIQE, which evaluates the naturalness of images, FFANet
performs the best, while our method achieves a competitive score of
14.44. Regarding the BRISQUE metric, only OSFD, our method, and
MRP generate higher quality images than the original ones. Our method
achieves the second lowest BRISQUE value. Additionally, on the latest
no-reference IQA metrics, PaQ-2-PiQ and UNIQUE, our method outper-
forms all others, achieving the highest scores of 70.21 for PaQ-2-PiQ
and 0.32 for UNIQUE. Notably, the diffusion-based method FC-DM
does not demonstrate a clear advantage over other approaches in
these evaluations. In conclusion, the dehazed images produced by our
method demonstrate good quality across various aspects and generally
outperform those generated by state-of-the-art (SOTA) methods.

The dehazing methods are also evaluated through subjective vi-
sualization. Fig. 4 illustrates visual examples of each method. In the
images processed by Zheng, FFANet, OSFD, and MRP, some residual
haze is still noticeable, particularly in the background areas. When the
sky region occupies a substantial portion of the image, as seen in the
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example (a) and (c), the results from OSFD and MRP exhibit a halo
effect in the sky region. This effect is primarily caused by these methods
estimating the ambient illumination and transmission map based on
patch information, leading to discontinuous colors.

The method of Zheng cannot effectively remove the fog in the im-
ages, especially in example (b), the concentration of the fog in the back-
ground even increases. On the other hand, Jin’s method demonstrates
better performance by successfully removing a significant amount of
fog and producing visually improved outcomes compared to the afore-
mentioned methods. However, it tends to over-suppress the light-effects
present in hazy images, resulting in color distortion in regions near
light sources, as observed in examples (b) and (c). AECRNet exhibits
similar performance, though, as shown in example (a), it tends to
darken the images. Images generated by UCL-Dehaze, on the other
hand, often show noticeable artifacts, likely due to its unsupervised
nature, which may compromise its ability to preserve image naturalness
and quality. FC-DM generates images with fewer artifacts but struggles
to preserve lighting and glow regions, as seen in example (b). Much
of the lighting from the train and station is removed, resulting in a
loss of realism and failing to accurately represent the original scene. In
contrast, our method excels in significantly reducing fog while simulta-
neously enhancing low-light regions. This results in improved visibility
and visually appealing outcomes. Unlike the mentioned methods, our
approach strikes a balance by effectively reducing fog without over-
suppressing the light-effects. As a result, color distortion near light
sources is minimized, leading to a more accurate and visually pleasing
representation of the scene.

4.3. Results on synthetic datasets

Our proposed method is compared with the SOTA methods of
nighttime image dehazing on the well-known NHR dataset [9] and the
Nighttime with Haze 4K dataset [34]. Table 2 presents quantitative
comparisons of our method and the other methods in terms of PSNR
and SSIM.

Among the NHR dataset, the Jin and our methods achieve the
highest and second-highest PSNR values respectively. Furthermore,
when it comes to SSIM, our method achieves the highest score of
0.91, indicating superior structural similarity and better preservation
of image details. Regarding the Nighttime with Haze 4K dataset, our
method achieves the highest PSNR and SSIM values, followed by the
Jin method.

The synthesis methods in the Nighttime with Haze 4K and NHR
datasets differ significantly. The Nighttime with Haze 4K dataset is rep-
resentative of scenarios with white fog that is unevenly distributed. In
contrast, the NHR dataset includes images with varied color designed to
simulate nighttime, dusk, and other low-light scenarios. The consistent
performance of our method across these datasets demonstrates its ro-
bustness and generalization capability. While the Jin method performs
well in terms of PSNR on the NHR dataset, our method strikes a balance
between PSNR and SSIM, resulting in the best overall image quality.
On the other hand, similar to its performance on real-world images,
the diffusion-based method FC-DM delivers less satisfying results on
synthetic images compared to other approaches.

4.4. Ablation study

In this ablation study, the impact of each module in our model
is investigated, with four modules being considered. The modules are
denoted as R, A, F, and C, which respectively represent the usage of
L,anks Lady» Fine-Tuning, and L,,,. It should be noted that C relies
on F, meaning that if a model does not consider fine-tuning, L,
must not be used. As a result, different variations of our model are
considered, including Ours-R, Ours-RA, Ours-RFC, Ours-RAF, and Ours-
RAFC, which is our full model. Additionally, a baseline model (Base)

that only contains the generator trained by minimizing L,,. is also
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Table 2

Quantitative comparisons on synthetic dataset NHR [9] and Nighttime with Haze 4K
dataset [34]. The best and second best results are indicated by bold and underlined
respectively. The results of MRP, OSFD, and Jin tested on NHR dataset are borrowed
from [14].

Method NHR Nighttime with haze 4K dataset
PSNR(1) SSIM(1) PSNR(1) SSIM(1)
MRP [7] 19.93 0.78 10.48 0.50
OSFD [9] 21.32 0.80 8.51 0.47
FFANet [31] 10.78 0.66 7.94 0.52
AECRNet [30] 9.07 0.44 15.12 0.69
Zheng [34] 12.80 0.74 12.48 0.61
Jin [14] 26.56 0.89 13.50 0.67
UCL-Dehaze [11] 11.73 0.55 11.25 0.49
FC-DM [26] 12.69 0.75 14.31 0.61
Ours 21.49 0.91 16.39 0.83

included for comparison purposes. Since real images lack corresponding
ground truths, we use no-reference metrics instead of PSNR and SSIM
for evaluation. The detailed settings and the quantified results on the
NHRW dataset in terms of FADE, NIQE, BRISQUE, PaQ-2-PiQ, and
UNIQUE are presented in Table 3.

The results clearly demonstrate the contribution of the each com-
ponent in our proposed method towards image dehazing. The FADE
values consistently decrease with the addition of each new module,
indicating a reduction in fog concentration and improved visibility in
the dehazed images. Furthermore, the perceptual quality of the gen-
erated images is enhanced, as evidenced by the decreasing BRISQUE,
PaQ-2-PiQ, and UNIQUE values. This suggests that the addition of
modules such as ranking loss, adversarial loss, and consistency loss
leads to improved image quality in terms of naturalness and visual
appeal. However, it is worth noting that the performance of Ours-
RAF is significantly lower compared to the full model, highlighting the
critical role of the consistency loss (£,,,) in our framework. Without
L.,n» the model becomes overly reliant on the pseudo ground truths
during retraining. Since pseudo ground truth images inherently lack
the full detail and quality of real haze-free images, this dependency
restricts the model’s ability to generalize effectively, especially given
the limited amount of real-world data in the dataset. Unlike other
metrics, the NIQE value shows a slight increase after fine-tuning.
This may be attributed to the model making larger modifications to
the image during this phase, resulting in a higher score in terms of
perceived image quality. Despite this slight increase, the overall visual
improvement achieved by fine-tuning is evident from the other metrics.

A visual example from NHRW shown in Fig. 5 provide a more
intuitive understanding. As depicted in (a), (b), and (c), the generated
images progressively become clearer as the ranking loss regularization
and the design of adversarial architecture are incorporated. This clearly
demonstrates the superiority of these components in improving the
quality of the dehazed images. However, it is evident that without
the fine-tuning module, residual fog still persists in the generated
images, as seen in the first row of images. We observe that the fine-
tuned model produces images with significantly improved visibility in
the second row of images. However, it is worth noting that in the
absence of the consistency loss module, which constrains the model to
retain the knowledge learned before, the resulting images appear overly
brightened. This observation aligns with our previous analysis.

4.5. Generalization to daytime hazy images

To evaluate the generalization capability of our model to daytime
hazy images, we conducted experiments on several real-word daytime
datasets, including NH-HAZE [40], O-HAZE [41] and 23 well-known
real-world hazy images (23 Daytime Images) [42], which are widely
used in previous studies. The first two datasets have paired images,
while the last one does not.
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Fig. 4. Three visual examples of NHRW handled by MRP [7], OSFD [9], FFANet [31], AECRNet [30], Zheng [34], Jin [14], UCL-Dehaze [11], FD-DM [26] and our method.

Table 3

Ablation experiment results on real-world dataset NHRW. The best and second best results are indicated by bold and underlined

respectively.
Model Loani Lo FT L, FADE(])  NIQE(J)  BRISQUE(l)  PaQ-2-PiQ(1)  UNIQUE(1)
Base X 3 X X 0.99 14.72 49.57 55.82 -1.23
Ours-R v X X X 0.74 14.57 39.68 65.21 -0.69
Ours-RA v/ v X X 0.52 14.12 36.36 65.85 —-0.39
Ours-RFC v X 4 v 0.32 15.93 22.33 69.65 —0.18
Ours-RAF v v v X 0.34 15.22 27.87 55.82 -1.22
Ours-RAFC (ful) v/ 4 4 4 0.21 14.44 22.23 70.21 0.32

In addition to the previously mentioned nighttime defogging meth-
ods, we compared our method with SOTA daytime dehazing tech-
niques, including Dark Channel Prior (DCP) [6], Zheng et al. (Zheng)
[34], and Liu et al. (Liu) [43]. By comparing our method with these
SOTA approaches, we can assess how well our model performs in the
context of daytime dehazing.

The quantitative comparisons are shown in Table 4. The results
demonstrate that our method achieves competitive performance across
these datasets. Be noted that PSNR and SSIM only be applied to NH-
HAZE and O-HAZE but not 23 Daytime Images due to the availability

of image pairs. In terms of overall performance, Liu’s daytime dehaze
method [43] stands out as the best performer across the three datasets.
It takes the first rank in five out of thirteen metrics and secures the
second rank in two metrics. Although our model was primarily designed
for nighttime hazy images and trained on a nighttime hazy dataset,
it demonstrates impressive generalization ability in removing fog. It
achieves the highest FADE values on the O-HAZE dataset and the
second-highest values on the other two datasets, indicating its effective-
ness in fog removal across different scenarios. Furthermore, the quality
of the output images generated by our model is highly satisfying. For
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Fig. 5. Visual example of ablation experiment results in NHRW.

Table 4

Comparisons on real-world daytime hazing datasets: NH-HAZE [40], O-HAZE [41] and 23 daytime images [42]. The best and second best results

are indicated by bold and underlined respectively.

Method NH-HAZE [40] O-HAZE [41] 23 daytime images [42]
PSNR SSIM FADE NIQE BRISQUE PSNR SSIM FADE NIQE BRISQUE FADE NIQE BRISQUE
DCP [6] 1222 047 0.40 10.18 17.81 16.10 0.65 0.37 15.66  26.51 0.33 13.40 19.35
Zheng [34] 1243 0.47 0.96 1032 29.39 1490 062 0.78 1545 2205 0.44 14.60  20.36
Liu [43] 11.59 0.45 0.24 9.28 16.34 14.36  0.55 0.22 13.13  26.88 0.20 12.01 23.22
MRP [7] 11.09 0.61 0.31 12.39  20.52 16.66 0.70 0.30 16.38  21.79 0.30 13.27  21.87
OSFD [9] 12.82 055 0.33 10.71  20.43 17.30 055 0.33 10.71  20.43 0.28 13.05 21.57
Jin [14] 13.12 0.40 0.83 16.62 52.25 16.74 061 0.52 18.76  41.50 0.40 20.02  32.37
Ours 12.31 0.49 0.27 12.07 25.44 16.32  0.58 0.20 1455  31.23 0.23 15.64 34.01

instance, the PSNR values surpass those of all daytime dehaze methods
on the O-HAZE datasets. This highlights the superior image quality
achieved by our model in comparison to other methods specifically
designed for daytime dehazing. Among the nighttime dehaze methods,
MRP and OSFD also exhibit competitive performance. This can be
attributed to the prior knowledge they utilize, which is statistically
derived from a large number of haze-free daytime images. However,
it is worth noting that these methods may underperform in nighttime
dehazing tasks due to their reliance on daytime-specific priors.

Fig. 6 provides visual examples comparing the results generated
by different dehazing methods. In the images generated by Liu and
DCP, there is a noticeable reduction in light and color distortion. Zheng
produces overall cleaner images, but there is still residual fog in the
regions with thick haze. This suggests that their approach may not
fully address the challenges posed by non-homogeneous haze. On the
other hand, the nighttime dehazing methods, including MRP, OSFD
and Jin, produce images with obvious artifacts. Given that our method
was originally designed for nighttime hazy images, the dehazed images
produced by our method for daytime hazy images appear brighter
than the original input. However, they are not over-exposed. This
is achieved through the use of histogram equalization, which limits
contrast while enhancing the overall image quality. The majority of
pixel values are concentrated in the center, resulting in improved
visibility without sacrificing image details. Furthermore, we introduce
the concept of consistency loss, which helps regulate the model to
partially rely on the knowledge learned from real normal images. This
regularization technique contributes to maintaining a balance between
image enhancement and preserving the natural appearance of the
scene.

The evaluations conducted on various daytime datasets demonstrate
the effectiveness and versatility of our model in addressing the de-
hazing task. Our model performs well not only in the specific context
of nighttime images but also in the more general case of daytime
dehazing. This highlights the robustness of our approach and its ability
to handle different lighting conditions and haze types.

4.6. Visualization on encoder F

The encoder 7 used in contrastive learning is critical for training the
dehazing generator G, as the generated samples must be distinct from
the original hazy images and closer to the ground truth in the space
mapped by F. This section evaluates the performance of the fixed F,
employed in previous contrastive learning-based models [30], and the
dynamically updated 7 used in our method, in separating the generated
samples from the ground truth during training. Improved separation
increases the challenge for G, leading to higher-quality dehazed images.

Let F;, be the VGG19 model pre-trained on ImageNet, which will
not be updated, while 7,,,, be the same VGG19 model continuously up-
dated in our model. The outputs of the second-to-last layer of the model
on the dehazed images generated by our method, trained for 60 and
100 epochs, for 500 randomly selected samples and their corresponding
ground truths, are mapped to a two-dimensional space using t-SNE. Fig.
7 shows the distributions of G trained for 60 and 100 epochs with fixed
(Pfix) and dynamic (den) encoders. After only 60 epochs of training,
G is able to generate dehazed images that are close to the ground
truths in the space of F;,. In contrast, in F,,,, the generated samples
remain partially distinguishable from the ground truths throughout
the learning process, continuously providing useful guidance for the
learning of G. The results also indicate that the gap between the ground
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Fig. 6. A visual example of daytime hazy images from NH-HAZE, O-HAZE and 23 daytime hazy images dataset, handled by DCP [6], Zheng [34], Liu [43], MRP [7], OSFD [9],

Jin [14] and our method.

truths and the samples generated by G after 100 epochs becomes more
pronounced, as the performance of G improves with additional training
epochs. This visualization may help explain why the quality of the
dehazed images generated by our G is satisfactory.

5. Conclusion

In conclusion, our proposed deep learning framework for nighttime
image dehazing successfully addresses the challenges posed by limited
real hazy images and the disparity between synthetic and real data.
By integrating contrastive and adversarial learning, our model fully

exploits available information from the training data and generates
dehazed images that closely resemble ground truths while remaining
distinct from the original hazy images. Furthermore, the fine-tuning
process using a small set of real nighttime hazy images, along with
the introduced constraint, helps bridge the gap between synthetic and
real data. Experimental evaluation against state-of-the-art methods on
synthetic and real-world datasets demonstrates the superior perfor-
mance of our model in nighttime and even daytime image dehazing.
The framework effectively enhances visibility and reduces haze in
nighttime images, offering a practical solution for various applications
requiring image dehazing, regardless of the time of day. By leveraging
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Fig. 7. t-SNE visualization of the feature space for dehazed images generated by G, trained for 60 and 100 epochs, using the fixed encoder (¥/;,) and the encoder dynamically

updated by our method (F,,,).

the advantages of both synthetic and real data, our framework show-
cases the potential of combining different data sources to improve the
performance of image dehazing algorithms.

Without relying on a large amount of real data for training, our
method demonstrates strong generalization ability to complex haze
conditions in real-world scenes. However, our method still has some
limitations. When generating pseudo ground truth for real nighttime
hazy images during the fine-tuning process, histogram equalization is
employed to improve nighttime hazy images. This traditional method
is simple and effective, but it encounters challenges in generating high
quality image that has low noise when the image has extreme low-light
region. One possible future work is to enhance the quality of the pseudo
ground truth for real nighttime hazy images during the fine-tuning
process by incorporating an existing dehazing method into the pipeline
to prepare the pseudo ground truth. By leveraging the capabilities
of established dehazing algorithms, the accuracy and quality of the
ground truth can be significantly improved, leading to more effective
fine-tuning of our model. In addition, exploring the application of
models in various low visualization scenarios is also of great practical
significance. For example, smoke is similar to haze and fog. But it
presents a unique challenge due to its uneven localized nature and
severe reduction in visibility, often accompanied by a dark or brownish
tint. A feasible way is to integrate an attention mechanism that prior-
itizes areas affected by degradation factors (e.g., haze, smoke), which
could enhance our model’s performance and generalization under the
inhomogeneous scenarios.
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