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Low-illumination and noisy bridge
crack image restoration by deep
CNN denoiser and normalized flow
module

Guangying Qiu?, Dan Tao?*, Dequan You? & Linming Wu?3

When applying deep learning and image processing techniques for bridge crack detection, the
obtained images in real-world scenarios have severe image degradation problem. This study focuses
on restoring low-illumination bridge crack images corrupted by noise to improve the accuracy of
subsequent crack detection and semantic segmentation. The proposed algorithm consists of a

deep CNN denoiser and a normalized flow-based brightness enhancement module. By taking the
noise spectrum as an input, the deep CNN denoiser restores image at a broad range of noise levels.
The normalized flow module, employs a conditional encoder and a reversible network to map the
distribution of normally exposed images to a Gaussian distribution, effectively improving the image
brightness. Extensive experiments have demonstrated the approach can usefully recover low-
illumination images corrupted by noise compared to the state-of-the-art methods. Furthermore, the
algorithm presented in this study can also be applied to other image quality restoration with high
generalization and robust abilities. And the semantic segmentation accuracy of the restored image is
significantly improved.
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China has placed significant emphasis on the maintenance and management of bridges, driven by the extensive
development of transportation infrastructure. This focus is a result of the country’s substantial investment in
improving bridge quality and functionality. Currently, the detection of bridge cracks primarily relies on manual
inspection, which is supplemented by semi-automated detection using bridge inspection vehicles, as well as fully
automated non-destructive testing methods. However, manual inspection of bridges has drawbacks, including
being time-consuming, expensive, and having a low safety margin. While bridge inspection vehicles have some-
what improved the situation, many issues remain unresolved. The use of fully automated non-destructive testing
methods is limited on a national scale due to their costly equipment and complex configuration.

In the field of bridge maintenance, deep learning and image processing techniques have revolutionized the
detection of cracks, offering unprecedented insights. Processing bridge crack images yields crucial parameters
such as crack length, width, and type. However, real-world images are far from ideal, plagued by complex back-
grounds, noise, obstructions like rough surfaces, stains, fallen leaves, inadequate lighting, and shadows. This
complexity undermines the accuracy of subsequent crack semantic segmentation, underscoring the pivotal role
of developing robust bridge crack image restoration algorithms"?.

Existing algorithms excel in restoring either low-light or noisy images, yet they falter when faced with the
dual challenge of low-light and noise-a scenario commonly encountered in bridge inspection imagery. To address
this gap, our paper introduces a novel algorithm adept at restoring low-light bridge crack images under noisy
conditions. This innovation is graphically illustrated in Fig. 1.

Our key contributions are three fold, which collectively position our algorithm as a groundbreaking advance-
ment in the field of bridge crack detection and image restoration, poised to elevate the standard of bridge
maintenance practices.
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Noise removing image
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Figure 1. The method flowchart.

(1) We present an integrated solution comprising a deep CNN denoiser and a normalization flow module,
specifically engineered for image denoising and low-light image enhancement. This modular design is
versatile, facilitating plug-and-play image restoration capabilities.

(2) Our method outshines conventional approaches by markedly enhancing image brightness and eliminating
noise, maintaining efficacy across a spectrum of noise intensities and low-light scenarios. This resilience
empowers our algorithm to deliver superior outcomes in challenging imaging environments.

(3) Beyond its specialized application, our algorithm showcases commendable generalization capabilities,
extending its benefits to a broader array of image restoration tasks. Notably, images processed through
our algorithm witness a substantial uplift in the precision of crack semantic segmentation, reinforcing its
utility in advancing structural health monitoring and maintenance strategies.

The organization of this paper is arranged as follows. In the first section, we provide an overview of the cur-
rent research on denoising and brightness enhancement. The second section presents the algorithm framework
and provides details on the relevant model architecture. The third section encompasses the experimental setup,
results, and discussions. Additionally, the limitations of our algorithm are also explored. The fourth section
concludes the paper.

Related work

Low illumination image enhancement

Histogram equalization based method

The histogram equalization method was primarily based on different priors and constraints to enhance images
under low-light conditions. Abdullah-Al-Wadud et al.® utilized dynamic histogram strategies for image enhance-
ment. Ibrahim* and Lee® respectively preserved image brightness by generating an output image with the same
average intensity as the input image, while enhancing image contrast by amplifying the grayscale differences
between adjacent pixels. Despite their ability to restore some image brightness, these methods still suffer from
issues like excessive saturation, color distortion, and residual noise.

Retinex based method

Retinex enhanced low-light images by estimating their natural brightness. Ren® effectively addressed the issue of
non-uniform brightness in low-light image enhancement. Fu et al.” incorporated prior information and used a
linear domain model to compute the reflection and brightness components. Additionally, a fusion strategy was
employed for enhancing low-illumination images®. Park et al.? utilized a variational optimization-based Retinex
approach. Li et al.!° enhanced image brightness by incorporating a noise map based on the Retinex model. Yu
et al.'! dynamically adjusted low-light images through model parameter optimization.

Data-driven based method
Deep learning-based approaches for enhancing low-light images can be categorized into two main kinds: Retinex-
based methods and end-to-end methods. Shen et al.'> applied a convolutional neural network to process the low
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contrast image problem. Wei et al.”® created a dataset consisting of low light and regular images and proposed
an effective low light restoration algorithm based on the decomposition and brightness rectifying network. Yang
etal.'" used the self-supervised learning strategy and only using low illumination image could finish the training.
Zhang et al.”® dealt with three difficulties in low-light enhancement tasks that containing composition of the light
map from a single image, removing degradation and training a good model with limited samples. Singh et al.'s
could obtain the light normal image by estimating low light value of the input image. Zhao et al.'” introduced the
network trained using the DIP method. However, despite the advancements made by these methods based on the
Retinex theory, they still face challenges associated with the ideal assumptions underlying the Retinex methods.

End-to-end methods directly generate enhanced images from low-light images using convolutional layers.
These methods do not rely on the Retinex theory and consider the imaging mechanisms of low-light images
to effectively handle complex scenes. Wang et al.'® introduced intermediate illuminations in their network to
establish a relationship between the input and desired enhanced results. This allowed the network to learn com-
plex photographic adjustments from expert-repaired input/output image pairs. Ren et al.”® utilized a spatially
variant recurrent neural network to enhance image structure and details. The network proposed by Hai et al.?
consisted of three sub-networks: Decom-Net, Adenoise-Net, and Relight-Net, which was respectively used for
decomposition, denoising, contrast enhancement, and detail preservation. Guo et al.?! attempted to design a
class of curves that could automatically map low-light images to enhanced images. The curve parameters were
self-adaptive and depended only on the input images. Xu et al.” extracted hierarchical features in images by
exploring the mutual relationship. Wang et al.”® incorporated global brightness estimation and detail recovery
for satisfactory results. The method proposed by Parihar et al.** could solve the ill-posed problem of reflectance
and illumination estimation. Lime® utilized a luminance spectrum for recovering low-light images. Li et al.?®
adopted a multi-step image enhancement strategy to finish the low light image restoration work. However, it
should be noted that above mentioned methods do not explicitly consider the imaging mechanisms of low quality
images, which limits their ability to effectively handle complex scenes.

Noise removing studies
The process of restoring a noisy image m is the solution itself g, which can be obtained by addressing the problem
of maximum a posteriori (MAP) estimation.

G= arg;naxlogp(m‘q) +logj(q) 1)

where log j(m|q ) represented logarithm operation, m is the input image.
Equation (1) is reformulated:

. o1
q:argmmFHm—Mq)Hz+)/T(q) (2)
4 o

The first data term, guarantees that the solution method. On the other hand, the second term, mitigates the
ill-posed nature of the inverse problem in image restoration.

To separate the data term and the prior term in the equation, the half-quadratic splitting technique introduces
an auxiliary variable u, leading to a constrained optimization problem. The equation is resolved,

1
tu(ard) = 55l —8(a)|* +yT(a) + 5 ld g 3)

The parameter . is a regularization parameter, and this problem can be solved through iterative updates and
solving sub-problems of g and d.

Many researches have studied the image denoising task”’-*. The key idea of the method proposed by Li et al.?®
was to use neural autoencoders to define the priors of natural images. The above methods was plug-and-play,
which was adaptive to address various image restoration problems. Lian et al.?? transformed existing denoisers
into explicitly regularized terms that are relevant to denoising methods, enabling iterative optimization of image
restoration problems. The researchers aimed to enhance the Deep Image Prior (DIP)*' by adding an explicit prior,
which enriched the overall regularization effect so that images could be better recovered. More specifically, the
researchers proposed to introduce the concept of denoising regularization (RED), which utilized existing noise
cancelers to regularize the inverse problem. The Strengthen-Operate-Subtract (SOS) strategy and convolutional
neural networks have been combined for both image denoising and real-world image denoising?, effectively
improving the performance of denoising algorithms. Asem et al.** proposed a method for image denoising
based on dictionary learning algorithms in the wavelet domain, employing clustering coeflicients derived from
the second-generation wavelet at various decomposition levels. Xu et al.** proposed the Externally Patch Prior-
Guided Internal Clustering (EPPGIC) method, which employs a dictionary based on a Gaussian mixture model
for internal denoising of similar patches guided by external patch priors. Choi et al.** introduced the Consist-
ent Neural Network, a deep neural network design that sought the optimal combination of image denoisers
to enhance denoising performance. In this integrated strategy, the Integrated Residual Convolutional Neural
Network (IRCNN)*¢ was employed. The Denoising Convolutional Neural Network (DnCNN)* was primarily
developed to exploit the underlying image structure. By taking an adjustable noise level plot as input in*, a single
FFDNet was able to handle different levels of noise, as well as spatially varying noise.
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The proposed method

The algorithm module in this paper consists of two parts. The first part is the denoising module, which is based
on the deep CNN module. The second part is the brightness enhancement module, which is based on a normal-
ized flow-based restoration strategy.

Image denoising

The denoising CNN network module used in this paper combines the U-Net architecture with residual blocks,
enabling effective noise removal. This module comprises four scales, and each scale has an identity skip connec-
tion between the down-sampling (stride convolution) and upsampling (transposed convolution) operations. The
channel numbers for each scale are 64, 128, 256, and 512, respectively, from the first to the fourth scale. Each
scale incorporates four consecutive residual blocks for both down-sampling and upsampling. Notably, the first
and last convolution layers, as well as the stride convolution and transposed convolution layers, do not employ
activation functions. Additionally, each residual block incorporates merely a single ReLU activation function.
This design contributes to enhancing the network’s robustness against noise and overall model performance.
Moreover, the denoising module in this paper is bias-free, meaning no bias terms are utilized in all convolutional,
strided convolutional, and transposed convolutional layers. The absence of bias facilitates the preservation of
scale invariance crucial for image denoising tasks, averting potential degradation of generalization capabilities
due to excessively large bias values.

Light enhancement

Low-light image enhancement aims to restore well-exposed images pj, when the input is low-light images p.
Pairs of images (p;, p,ef) are collected for training the model W, and the enhancement is achieved by computing
the reconstruction loss wy, as described in Eq. 4.,

argmax E[wy (¥ (p1). pre )] = arg max Eflog f (¥ (p1) |prer )] 4)

where W (p;) is the recovered well-exposed image and f represents the probability density function based on the
reference image py.f, defined as follows,

1 — Pre
f(P‘Pref) =25 &P <_’pbpf|) o

In the equation, b is a learning rate constant. However, this training model has a limitation, which is that
the predefined image distribution is not sufficient to differentiate between the generated realistic well-exposed
images and images with noise or artifacts.

This paper utilizes normalized flows to model the complex distribution of well-exposed images, represent-
ing the conditional probability density function of well-exposed images as ffo (p| p1)- The low-light image or
its features are used as the input for the conditional normalized flow W. The well-exposed image p is mapped to
a latent variable g with the same dimension p, denoted as ¢ = W (p; p;). By employing the change of variables
theorem, the relationship between fyo, (p | pr)and f;(z) can be expressed as follows:

v
det ——— (pref: p1) (6)

Jpow (plpr) = fo (¥ (s pr)) | det 5

The parameters are estimated using maximum likelihood estimation to describe the characteristics of well-
exposed images, which can be expressed as follows:

F(Pl:Pref) == log,ls‘low (Pref ’Pl)

N-1

= —logf (W (prefi p1)) — Y _ log

n=0

aB" 7

det 90" (&" K" (p1))

The invertible network W is divided into a sequence of N reversible layers. k" (p;) represents the latent features
of the encoder k, and f, denotes the probability density function (PDF) of the latent features g.

Our proposed framework consists of two components: an encoder k, which takes the low-light image p;
as input and outputs a lightness-invariant color mapping k(pl) (can be seen as a reflectance mapping), and an
invertible network that maps the well-exposed image to a latent encoding g.

To generate a robust and high-quality lightness-invariant color mapping, we first extract the relevant features
from the input image. These extracted features are then incorporated as part of the encoder, which consists of
Residual-in-residual dense blocks (RRDB). The encoder includes the following components:

Histogram equalization

Histogram equalization is a technique that effectively improves the overall contrast of low-light images. The
resulting image after histogram equalization can be seen as an image with improved lightness invariance. Includ-
ing the histogram equalized image as part of the network input allows for better handling of underexposed or
overexposed regions.
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Color mapping
Inspired by the Retinex theory, the following equation is used for color mapping of the image:

o(p) = —L ®)

mean, (p)

In the equation, the term mean, represents the average value of each pixel across the RGB channels.

Invertible network
Contrary to the encoder, which targets a one-to-one correspondence, the invertible network is oriented to capture
a one-to-many mapping dynamic, accounting for the multifaceted illuminative variations that a single scenario
might exhibit. Lighting conditions vary in a given scene. The invertible network primarily learns a one-to-many
relationship and is composed of three levels. Each level consists of a compression layer and 12 flow steps.
Based on the assumption, normalized flows primarily learn the conditional distribution of well-exposed
images given the low-light image/lightness-invariant color mapping. Normalized flows are expected to perform
well under the condition of k(p;) and O (py.f ) lightness-invariant color mapping because these two mappings are
expected to be similar. The training framework is depicted in the following figure:
N-1 2B
E(pr: pry) = —log (¥ (prey: pr)) = D log|det 5 7

n=0

g" K" (pr)) ©9)

In the equation, f, represents the probability density function (PDF) of the latent features.

To restore a low-light image to a well-exposed image, the color mapping k (p;) s first extracted by the encoder.
The latent features from the encoder are then used as a condition for the invertible network. For the sampling
strategy of g, one can randomly select a batch of g from the distribution and compute the average of the gener-
ated well-exposed images.

Experiments

The parameter setting

The performance of the proposed algorithm are compared with other effective brightness enhancement
algorithms(LIME®, ZeroDCE*, DEEPUPE'S, R2RNet*) and denoising(IRCNN?¢, FFDNet**, DNCNN?). The
relevant code utilized was provided by the original authors. The quantitative evaluation metrics SSIM and PSNR
are also applied to assess the experimental results. LPIPS, or Learned Perceptual Image Patch Similarity, is a deep
learning-based metric for image quality assessment, calibrated to emulate Human Visual System perceptions of
image differences, aiming for congruence with subjective human evaluations.

In the deep CNN denoiser, the batch size is set to 4 and an initial learning rate is 0.0001. The training epochs
times is 80. In the normalization flow module, the patch size and batch size are respectively 160 x 160 and 16.
Adam is applied as the optimizer with a learning rate of 5 x 470, The experimental platform configuration for
the methodology discussed herein consists of an NVIDIA GeForce RTX 3090 GPU, Ubuntu 20.04 operating
system, and Python 3.8 programming environment.

Data collection

This study utilized a dataset of bridge crack images provided by the Fujian Provincial Institute of Traffic Sciences,
comprising merely 265 samples. To enhance the model’s generalization and robustness, data augmentation tech-
niques were employed, involving adjustments to image brightness and the introduction of random noise. This
effectively expanded the image repository, simulating the variable real-world conditions, thereby strengthening
the model’s capability to handle complex scenarios.

Consequently, the constructed training set was augmented to 2,369 images, encompassing a broad spectrum
of crack characteristics, ensuring the model’s deep understanding of crack representations. An additional inde-
pendent test set of 976 images, was established to impartially assess the model’s performance when confronted
with unseen data.

The ablation part

Component testing

Testing the effectiveness of each component in this method. By employing variants of this method, specifically
dedicated to low-light enhancement and denoising separately. The experimental results, as shown in Fig. 2,
included the real-world acquired bridge crack image (Fig. 2a), denoised image (Fig. 2b), low-light enhanced
image (Fig. 2¢), and the image simultaneously for both low-light enhancement and denoising (Fig. 2d). As
depicted in Fig. 2b, when denoising part alone was applied, it removed most of the noise from the image, revealing
detailed texture information and resulting in a smoother image. But the overall image still lacked brightness. As
shown in Fig. 2¢, using only the illumination improvement part could restore the brightness of original image,
but failed to effectively remove image noise. After restoration, most regions of the image suffered from a loss of
detailed information and were still heavily affected by noise. As illustrated in Fig. 2d, simultaneous low-light
enhancement and denoising noticeably improved contrast and brightness in the dark areas of the degraded image,
effectively removed image noise, and restored rich texture information, resulting in a satisfactory visual outcome.
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(a)The input-real image

P

(b) Only for denoising using ours

(c) Only for image enhancement using ours (d) Ours

Figure 2. Component testing.

Pre-treatment or post-treatment

Most brightness enhancement methods could improve the brightness of darker areas, but often resulted in certain
regions becoming overexposed. Image denoising algorithms could remove some noise, but often introduced
artifacts in the recovered image. While brightness enhancement methods and denoising algorithms could com-
plement each other, simply combining them did not effectively solve the problem of restoring low-light images
corrupted by noise. Figure 3a was the input image. As shown in Fig. 3b, ¢, and d, using LIME as a pre-processing
step and denoising algorithms FFDNet or IRCNNNet as post-processing step yielded unsatisfactory results.
The recovered images suffered from severe loss of texture details and poor image quality. On the other hand,
as shown in Fig. 3e, f, and g, they used denoising algorithm IRCNN as a pre-processing step and brightness
enhancement algorithms LIME and Zero-DCE as post-processing steps. The results showed the details of the
recovered image being obscured, and the brightness of the recovered image appearing unnatural with persistent
noise. In contrast, our proposed algorithm was capable of simultaneously enhancing brightness and removing
image noise, while preserving rich texture and detail information in the recovered image without masking any
details, as shown in Fig. 3h.

Comparison on noise removing

Figure 4 was the original image. To further validate our algorithm on denoising, different Gaussian noise param-
eter values of 25 and 50 were respectively added, and the results was Fig. 5. Figure 5a represented the images
after noise addition, while Fig. 5b, ¢, d, e showed the results of IRCNN, FFDNet, DNCNN, and our method,
respectively. Table 1 provided a quantitative comparison. From the results, it could be observed that when the
noise parameter value was set to 25, IRCNN, FFDNet, and DNCNN achieved similar results to our method,
but the quantitative metrics of PSNR and SSIM demonstrated the superiority of our approach. When the noise
parameter value was set to 50, IRCNN, FFDNet, and DNCNN exhibited unsatisfactory restoration results with
residual noise and obscured image details. In contrast, our method yielded impressive results. Furthermore,
the quantitative metrics of PSNR, SSIM, Runtime and FLOPs further proved the superiority of our approach.

Comparison on image enhancement
The visual results comparison
Regarding the obtained real-world bridge crack images under normal exposure, as shown in Fig. 4, a set of images
with different brightness levels was created by reducing the original image brightness to 70%, 50%, and 10%,
as depicted in Fig. 6a. A comparison was made between our method and several algorithms, including LIME,
ZeroDCE, DEEPUPE, and R2RNet, as shown in Fig. 6b-f. All results were generated using the code provided
by the authors’ website, with the recommended parameter settings.

As shown in Fig. 6b, when the image brightness was set to 70% and 50% of the original image, most of the
brightness information could be restored. However, overexposure and artifacts occurred at the image edges,
resulting in excessive smoothing and over saturation in certain areas. As shown in Fig. 6¢c, When the image

Scientific Reports |

(2024) 14:18270 | https://doi.org/10.1038/s41598-024-69412-5 nature portfolio



www.nature.com/scientificreports/

(¢)LIME—FFDNet (d)LIME—IRCNN

(e)IRCNN (HIRCNN—LIME

(2)IRCNN—ZeroDCE (h)Ours

Figure 3. Pre-treatment or post-treatment.

brightness was set to 10% of the original image, ZeroDCE performed well in enhancing the brightness infor-
mation. However, some fine details were masked, demonstrating ZeroDCE’s capability in handling extremely
low-light conditions.As shown in Fig. 6d, When the image brightness was reduced to 10% of the original image,
DEEPUPE failed to restore the low brightness image. In extremely low brightness conditions, DEEPUPE’s image
enhancement capability was inferior to ZeroDCE.As depicted in Fig. 6e, When the image brightness was reduced
to 10% of the original, the restored image by R2RNet exhibited unnatural brightness information.
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Figure 4. The normal exposure image.

As shown in Fig. 6f, the results of our proposed method were presented. It could be observed that, compared
to other methods, our approach effectively restored image brightness information and enhanced the contrast of
details and textures. It preserved clear details and produced natural exposure in high-contrast areas. When the
image brightness was reduced to 10% of the original, our method successfully enhanced the dark regions while
preserving more textures and details. Additionally, our proposed method prevented excessive enhancement and
color loss in bright areas.

The quantitative comparison

The quantitative outcomes, delineated in Table 2, unequivocally showcased that our proposed method secured
superior metric scores relative to competing approaches, thus underscoring the algorithmic excellence of our
solution. A nuanced exception arose when image luminance was halved; here, LIME’s SSIM score reached 0.970,
marginally eclipsing our method’s performance. Yet, as Fig. 6b vividly illustrates, the restoration outcomes via
LIME were marred by prominent ringing artifacts bordering the image edges—a visual anomaly that our method
effectively mitigated, as substantiated by our metric achieving the lowest LPIPS value, indicative of superior
perceptual fidelity.

Generalization ability

To validate the performance of our algorithm on other scenario images, we selected three images from dif-
ferent scenes and compared the results with the LIME and ZeroDCE, as shown in Figs. 7 and 8, respectively.
It could be observed that LIME effectively restored some of the image’s brightness information, resulting in a
relatively natural appearance. However, there were still dark areas in the recovered images, and artifacts could be
seen around the image borders. The results of ZeroDCE were unsatisfactory, as the brightness of the recovered
images appeared unnatural, and the details were heavily obscured. In contrast, our algorithm demonstrated
effective image restoration in the three scenarios. The overall brightness of the recovered images was significantly
enhanced, and the images exhibited rich detail information. The experiments validated the generalization ability
of the proposed method.

Image semantic segmentation results

This section mainly discussed the influence of image quality restoration on image semantic segmentation. Fig-
ure 9 were the experimental results. Figure 9a, b, c and d were respectively the input image, the restored image,
the semantic result of Fig.(a) and Fig.(b) the The red circle marked the difference between semantic segmentation
images before and after image restoration. It could be seen that the semantic segmentation of bridge crack image
after image restoration was more accurate, and the complete crack information was displayed. In addition, the
image before restoration had a wrong crack semantic segmentation, as shown in Fig. 9c.

Discussion

The proposed method demonstrates notable superiority in both noise reduction and brightness enhancement. Its
denoising performance outstrips IRCNN, FFDNet, and DNCNN, especially under high noise levels (50), where
finer detail preservation and leading PSNR and SSIM values are achieved. Regarding brightness enhancement,
even at 10% luminance, the method effectively recovers details, avoids overexposure and color loss, and generally
excels with higher PSNR and SSIM values compared to LIME, ZeroDCE, DEEPUPE, and R2RNet. Though LIME
marginally surpasses in SSIM at 50% brightness, the proposed method maintains a lead in overall brightness
enhancement efficacy. However, slight overexposure and artifacts may occur in edge regions when coping with
extreme luminance variations, indicating areas for improvement in future research.

Conclusions

This study focuses on restoring low-light and noisy bridge crack images. The approach includes a deep CNN
denoiser and a normalized flow module. The objective is to enhance the accuracy of subsequent crack semantic
segmentation. Experimental results demonstrate that our algorithm successfully restores low-light and noisy
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1)25 2) 50

(a) The noise addition image

(b) IRCNN[36]

(c) FFDNet[38]

Figure 5. The noise removing experiment.

images, surpassing existing methods in terms of both brightness enhancement and denoising. Furthermore,
the proposed method has a strong generalization and robust ability. However, it is important to note that the
algorithm may encounter challenges when dealing with the motion blurry image. Addressing these limitations
requires further research in the future.
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(d) DNCNN[37]

(e) Ours
Figure 5. (continued)
DNCNN¥  [32.131 |0.885 |29.413 |0.791 |26533 |0.604 |0.12 96.91
IRCNN?® 32152 [0.885 [29.422 |0792 |26514 |0.613 |0.11 40.76
FFDNet*® 32143 [0.885 [29.431 |0789 |26536 |0.597 | 0.05 28.32
Ours 33.092 [0.927 [30.213 |0.871 |[26.824 [0.757 |0.34 376.12

Table 1. Quantitative comparison on the noise removing experiment.
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1) 70% 2) 50% 3) 10%
(a) The low-illumination image

‘ (c) ZeroCE[]

(d) DEEPUPEJ18]

S e e R R e

(e) R2RNet[20]

Figure 6. The image enhancement experiment.
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Lightlevel |Index |LIME* |ZeroDCE* | DEEPUPE' | R2RNet?*® | Ours
PSNR? | 17.377 25.171 17.819 11.233 21.5854
70% SSIM 1 0.944 0.923 0.936 0.580 0.9464
LPIPS| 0.152 0.138 0.129 0.441 0.106
PSNR?T | 23.260 19.782 17.757 13.718 23.982
50% SSIM?T 0.970 0.807 0.925 0.612 0.961
LPIPS| 0.111 0.251 0.151 0.416 0.074
PSNR?T | 12.804 10.354 5.832 16.928 24.683
10% SSIM?T 0.829 0.652 0.278 0.527 0.836
LPIPS| 0.289 0.248 0.469 0.46 0.198

Table 2. Quantitative comparison on the light enhancement experiment.

(a) The original image (b)LIME

B b Vi

Figure 7. Other application 1.
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(a)The original image (b)LIME

(c)ZeroDCE (d)Ours

Figure 8. Other application 2.

(a) The input (b) The restored image

(c)Result of Fig.(a) (d)Result of Fig.(b)

Figure 9. The comparison results of image segmentation.
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