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Abstract

Restricted by the lighting conditions, the images captured at night tend to suffer from color aberration, noise, and other unfa-
vorable factors, making it difficult for subsequent vision-based applications. To solve this problem, we propose a two-stage
size-controllable low-light enhancement method, named Dual Fusion Enhancement Net (DFEN). The whole algorithm is
built on a double U-Net structure, implementing brightness adjustment and detail revision respectively. A dual branch feature
fusion module is adopted to enhance its ability of feature extraction and aggregation. We also design a learnable regularized
attention module to balance the enhancement effect on different regions. Besides, we introduce a cosine training strategy
to smooth the transition of the training target from the brightness adjustment stage to the detail revision stage during the
training process. The proposed DFEN is tested on several low-light datasets, and the experimental results demonstrate that
the algorithm achieves superior enhancement results with the similar parameters. It is worth noting that the lightest DFEN

model reaches 11 FPS for image size of 1224x1024 in an RTX 3090 GPU.

Keywords Power inspection - Low-light enhancement - Feature fusion - Learnable regularized attention

1 Introduction

Power inspection is an essential component in ensuring the
stable operation of the power grid. Currently, the mainstream
inspection solution is to analyze the images captured by the
monitoring equipment through manual or computer vision tech-
niques [1-3]. However, images collected during night or bad
weather scenes often suffer from insufficient lighting, resulting
in reduced contrast and color distortion. These issues can affect
both the subjective perception of the observer and the detection
accuracy of subsequent computer vision systems. Therefore,
how to improve the quality of images captured from low-light
scenes has become an important area of research.

The development of computer vision technology has
led to numerous studies on improving low-light images
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using enhancement algorithms. There are three main chal-
lenges when deploying low-light enhancement algorithms
in practical engineering scenarios, which are enhancement
performance, scene adaptability, and inference efficiency.

Existing low-light enhancement algorithms are less
capable of addressing all three issues at the same time.
The performance of traditional enhancement algorithms
[4-10] depends heavily on the configuration of model
parameters, which means they may be difficult to han-
dle various scenarios. Although the lightweight neural
network-based algorithms have high adaptive capacity
[11-18], it is difficult to solve the color distortion and
noise interference of low-light images due to the limita-
tion of the model volume. Besides, the algorithms with
outstanding enhancement performance and scene adapt-
ability [19-27] have complex network structures, which
make it hard to enhance large size images in edge device
with weak computational capability rapidly.

In this paper, we propose a two-stage end-to-end low-
light enhancement model called Dual Fusion Enhancement
Network (DFEN) for efficient enhancement of low-light
images of grid inspection scenes. Referring to the imag-
ing steps of the digital camera [28], which first performs
signal amplification and then executes the image signal
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processing, we decompose the low-light enhancement
task into two stages of brightness enhancement and detail
revision, which are implemented by two series-connected
U-Nets sequentially. When the U-Net goes deeper, high-
resolution details embedded in the low-level features tend
to be partially missing after the scale transformation.
Therefore, we introduce a dual branch feature fusion mod-
ule that selectively reconstructs the same scale features
of the two-stage network through the channel and spatial
fusion branches. Furthermore, considering the significant
differences of lighting conditions in various regions of
the high dynamic range images, enhancing them accord-
ing to a uniform standard may result in overexposure of
bright regions. A learnable regularized attention module
is introduced to extract the illumination attention map of
low-light images, which can guide the model to adaptively
enhance the low-light images.

The proposed method is validated on several datasets
including our self-built Dark Grids dataset with multi-
ple scenarios to verify the scene adaptation. The experi-
ment results demonstrate that our algorithm can meet the
demand for rapid enhancement of high-resolution images
while achieving superior results on a variety of evaluation
metrics compared to the state-of-the-arts. Our contributions
are as follows:

1) We investigate a novel size-controllable low-light
enhancement algorithm DFEN. It decomposes the low-
light enhancement task into two stages of brightness
enhancement and detail revision, allowing it to focus
on different goals in each stage and achieves better
enhancement results.

2) We adopt the dual branch feature fusion (DBFF) mod-
ule to shorten the feature path of the algorithm and
preserve the high-resolution information, which selec-
tively aggregates features of the same scale in the spatial
and channel dimensions. This module can effectively
improve the texture detail preservation and color restora-
tion ability of the DFEN model.

3) We design the learnable regularized attention (LRA)
module to balance the enhancement effect of different
regions, which can effectively suppress the overexposure
in bright regions and further improve the scene adapt-
ability of the algorithm.

4) For nighttime grid inspection scenes, we construct a
paired low-light enhanced dataset containing multiple
scenarios, called Dark Grids dataset, and the proposed
DFEN outperforms the state-of-the-arts on several data-
sets including it.
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2 Related work

According to the algorithm principle, the low-light image
enhancement methods can be divided into two categories.
One is based on the Retinex theory, which decomposes
low-light images into illumination and reflection images
for separate processing. The other one enhances the low-
light image directly without decomposition.

2.1 Retinex-based low-light images enhancement
methods

Retinex theory treats the observed image as the product of
the illumination component L and the reflection component
R,i.e., S = Rx L, where R is not affected by the non-uni-
formity of light. According to the Retinex theory, we can
decompose the low-light image into illumination and reflec-
tion ones to process separately, then fuse them to obtain the
enhanced image.

Jobson et al. respectively proposed Single-Scale
Retinex (SSR) [4], Multi-Scale Retinex (MSR) [5], Multi-
scale Retinex with Color Restoration (MSRCR) [6] in
1995, 1996, and 1997. SSR took the Gaussian surround
function filtered image as the estimated illumination
map. However, this method could not guarantee both the
color fidelity of the image and the dynamic compression
capability of the algorithm at the same time. To improve
the robustness of SSR, MSR got the final illumination
map by weighted averaging the multiple illumination
maps obtained from different scales Gaussian kernels.
MSRCR was proposed to solve the color-bias problem in
SSR and MSR by introducing a color recovery factor C
to adjust the ratio of RGB channels. LIME [7] proposed
by Guo in 2017 extracted the maximum value of pixels
in each color channel of the original image as the initial
illumination map, and then optimized the illumination
map by the Augmented Lagrangian Multiplier (ALM).
In the same year, Ying et al. proposed a dual-exposure
fusion algorithm BIMEF [8] to avoid excessive contrast
and lightness over-enhancement. BIMEF fused the input
image with the best exposure image generated by the cam-
era response model according to the image fusion weight
matrix to obtain the enhanced image. CRM [9] proposed
by Ying et al. in 2017 used the camera response model
to adjust each pixel to the desired exposure based on the
estimated exposure ratio map, which could reduce the
color brightness distortion.

Although the above methods have achieved
decent results in some image enhancement tasks, the
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performance is heavily dependent on the selection of
model parameters, which limits the application on varied
scenarios. To improve generalizability, Retinex-based
deep learning methods have been increasingly used in
low-light image enhancement tasks. In 2017, Shen et al.
proposed MSRNet [11] to transform the MSR model into
a feedforward convolutional neural network that could
directly learn the end-to-end mapping of dark and bright
images, but it was weak in noise suppression. RetinexNet
[12] proposed by Wei et al. in 2018 firstly decomposes
the input image by DecomNet, and then used EnhanceNet
to realize the illumination image light adjustment, finally
synthesizes the processed images to get the enhancement
result. However, these methods tended to use a consistent
denoising module to denoise the full image indiscrimi-
nately, and they found it difficult to handle the large dif-
ferences in reflected illumination regions. In 2019, Zhang
et al. proposed KinD [19] to eliminate the degradation
effect of reflection image by RestorationNet and adjust
the light intensity of illumination image by Adjustment-
Net. Later, KinD++ [20], released in 2020, presented a
novel multi-scale illumination attention module (MSIA),
which not only allowed targeted denoising according to
the lighting conditions in different regions, but also effec-
tively solved the color distortion problem. In 2021, Chen
et al. proposed an up-sampling algorithm [21] for single
low-light images. The algorithm enhanced the illumina-
tion component and up-sampled the reflectance compo-
nent by two sub-networks, and then fused the illumination
and reflectance components based on the image gradi-
ent map. The algorithm achieved better results in color
reconstruction and texture feature preservation. In 2021,
Wang et al. proposed a reversible normalizing flow model
LLFlow [24], which mapped the illumination-invariant
color distribution of the normal exposure image to a
Gaussian distribution, aiming to extract local pixel cor-
relation and global image features. LLFlow had a complex
structure, and it could adaptively recover image illumina-
tion while suppressing noise and artifacts. In 2022, Ma
et al. proposed SCI [18], composed with share-weighted
cascaded enhancement modules. SCI could greatly reduce
the inference time while ensuring the vivid color of the
enhanced output, but it was not capable of strong denois-
ing. In 2023, Fu et al. concluded that the point-wise mul-
tiplication operation of the reflection and illumination
components amplifies noise in low-light images, so a
synthetic neural network module was used instead of the
point-wise multiplication operation to obtain enhanced
images [25]. They also used contrastive learning and self-
knowledge distillation to constrain the network. Cai et al.
proposed a transformer-based algorithm Retinexformer
[26]. It designed an illumination-guided transformer for

the low-light enhancement task, which could direct the
modeling of long-range dependencies and interactions of
regions with different lighting conditions according to the
captured illumination information.

2.2 Direct low-light images enhancement methods

In addition to these Retinex-based methods, some meth-
ods do not need to decompose the input image, but rather
enhance the original image directly.

In 2011 Dong et al. applied the image defogging algo-
rithm to reversal low-light image to achieve the image
enhancement [10]. The distribution of foggy image and
reversed low-light image were not exactly the same, which
limited the enhancement effect. In 2016, Lore et al. pro-
posed LLNet [13] to attain adaptive low-light enhance-
ment by stacked sparse denoising autoencoder (SSDA).
Due to the simple structure, it tended to blur image
details. Chen et al. applied a data-driven approach [22] in
2018 to directly train a fully convolutional network with
the SID dataset containing low-exposure images and cor-
responding high-exposure images. In the same year, Wang
et al. proposed GLAD [14] that scales the original image
and inputs it into a codec network to estimate the global
illumination, then fills in the detailed information that
was lost during image scaling. GLAD is more effective
in recovering overall brightness, but it is easy to cause
color distortion.

In 2019, Jiang et al. proposed an unsupervised low-
light image enhancement network EnlightenGAN [17],
which created unpaired mappings between low-light and
normal images, greatly simplifying the reliance on paired
datasets. However, EnlightenGAN was hard to accurately
recover the backlit regions, which could easily lead to
color bias and artifacts. Based on this, our previous work
SRANet [27] further improve the supervised training and
adversarial training methods so that the algorithm could
be trained using both paired and unpaired datasets, and we
presented a noise reduction module based on Patch-GAN,
which greatly suppressed the noise of unpaired images
during the enhancement process. In 2020, MIRNet [23]
proposed by Zamir et al. extracts a complementary set of
features across multiple spatial scales, which could not
only ensure accurate spatial details but also provide strong
contextualized representations. Zeng et al. proposed the
Image-Adaptive-3DLUT algorithm [15] model by com-
bining 3DLUT with CNN. It was lightweight and real-
ized the enhancement of high-resolution images in real
time. Still, this method was less effective in processing
high noisy images due to the lack of a denoising mod-
ule. Guo et al. proposed a Zero-Reference Deep Curve
Estimation (Zero-DCE) [16] model. To obtain the best-fit
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light enhancement curve, they designed an exquisite loss
function to iterative curve parameter learning by implicate
evaluating each output image quality. Although Zero-DCE
has high inference efficiency, it tends to cause edge flares
and color distortion. In 2023, Yin et al. proposed a con-
trollable light enhancement diffusion model CLE Diffu-
sion [29], which encoded the illumination information and
utilizes the conditional diffusion model to achieve con-
trolled light enhancement of the image. It also introduces
the segment-anything model to allow the user to select
regions of interest for enhancement.

In conclusion, the excellent performance of neural
network has made it the main way to solve the low-light
enhancement task, so our proposed DFEN also uses a struc-
ture based on convolutional neural networks to realize the
enhancement of low-light images.

3 Proposed method

It is challenging to obtain satisfactory results when enhancing
brightness and suppressing noise simultaneously. Therefore, we
decompose the full enhancement task into two stages to accom-
plish brightness adjustment and detail revision in sequence.
Figure 1 shows the architecture of our proposed end-to-end
DFEN and the main notations of the work are formally summa-
rized in Table 1. The low-light input image 7}, conducts point-
wise multiplication with the output of the first stage to obtain
the brighten image /,;4. This process is equivalent to multiply-
ing each pixel by a luminance enhancement factor to achieve
the brightness adjustment of /;,,. Subsequently, /4 is used as
the input to the second stage and we produce the enhancement
result /,,, by point-wise addition /4 with the output of the sec-
ond stage. This stage adds a detail revision bias to each pixel,
aimed for the color correction and denoising of 1.

Our proposed DFEN applies a dual U-Net structure with a
channel attention block (i.e., SE block [30]) to extract multi-
scale features, which enables the model to learn richer contex-
tual information from the input images [31, 32]. Subsequently,
we adopt a dual branch feature fusion (DBFF) module that
highlights the key feature information in the channel and spa-
tial dimensions by weighted fusion, thus enhancing the color
restoration and detail preservation ability of the model. In
addition, we design a learnable regularized attention (LRA)
module to fit the lighting condition of the low-light images and
guides the model to balance the enhancement effects for differ-
ent regions. Finally, the cosine training strategy is introduced
to gradually adjust the loss weights of the two-stage network,
which leads to smoother transition between the two-stage tasks
and achieves better integrated enhancement results.

@ Springer

3.1 Dual branch feature fusion module

In order to compensate for the high-resolution information
lost during the scale transformation of the U-Net and shorten
the feature path of the network, we adopt the dual branch
feature fusion (DBFF) module shown in Fig. 2 in the encoder
part of the second-stage to perform weighted fusion of the
same scale features in the encoder and decoder parts of the
two-stage network.

Inspired by the dual attention branch designed in SANet
[33], DBFF splits the multiple input feature streams in the chan-
nel dimension, and parallel performs feature adaptive selection
and aggregation in channel fusion branch (CFB) and spatial
fusion branch (SFB). Finally, we concatenate the output of the
two branches to obtain better fusion feature representations.

In the channel fusion branch, we first perform point-
wise addition on the multiple input feature streams
{Ci, Ciy, Cis} € R**WXC and then obtain Cyyy € R*C
by applying global average pooling, which embeds the spatial
global information of input features. Subsequently, we obtain
the inter-channel relationships through squeeze and excitation
operations and generate the channel fusion weights Cw;, Cw,
and Cwj.

Cymia = GAP(C,44) = GAP(Ci; + Ci, + Ciy), (1)

Cw = Fo) (Cs) = Fo (Fg(Cppig))s 2

where F,, is a channel-downscaling convolution
layer and F,. is a channel-upscaling convolution
layer. {Cw,,Cw,,Cw;} € R™C is split from Cw.

Cw € RXIC C5 e RYT i the typical setting in our
method.

Finally, we compute the fusion result of the chan-
nel dimension according to Eq. (3). Note that the Soft-
Max function is used to normalize the weights a,, f,,
7. of the same channel in Cw,, Cw,, Cw;, which makes
a.+p.+y. =1

Spatial fusion branch is similar to the channel fusion
branch. After point-wise add {Sil, Siy, Si3} € RHXWXC e
perform global average pooling and maximum pooling
along the channel dimensions and concatenate the results
to obtain Sy, € R™*W>*2. Then, we generate the spatial
fusion weights {Swy, Sw,, Sw; } € R*WX! via a convolu-
tion layer with a kernel size of 3. Finally, we implement
the spatial feature fusion based on the normalized Sw,
Sw, and Sw;.

Saqa = Siy + Siy + Sis, 4)



Frontiers of Optoelectronics (2024) 17:28 Page50f19 28

1st Stage for Brightness Adjustment 2nd Stage for Detail Revision
I
|

Learnable regularized Learnable regularized '
attention (LRA) attention (LRA)

RIS ilA
iJ Cony Block JTL i
| . N T
C°n"1°°k iJ Jﬁ iJ
| !
| |
| |

S

Cony Block

Conv Block Conv Block

LRA module end with Sigmoid
activation function

' Down-sampling
I Pixel shuffle up-sampling
@ Copied feature for fusion

, |
-

J G Channel concatenation

° Point-wise multiplication

Dual branch
feature fusion . . .
(DBFF) e Point-wise addition

Mid-output /g Output /oy,

(@) Structure of the proposed DFEN

Multi-channel features Attention mask

(b) Channel attention block (¢) Learnable regularized attention module

Fig. 1 Overall architecture of DFEN. a shows the structure of the whole framework, where InConv layer and OutConv layer are 1Xx1 convolu-
tional layer for dimension transforming. The outcome channels number of the InConv block is noted as the size-controlled hyperparameter, and
we obtain the number of channels in each feature layer by multiplying different coefficients on the basic channels. b gives the detail of the chan-
nel attention block (CAB). ¢ displays the structure and samples of the learnable regularized attention (LRA) module

Table 1 Main notations and descriptions

Notation Description Notation Description

I, The input low-light image Lot The reference image

Lviq The middle brighten image I The output enhance result

Ci; The input feature streams of channel fusion branch Cwia The spatial global information embedding
Cw; The channel feature fusion weights Co The channel feature fusion result

Fy The channel-upscaling convolution Fy, The channel-downscaling convolution

Si; The input feature streams of spatial fusion branch Swid The channel global information embedding
Sw; The spatial feature fusion weights So The spatial feature fusion result

Fagi The brightness adjustment net Friv The detail revision net
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Fig.2 Structure of the dual branch feature fusion module

Syiia = Concat (GAP(S,qq), GMP(S,44) ) ®)

So = 8Swy - Si; + Sw, - Siy + Sws - Sis. (6)

DBFF reconstructs the input feature streams in the
channel and spatial dimensions, which effectively com-
pensates for the high-resolution detail information lost
due to the network layer deepening, thus enhancing the
color recovery and detail preservation capabilities of
the DFEN. Moreover, the adaptive generation of fusion
weights through global pooling and convolution opera-
tions can more accurately guide the model to emphasize
the significant features of inputs streams.

3.2 Learnable regularized attention module

In our previous study, the quality of enhancement can be
significantly improved by adding a simple self-regularized

@ Springer

attention map, which allows the model to enhance both light
and dark areas of the image appropriately [27]. However, we
find that when using fixed coefficients to obtain an attention
map, the contrast of the image may be lost, making it dif-
ficult to accurately distinguish regions of similar brightness
but different colors, which results in color distortion in the
enhanced images.

To solve this problem, we replace the fixed coefficients
with an LRA module to acquire the single-channel atten-
tion map. We then concatenate it with the input image
and send them to the InConv layer together. At the same
time, the attention maps are downsampled progressively
using the same downsampling method as in the U-Net
structure in order to adapt to different feature scales. In
addition, the attention maps will also be multiplied with
the features in the skip connections of the U-Net for better
guidance. It is worth noting that the last activation of each
attention block is sigmoid to limit the value range from 0
to 1. Through the addition of the LRA module, DFEN can
effectively suppress the overexposure in bright regions
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and adaptively balance the enhancement performance of
different regions, which will be verified in the ablation
experiments.

3.3 Cosine training strategy

As illustrated in Fig. 3, we establish distinct loss func-
tions for the mid-output and output images to the refer-
ence image. This makes DFEN focus on different tasks
during the different epochs of training. Besides, we pro-
pose a cosine training strategy that dynamically adjusts the
weights of the loss function during training to make the
transition between the two task stages smoother.

When training DFEN, we adopt L1 loss and SSIM loss
[34] between the output image I, and the reference image
I+ to accurately restore the details. Besides, the content
loss is computed as an addition to constrain the perceptu-
ally similar [35]. The loss of the output image is as follows:

Loy (IOul’ IRef) =w Ly + wssimLssim + WeonLconts @)

where w,, wggpy and we,,,, are the weight of £, Lgg and
Loni> TESpeECtively.

We also apply the loss function directly between the
mid-output /4 and the reference image I as follows:

Lyia (hias Tret) = WiLY + WegnuLsiv: ®)

As the pseudo-code shown in Algorithm 1, the training
of DFEN is divided into two stages. During the first stage,
we compute all the losses after one forward propagation to
make each parameter get enough gradient. In the second
stage, we only calculate L,,. We add a cosine conversion
factor to control the transition between the two stages, and
the total loss function of the network is shown as follows:

Input /;,

Mid-output /g

Fig.3 Loss function configuration of DFEN

Lo = ¢ X Lygiqg + (1 =) X Loy

Epoch 9
c:max(cos <7c>< p]:)/c >,0>, ©)

where c is a coefficient that satisfies cosine descent until 0
throughout the training process. Epoch represents the current
number of training epochs N is the total training epochs.

Algorithm 1 Training of DFEN

Input: input image 7, , reference image /

In? Ref

Model: brightness adjustment net F,,, detail revision net

F,

Rev

Output: brighten image /

dj?

wie> OUtput image 7,

1:  randomly initialize the brightness adjustment net 7, ,
and detail revision net F,,
for epoch € ¢ do

for I, e train_loader do

and /

Mid

2

3

4: # generate / out
5: Iyo = Fay(1)

6 1y, = Fp (4
7 # calculate £, according to Eq. (9)
8 ifepoch < (e/2)then

9 Lo =Adji_loss(1yy, e )

Mid

.\/lld)

L. =Rev_loss(1y, 1)
11: ¢ = cos(en/Epoch)
12: L = exLyy+(1=c)x Ly,
13: else
14: Lo« =Rev_loss (I, , 1)
15: # update ', , F,_, by back-propagation
16: loss.backward()
17: model.update(paremeters)
18:  end for
19: end for

Reference /s
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Table 2 Details of each datasets

Datasets name Training Testing Size Total megapixels
LOL 485 15 600x400 0.24
LOLv2 689 100 600x400 0.24
SICE 531 58 Various?* 0.36
Dark Grids 530 103 1224x1024 1.25

#Width is from 692 to 843, while height is from 426 to 519, in total 0.36 megapixels per image

4 Experimental results and discussion

In this section, we conduct comparison and ablation exper-
iments to reveal the advance of the proposed DFEN.

4.1 Datasets description

Public datasets LOL [12], LOLv2 [36] and SICE [37] are
selected for comparison experiments. The details of each
dataset are shown in Table 2, and some reference samples
are shown in Fig. 4.

For the low-light power inspection scenes of the project,
there is currently no public dataset of that can be used for
enhancement model training and evaluation. So, we con-
structed the Dark Grids dataset using inspection imaging
equipment, which mainly consists of nighttime transmission
tower scenes, high-dynamic-range scenes and daytime nor-
mal exposure scenes.

We use a 12-bit industrial camera to capture images from
different times and locations. For each scene, we first capture
a long-exposure (512 ms) image N, and then take the image
sequence with different exposures from 1 to 512 ms step by
step. Another long-exposure (512 ms) image N, is taken at
the end. We calculate the MSE metrics between N, and N,,
and filter out the sequences of images with high similar-
ity (>0.98). Next, we applied the multi-frame HDR fusion
algorithm in Adobe Photoshop CC to obtain the reference
image of each scene. Finally, we collected a total of 530

LOL

pairs of training samples and 103 pairs of test samples with
1224 x 1024 pixels.

4.2 Implementation details

The entire algorithm is built on the PyTorch framework.
As mentioned in Fig. 1, the proposed DFEN can quickly
change its size by setting different channel numbers of
InConv layer. To evaluate the enhancement effect of dif-
ferent volume models, we set different sizes of DFEN as 8,
16, 24, corresponding to DFEN-s, DFEN-m and DFEN-I,
respectively.

When training DFEN, random flip, affine transform and
random crop are used to enhance both low-light and refer-
ence images to obtain 512 X 512 image pairs. We tuned
the hyperparameters by manual tuning and grid search. The
multiplication coefficients of each feature layer of U-Net
are set to 1, 4, 16 and 32 and different loss weights are set
according to 2w} = 2w = W = wegpy = 10weg, = 1.
Based on experience, AdamW [38] is used as the optimizer
and the batch size is set to 12. A total of 600 epochs are
trained to avoid overfitting.

4.3 Quantitative comparison experiments
We focus the comparison experiment on the proposed

DFEN with thirteen mainstream low-light image enhance-
ment methods, including three traditional methods LIME

Dark Grids

Dark Grids

Fig.4 Samples of each dataset. The images in the first row are low-light inputs, while the images in the second row are the references
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Fig.5 SSIM metric in the LOLv2 dataset and computational efficiency (Params and FLOPs) of each comparison algorithm

[7], BIMEF [8], CRM [9], and ten deep learning methods
RetinexNet [12], GLAD [14], MIRNet [23], EnlightenGAN
[17], KinD++ [20], Zero-DCE++ [39], Adapt-3DLUT [15],
SCI [18], LLFlow [24], SRANet [27]. It is worth mentioning
that for the unpaired training part involved in SRANet and
EnlightenGAN, the low-light and the corresponding refer-
ence images are shuffled separately and randomly collected
to form the unpaired training batch.

We compute SSIM [34] and PSNR between the
enhanced image and the reference image as quantitative
metrics of enhancement performance. Moreover, we use
LOEref [19, 40] to evaluate the ability of the algorithm
in preserving the naturalness of lightness. Table 3 reports
the results, and we also plot the scatter diagram of the
SSIM metric and the computational efficiency (Params
and FLOPs) for part of the CNN-based algorithms in the

KinD++

AdpLUT SCI

Fig.6 Visual comparisons of DFEN and other methods on LOL dataset
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LOLv?2 dataset, as shown in Fig. 5. Some algorithms with
the number of parameters larger than 40 M are not indi-
cated in the figure. Moreover, some enhanced samples
of the top 10 comparison algorithms in terms of average
SSIM metric are shown in Figs. 6, 7, 8 and 9.

As for the LOL dataset, some networks use weights pro-
vided by the original authors. There are only 15 images in
the LOL testing set. Our DFENs achieve better enhancement
performance in models with a similar number of parameters
and obtained the lowest LOE metrics. As shown in Fig. 6,
CRM, GLAD and SCI fail to reach an acceptable bright-
ness range and the contrast of the enhanced image is low.
AdpLUT and EnligtenGAN have poor denoising ability and
the enhanced image contains a lot of noise. It is evident
that only the proposed DFEN, as well as MIRNet, Kind++,
LLFlow and SRANet with a huge number of parameters,
are able to accurately restore the color of the clothes in

the plastic box. Among them, Kind++’s result are heavily
color biased, while the results of MIRNet and SRANet have
blurred details.

For the LOLv2 and SICE datasets, all the networks
are retrained, and the proposed DFENs achieve superior
results on SSIM, PSNR and LOE. Observing the visuali-
zation results, CRM has acceptable noise suppression and
color restoration capabilities, but the enhancement effect
is poor for dark scenes, making it difficult to recognize
the facial details of the people in the dark parts of the
image in Fig. 8. GLAD struggles to recover color infor-
mation from low-light images, and the green carpet next
to the swimming pool in Fig. 7 degrades to brown. The
structure of MIRNet is too deep to accurately restore the
high-frequency features in the shallow layers, resulting
in blurred detail. Since EnlightenGAN adopts unsuper-
vised training strategy, it poses a challenge to balance

KinD++

AdpLUT scl

Fig.7 Visual comparisons of DFEN and other methods on LOLv2 dataset
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KinD++

AdpLUT SCI

Fig.8 Visual comparisons of DFEN and other methods on SICE dataset

the enhancement effect of different regions, which leads
to overexposure and high saturation in the output image.
As can be seen in the detail zoomed image, the output
of AdpLUT is still noisy due to the lack of a denoise
module. Although KinD++ can suppress the noise better,
the details are partially lost, and artifacts are generated
in the extremely dark regions in the bottom left corner
of the first image in Fig. 7. The model of SCI is too
simple, resulting in poor enhancement effect and seri-
ous color deviation in the enhanced image. LLFlow can
effectively suppress the generation of noise and artifacts
at the same time, but the model is too complex, leading
to a longer inference time. Compared with our previously
proposed SRANet, the DFEN redesigns the algorithm
structure, introducing the LRA module and novel DBFF
module, so that it can restore the image more realisti-
cally. Compared with our previously proposed SRANet,
the DFEN redesigns the algorithm structure, introducing
the LRA module and novel DBFF module, so that it can
restore the image more realistically. For the low-light
images in Fig. 7, DFEN obtains enhancement results with
more realistic colors and clearer details. And for the high
dynamic range sample in Fig. 8, DFEN can avoid the
over-exposure of bright regions while correctly reveal
details in dark regions.

In the Dark Grids dataset, it is easy to find that the pro-
posed method has obvious advantages over other methods.
From the displayed samples in Fig. 9, GLAD, KinD++,
and SRANet have deficiencies in brightness recovery,
making the enhancement results of the first image grayish
and the details of the construction vehicles blurred. The

@ Springer

LLFlow SRANet DFEN-m

enhanced images of CRM, EnlightenGAN and AdpLUT
are bright enough but the saturation is low. SCI improved
color recovery, but the second image has an over-exposure
problem in the car interior. The results of MIRNet and
LLFlow lose a great deal of high-resolution detail, lead-
ing to severe blurring of the distant towers in the second
image. We can see that the DFEN model can solve the
problems of color deviation and uneven exposure more
accurately, performing better in noise suppression and
detail retention. It indicates that DFEN is more suitable
for the project’s low-light power inspection scenes than
existing algorithms.

Overall, in contrast to other comparative algorithms, the
proposed DFEN is more effective in recovering the color
and texture details of low-light images. At the same time,
DFEN can balance the enhancement effect in different light-
ing conditions to avoid color distortion and over-exposure
in the enhanced image. Moreover, DFEN has achieved out-
standing enhancement results in several datasets, which
also proves its excellent scene adaptation ability. Although
LLFlow shows stronger color recovery and denoising ability
in some datasets, DFEN has the advantage of computational
efficiency, which is more suitable for the scenarios of our
project.

4.4 Ablation study

To validate the necessity of each modules in the proposed
method, we design several ablation experiments, configu-
ration and results are shown in Tables 4 and 5. Note that
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Input Reference GLAD MIRNet EnlightenGAN

KinD++ AdpLUT SCI LLFlow SRANet DFEN-m

Fig.9 Visual comparisons of DFEN and other methods on our Dark Grids dataset

Table 4 Results of structure ablation experiment

No. Ablation description SSIM1 PSNR1 LOE, |
Al DFEN w/o DBFF 0.802 19.589 258.381
A2 DFEN with concatenation fusion 0.824 21.373 236.389
A3 DFEN only with spatial fusion 0.815 20.281 227.467
A4 DFEN only with channel fusion 0.837 21.560 212.837
Bl DFEN w/o LRA module 0.833 21.861 226.030
B2 DFEN with fixed SRA module 0.821 21.736 244.342
DFEN-m Proposed DFEN-m 0.847 22.284 221.515

The bolded font is the best score and the italicized underlined font is the second best. 1/| denotes larger/smaller values lead to better quality

the quantitative evaluation of all ablation experiments was  consider DFEN-m as the baseline algorithm. Except for the
performed on the LOLv2 dataset and we still use SSIM, modules evaluated, all the experiments share the identical
PSNR and LOE,.; as quantitative evaluation metrics. We  experimental setups.

@ Springer
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Table 5 Results of training strategy experiment

No. Lo c Lssiv L, Leont Cos SSIM1 PSNR? LOE,|
c1 v Vv 0.818 21.912 254.423
c2 Vv Vv v 0.837 21.875 235.509
C3 Vv Vv Vv 0.840 22.173 226.409
c4 Vv Vv v Vv 0.821 22.229 216.429
Cs Vv Vv v 0.828 22.092 238.920
c6 Vv Vv v v 0.838 22.338 231.859
C7 Vv v Vv v Vv 0.813 22.110 248.297
cs V v v v v 0.842 21.434 238.200
DFEN-m Vv v Vv Vv Vv Vv 0.847 22.284 221.515

The bolded font is the best score and the italicized underlined font is the second best. 1/ denotes larger/smaller values lead to better quality.

Reference

Input

Fig. 10 Visual comparisons of different feature fusion strategies

4.4.1 Ablation experiments of feature fusion strategy

We first conducted ablation experiments for different feature
fusion methods, and several enhanced samples are displayed
in Fig. 10. A1 removes the feature fusion module between
the two stages, the high-resolution features are partly lost
after the scale transformation, resulting in serious blurred
details in the outputs, as well as the worst evaluation met-
rics. Compared with the common concatenation fusion in
A2, A3 and A4 can highlight the key features of the same
channel or spatial position in the feature group by using the
spatial or channel dimension weighted fusion method, thus

@ Springer

obtaining better texture detail retention and color recovery
capabilities, respectively. Observing the enlarged image, it
can be seen that the characters, lawns and railings in the
enhanced images are clearer when using the spatial fusion
module, but there are some color deviations in the whole
image. Although the color of the enhanced image obtained
by A4 is more realistic, it suffers from a degree of blurring
in the details. The DBFF module adopted by DFEN makes
the fusion weights of the spatial and channel dimensions to
be independent of each other by grouping the feature maps
to jointly improve the fusion effect of the model, leading to
enhancement results with clear details and realistic colors.
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Reference

Fig. 11 Visual comparisons of different illumination attention modules

The introduction of the feature fusion module improves
the performance of the algorithm, but also increases the
computational complexity. The proposed DBFF uses
channel splitting to divide the features into two groups
to balance the computation and enhancement effect of
the algorithm. In practical applications, we can adjust the
preferences for either enhancement effect or computation
by duplicating the features or grouping them by channel
dimensions

4.4.2 Ablation experiments of illumination attention
module

Subsequently, we compare the usefulness of illumina-
tion attention maps generated by different attention mod-
ules. B1 without any illumination attention module, B2
utilizes a self-regularized attention module with fixed

B2 DFEN-m

coefficients, and proposed DFEN adopt a learnable regu-
larized attention module. As depicted in Fig. 11, B1 is
struggles to perceive the lighting conditions in various
regions of the input image without the illumination atten-
tion module. This can result in overexposure of bright
areas in the input image during enhancement. Therefore,
in order to balance the enhancement effect of different
regions, we introduce the SRA and LRA modules to
extract the illumination attention map of the input images.
However, the SRA module is hard to distinguish regions
with similar brightness but different colors, which leads
to color distortion in the vegetation part of the enhanced
image. The LRA module uses a learnable convolution to
generate illumination attention maps, making the bounda-
ries of vegetation and dry grassland areas clearer. In addi-
tion, Fig. 12 displays the illumination attention maps gen-
erated with the learnable weights and fixed coefficients.

Reference

Fixed SRA module

LRA module

Fig. 12 Attention maps generated with fixed SRA module and proposed LRA module. Both maps are normalized to [0, 1] for display
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It is obvious that the learnable approach can better distin-
guish different regions.

It should be noted that having a sufficient number of
images with varied lighting conditions in the dataset is cru-
cial for the efficiency of the LRA module. If the lighting
conditions are too homogeneous, the LRA may fail and mis-
represent the features of the enhanced images. For instance,
excluding the images of normal illumination scenes from
the dataset can significantly reduce the ability of the LRA
to suppress overexposure.

4.4.3 Ablation experiments of training strategy

Finally, we evaluate the impact of different training strate-
gies, the results of which are recorded in Table 5. C1-C4
only perform the loss constraint on the output image /.,
C5-C7 add the constraint on the intermediate image /4,
and C8 adopts the same loss function configuration as
the DFEN model but dose not adopt the proposed cosine
training strategy. It shows that simultaneously adopt five
losses during training helped to obtain better enhance-
ment effect. When we remove the cosine training strategy,

16 ms

32 ms

64 ms

128 ms

Input Reference

the enhancement effect gets worse. It may be caused by
the inconsistent goals of the two training stages, making
the training effect difficult to pass on, which is equiva-
lent to shorten the number of valid training epochs. By
establishing different loss constraints for the two stages
output images and using the cosine training strategy to
gradually adjust the loss weights of two stages during
the training process, the two stages of the algorithm can
focus on different task respectively, thus achieving better
enhancement results.

In summary, the DBFF module, the LRA module and the
cosine training strategy with five losses adopted by DFEN
can effectively improve the enhancement performance,
making the color more realistic, the detail clearer, and the
enhance different regions more adaptable.

4.5 Lighting conditions adaptability evaluation

In real-world applications, diverse lighting conditions
pose a great challenge to low-light enhancement algo-
rithms. In our Dark Grids dataset, we take images with
various exposure duration in the same scene, which makes

LLFlow DFEN-m

Fig. 13 Visual comparisons of lighting conditions adaptation in the dark night scene
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8 ms

16 ms

32 ms

64 ms

LLFlow

DFEN-m

Fig. 14 Visual comparisons of lighting conditions adaptation in the high dynamic range scene

them have different lighting conditions. We use them to
test the light condition adaptation of the DFEN and state-
of-the-art methods.

As shown in Figs. 13 and 14, it can be seen that our
algorithm has a more satisfactory adaptability to lighting
conditions. Specifically, for the night dark scene shown
in Fig. 13, DFEN can better recover the color and texture
information of the low-light image when the exposure dura-
tion reaches 32 ms. However, the brightness of the results of
CRM and SCI is low, the enhanced image of EnlightenGAN
has serious artifacts, and LLFlow is difficult to recover the
color information of the image. For the high dynamic range
scene shown in Fig. 14, at 8 ms exposure time, only DFEN
and LLFlow effectively enhance the detail information of
the leaves in the shadows. And observe the pavement under
the street lamp, when the exposure duration reaches 32 ms
or more, CRM, EnlightenGAN and SCI all show more seri-
ous over-exposure phenomenon, and LLFlow produced
white artifacts, while only DFEN could avoid the aggrava-
tion of over-exposure in the input image.

It can be seen that the exposure duration limits the ability of
the camera to capture the environmental information in low-
light scenes. Therefore, we need to extend the exposure time

of the camera to obtain visually better enhanced images, but
also to avoid the motion blur caused by long exposure time.

5 Conclusion

To achieve rapid and premium enhancement of low-light
images of power grid inspection scenes, we propose a two-
stage end-to-end low-light enhancement algorithm DFEN.
Compared with the one-stage method, DFEN decomposes
the low-light enhancement task, making the learning tar-
get of each network more simplified. By employing the
proposed cosine training strategy, it dynamically adjusts
the loss function of the model. This allows the algorithm
to focus on the learning of brightness adjustment and
detail revision networks separately during different train-
ing epochs, thus achieving better enhancement results. In
addition, we also adopt DBFF and LRA to further enhance
the feature extraction and recovery ability of the model.
Finally, we introduced a size control hyperparameter to
adjust the number of channels in the U-Net. This allows
our algorithm to flexibly balance the model size and
enhancement effect based on practical application needs.

@ Springer
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We also produce the Dark Grids dataset with various
scenarios, and verify the effectiveness of the proposed
method on several datasets including it. The results show
that compared to state-of-the-art methods, the proposed
DFEN can achieve better enhancement performance with
the similar parameters, and has excellent scene adaptabil-
ity. Among them, the lightest DFEN model reaches 11
FPS for image size of 12241024 in an RTX 3090 GPU.

We will continue to work on two aspects in the future.
Firstly, the construction of paired datasets is complicated, so
we are trying to introduce an unsupervised training strategy
to get rid of the dependence on high-quality paired data-
sets. Second, the research and experiments of the algorithms
are currently conducted on the server with an RTX 3090
GPU. We will complete the model deployment and inference
acceleration on the edge computing platform, so that the
model can be actually used on the grid inspection platform.
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