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Abstract: A wavelet-based local and global feature fusion network (LAGN) is proposed for low-light image 
enhancement, aiming to enhance image details and restore colors in dark areas. This study focuses on addressing 
three key issues in low-light image enhancement: Enhancing low-light images using LAGN to preserve image details 
and colors; extracting image edge information via wavelet transform to enhance image details; and extracting local 
and global features of images through convolutional neural networks and Transformer to improve image contrast. 
Comparisons with state-of-the-art methods on two datasets verify that LAGN achieves the best performance in terms of 
details, brightness, and contrast.
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1. Introduction
Low-light image enhancement is one of the important research directions in the field of computer vision. 
Its goal is to improve the visual quality and information availability of images captured under low-light 
conditions through algorithms. In practical scenarios such as security monitoring, autonomous driving, medical 
image analysis, and remote sensing detection, insufficient illumination causes problems like low brightness, 
unbalanced contrast, severe noise interference, and loss of details in images. These issues directly affect the 
performance of downstream tasks, including object detection, semantic segmentation, and feature matching. 
For example, if an autonomous driving system fails to effectively enhance low-light images at night or when 
light changes suddenly in a tunnel environment, it may lead to misjudgments by the perception module. If 
medical endoscope images have blurred tissue textures due to uneven illumination, it will interfere with doctors’ 
pathological diagnosis. Therefore, improving the visual quality and semantic information restoration ability of 
low-light images has significant practical significance.
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2. Related work
Traditional enhancement methods mostly rely on physical illumination models or hand-crafted features. For 
instance, histogram equalization improves contrast by expanding the dynamic range [1–4], but it tends to cause 
local overexposure. Methods based on Retinex theory decompose an image into illumination components 
and reflection components, yet they depend on prior assumptions and are sensitive to noise [5–8]. Additionally, 
these methods usually struggle to adapt to complex illumination distributions and noise types. In recent years, 
deep learning technology has advanced data-driven research on low-light enhancement. End-to-end models 
based on Convolutional Neural Networks (CNN) can learn the mapping relationship from low-light to normal-
light conditions [9–12], while Generative Adversarial Networks (GAN) further enhance the authenticity of detail 
generation through adversarial training. However, existing methods still face three challenges: first, low-light 
images cannot be used to effectively restore image details; second, insufficient utilization of image features 
leads to inadequate contrast enhancement; third, key features cannot be fully fused during the feature extraction 
process.

3. Methodology
To achieve detail enhancement of low-light images and color restoration of dark areas, this paper proposes a 
wavelet-based local and global feature fusion network.

3.1. Network architecture
The architecture of the wavelet local and global feature fusion network (LAGN) designed in this paper is shown 
in Figure 1. It includes three modules: the Multi-scale Feature Module (MFM) for local feature extraction, 
the Double-branch Transformer Module (DTM) for global feature extraction, and the Fusion Module (FM) for 
feature fusion.

For modeling convenience, the input image is denoted as w h cLR × ×∈ ¡ , and the output image as w h cHR × ×∈ ¡ . 
Here, w, h, and c represent the length, width, and number of bands of the image, respectively. To enhance image 
details, the low-light image is first subjected to wavelet transform, and then its number of channels is adjusted 
to match that of the input image, resulting in a wavelet image _ w h cLR W × ×∈ ¡  which contains rich detailed 
information. Subsequently, the low-light image and the wavelet image are stacked to form ( ), _I C LR LR W= , 
which serves as the input to LAGN.

In LAGN, the input features pass through MFM to obtain local features and through DTM to obtain global 
features. These local and global features are then adaptively fused in FM to acquire the most effective features 
for low-light image enhancement. This stage is progressive and can be divided into four steps, which are 
expressed as follows.
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Here, FMFM(·), FDTM(·), and FFM(·) represent the Multi-scale Feature Module, Double-branch Transformer 
Module, and Fusion Module, respectively. The final enhanced image is obtained through the following 
reconstruction process:

HR = Fc(I4) 	 (1.2)
where Fc(·) denotes the reconstruction module, which is implemented via a 3×3 convolution.
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3.2. Multi-scale Feature Module (MFM)
To extract local features of the image, a multi-scale feature module is designed in this paper, as shown in Figure 
1(a). It uses dilated convolutions with different receptive fields to extract multi-scale features while minimizing 
computational complexity as much as possible and optimizing learning efficiency. Specifically, this module 
consists of three parallel branches of dilated convolutions with dilation rates of 1, 2, and 3, respectively, for 
multi-scale feature extraction. Features from different receptive fields are then stacked, followed by a 1×1 
convolution to obtain integrated features.

3.3. Double-branch Transformer Module (DTM)
To extract global features for enhancing image details, during the fusion process, this paper takes the wavelet 
image and fused features as inputs and designs a double-branch Transformer module. As shown in Figure 1(b), 
by modeling the relationship between these two types of inputs, the module fully learns the global features of 

Figure 1. Overall framework diagram. (a) Multi-scale Feature Module (MFM); (b) Double-branch Transformer Module 
(DTM); (c) Wavelet Local and Global Feature Fusion Network (LAGN); (d) Fusion Module (FM)
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the image and enhances the global details of the image.

3.4. Feature Fusion Module (FM)
To fully fuse the local and global features obtained from the image, a fusion module is designed in this paper, as 
shown in Figure 1(d). This module is composed of three layers of 3×3 convolutions. Weighting factors for the 
fused features are obtained through the convolutional layers, and these weighting factors are then applied to the 
two inputs. Finally, the weighted fused features are element-wise multiplied with the input features and summed 
to serve as the fused features.

3.5. Loss function
To supervise the training process, a hybrid loss function combining SSIM (Structural Similarity 
Index) loss and VGG (Visual Geometry Group) loss is adopted in this paper, which is expressed as 
follows:

1 2total ssim vggL L + Lλ λ= 	 (1.3)

where λ1 and λ2 are both set to 1.

4. Experiments and analysis
To evaluate the performance of the proposed method, experiments were conducted on two datasets (Table 1). 
For the fairness of the experiments, all experiments were performed on a computer equipped with an RTX 2070 
GPU. The Adam optimizer was used with its default parameters. The training batch size was set to 16, and the 
size of the input image patches was 96×96. The learning rate was set to 2×10-4.

Table 1. Numerical results on LOL and MIT5K datasets

Method
LOL MIT5K

PSNR SSIM PSNR SSIM

MF 18.23 0.569 17.48 0.780

NPE 17.20 0.529 17.20 0.771

SRIE 14.25 0.537 19.48 0.799

LIME 17.37 0.545 14.54 0.750

KinD 20.38 0.804 21.84 0.794

LPNet 21.70 0.775 24.55 0.902

Zero-DCE++ 17.42 0.781 20.21 0.805

LADN 23.31 0.815 24.95 0.901

LAGN was compared with traditional methods (MF [5], NPE [6], SRIE [7], LIME [8]) and deep learning-based 
methods (KinD [10], LPNet [11], Zero-DCE++[12]) in the following aspects.

As shown in Table 1, by comparing these methods, it can be observed that LADN achieves the best 
performance on both the MIT5K and LOL datasets. The results presented in Figures 2 and 3 also demonstrate 
that LADN delivers the optimal subjective effects, and it has considerable advantages in both enhancing image 
details and restoring colors in dark areas.
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Figure 2. Results of comparative experiments on the MIT5K dataset

Figure 3. Results of comparative experiments on the LOL dataset

5. Conclusion
To address issues such as insufficient details and contrast in low-light images, this paper proposes a wavelet-
based local and global feature fusion network. Through operations including wavelet transform and local-global 
feature fusion, the network realizes image detail enhancement and color restoration in dark areas.

Future research can be expanded in the following aspects:
(1) Conduct research on the generalization of low-light image enhancement and extend it to underwater 

image enhancement.
(2) Explore unsupervised image enhancement methods to reduce dependence on datasets.
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