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Abstract 

Existing methods based on deep learning have achieved great success in low-light image enhancement. However, the 

existing methods generally have a large amount of computation and poor generalization ability for low-light images 

in different scenes. In order to solve this problem, this paper explores a feasible way to introduce auxiliary blocks in 

the training process. These blocks can connect the feature map inputs of each stage to the inputs of the first stage to 

explore whether the model converges. In the prediction phase, due to the superior capabilities of the network, we use 

only one basic block for inference, so as to greatly reduce the computational cost. Owe to the flexibility of the network, 

the model can easily handle low-light images in a variety of complex environments. 
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1. Introduction 

With the increasing availability of devices to capture 

images and the development of hardware such as impact 

sensors, people can take pictures in a variety of 

environments. However, it is difficult to obtain clear and 

reliable images in poor lighting conditions such as 

indoors and outdoors at dusk, night, and so on. The 

pictures taken in these conditions are called low-light 

images. Therefore, it is necessary to design a method to 

cope with the brightness of different scenes and enhance 

the low-light image. In the past decades, many low-light 

image enhancement algorithms have been proposed, 

which mainly go through three categories: histogram 

equalization, Retinex theory and convolutional neural 

network. Retinex-Net(Retinex Network)[1] is an image 

enhancement algorithm that combines convolutional 

neural network with Retinex theory. MBLLEN(Multi-

Branch low-light Enhancement Network)[2] achieves 

low-light image enhancement by extracting the features 

of multiple branches and fusing them. 

EnlightenGAN(Enlighten Generative Adversarial 

Network)[3] is based on unsupervised learning GAN 

Network to achieve good effect. Compared with 

traditional algorithms, these methods based on deep 

learning have made a great leap in performance, but they 

still have some shortcomings, such as obvious noise and 
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serious distortion, which can not achieve satisfactory 

results. 

In this paper, we extract shallow features through the 

improved InceptionV2, and then design a sub-network as 

an auxiliary block to help the network to train. The 

feature fusion of the auxiliary block is used to guide the 

network learning and make the training more stable. 

After this, we design a joint loss function to further 

consider the effects of image structure, brightness, detail 

and noise. In the last section, we prove that the network 

has excellent performance by comparing subjective and 

objective evaluation indicators with existing methods. 

2. Method 

Inspired by the work of Ma et al.[4], our network is 

composed of shallow feature extraction and three 

modules in a cascading manner. The image obtained 

through feature extraction needs to be spliced and 

transmitted to the middle module. Figure 1 shows the 

overall framework of our network. The input is a low-

light image, from which we first obtain an shallow 

feature map using an effective strategy(see Section 2.1 

for details). In addition, these intermediate modules share 

the same internal network structure(see Section 2.2 for 

details) and share weights during the learning process. 

The method we adopted is based on Retinex theory. This 

theory holds that the color of an object is determined by 

the object itself, and has nothing to do with the intensity 

and color of the light. The original image is obtained by 

multiplying the reflection and illumination images, as 

shown in Eq. (1) 

  𝑆 = 𝑅 × 𝐿   (1) 

L is the irradiation component of solar illumination. R 

is the reflected component of the object itself. S is the 

imaging result. We modified the Retinex theory and put 

it at the end of each stage of the network. Furthermore, 

we define an auxiliary block that accelerates convergence 

by converging the results of each phase to the same state. 

The details of the network will be explained next. 

2.1. Feature extraction 

 For the input image, we first extract its shallow features, 

which is very important for low-light image recovery. 

The extracted shallow feature contains rich details such 

as edges and textures of images. The network uses an 

improved InceptionV2 to extract features(as shown in 

Figure 2). Based on InceptionV2, we delete the average 

pooling layer and use dilated convolution to avoid the 

loss of feature information generated in the 

downsampling process and enlarge the receptive field of 

the network. The improved InceptionV2 has four 

branches, and each branch has dilated convolution of 

different sizes to obtain different scale receptive fields. 

Finally, shallow features are fused by feature splicing 

operation.  

2.2. Intermediate module 

In the middle module, part of Retinex theory is used as 

the illumination adjustment block, and the other part is 

the auxiliary block. According to previous studies by 

scholars[4], there is a linear relationship between the 

irradiation component of solar illumination in Retinex 

 

Fig. 1 Overall network framework 

 

 
 

Fig. 2 Feature extraction module 
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and most regions in low-light images, and the irradiation 

component 𝐿  is a core variable for restoring normal 

illumination. Thus, the exposure component is learned by 

introducing a model 𝐻𝜃  with a learnable parameter 𝜃, as 

shown in Eq. (2) 

𝐹(𝐿𝑡): {
𝑢𝑡 = 𝐻𝜃(𝐿𝑡), 𝐿0 = 𝑆，

𝐿𝑡+1 = 𝐿𝑡 + 𝑢𝑡，
        (2) 

  

𝑢𝑡  is the residual difference between the irradiation 

component of solar illumination at stage t and the low-

light image. 𝐿𝑡 is the component of the illumination at t 

stage. Since the weight of the network is shared, the 

model 𝐻𝜃  will not change significantly in each stage, so 

that the model  𝐻𝜃  learning residuals does not need to 

record the number of stages. The network of this model 

is composed of three convolutional layers, and the 

structure is shown in Figure 3. 

In fact, the enhanced normal light image can be obtained 

by learning residuals from Retinex theory. However, the 

reasoning speed of the network will be slowed down 

because the network is weight sharing. Ideally, the first 

block will output the desired result, and the subsequent 

blocks will be similar to the first, so that only one block 

needs to be used for inference. This is then achieved by 

building auxiliary block.  

The approach here is to link the inputs of each block to 

the first block for minimizing the differences between 

stages through a learnable parameter ξ . The auxiliary 

block is represented by Eq. (3) 

    𝐺(𝐿𝑡): {

𝑅𝑡 = 𝑆 𝐿𝑡⁄ ，
𝐸𝑡 = 𝐾ξ (𝑅𝑡),

𝑉𝑡 = 𝑆 + 𝐸𝑡 ,

        (3) 

𝑉𝑡 is the input processed by the auxiliary block at each 

stage. t is always greater than or equal to 1 . Then, 

combining these two blocks (as shown in Figure 4) 

together as a Module in Figure 1. 

2.3. Joint loss function 

Low-light image has many problems, such as low 

brightness, color distortion and so on. It is not enough of 

using simple L1 or L2 loss in regression task to average 

all pixel differences. Therefore, a joint loss function is 

introduced to further consider the structure, brightness, 

detail and noise of the image. The total loss function is 

defined as Eq. (4) 

 𝐿𝑡𝑜𝑡𝑎𝑙 = 𝛾𝑓𝐿𝑓 + 𝛾𝑠𝐿𝑠 + 𝛾𝑣𝐿𝑣 (4) 

Where, 𝐿𝑓、𝐿𝑠 and 𝐿𝑡 are fidelity loss, smoothing loss 

and perceptual loss respectively. 𝛾𝑓 , 𝛾𝑠  and 𝛾𝑣  are the 

weight balance coefficients, which are 0.8, 0.65 and 0.5 

respectively. The fidelity loss is to ensure pixel-level 

consistency between the enhanced image and the input of 

each stage, as shown in Eq. (5) 

 

 𝐿𝑓 = ∑ ||𝐿𝑡 − (𝑠 + 𝐸𝑡−1)||2𝑇

𝑡=1
 (5) 

T is the total number of stages. In the formula, the 

illumination component 𝐿𝑡  is limited by 𝑠 + 𝐸𝑡−1  to 

represent the normal illumination image. Real normal 

light images are not used in order to enhance the 

generalization of the model. 

 

Fig. 3 Model  𝑯𝜽 

 

 
Fig. 4 An intermediate block 
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In addition, we used smoothing losses in our study, as 

shown in Eq. (6). The enhanced image noise is reduced 

and the image quality is better. 

𝐿𝑠 = ∑ ∑ √(𝑝𝑖,𝑗 − 𝑝𝑖+1,𝑗)(𝑝𝑖,𝑗 − 𝑝𝑖,𝑗+1)𝑊
𝑗=1

𝐻
𝑖=1     (6) 

Where 𝐻 and 𝑊 are the width and height of the image,  

and 𝑝𝑖,𝑗 is the pixel value of the image.  

In order to measure whether the enhanced image is real, 

image perception loss is introduced here. The basic 

method is to use the trained VGG16[5] as the future 

extractor. If the enhanced illuminance component is 

similar to 𝑠 + 𝐸𝑇 , the output from the VGG16 feature 

extractor should also be similar. The definition is shown 

in Eq.(7) 

𝐿𝑣 =
1

𝑊𝑖,𝑗+𝐻𝑖,𝑗+𝐶𝑖,𝑗
· ∑ ∑ ∑ ||𝜑𝑖,𝑗(𝑠 +

𝐶𝑖,𝑗

𝑧=1

𝐻𝑖,𝑗

𝑦=1

𝑊𝑖,𝑗

𝑥=1

           𝐸𝑇)𝑥,𝑦,𝑧 − 𝜑𝑖,𝑗(𝐿𝑇)𝑥,𝑦,𝑧|| (7) 

𝜑𝑖,𝑗 is the feature graph of the j-th convolution layer of 

block i in VGG16 network. 𝑊𝑖,𝑗，𝐻𝑖,𝑗  and 𝐶𝑖,𝑗  are the 

dimensions of each feature graph in VGG16 network, 

respectively. 

3. Experimental results and analysis 

3.1. Experimental detail 

The hardware platform of this experiment is configured 

with AMD Ryzen 7 5800H CPU and NVIDIA GeForce 

RTX 3060 GPU. Adam optimizer was used in the 

training stage, the parameters were 𝛽1 = 0.9， 𝛽2 =

0.999，𝛼 = 10−8 , and the learning rate was 0.0001. 

Iteration epoch is set to 800 times. The LOL-v2 dataset[6] 

is selected for training in this paper, which is larger and 

more diverse than the LOL dataset[1]. The dataset 

consists of 1589 image pairs, which are divided into two 

parts: synthetic image pairs and real image pairs. Most 

low-light images are obtained by changing the camera 

exposure time and ISO. 

3.2. Experimental result 

To test the effect of the model, MBLLEN and 

EnlightenGAN are selected as a comparison, and the 

subjective and objective evaluation index are analyzed. 

In order to show the algorithm effect more clearly, the 

original diagram is attached. 

The subjective effects of vision are evaluated. The 

comparison results of different algorithms are shown in 

Figure 5. We selected 5 pictures of indoor and outdoor 

with different scenes. From left to right, they are original 

low-light images, MBLLEN, EnlightenGAN, our 

method and the normal light images. 

As can be seen from the Figure 5, the overall clarity of 

the image enhanced by MBLLEN is insufficient, and it 

loses the image color. Besides, the visual effect is poor, 

and there are a lot of noise. EnlightenGAN image color 

distortion is serious, and enhanced boundaries look not 

very true. The processing result of the algorithm in this 

paper has clear outline, less noise and moderate 

brightness. Comparison results show that the improved 

algorithm in this paper is more reliable and the overall 

visual effect is close to natural. 

As can be seen from Table 1 and Table 2, on the LOL-

v2 test set, the algorithm in this paper achieves optimal 

values in both PSNR and SSIM indexes. It indicates that 

  

Fig. 5 A comparison of different enhancement algorithms 

Tab. 1 Performance index 

Methods PSNR SSIM 

MBLLEN 16.88 0.719 

EnlightenGAN 14.04 0.667 

Ours 17.02 0.732 

Tab. 2 Parameter quantity 

Methods Parameters(M) 

MBLLEN 5.9527 

EnlightenGAN 8.636 

Ours 0.0013 
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the quality of low-light images enhanced by the 

algorithm in this paper is improved. It also shows that the 

algorithm parameters in this paper are small and it is a 

lightweight network. 

4. Conclusion 

In this paper, we design a low-light image enhancement 

algorithm using auxiliary block to help network training. 

The Retinex theory makes the reconstructed image better 

in brightness, and prominent in detail with less color 

distortion and closer to nature. The enhanced network is 

not only efficient but also lightweight with excellent 

performance in terms of image quality. In the follow-up 

study, we will continue to optimize the algorithm to 

further improve its ability to maintain color enhancement 

and other aspects. 
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