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Abstract

Underground mines’ complex environments with dim lighting and high dust and humidity
hamper feature extraction and reduce detection accuracy. To address this, we propose a
low-light image enhancement-based target detection algorithm. Firstly, LIENet enhances
low-light image quality and brightness via a dual-gamma curve and non-reference loss
function-guided iterations. Secondly, the hierarchical feature extraction (HFE) method with
a dual-branch structure captures long-term and local correlations, focusing on critical corner
regions. Finally, HFE is combined with a feature pyramid structure for comprehensive
feature representation through a top-down global adjustment. Our method, validated
on a self-built dataset, outperforms other algorithms with an mAP@0.5 of 96.96% and
mAP@0.5:0.95 of 71.1%, proving excellent low-light detection performance in mines.

Keywords: low-light enhancement; target detection; long-term correlation; unsupervised
learning; feature pyramid structure; hierarchical feature extraction

1. Introduction
Target detection technology in coal mines is an important technology for safety moni-

toring in coal mine production, contributing to the supervision and early warning of mine
safety accidents. Due to the complex underground environment, narrow passages, and
limited light sources, images captured in some scenarios often exhibit characteristics such
as low lighting, high noise, and blurry edges. In such cases, detection systems find it
challenging to accurately capture the information of hidden target objects in each image,
especially small target objects, leading to a significant number of false detections and
missed detections. Therefore, the development of image enhancement and target detection
technology for adverse lighting conditions can effectively improve the accuracy of target
detection in coal mines, which is of great importance to promote the safety and sustainable
development of the coal mining industry.

In recent years, there has been extensive research at home and abroad on low-light
image enhancement. Currently, low-light image enhancement is mainly divided into model
optimization methods and deep learning-based methods. The optimization methods of the
model are mainly based on Retinex theory [1–3], which suggests that the original image
S can be decomposed into the product of the illumination image L and the reflectance
image R, that is, S = LR. By decomposing the original image, the influence of uneven
illumination can be eliminated, thereby improving the visual effect of the image. However,
existing methods based on Retinex theory often rely on multiple assumptions about the
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real environment, making the handling of image brightness less flexible and often resulting
in color distortion and detail loss. In comparison, deep learning-based image enhancement
algorithms [4,5] demonstrate superior and more stable performance in low-light image en-
hancement, mainly due to the powerful learning ability of Convolutional Neural Networks
(CNNs), which can quickly establish the mapping relationship from low-light images to
high-light images.

It is noteworthy that for extreme visual environments such as underground mines,
infrared imaging technology offers another important sensing approach. This technique
utilizes the thermal radiation characteristics of objects themselves to form images, provid-
ing all-weather operational capability. It can still generate stable images in scenarios where
visible light is severely restricted, such as in complete darkness, dense fog, or smoke-filled
conditions, significantly expanding human capabilities for detection and perception in
complex environments. It has been widely applied in fields such as reconnaissance and
security surveillance [6]. However, infrared imaging systems typically output grayscale
images, which commonly suffer from a lack of color information, blurred detail texture,
and low overall contrast. The human visual system, evolved in a color-rich natural environ-
ment, is more sensitive to chromatic information. Prolonged observation of monochromatic
grayscale images can easily lead to visual fatigue and reduced interpretation efficiency.
Furthermore, the nature of thermal radiation can cause objects of different materials to
exhibit similar temperature signatures in infrared images, posing challenges for target
differentiation and fine-grained recognition. Consequently, although infrared imaging
holds clear advantages in terms of penetration capability, its inherent imaging charac-
teristics limit its direct application potential for tasks requiring high-precision color and
texture discrimination, such as the identification of safety helmets of specific colors or
visual inspection of equipment status.

Some supervised learning algorithms [7,8] can be trained using prematched and anno-
tated datasets to fit the mapping relationship between high- and low-light images as closely
as possible. However, obtaining paired data in real-world scenarios is quite challenging.
When the training dataset is too small or the model complexity is too high, supervised
learning algorithms are prone to overfitting issues, resulting in good performance in train-
ing data but poor performance in practical applications. In contrast, unsupervised learning
networks have advantages in generality and data processing. EnlightenGAN proposed by
Jiang et al. [9] is the first network model to enhance low-light images using unsupervised
training methods, including global and local adversarial losses and normalized perceptual
losses, to make generated images closer to the illumination distribution of normal-light
images. However, this GAN-based model is large, requiring larger-scale datasets and more
powerful computing resources for training, which is not conducive to network deployment.

Therefore, Guo et al. [10] proposed a lightweight zero-reference enhancement network,
Zero-DCE, which uses deep network learning of high-order curve estimation models and
applies them to pixel-level dynamic range adjustment of input images. The introduction
of this zero-reference learning method provides a new approach to image enhancement,
learning only the illumination enhancement process from training data without the need
for paired or unpaired data during application.

With the rapid development of deep learning technology, deep learning-based object
detection techniques have been widely applied in various low-light scenarios. Du et al. [11]
proposed a hybrid zero-reference and dehazing network (Z-DCE–DNet) specifically for
enhancing low-light and hazy images in underground mines. This method combines
low-light enhancement and dehazing techniques to address issues of uneven lighting
and fog distortion, aiming to produce clearer images that improve the performance of
downstream object detection tasks. Li et al. [12] proposed RW-DM, a diffusion model for
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coal mine low-light enhancement that combines Retinex and Wavelet transforms to improve
efficiency. It demonstrates superior image quality and a 3.1% increase in detection mAP@50.
Han et al. [13] proposed UM-GAN, a generative adversarial network-based method for
enhancing low-light images in underground mines. The model employs an encoder–
decoder structure, fuses information from inverted grayscale and low-light images, and
incorporates a noise reduction module to effectively restore details and improve the overall
image quality. Experiments on diverse datasets validate its effectiveness. These algorithms
enhance the overall object detection performance to a certain extent by enhancing low-light
images in advance. However, there are still the following issues: (1) pre-adopted image
enhancement algorithms rely on reference images for enhancement, with complex network
structures and poor adaptability to specific scenarios; (2) the detection methods used focus
too much on inter-layer feature interactions, neglecting intra-layer features, resulting in a
large number of effective features not being extracted.

In summary, considering image enhancement quality and model lightweight, we
propose a zero-reference low-light image enhancement algorithm, LIENet. In this work,
considering the fact that the illumination enhancement function adjustment range in the
Zero-DCE algorithm is insufficient, we have redesigned a set of illumination enhancement
functions to increase local pixel values. Compared to the original enhancement functions,
the designed enhancement functions require only a small number of iterations to adaptively
adjust a wide range of pixels, avoiding the additional parameter and computational cost
losses generated by multiple high-order iterative functions. Additionally, we propose a
hierarchical feature extraction (HFE) method to simultaneously capture long-range correla-
tion and local correlation information. Relevant studies have shown that shallow features
mainly contain non-global information such as color and texture [14–16]. The introduction
of HFE can enhance the expression information of shallow features to some extent, and,
coupled with the feature pyramid’s top-down feature extraction structure, it can adjust
feature information effectively.

Our contributions are summarized as follows:

1. We propose a lightweight zero-reference image enhancement algorithm, LIENet,
which can quickly adjust low-light images at the pixel level;

2. We propose a full-layer feature extraction method, which contains two branch struc-
tures that can extract long-distance feature information and local area feature infor-
mation respectively;

3. We validate the superiority of the proposed methods in our self-built low-light dataset
mines, achieving performance improvements compared to other detection algorithms.

2. Materials and Methods
In this section, we will introduce the LIENet image enhancement method and the

implementation details of the HFE. First, we will discuss the specific implementation of
the LIENet algorithm in Section 2.1, followed by introducing the loss functions used in
the enhancement algorithm in Section 2.2; then, we will demonstrate the implementation
details of the HFE method in Section 2.3; finally, we will introduce the loss functions used
in the object detection model in Section 2.4.

2.1. Dataset Construction
2.1.1. Data Sources and Composition

The dataset used in this paper for the underground mine was established through
the method of independent collection. Part of the data comes from the CUMT-HelmeT
and CUMT-BelT datasets released by China University of Mining and Technology [17]; the
dataset was captured by the KBA12(B) mining intrinsically safe alarm camera in multiple
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underground coal mines. This camera features a maximum resolution of 2560 × 1920
(5 megapixels), a fill-light distance of 30 m, and characteristics such as compact structure,
small size, and explosion-proof and moisture-proof design, making it suitable for use
in underground coal mine environments, while another part was collected through web
crawlers. In this work, we collected 6500 images of different working scenarios in the
mine. Figure 1 shows that the dataset mainly includes three types of annotations: worker,
helmet, and anchor bolt. Table 1 displays detailed information for each category in the
dataset. It is worth noting that collecting data in real mines under extremely low-light
conditions is very challenging, and the quality and quantity of corresponding images are
limited. Therefore, following the approach in reference [18], we adjusted normal images and
artificially synthesized a low-light dataset. In addition, in order to demonstrate the effect of
the algorithm proposed in this paper on low-light enhancement, relevant verification was
carried out on the basis of the publicly available low-light datasets LOL [19], Exdark [20]
and LIME [21].

Figure 1. Self-built dataset partial display.

Table 1. Information statistics of self-built dataset.

Category Number of Labels Number of Pictures

Worker 9758 1185
Helmet 14,541 3261

Anchor bolt 6531 2054
Sum 30,830 6500

The LOL dataset consists of 500 pairs of low-light and normal-light images, which are
divided into 485 pairs of training images and 15 pairs of validation images. The resolution
of the images is 400 × 600. The Exdark dataset contains 7363 low-light images with
annotations for 12 target categories. The LIME dataset is reference-free low-light image
data, composed of 10 low-light images of different scenes.

2.1.2. Low-Light Synthesis Method

A uniform distribution of γ ∼ Uniform(2, 5) with random variable γ is selected
to result in training patches that are darkened to a varying degree. To simulate low-
quality cameras used to capture images, these original training patches are corrupted by
Gaussian noise via the MATLAB R2023b function imnoise with standard deviation of
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σ =
√

B(25/255)2, where B ∼ Uniform(0, 1). Hence, the final corrupted image and the
original image exhibit the following relationship:

Itrain = n
(

g
(

Ioriginal

))
(1)

where function g(.) represents the gamma adjustment function and n(.) epresents the
noise function.

Random gamma darkening with random noise levels result in a variety of training
images that can increase the robustness of the model. In reality, natural low-light images
may also include quantization and Poisson noise (e.g., images captured with imaging
sensors such as CCD and CMOS) in addition to Gaussian noise. We chose to focus on the
Gaussian-only model for the ease of analysis and as a preliminary feasibility study of the
framework trained on synthetic images and applied to natural images. Furthermore, since
Gaussian noise is a very familiar yet popular noise model for many image denoising tasks,
we can acquire a sense of how well LIENet performs with respect to other image enhance-
ment algorithms. While training the model, the network attempts to remove the noise
and simultaneously enhance the contrast of these darkened patches. The reconstructed
image is compared against the clean version (i.e., bright, noiseless image) by computing
the mean-squared error.

In this study, the paired synthetic low-light images and their corresponding original
normal-light images generated by the above method will serve as the ground truth for
subsequent objective image quality assessment (PSNR, SSIM).

2.2. Network Architecture
2.2.1. LIENet

Due to the limited lighting conditions in underground mines, most of the collected
images exhibit characteristics of low light and low contrast. To enhance the brightness and
contrast of images captured in underground mines while minimizing the burden on model
parameters, we designed the lightweight image enhancement network LIENet (as shown
in Figure 2) as an image preprocessing method, referencing the Zero-DCE algorithm. It is
worth noting that the convolutional kernels used in the model have a size of 3, padding of
1, and 32 channels.

 
Figure 2. Low-light enhancement network model structure (LIENet).

2.2.2. Low-Light Enhancement Algorithm

We analyzed the pixel distribution in the dataset and found that the majority of image
pixels are distributed within the range of [0, 0.32] (as shown in Figure 3). Therefore, the
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image enhancement network model in this paper mainly focuses on the characteristics of
low pixel regions.

Figure 3. Low-light images and grayscale histogram.

To this end, this paper redesigns a set of illumination enhancement curves based on
double gamma function correction for low-light images collected in underground mines, as
shown below:

F(x; α) = αGa (x) + (1 − α) Gb (x), 0 ≤ α ≤ 1 (2)

where Ga(x) = x1/γ, Gb(x) = 1 − (1 − x)1/γ and γ is an adjustable variable used to
adjust the degree of image enhancement. After related testing, we set it to 4; this value
is chosen based on the alignment between the specific distribution of low-light mine
images (as shown in Figure 3, where pixels are highly concentrated in the [0, 0.32] interval)
and the characteristics of the dual-gamma function. When γ = 4, the function x(1/γ)

exhibits a pronounced stretching slope in the low-value region, effectively enhancing the
dominant dark pixels. Simultaneously, the overall morphology of the function remains
smooth, avoiding excessive enhancement in mid-tone and high-light areas. This achieves
an optimal balance between dark detail recovery and overall visual naturalness. Fixing
this key parameter aligns with our design philosophy of building a lightweight, stable, and
easily deployable enhancement network (LIENet). x is the input pixel value, F(x; α) is the
corresponding output pixel value, and α is the illumination enhancement parameter, which
can be learned by the enhancement parameter prediction network in the proposed model.
In addition, we compared the quadratic iterative enhancement function used in the original
ZeroDCE algorithm, with the following function expression:

E(x; α) = x + αx(1 − x) (3)

The corresponding illumination mapping curves under different α values are shown
in Figure 4:
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Figure 4. Mapping curve under quadratic iterative function.

Correspondingly, under the condition of setting γ to 4, the results of the redesigned
dual-gamma illumination mapping curve under different α values are shown in Figure 5:

Figure 5. Mapping curve under double gamma function.

Through comparison, it was found that the quadratic iterative enhancement function
in the original algorithm only has an enhancing or weakening effect for each α value, and
the adjusted illumination range is relatively small. Therefore, in the original algorithm,
dynamic adjustment of light intensity was achieved through eight iterations to control
the exposure level and increase the range of light adjustment. The illumination mapping
curve proposed in this paper based on dual-gamma correction will enhance the low pixel
area within a certain range based on different illumination enhancement parameters, while
suppressing the high pixel area, thereby avoiding excessive exposure in the enhanced image.
In addition, the proposed illumination mapping curve can adjust the illumination over a
large range without the need for function iteration, requiring fewer learning parameters
and a lighter network.

In the actual model, to ensure that each pixel in the image can achieve dynamic
adjustment, the relationship between the enhanced image and the low-light image is
established as follows:

F(X; A) = AGa(X) + (1 − A)Gb(X) (4)

where A is the enhancement parameter matrix composed of the illumination enhancement
parameter a, corresponding in scale to the input image. X is the input image composed
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of a large number of pixels. By substituting the obtained output enhancement parameter
matrix A into Equation (3), the output image with a bright effect can be obtained.

2.3. Illumination Model Loss Function Design

Many illumination enhancement models require a large amount of manually labeled
or paired datasets for supervised learning, which is time consuming, inefficient, and less
applicable in different scenarios. In order to achieve lightweight network model design
and improve the generalization of the network, a set of non-reference loss functions is
designed to guide the network to learn the mapping relationship between low illumination
and normal illumination. By introducing this loss function, the model can achieve zero-
reference learning without relying on any data labels. This loss function consists of four
parts specifically:

1. Spatial Consistency Loss (Lspa):

Lspa =
1
S

s
∑

i=1
∑

j∈Ω(i)

(
|Yi − Yj| − |Ii − Ij|

)2
(5)

where S represents the number of local regions partitioned from the image, Ω(i) denotes
the four neighboring regions (up, down, left, and right) with region i as the center, Y and I
respectively represent the average intensity values of local regions in the low-light image
and the enhanced image.

2. Exposure Control Loss (Lexp):

Lexp = 1
M

M
∑

k=1
|Yk − E| (6)

In the equation, M represents the number of non-overlapping local regions with a size
of 16 × 16 pixels, and the average intensity value of local regions in the enhanced image is
denoted as Y. The exposure control loss measures the distance between the average intensity
value of a local region to the well-exposedness level E. We follow existing practices [10] to
set E as the gray level in the RGB color space. We set E to 0.6 in our experiments, although
we do not find much performance difference by setting E within [0.4,0.7].

3. Color Constancy Loss (Lcol):

Lcol = ∑
∀(ρ,q)∈ε

(
Jp − Jq)2

(7)

where Jp and Jq represent the average intensity values of channels p and q in the enhanced
image, and ε = {(R, G), (R, B), (G, B)} represents any two combinations of channels in the
RGB color space.

4. Illuminance Smoothness Loss (LtvA):

LtvA = 1
N

N
∑

n=1
∑

c∈δ

(
| ∇xAc

n | + | ∇yAc
n |)2 , δ = {R, G, B} (8)

In the equation, N is the number of iterations and ∇x and ∇y represent the horizon-
tal/vertical gradient values of corresponding channel pixel values.

5. Total Loss (Ltotal):

Ltotal = Lspa + Lexp + Wcol Lcol + WtvALtvA (9)
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In the equation, Wcol and WtvA act as weight parameters to balance the weight scales
between different losses. Based on multiple comparative experiments, Wcol is set to 0.5 and
WtvA is set to 20 for better performance.

2.4. Improvement of YOLOv8 Object Detection Algorithm

The YOLOv8 [22] network model structure (as shown in Figure 6) mainly consists of
three parts: Backbone, Neck, and Head. The input image is processed by the Backbone
network and output three different scale feature maps at stage 3, stage 4, and stage 5, with
spatial sizes of 1/8, 1/16, and 1/32 of the input image, respectively. The three feature maps
generated by the Backbone network are then fused into multi-scale feature maps by the
Neck section, which adopts the structure of feature pyramid and path aggregation networks
to further enhance the feature representation ability, thereby improving the accuracy and
efficiency of object detection. After processing by the Neck section, three feature maps
of different scales are still output, and the final processing by the Head section produces
object detection results at three different scales: large, medium, and small. In the original
YOLOv8 algorithm, although the FPN structure used in the Neck section can effectively
integrate multi-scale inter-layer features at different levels, it ignores intra-layer features at
the same level, which are essential for object detection and recognition. The application of
visual transformers and attention mechanisms can to some extent learn compact intra-layer
feature representations, but there are still disadvantages such as insufficient attention to
corner regions and high computational complexity. Inspired by references [23–25], we
replaced the attention module in the transformer model with a spatial pooling layer, which
can simplify the network structure while extracting the long-term correlation of input
features. In addition, in order to obtain locally correlated features of input features, we
designed a lightweight encoder structure as an additional parallel branch structure to
extract these features from input feature maps, and the final network model structure is
shown in Figure 7.

Figure 6. Improved structure of YOLOv8 object detection algorithm.
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Figure 7. Network model structure diagram.

As shown in Figure 7, the proposed HFE network is composed of two parallel parts,
with the PLP module obtained by concatenating two residual modules, which is a general
structure also used in some transformer models. What sets it apart is that in the PLP module,
we use spatial pooling layers instead of attention modules to mix information between
tokens and employ DropPath operations to improve the model’s generalization ability and
robustness. This structure has been proven in subsequent experiments to effectively extract
the long-term correlated characteristics of image features, thereby enhancing the model’s
recognition accuracy. In addition, another structure, PLEM, is parallelly connected to obtain
the local correlation information of the input image. This module is mainly composed of a
codebook and fully connected layers. The specific processing flow of the corresponding
module is as follows:

PLP: Specifically, after the input features undergo group normalization, they are
used as inputs to the spatial pooling layer. The computational complexity of pooling is
linearly related to the sequence length and does not require learnable parameters, which
significantly reduces the model’s parameter quantity and complexity. The above process
can be expressed using the following formula:

Y = Pooling(GN(X)) + X (10)

In the context of a residual module, X represents the input to the first residual module,
Y represents the output of the residual module, GN stands for group normalization, and
“Pooling” represents the spatial average pooling operation, with pool size set to 3 and
padding set to 1.

For the residual structure based on Channel MLP, where Y serves as the input to this
structure, it undergoes group normalization operation first, and then the input features
are processed using Channel MLP. Compared with space MLP, Channel MLP not only
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effectively reduces computational complexity but also meets the requirements of general
visual tasks. The above process can be specifically represented as follows:

Z = CM(GN(Y)) + Y (11)

In the above equation, CM represents Channel MLP and Z represents the output of
the second residual module.

PLEM: The composition of the codebook mainly includes two parts: visual codewords
B = b1, b2, . . . , bK and a set of learnable scaling factors S = s1, s2, . . . , sK. In the model
construction process, we set K to 64.

The processing flow of the inherent dictionary can be expressed as follows:
Using a set of scaling factors S to map the positional information of the input image

features and B correspondingly, the information eik of the i-th pixel xi with respect to the
k-th codeword can be obtained from the following equation:

eik =
e−sk∥xi−bk∥

2

∑K
k=1 e−sk∥xi−bk∥2 (xi − bk) (12)

where bk represents the k-th learnable visual codeword, sk represents the k-th scaling factor,
and xi − bk represents the positional information of each pixel relative to the codeword.
Similarly, the positional information ek of the entire image pixels with respect to the k-th
codeword can be expressed as follows:

ek =
N
∑

i=1
eik (13)

where N = H × W represents the total number of features in the input features, and H and
W represent the spatial size of the input features in height and width, respectively. After
obtaining the output ek of the codebook, the complete information of the entire image with
respect to all codewords can be calculated using the following equation:

e =
K
∑

k=1
φ(ek) (14)

where φ includes operations such as ReLU, normalization BN, and average layer. The e is
sent into the fully connected layer and 1 × 1 convolutional layer to predict the features of
prominent key categories. Then, the obtained scaling factor coefficient δ(·) is multiplied
with the input feature Xin of the B module in the channel dimension, and the corresponding
process can be expressed as follows, where δ represents the sigmoid function operation and
⊗ represents channel multiplication. Finally, the obtained Out is added to the input feature
Xin of the B module in the channel dimension on a per-channel basis.

LVC(X in) = Xin ⊕ Out (15)

2.5. Loss Function of Object Detection Model

The detection model’s loss function includes both classification loss and regression
loss. YOLOv8 uses the same classification head structure as YOLOv5, using BCE (Bi-
nary Cross-Entropy) loss function as the classifier’s evaluation criterion, as shown in
Equation (15):

L = 1
N

N
∑

i=1
−[yi · log(pi) + (1 − yi) · log(1 − pi)] (16)
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where yi represents the true label of sample i and pi represents the predicted label of
sample i. For regression loss, the detection task commonly uses IoU to measure the overlap
between the predicted box and the true box, which can be expressed as follows:

IoU = |A∩B|
|A∪B| (17)

where A ∩ B and A ∪ B represent the intersection and union areas of the predicted box and
the true region. In order to consider the distance factors between the predicted box and the
true box and accelerate the convergence process, YOLOv8 uses CIoU Loss as part of the
regression loss, which can be specifically expressed as follows:

LCIoU = 1 − loU +
ρ2(b,bgt)

c2 + αν (18)

where b and bgt respectively represent the center coordinates of the predicted box and the
true box; p2(·) represents the Euclidean distance between the two coordinates; c represents
the diagonal length of the minimum bounding rectangle of the predicted box and the true
box; in addition, α and ν represent

ν = 4
π2

(
arctan Wgt

hgt − arctan w
h

)
(19)

α = ν
(1−IoU)+ν (20)

2.6. Overall Training and Inference Pipeline

Figures 8 and 9 clearly illustrate the collaborative workflow between the proposed
LIENet enhancement module and the YOLOv8-HFE detection module during the training
and inference stages.

Figure 8. Training phase: two-stage independent training pipeline.

Figure 9. Inference phase: sequential processing pipeline.

(1) The training stage adopts a two-stage independent training strategy (Figure 8). In
the first stage, the LIENet network is independently trained in an unsupervised manner
on low-light images using the non-reference loss function Ltotal . In the second stage, the
weights of the trained LIENet from the first stage are fixed and it serves as a preprocessing
module to enhance the low-light images in the training set. Subsequently, the YOLOv8-HFE
detection network is trained under supervision using these enhanced images along with
their corresponding annotations. The two networks are not trained jointly in an end-to-
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end manner. This design ensures the stable optimization of each module and maintains
methodological flexibility.

(2) The inference stage follows a sequential pipeline mode (Figure 9). For an input
unknown low-light image, it is first enhanced by the fixed-weight LIENet module. The
enhanced image is then fed directly into the fixed-weight YOLOv8-HFE detector to finally
output the target detection results.

3. Results
3.1. Experiment Preparation

This paper’s experiments consist of two parts: low-light enhancement and object
detection. The low-light enhancement model adopts the LIENet proposed in this paper and
uses 1200 low-light images as the training set for the model. Since the training process is
driven by unsupervised learning based on the non-reference loss function, there is no need
to pair or annotate the low-light dataset in advance. The experimental operating system is
Ubuntu 20.04, the graphics card is NVIDIA GeForce RTX 3090, and the network framework
is PyTorch 2.0.1. During the training process, we set the training epochs to 90 and batch
size to 8, using the Adam optimizer, and set the learning rate to 0.0001. The object detection
network uses the improved YOLOv8 model for detection. Before training, the images need
to be resized to 640 × 640, and the self-built mine dataset is divided into a training set and
a validation set at a ratio of 4:1. The batch size is set to 32, epochs to 300, and SGD is used
for optimization training, with momentum set to 0.9. Figure 10 shows the loss situation of
the training set and the validation set during the training process. It can be seen that after
280 epochs, the loss of the training set tends to stabilize.

Figure 10. Improved YOLOv8 training loss convergence curve.

3.2. Image Enhancement Evaluation Index

The ultimate goal of this work is to improve target detection performance in low-light
conditions. Therefore, we consider the mean average precision (mAP) of object detection
as the core and final metric for evaluating the utility of image enhancement algorithms.
Meanwhile, to analyze enhancement quality from different perspectives, we also report full-
reference image quality metrics (PSNR, SSIM) and no-reference metrics (NIQE, BRISQUE).
Among them, PSNR and SSIM are calculated only on our self-built synthetic dataset which
has paired ground truth, providing a reference for pixel-level restoration fidelity.

To verify the enhancement effect of the low-light image enhancement algorithm pro-
posed in this paper, five mainstream algorithms were selected for comparative experiments,
including Retinex-Net [26], MIRNetv2 [7], MBLLEN [26], Zero-DCE [10], and SCI [27]. In
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addition, three low-light enhancement algorithms based on traditional algorithms were
also selected for comparison, including LIME, Dong [28] and BIMEF [29].

Among them, Retinex-Net, MIRNetv2, and MBLLEN are supervised learning algo-
rithms, SCI is an unsupervised learning algorithm, and Zero-DCE is a zero-reference
learning algorithm. This article will evaluate the effects of image enhancement from both
subjective visual aspects and objective metrics. In terms of objective evaluation, to si-
multaneously assess the quality of image processing and its impact on target detection
performance, we will use peak signal-to-noise ratio (PSNR), structural similarity index
(SSIM), Natural Image Quality Evaluator (NIQE), and mean average precision (mAP) in
detection tasks as evaluation metrics.

(1) Peak signal-to-noise ratio (PSNR) is used to evaluate the quality of image process-
ing. It is calculated by comparing the grayscale values of image pixels before and after
enhancement, and is measured in decibels. A higher value indicates less distortion and
better image quality. The calculation process is as follows:

PSNR = 20 × log10

(
IMax√

Mse

)
(21)

In the formula, IMax represents the maximum value of the input data, and Mse repre-
sents the mean squared error between the images before and after enhancement.

(2) Structural similarity is a metric for measuring the similarity between two im-
ages, ranging from 0 to 1, where closer to 1 indicates better similarity. The formula is
shown below:

SSIM(x, y) = (2µxµy+c1)(2σxy+c2)
(µ2

t +µ2
y+c1)(σ2

x+σ2
y+c2)

(22)

(3) Natural Image Quality Evaluator (NIQE) is a no-reference, distortion-free im-
age quality assessment metric, where a lower value indicates better image quality. The
expression is shown below:

D(v1, v2, Σ1, Σ2) =

√(
(v1 − v2)

T
(

Σ1+Σ2
2

)−1
(v1 − v2)

)
(23)

Here, v1, v2, Σ1, and Σ2 represent the mean and covariance matrices of the natural
MVG model and the distorted image MVG model, respectively.

(4) mAP is the average value of AP (average precision) for all categories, used to
measure the accuracy of the model in detecting multiple classes of objects. AP is calculated
by computing the area enclosed by the precision–recall (PR) curve, where precision and
recall are calculated by the following formulas.

Precision = TP
TP+FP (24)

Recall = TP
TP+FN (25)

TP represents the number of true positive predictions, FP represents the number of
false positive predictions, and FN represents the number of false negative predictions.
Different confidence threshold values can be selected to plot different PR curves, and the
corresponding AP value can be obtained by calculating the area under the curve.

3.3. Image Enhancement Effect Analysis

Comparative experiments were conducted on the image enhancement algorithm
proposed in this paper and the other eight low-light enhancement algorithms on the self-
built dataset, LOL, Exdark and LIME. The comparison results in six scenes were selected
for subjective analysis. Among them, Scene 4 was taken from the Exdark dataset, Scene 5
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was sourced from the LIME dataset, and Scene 6 was sourced from the LOL dataset. The
comparison results are shown in Figure 11.

 

Figure 11. Comparison results of different image enhancement algorithms on self-built dataset.

From Figure 11, it can be seen that after enhancement by the RetinexNet network, the
brightness of the image is significantly improved, but the corresponding colors and textures
are not harmonious, and there is insufficient clarity in the highlighted area, leading to
limited information content. MIRNetv2 performs well in color restoration but has limited
enhancement effects on darker areas. MBLLEN and ZeroDCE show good visual restoration
effects and no texture distortion, but the overall brightness improvement is limited. The
image enhanced by SCI also exhibits low brightness and contrast and the other three
enhancement algorithms based on traditional algorithms also have problems such as noise,
color deviation and relatively low brightness to a greater or lesser extent. In contrast, the
algorithm proposed in this paper can achieve better color saturation after enhancing the
images. It retains the detailed information of the images while enhancing the contrast,
significantly improves the brightness, and makes the colors more natural.

To intuitively demonstrate the differences in detail recovery among various enhance-
ment algorithms, Figure 12 provides a zoomed-in comparison of the critical region in
Scene 1 from Figure 11. In the original low-light image, this region is almost devoid of
recognizable target features due to severe underexposure. After enhancement by LIENet,
details such as the texture of the safety helmet and the contours of tools are clearly restored.
This directly explains why, in the corresponding detection results shown in Figure 12, the
detection model using LIENet-enhanced input can identify targets in this region more
accurately. In contrast, other enhancement algorithms exhibit limited detail recovery ca-
pabilities in this area, which contributes to missed or false detections in the subsequent
detection task.

 

Figure 12. Zoomed-in comparison of different enhancement algorithms on the critical region (red box
in Scene 1 of Figure 11).

Objective Quantitative Analysis: In order to better verify the enhancement effect and
lightweight model structure of the LIENet proposed in this paper, the eight low-light
enhancement algorithms mentioned above were selected to be compared with the LIENet
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proposed herein. In terms of performance metrics, PSNR, mAP, the number of model
parameters and running time were chosen. The experimental results corresponding to each
enhancement algorithm on the self-built dataset are shown in Table 2, where the black bold
font represents the optimal results and the underlined font rep-resents the second-best
results.. It should be noted that the original size of the input images was all 640 × 640,
and the improved YOLOv8 detection model was used for the detection network. For the
objective quality assessment on the self-built dataset, we used the original normal-light
images corresponding to the synthetic low-light images as the ground truth for calculating
PSNR and SSIM metrics. These reference images are the original ones before darkening and
noise addition in the synthesis process, thus providing a reasonable basis for evaluating
the restoration capability of enhancement algorithms.

Table 2. Performance comparison of various low-light image enhancement algorithms.

Enhanced Network PSNR↑ SSIM↑ mAP@0.75 Model
Parameter/103

Inference
Time/ms Platform

RetinexNet 18.01 0.545 80.86% 555.21 128 Pytorch (GPU)
MIRNetv2 19.73 0.613 81.74% 5858.56 802 Pytorch (GPU)

MBLLEN 21.49 0.662 82.54% 450.17 7890 Tensorflow
(GPU)

Zero-DCE 18.44 0.582 82.13% 79.42 8.89 Pytorch (GPU)
SCI 18.14 0.513 82.11% 0.26 0.574 Pytorch (GPU)

BIMEF 15.62 0.452 76.54% - - Python 3.9
Dong 16.21 0.482 77.13% - - Python 3.9
LIME 17.58 0.515 79.65% - - Pytorch (GPU)

LIENet 22.59 0.721 83.44% 67.3 7.4 Pytorch (GPU)

The tabulated data show that the images processed by the proposed algorithm achieve
the highest mean average precision (mAP) after passing through the detection model, with
an mAP@0.75 of 83.44%. Simultaneously, the algorithm also outperforms other comparative
methods in image fidelity metrics, PSNR and SSIM, indicating that its enhancement process
effectively improves image quality while avoiding over-enhancement artifacts, thereby
reducing distortion. These results collectively demonstrate that LIENet is superior to other
illumination enhancement models in terms of overall color restoration and downstream
detection effectiveness.

Regarding model efficiency, LIENet exhibits a notable lightweight advantage. Its
parameter count is only 67.3K, which is significantly lower than other deep learning-based
models (e.g., RetinexNet: 555.21K, MIRNetv2: 5858.56K). Although the SCI algorithm
has an even lower parameter count, LIENet performs better in both color restoration
and detection accuracy, achieving a more favorable trade-off between performance and
efficiency. It should be noted that while our method achieves relatively excellent results in
inference time, the absolute fairness of cross-platform comparisons may be influenced by
architectural differences, as different algorithms rely on disparate software frameworks,
implementation optimizations, and hardware adaptations. Nonetheless, the extremely low
parameter count of LIENet provides a fundamental guarantee for its efficient inference in
practical deployment.

In addition, we also verified different enhancement algorithms in the LOL, ExDark
and LIME datasets respectively. In the LOL dataset, the commonly used image quality
assessment metrics, namely peak signal-to-noise ratio (PSNR) and Structural similarity
index measure (SSIM), were adopted for evaluation. Since the LIME and ExDark datasets
do not have corresponding low-light reference images, and low-light images in real life
do not have corresponding ground truth either, we used the no-reference evaluation
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metrics, Naturalness Image Quality Evaluator (NIQE) and Blind/Referenceless Image
Spatial Quality Evaluator (BRISQUE), instead. The corresponding experimental results
are shown in Table 3, where the black bold font represents the optimal results and the
underlined font represents the second-best results.

Table 3. Performance comparison of various low-light image enhancement algorithms.

Dataset LOL ExDark LIME

Evaluation PSNR↑ SSIM↑ NIQE↓ BRISQUE↓ NIQE↓ BRISQUE↓
RetinexNet 17.64 0.47 4.42 31.82 5.26 29.47
MIRNetv2 23.54 0.84 3.15 24.53 3.82 21.24
Zero-DCE 14.86 0.56 3.22 25.95 3.96 23.73

SCI 15.12 0.51 3.95 27.56 4.28 24.41
LIME 16.75 0.56 3.38 26.43 4.35 22.31
Dong 16.72 0.48 3.85 29.51 4.24 26.22

BIMEF 13.86 0.60 3.18 25.46 3.92 24.25
LIENet 21.54 0.86 3.03 23.47 3.78 22.22

In order to more intuitively reflect the recognition effect of different enhancement
algorithms on the detection model, the improved YOLOv8 is used as the target detection
model, and the outputs of different image enhancement algorithms are used as inputs to the
detection model. The corresponding visual results are shown in Figure 13. From the figure,
it can be seen that the recognition effect of the detection model under low-light conditions
is not ideal, with a large number of missed detections and false alarms. RetinexNet and
MIRNetv2 algorithms exhibit some missed detections for small targets such as safety
helmets. MBLLEN, Zero-DCE, and SCI algorithms show false alarms in the dark areas;
for example, in scenario 1, all three algorithms mistakenly identify the tool bag carried by
the worker as a helmet. The traditional Dong algorithm and the BIMEF algorithm have
limited detection effects on small target objects. Moreover, due to insufficient brightness
and a large amount of noise information, the detection effect in dark areas is rather poor.
The LIME algorithm also has a large number of missed detections in the areas where
targets are concentrated. For example, in Scene 4, some people were not detected due
to the interference of noise information. In contrast, the images enhanced by LIENet are
more conducive to the recognition of the detection model. It can identify the targets that
are easily overlooked in other enhanced images, and the situations of missed detections
and false detections have been significantly improved. In addition, there are remarkable
improvements in indicators such as the recognition rate and confidence level.

 

Figure 13. Detection results corresponding to different image enhancement algorithms on the self-
built dataset.
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3.4. Target Detection Performance Evaluation

In order to verify the accuracy of the algorithm proposed in this paper for the identifi-
cation and positioning of different targets in underground mines, we selected some classic
target detection algorithms for comparative experiments, including Faster R-CNN [30],
SSD [31], RetinaNet [32], YOLOv5 [33], CenterNet [34], and FCOS [35]. Meanwhile, we
also compared with some target detection algorithms based on low-light scenes in the
past two years, including those proposed by Wang et al. [36], Peng et al. [37] and Zhou
et al. [38]. Among them, Faster R-CNN is a classic two-stage target detection algorithm that
requires generating candidate regions in advance. SSD, RetinaNet, and YOLOv5 are famous
one-stage target detection networks that directly generate object category probabilities and
position coordinate values without the need for proposing boxes. CenterNet and FCOS
are anchor-free single-stage target detection algorithms based on the anchor-free concept,
which can save memory consumption during training.

Table 4 shows the mAP and FPS of various comparative algorithms on a self-built
mine dataset. It can be seen from the results that the detection accuracy evaluation indicator
mAP@0.5 of the algorithm proposed in this paper reaches 96.96%, and mAP@0.5:0.95 can
reach 71.1%, significantly higher than other comparative algorithms. Compared with the
YOLOv8s baseline model, there is a 2.42% increase in accuracy, making the target detection
performance in low-light mine environments more ideal. Additionally, while ensuring
high accuracy, the model’s inference FPS can still reach 35.2 frames per second, giving it a
competitive advantage over other algorithms and meeting the real-time detection needs in
mine environments.

Table 4. Evaluation of object detection performance metrics.

Enhanced
Network

Detection
Network Backbone mAP@0.5 mAP@0.75 mAP@0.5:0.95 FPS

LIENet

Faster R-CNN ResNet50 94.25% 71.62% 63.42% 18.22
SSD VGG16 92.93% 64.78% 59.40% 45.63

RetinaNet ResNet50 94.85% 72.57% 63.23% 23.66
YOLOv5s CSP-DarkNet53 95.44% 76.24% 67.72% 31.94
CenterNet ResNet50 93.54% 66.26% 61.17% 35.43

FCOS ResNet50 94.27% 68.50% 60.54% 26.79
YOLOv8s CSP-DarkNet53 95.61% 78.51% 68.68% 39.37

Wang et al. [36] - 93.45% 75.56% 65.92% 27.54
Peng et al. [37] - 92.32% 72.45% 65.54% 25.4
Zhou et al. [38] - 95.94% 79.56% 69.53% 28.54

proposed method - 96.96% 83.44% 72.50% 35.2

In addition, we visualized the training results. Figure 14 compares the precision–recall
(PR) curves of the participating models on the self-built dataset in this paper, and it shows
the mAP situation corresponding to a threshold value of 0.5. It can be seen from it that
the area formed by the PR curve of our proposed model is the largest, indicating that our
method has the best detection performance.
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Figure 14. PR curves under different models (Wang et al. [36], Peng et al. [37] and Zhou et al. [38]).

3.5. Ablation Experiment

To verify the effectiveness of each improvement module in the target detection perfor-
mance of the algorithm in this paper, ablation experiments were conducted on the baseline
model, gradually introducing the LIENet, PLP, and PLEM modules, as shown in Table 5.

Table 5. Results of ablation experiment.

YOLOv8s LIENet PLP PLEM mAP@0.5 mAP@0.75 mAP@0.5:0.95 Runtime/ms
√

94.70% 75.34% 64.52% 18√ √
95.61% 78.51% 69.68% 25.4√ √
96.27% 82.63% 71.86% 27.5√ √ √
96.8% 83.10% 72.17% 27.8√ √ √ √

96.96% 83.44% 72.50% 28.4

From the data in the table, it is evident that when we only use the baseline model to
detect images without undergoing image enhancement, the corresponding average preci-
sion is the lowest, with an mAP@0.5:0.95(%) value of 64.52%. When the LIENet algorithm is
introduced for image enhancement, the model’s detection accuracy immediately improves
significantly. Compared to before the introduction, the corresponding mAP@0.5:0.95(%)
increases by 5.16%, while the corresponding runtime only increases by 7.4ms. Furthermore,
when the PLP module is introduced to capture the long-term correlations between input
features, the model’s accuracy increases by 2.18%. Similarly, with the introduction of the
PLEM for extracting features of locally related regions, the model’s accuracy increases by
2.49%. Finally, after introducing the LIENet, PLP, and PLEM modules simultaneously on the
baseline model, the model achieves the highest detection accuracy, with an mAP@0.5 reach-
ing 96.96%. Although the runtime increases by 10.4ms compared to not introducing any
modules, there is a 7.98% improvement in the mAP@0.5:0.95(%), fully demonstrating the
excellent detection performance of the proposed algorithm in low-light mine environments.

To evaluate the robustness of the final model, we conducted training with five different
random seeds under identical configurations (with γ fixed at 4 and E at 0.6). The mean
(µ) and standard deviation (σ) of the detection performance (mAP@0.5:0.95) are reported.
The results show a mean performance of 72.3% with a standard deviation of ±0.4%,
demonstrating that our method maintains highly stable performance across different
random initializations.
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4. Discussion
Under the influence of the objective environment with low visibility and the imaging

equipment with limited performance, the collected images inevitably have a relatively
low visual quality, which brings certain difficulties to the target detection task. In order
to improve the image quality and the efficiency of target detection, in this work, we
first proposed a lightweight zero-reference image enhancement algorithm, LIENet, which
utilizes a dual-gamma enhancement curve to achieve wide-range brightness adaptive
adjustment with a small number of iterations, addressing issues such as insufficient contrast
enhancement in enhanced images, limited enhancement in dark areas, and exposure
phenomena. In addition, to address the issue of inadequate full-level feature extraction
in target detection models, we proposed a global feature extraction method, HFE, where
PLP is used to capture long-term correlations and PLEM is used to extract local relevant
information of input features. A large number of comparative experiments were conducted
on a self-built mine personnel dataset, comparing with some excellent target detection
algorithms. The proposed method achieved an average accuracy of up to 96.96% in low-
light scenes, with a single-frame image inference time of only 28.4ms, overall superior
to other comparative methods. This indicates that the algorithm in this paper has high
detection accuracy, lightweight model size, high flexibility, and fast detection speed. We
also conducted extensive ablation experiments to demonstrate the effectiveness of each
improvement module in enhancing model performance. Although the above-mentioned
methods can effectively enhance low-light images and conduct efficient detection, there are
still some limitations, mainly in the following aspects:

1. Limitations of application scenarios: The algorithm proposed in this paper is devel-
oped primarily to address the low-light conditions prevalent in underground mine
environments. It is important to clarify that this work focuses specifically on illumina-
tion enhancement and does not explicitly handle other common visual degradations
in such settings, including but not limited to dust scattering, lens contamination,
motion blur from equipment vibration, strong local glare, and dense occlusion. Con-
sequently, when deployed in scenarios where these additional factors are prominent,
the performance of the proposed method may be suboptimal, and further adaptation
or integration with complementary techniques would be necessary to achieve robust
performance.

2. Integration with downstream tasks: The algorithm proposed in this paper has
achieved certain effects in target detection under low-light environments, but the
application of the algorithm goes far beyond this. For example, it can be combined
with detection in the research on underground positioning in mines. In this case,
targeted improvements to the algorithm are required to optimize the performance of
specific downstream tasks.

In the follow-up, we will also conduct research on the above limitations to promote
the informatization and intelligent development of coal mines.
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