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Abstract: Coal mine scene image recognition is vital for safety monitoring and equipment detection, but
traditional methods often rely on manually designed neural network architectures. These models face
difficulties in handling the complex backgrounds, low illumination, and diverse objects typical in coal
mine environments. Manual designs are not only inefficient but also limit the exploration of optimal
architectures, leading to subpar performance. To address these challenges, we propose using Neural
Architecture Search (NAS) to automate the design of neural networks. While traditional NAS methods
are computationally intensive, we enhance the process by incorporating Particle Swarm Optimization
(PSO), a scalable algorithm known for its ability to balance global and local search. To further improve
PSO’s efficiency, we integrate the Lifespan mechanism, which prevents premature convergence and
ensures more thorough exploration of the search space. Our proposed method defines a flexible search
space that includes various types of convolutional layers, activation functions, pooling operations,
and network depths, allowing for a comprehensive optimization process. Extensive experiments
demonstrate that the Lifespan-PSO NAS method outperforms traditional manually designed networks
and standard PSO-based NAS approaches, offering significant improvements in both recognition
accuracy and computational efficiency. This makes it a highly effective solution for real-world coal
mine image recognition tasks via a PSO-optimized approach in terms of performance and efficiency.

Keywords: neural architecture search; lifespan; particle swarm optimization; deep learning; computer
vision

1. Introduction
In coal mining production and safety management, image recognition technology is becoming

increasingly widespread, especially in automated detection and monitoring systems in mining envi-
ronments, where image recognition can effectively improve work efficiency and ensure production
safety. Coal mine scene images typically consist of complex backgrounds, low lighting conditions,
and a variety of objects within the mining area, posing critical challenges for image recognition. To
address these challenges, traditional computer vision techniques, such as edge detection and template
matching, are often insufficient, while deep learning-based neural network methods have shown great
potential in coal mine scene image recognition.

Neural Architecture Search (NAS) [1–3], as a technology for automating the optimization of neural
network structures, has made remarkable progress in various application fields in recent years. By
searching for the optimal network structure, NAS can significantly improve network performance
while reducing computational costs, especially when dealing with complex dependencies and multi-
task applications [4]. However, existing NAS methods often focus on optimizing network structures in
fixed computational resource environments, ignoring the computational resource constraints that may
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exist in real-world applications, particularly in special scenarios such as coal mines, where performing
tasks with limited resources remains a challenge [5,6].

To address the above issues, this paper proposes a hybrid neural architecture search algorithm
optimized by Lifespan Particle Swarm Optimization (LPSO), termed NAS. This method combines
the global search capability of particle swarm optimization with the efficiency of lifespan in handling
complex problems, allowing for effective design of neural network architectures for coal mine scene
image recognition tasks under limited resources. By leveraging the LPSO optimization algorithm, we
not only achieve better network structure search but also balance network performance with computa-
tional resource consumption, ensuring efficient task execution in resource-constrained environments.
1) A hybrid neural architecture search algorithm, NAS, optimized by Lifespan-PSO, is proposed, which
is the first method to consider computational resource constraints for NAS under coal mine scene
image recognition tasks.
2) A hybrid model combining traditional PSO with deep learning is proposed, effectively enhancing
the adaptability and performance of neural networks [7–9].
3) Experiments conducted on multiple real coal mine scene image datasets demonstrate the advantages
of the proposed method in terms of recognition accuracy and computational efficiency. The experimen-
tal results show that NAS achieves a good balance between performance and resource consumption
[10,11].

The rest of this paper is organized as follows: Section 2 reviews related work; Section 3 presents
the problem definition and algorithm design; Section 4 provides experimental design and result
analysis; and Section 5 concludes the paper.

2. Related Work
Neural Architecture Search (NAS) is a critical technique for automating the design of deep neural

networks [12–16,18–21], aiming to find optimal architectures that achieve high performance on specific
tasks [22,23]. In the context of coal mine scene image recognition, the challenges are particularly
significant due to the high noise levels, low illumination, and complex backgrounds in the images.
Traditional image recognition methods often struggle with these issues, and manually designing neural
network architectures is both time-consuming and suboptimal [24,25]. Therefore, there is a need for
an efficient and effective NAS method tailored to the unique requirements of coal mine scene image
recognition.

3. Approach
3.1. Challenge

In this section, first, as presented in Figure 1, we analyze the key challenges of helmet object
detection in the coal mine scenario. The details are as follows:

High Noise and Low Illumination: Coal mine scene images often contain a lot of noise and
have low illumination(see Figure 1), making it difficult for traditional image recognition methods
to accurately identify features[26,27]. A detection model with excellent performance has limited
effectiveness in low-light and dusty environments, with a precision gap exceeding 0.02, which is
undesirable for us(as shown in Figure 1).

Complex Backgrounds: The backgrounds in coal mine scene images are highly variable and
complex, which can confuse standard image recognition algorithms[28,29].

Resource Constraints: Coal mine environments may have limited computational resources,
requiring efficient and lightweight neural network architectures[30,31].
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Figure 1. An example of coal mine scene recognition

3.2. Lifespan-PSO
3.2.1. The Overview of Lifespan-PSO

The proposed framework for the Lifespan-PSO Neural Architecture Search (NAS) model consists
of three primary components: the search space, the PSO-based search strategy, and the performance
evaluation strategy. This design is structured to optimize convolutional neural networks (CNNs)
specifically for coal mine scene image recognition by balancing computational efficiency and accuracy.
In defining the Lifespan-PSO model, we adopt the process as illustrated in Figure 2.

Figure 2. An example of coal mine scene recognition

This model utilizes a convolutional neural network (CNN)[32,33] architecture optimized specifi-
cally for image recognition tasks. Each network configuration is represented by different layers and
modules, such as convolutional, pooling, and fully connected layers, which are crucial in extracting
visual features from coal mine images. We use MBConv blocks [34,35], known for their efficiency and
low parameter count, as basic units in this architecture. The adaptable nodes in the structure allow for
flexible modifications and enable a search space that supports optimized feature extraction.

The search space is constructed to accommodate various convolutional neural network (CNN)
architectures, specifically tailored for image recognition in challenging coal mine environments. Each
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neural network architecture is represented as a series of configurable building blocks, enabling flexible
connectivity and layer customization[36].
Design Principle. As highlighted in the previous section, coal mine scene image recognition faces
several key challenges, including high noise levels, low illumination, complex backgrounds, and
limited computational resources. Traditional image recognition methods, which often rely on manually
designed neural networks, struggle to cope with these conditions effectively. To overcome these
limitations, this research proposes a hybrid Neural Architecture Search (NAS) algorithm utilizing
Lifespan-PSO (Particle Swarm Optimization) to design optimized neural network architectures for
coal mine image recognition tasks. The primary objective of the proposed solution is to enable image
recognition by adapting neural network models to the unique conditions of the coal mine environment.
Specifically, our method aims to address the above challenges via the following strategies:

Efficient Architecture Search: By leveraging Lifespan-PSO, the algorithm optimizes the search
for effective neural network architectures within the constraints of limited computational resources.
The Lifespan mechanism enhances the global search capability of PSO, enabling the model to explore
a wider solution space and avoid premature convergence, thus improving the search for robust
architectures.

Adaptability to Strict Environmental Conditions: The proposed method ensures that the neural
network models are tailored to cope with the high noise and low illumination levels typical of coal
mine environments. This is achieved by exploring a flexible search space that includes various types
of layers, activation functions, and pooling operations that can be optimized for recognition accuracy
under challenging conditions.

Resource-Efficient Design: The Lifespan-PSO algorithm is particularly suited for coal mine
environments, where computational resources are often limited. By optimizing neural architectures
to be both lightweight and efficient, the algorithm ensures that the resulting models can operate
on embedded or mobile systems, enabling real-time image recognition without requiring expensive
hardware.

The proposed Lifespan-PSO-NAS method addresses the key challenges of coal mine scene image
recognition by improving model efficiency, robustness, and adaptability, while ensuring that the
computational requirements remain feasible for real-world deployment. The significance of this
approach lies in its ability to provide a solution that is both accurate and efficient,which making it
ideal for safety-critical applications in resource-constrained environments(See Figure 3).

Figure 3. The recognition platform.

3.2.2. Input

Initially, we define the inputs by a labeled coal mine scene image dataset is used for training
and evaluation. This dataset comprises images taken in real coal mine environments, containing
challenging conditions like low visibility and noise. Coal mine images often contain substantial
noise, such as dust and particles. Gaussian filtering is applied to smooth the image and remove
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high-frequency noise. The method for Image Preprocessing is used for the noise removal to ensure
that the model can perform better. Here is the formula:

Ifiltered(x, y) =
k

∑
i=−k

k

∑
j=−k

G(i, j) · I(x + i, y + j), (1)

G(i, j) =
1

2πσ2 exp(− i2 + j2

2σ2 ), (2)

where G(i,j) is the Gaussian kernel function, which controls the smoothing effect. I(x+i,y+j) represents
the pixel value in the neighborhood around (x,y). Images are resized or cropped to meet the neural
network’s input size requirements, ensuring no information loss due to size mismatches. The resized
image formula is:

Iresized(x′, y′) = I(
x′

sx
,
y′

sy
), (3)

where Sx and Sy are the scaling factors for width and height, respectively.

Algorithm 1 Lifespan-PSO NAS

1: Input:population size N, maximum generations T, crossover probability Pc, mutation probability
Pm

2: Output:Optimal neural network architecture for coal mine scene recognition.
3: Initialize population of size N using Lifespan-PSO encoding;
4: Evaluate the fitness of each individual;
5: t← 0;
6: while t < T do
7: Initialize offspring population ← empty;
8: while size of offspring population < N do
9: Select two parents;

10: Apply crossover Pc and mutation Pm;
11: Add offspring to population;
12: end while;
13: Evaluate fitness of offspring;
14: Select N best individuals from population and offspring;
15: Divide into M groups;
16: if random number < perturbation threshold then
17: Perturb group seed;
18: end if
19: for each individual do
20: if random number < IDS threshold then
21: Create new individual using IDS from group seed;
22: else
23: Create individual by combining two groups;
24: end if
25: Evaluate fitness and replace if better;
26: end for
27: t ← t+1;
28: end while;
29: Return best individual as the optimal network architecture;

The search space includes candidate architectures composed of various convolutional layers,
pooling layers, and fully connected layers. Each architecture is represented as a directed acyclic graph
(DAG), where each node represents an operation (e.g., convolution, pooling, activation) and edges
represent data flow. Meanwhile, the following hyperparameter inputs are also necessary:
1) Population size (N): The number of candidate architectures (particles) in each generation.
2) Maximum iterations (T): The total number of iterations or generations.
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3) Inertia weight (w): Controls the influence of a particle’s previous velocity.
4) Cognitive coefficient (c1) and Social coefficient (c2): Determine the impact of personal best and
global best positions in the particle swarm optimization.

Each image requires a corresponding label for supervised learning. Labels can represent different
coal mine scene types (e.g., tunnels, underground equipment, working face) or specific objects (e.g.,
personnel, safety equipment).

3.2.3. Search Space Design

The core component of the neural architecture is the MBConv block (as shown in Figure 4),
chosen for its high efficiency and lightweight nature, both of which are critical in resource-constrained
environments, such as coal mines. The MBConv block consists of the following components:

Depthwise Convolution: This technique reduces the computational cost by performing convo-
lutions separately for each channel and spatial dimension, improving efficiency without sacrificing
performance.

Squeeze-and-Excitation Network (SENet)[37]: SENet recalibrates channel-wise feature impor-
tance, enabling the network to focus on the most relevant features in the image, improving the model’s
ability to recognize key patterns.

Each candidate architecture is encoded in a vector format, where each vector segment represents
the type, configuration, and parameters of a specific layer or block. This encoding allows PSO to
manipulate architecture configurations effectively, optimizing for the unique needs of coal mine scene
image recognition.

Figure 4. The framework of MBConv.

3.2.4. Search Strategy

To efficiently explore the search space, we employ a Particle Swarm Optimization (PSO) strategy
augmented with a lifespan mechanism[38], enabling both rapid convergence and sustained exploration
[39–41].
Initialization: Particles (candidate architectures) are randomly initialized within the search space.
Each particle represents a unique CNN configuration.
Lifespan Mechanism: Each particle is assigned a lifespan, which decreases over iterations. When
a particle’s lifespan expires, it is reinitialized to a new position within the search space. This helps
maintain diversity and prevents premature convergence.
Velocity and Position Update: Each particle adjusts its position based on its personal best position
and the global best position found by the swarm. The velocity and position update formulas are:

v(t+1)
i = ω · v(t)i + c1 · r1 · (pbest,i− x(t)i ) + c2 · r2 · (gbest,i− x(t)i ), (4)
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x(t+1)
i = x(t)i + v(t+1)

i , (5)

where w is the inertia weight. c1 and c2 are cognitive and social coefficients, respectively. pbest,i and
gbest,i are the personal and global best positions. r1 and r2 are random factors enhancing stochasticity.
After each update, the model’s performance is evaluated on a subset of the coal mine scene image
dataset to approximate accuracy.

3.2.5. Performance Evaluation

The performance evaluation strategy ensures that only the best-performing architectures are
selected, allowing for efficient training and validation of the models. The details are as follows:

Accelerated Evaluation: To minimize computational costs, early stopping is employed during
training. If the model’s validation accuracy does not improve within a preset number of epochs,
training is halted to save resources and prevent overfitting.

Cross-Validation: Cross-validation is used to test the model on different subsets of the coal mine
dataset. This ensures that the architecture generalizes well and is robust across various subsets of the
data, further improving the model’s reliability and robustness in real-world applications.

3.2.6. Summary

The Lifespan-PSO-NAS algorithm optimizes the architecture search process by efficiently navi-
gating the search space using PSO, enhanced by a lifespan mechanism that maintains diversity and
prevents early convergence. The architecture is evaluated using an accelerated evaluation strategy
(early stopping) and robust cross-validation to ensure both efficiency and generalization in coal mine
scene image recognition tasks.

4. Experiments
In this section, we perform several empirical experiments to validate the proposed Lifespan-PSO

NAS model. Tests were performed on a coal mine scene image dataset, and results are compared
with existing NAS and traditional neural network methods to evaluate the model’s advantages in
recognition accuracy and computational efficiency.

4.1. Experimental Setup and Training Settings

To evaluate the effectiveness of the Lifespan-PSO NAS model, a set of hyperparameters was
optimized to ensure a balance between exploration and exploitation in the search process. These
hyperparameters were crucial for efficient convergence and robust performance evaluation in the NAS
framework.

The neural architecture search algorithm was implemented on an Intel Core i7-8700F CPU @
3.20GHz, NVIDIA GeForce GTX 2080 GPU with 8192MB of VRAM, running Windows 10 and PyTorch
as the experimental framework. This setup enabled efficient handling of high-resolution images,
making it feasible to evaluate the effectiveness of the Lifespan-PSO NAS model on large datasets in
real-world coal mine environments.

Since this experiment involves neural architecture search, it is essential to set specific hyperparam-
eters for architecture evaluation. These hyperparameters were optimized to strike a balance between
exploration and exploitation in the search process, ensuring efficient convergence and effective perfor-
mance evaluation within the NAS framework. The detailed hyperparameter settings for architecture
evaluation are shown in Table 1.
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Table 1. Hyperparameter settings for architecture evalution.

Parameter Value

number of final training epochs 100
number of early stopping training epochs 20

downsampling ratio 0.50
downscaling ratio 0.25

maximal distance to the best-so-far epoch 3
accuracy reduction threshold 0.03

The Lifespan mechanism and PSO algorithm are crucial for optimizing the search for effective
neural architectures. The lifespan mechanism ensures that particles (candidate architectures) evolve
over generations, preventing premature convergence. Meanwhile, PSO optimizes exploration and
exploitation to guide particles toward the best solutions. The parameter settings for both are detailed
in Table 3.

Table 2. Parameter settings.

Type Parameter Value

PSO Population Size 20
Maximum Iterations 100

Inertia Weight 0.5
Cognitive Coefficient 1.5

Social Coefficient 1.5
Position Update Frequency Per iteration

Lifespan Lifespan 20
Early Stopping 10

Table 3. Comparison of Lifespan-PSO with different algorithms on benchmark datasets.

Model Value Search cost(GPU hours) mAP 0.5 Recall

YOLOv5s 7.2 - 84.1 77.8
YOLOv5m 21.2 - 85.4 79.1
YOLOv5x 89.0 - 85.9 79.9
YOLOv5n 1.9 - 82.0 74.5

Lifespan-PSO (our) - 20 94.96 97.5

4.2. Evaluation Metrics

To assess the effectiveness of the Lifespan-PSO NAS model, several evaluation metrics were used,
focusing on both recognition accuracy and computational efficiency:

Recognition Accuracy: The primary metric used to evaluate the model’s performance was its
ability to correctly classify images from the coal mine scene dataset. This metric reflects the effectiveness
of the learned architectures in recognizing key features in challenging coal mine environments, such as
low illumination and high noise levels.

Computational Efficiency: Computational efficiency was measured in terms of training time and
memory usage, ensuring that the model can run efficiently in resource-constrained environments, such
as embedded systems in coal mines.

4.3. Results on Benchmark Dataset

Based on the experimental results presented in Table 3, it is evident that the proposed Lifespan-
PSO NAS algorithm outperforms other models, including YOLOv5s and YOLOv5m, in terms of
computational efficiency and performance. The following analysis integrates key findings from the
comparison:
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The Lifespan-PSO algorithm achieves an impressive mAP@0.5 of 94.96% and a recall of 97.5%,
significantly higher than YOLOv5s (84.1% mAP@0.5, 77.8% recall) and YOLOv5m (85.4% mAP@0.5,
79.1% recall). This substantial improvement can be attributed to the Lifespan-PSO algorithm’s abil-
ity to design an optimized feature extraction module. By tailoring the architecture to the specific
characteristics of benchmark datasets, the model demonstrates superior feature learning capabilities.

Additionally, the search cost of Lifespan-PSO is significantly reduced, requiring only 20 GPU
hours for optimization. This highlights the algorithm’s efficiency in exploring the search space and
optimizing neural network architectures without incurring prohibitive computational expenses. The
optimized MBConv blocks further enhance this efficiency by reducing the average inference time per
image on the test set by approximately 10%. This improvement makes the model suitable for real-time
image recognition tasks in coal mine environments, where quick decision-making is crucial for safety.

The lightweight MBConv blocks also result in a lower parameter count, making the model ideal
for deployment on resource-constrained devices such as embedded systems and edge devices in coal
mines. Compared to other large NAS models like DARTS, the parameter count decreased by 5%-10%,
ensuring the model remains effective in environments with limited computational resources.

In summary, the experimental results emphasize the strengths of the Lifespan-PSO NAS algorithm.
It not only achieves state-of-the-art performance in accuracy but also drastically reduces computational
overhead, making it an efficient and practical solution. The framework is particularly suited for
resource-constrained applications, such as coal mine scene image recognition, where computational
efficiency is critical. This demonstrates the potential of Lifespan-PSO as a robust approach to neural
architecture optimization in challenging environments.

To evaluate the effectiveness and advantages of the proposed Lifespan-PSO NAS algorithm,
we conducted comparative experiments against traditional CNNs and other NAS methods. These
experiments highlight the benefits of incorporating the Lifespan mechanism within PSO, including
improved accuracy, robustness, and efficiency in coal mine scene image recognition tasks. The results
demonstrate how Lifespan-PSO outperforms other methods in challenging environments, making it a
powerful tool for neural architecture optimization..

4.4. Visualization Analysis

Building on the previous section, this section presents the training results of the proposed model,
aiming to verify the effectiveness of the Lifespan-PSO NAS algorithm in enhancing image recognition
performance in coal mine scenes. To begin, experiments were conducted on a local dataset. The
proposed Lifespan-PSO NAS algorithm was used to train the YOLO model, optimizing its feature
extractor for iteration in specific scenarios. The evaluation focused on several key indicators, including
training and validation losses, the F1-score to assess recognition performance, mean average precision
(mAP), accuracy, and recall. These metrics provide a comprehensive evaluation of the model’s
performance under challenging conditions typical of coal mine environments. Due to the influence of
factors such as noise and brightness, the original model performed poorly on photos with high noise
and low brightness. Our method has improved this aspect. In Figures 5 and 6, a comparison between
the old and new methods on the same image can be seen, showing a certain degree of improvement in
accuracy. The experimental results are visually represented in Figures 7–12, illustrating the model’s
performance trends and highlighting the impact of the Lifespan-PSO NAS optimization.
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Figure 5. A comparison of the results between the old yolov5s (left) and new yolov5s (right) methods.

Figure 6. A comparison of the results between the old yolov5s (left) and new yolov5s (right) methods.

Figure 7. Training Results: Classification Loss and DFL Loss
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Figure 8. Training Results: IoU Loss and Total Loss

Figure 9. Validate Results: Classification Loss and DFL Loss

Figure 10. Validate Results: IoU Loss and Total Loss
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Figure 11. Results: Precision@0.50 and Recall@0.50

Figure 12. Results: F1@0.50 and Map@0.50

5. Discussion
5.1. Advantages

The proposed Lifespan-PSO NAS algorithm demonstrates significant advantages and innovations.
By integrating Particle Swarm Optimization (PSO) with a lifespan mechanism, it effectively prevents
premature convergence and maintains population diversity, ensuring thorough exploration of the
search space. This is particularly beneficial for complex tasks like Helmet detect in coal mine scene,
where finding optimal neural architectures is crucial.

Moreover, Lifespan-PSO NAS significantly reduces computational costs. It requires only 20
GPU hours, a 20% reduction in training time compared to genetic algorithm-based NAS models.
This efficiency makes it suitable for resource-constrained industrial applications, such as real-time
monitoring and equipment detection in coal mines.

5.2. Robustness

Coal mine scene images often suffer from high noise, low illumination, and complex backgrounds,
which pose challenges for traditional image recognition methods. Lifespan-PSO NAS shows remark-
able robustness in these conditions. The model’s accuracy improved by 5-10% on low-light and noisy
images, especially under low illumination. This improvement is attributed to the use of MBConv
blocks, which reduce parameter counts while enhancing adaptability to complex environments.
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Additionally, the integration of Squeeze-and-Excitation Networks (SENet) allows the model to
recalibrate channel-wise feature importance, focusing on the most relevant features and improving
overall recognition performance.

5.3. Comparison with Existing Methods

Experiments demonstrate that Lifespan-PSO NAS outperforms existing traditional recognition
methods across multiple evaluation metrics. For instance, it achieved an mAP@0.5 of 94.96%, sur-
passing YOLOv5s (84.1%) and YOLOv5m (85.4%). The recall rate also reached 97.5%, highlighting its
superior performance.

5.4. Limitations and Future Research Directions

While Lifespan-PSO NAS demonstrates promising results, several limitations and areas for further
exploration need acknowledgment. The model’s performance is highly dependent on the quality and
diversity of the training dataset; current results are based on a specific coal mine scene image dataset,
and performance may vary across different datasets or industries. Future work should explore its
generalization to diverse datasets. Additionally, the effectiveness of Lifespan-PSO NAS is sensitive
to hyperparameters such as population size, inertia weight, and cognitive/social coefficients. Fine-
tuning these parameters for other applications may be necessary, and automated hyperparameter
tuning methods could address this limitation. To enhance generalization and accelerate convergence,
incorporating domain-specific prior knowledge into the NAS process could be beneficial. Expanding
its application to other industrial scenarios, such as underground engineering, could broaden its utility.
Furthermore, combining Lifespan-PSO NAS with advanced computing platforms like FPGAs and
ASICs could improve computational efficiency and energy consumption. These areas warrant further
exploration to fully realize the potential of Lifespan-PSO NAS.

6. Conclusions
In this paper, we proposed a novel hybrid neural architecture search algorithm, Lifespan-PSO

NAS, to address the unique challenges of coal mine scene image recognition. These challenges in-
clude high noise levels, low illumination, and complex backgrounds, as well as resource constraints
commonly encountered in coal mine environments. By combining the global search capability of
Particle Swarm Optimization (PSO) with the lifespan mechanism, the proposed method effectively
balances exploration and exploitation in the search space, enabling the design of lightweight, efficient,
and high-performance neural network architectures. The Lifespan-PSO NAS algorithm represents a
significant advancement in neural architecture search for resource-constrained applications. Its ability
to produce high-performance, efficient neural networks tailored for coal mine scene image recognition
positions it as a valuable tool for industrial safety and monitoring. By addressing key challenges in
this domain, this work paves the way for future innovations in neural architecture search and its
application in real-world industrial contexts.
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