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ABSTRACT: To address the issues of small target miss detection, false positives in complex scenarios, and insufficient
real-time performance in maglev train foreign object intrusion detection, this paper proposes a multi-module fusion
improvement algorithm, YOLO11-FADA (Fusion of Augmented Features and Dynamic Attention), based on YOLO11.
The model achieves collaborative optimization through three key modules: The Local Feature Augmentation Module
(LFAM) enhances small target features and mitigates feature loss during down-sampling through multi-scale feature
parallel extraction and attention fusion. The Dynamically Tuned Self-Attention (DTSA) module introduces learnable
parameters to adjust attention weights dynamically, and, in combination with convolution, expands the receptive field to
suppress complex background interference. The Weighted Convolution 2D (wConv2D) module optimizes convolution
kernel weights using symmetric density functions and sparsification, reducing the parameter count by 30% while
retaining core feature extraction capabilities. YOLO11-FADA achieves a mAP@0.5 of 0.907 on a custom maglev train
foreign object dataset, improving by 3.0% over the baseline YOLO11 model. The model’s computational complexity
is 7.3 GFLOPs, with a detection speed of 118.6 FPS, striking a balance between detection accuracy and real-time
performance, thereby offering an efficient solution for rail transit safety monitoring.

KEYWORDS: Maglev train; foreign object detection; YOLO11; weighted lightweight convolutions; dynamically tuned
self-attention module; local feature augmentation module

1 Introduction
With the acceleration of urbanization and the continued growth of transportation demand, rail transit

is becoming increasingly critical in modern urban transportation systems [1]. Among them, maglev trains,
with their high speed, low noise, and low energy consumption, have emerged as a key direction for the future
development of urban and intercity transportation. However, the safety of maglev train operations is highly
dependent on the stability of the track environment. Any foreign object intrusion onto the track could pose
a severe threat to train operations and potentially lead to safety accidents. Therefore, the development of
efficient and precise foreign object intrusion detection technology for maglev trains is crucial in ensuring
the safe operation of maglev transportation systems.

Early foreign object detection on railways mainly relied on manual inspections [2], a method that not
only consumed substantial human labor and time but also lacked efficiency. Additionally, it was heavily
influenced by human factors, making it difficult to ensure accuracy and timeliness. With advancements in
technology, sensor-based detection methods have gradually been applied. Zhao et al. [3] proposed the FSDF
(Fusion-based Self-supervised Detection Framework) framework, which integrates HSV (Hue, Saturation,

Copyright © 2025 The Authors. Published by Tech Science Press.
This work is licensed under a Creative Commons Attribution 4.0 International License, which permits
unrestricted use, distribution, and reproduction in any medium, provided the original work is properly cited.

https://www.techscience.com/journal/JAI
https://www.techscience.com/
http://dx.doi.org/10.32604/jai.2025.073016
https://www.techscience.com/doi/10.32604/jai.2025.073016
mailto:13114227@bjtu.edu.cn


470 J Artif Intell. 2025;7

and Value) color enhancement, YOLOv8 detection, and VQ-VAE (Vector Quantized Variational Autoen-
coder) unsupervised learning to improve the accuracy and robustness of fire detection, suitable for both
forest and urban fire scenarios. Ma et al. [4] introduced MPCA-Net (Multi-Path Convolutional Attention
Network), which enhances remote sensing image (PAN and MS) fusion classification performance through
ADR-SS (Adaptive Dilation Rate Selection) adaptive dilation rate selection, CPM (Context Prior Module)-
optimized sampling, and progressive collaborative fusion modules. Niu et al. [5] developed a FOD (Foreign
Object Debris) detection model based on the Swin Transformer-enhanced YOLOv5, combining KNN
(K-Nearest Neighbors) and FNN (Feedforward Neural Network) regression for geographical localization,
improving detection accuracy and positioning for foreign objects on airport runways. Wang et al. [6] pro-
posed EAL-YOLO (Efficient Attention Lightweight YOLO), using EfficientFormerV2 (Efficient Transformer
version 2) as the backbone and integrating LSKA-SPPF (Large Separable Kernel Attention—Spatial Pyramid
Pooling Fast) and ASF2-Neck (Adaptive Spatial Feature Fusion Neck version 2) for lightweight detection
of small equipment defects in substations, significantly reducing parameters and FLOPs. Zhu et al. [7]
presented YOLOv8-C2FSf-Faster-EMA (Efficient Multi-scale Attention), optimizing the backbone and neck
structures to improve the precision of underwater small trash detection (mAP increased by 5%), which
can be transferred to remote sensing for localized monitoring. Khan and Niu [8] introduced CNN-DSCK
(Convolutional Neural Network with Depthwise Separable Convolution and Kernel fusion), utilizing depth-
separable convolutions and multi-kernel fusion to extract latent user-item features from text comments,
enhancing recommendation system rating prediction accuracy. Jia et al. [9] proposed AdaptoMixNet
(Adaptive Mixture Network), integrating AFM (Adaptive Feature Modulation), AEFPM (Adaptive Edge
Feature Preservation Module), and CARAFE (CARAFE (Content-Aware ReAssembly of FEatures) filters to
improve the accuracy and interference resistance of foreign object detection for power transmission lines
under harsh weather conditions, RailVoxelDet (Railway Voxel-based Detection) introduces a lightweight
voxel-based LiDAR (Light Detection and Ranging) pipeline optimized for long-range object detection with
competitive inference speed and computational efficiency [10]. These methods from various fields have
improved detection model performance to some extent and provide new ideas and approaches for this study.

The YOLO (You Only Look Once) series of algorithms, as representatives of single-stage object
detection, are widely used in various fields due to their fast detection speed and strong real-time performance.
Since the introduction of YOLOv1 in 2015, the YOLO series has undergone continuous evolution and
optimization. YOLOv1 transformed the object detection task into a regression problem, simultaneously
predicting both the class and location of objects within a single network, significantly improving detection
speed. The subsequent YOLOv2 introduced techniques such as Batch Normalization and High-Resolution
Classifier, further enhancing detection accuracy. YOLOv3 improved detection capabilities for objects of
various sizes by designing more complex network structures, such as Darknet-53, and adopting a multi-
scale prediction mechanism. In recent years, YOLO11 has raised the performance of this series to a new
level. YOLO11 optimized the network architecture and introduced new modules, including C3K2, SPFF, and
C2PSA, effectively reducing the parameter count and computational load while maintaining high detection
accuracy and significantly increasing detection speed. However, despite these significant improvements
in object detection performance, and camera-based solutions dominate current applications [11], YOLO11
still faces challenges in the specific application of maglev train foreign object detection. The maglev track
environment is complex, with substantial background interference, and it contains a variety of foreign objects
of differing sizes, making small object detection particularly challenging [12]. Additionally, the high speed
of maglev trains places stringent demands on the real-time performance of detection algorithms. Therefore,
improving and optimizing the YOLO11 algorithm for detecting foreign objects on maglev trains is of great
practical significance.



J Artif Intell. 2025;7 471

This paper proposes a multi-module fusion improvement algorithm, YOLO11-FADA, based on YOLO11,
which utilizes a three-tier module collaborative optimization approach. The weighted lightweight convolu-
tion (wConv2D) [13] module reduces the computational load while maintaining detection accuracy, thereby
improving detection efficiency. The Local Feature Augmentation Module (LFAM) [14] enhances the feature
representation of small targets, enabling the retention of more critical information during the complex
feature extraction process for small objects. The Dynamically Tuned Self-Attention (DTSA) [15] module
effectively suppresses background interference through dynamic attention adjustment, enabling the model
to identify targets more accurately across various scenarios. The YOLO11-FADA algorithm proposed in this
paper offers an effective solution for detecting foreign objects in maglev trains.

2 Related Work

2.1 Current Status of Maglev Train Foreign Object Detection Technology
The safe operation of maglev trains is highly dependent on the absence of foreign objects in the

track area. Currently, several technological approaches have been developed for foreign object detection
on maglev trains [16]. Among traditional methods, sensor-based solutions are the most common. LiDAR
(Light Detection and Ranging) emits laser beams and measures the time delay of reflected light, enabling
the acquisition of 3D point cloud data of the surrounding track environment. This data can be used to detect
the presence and location of foreign objects. However, the detection accuracy of LiDAR is severely affected
by adverse weather conditions (such as fog, rain, and snow), and its ability to detect small-sized objects
is limited. Millimeter-wave radar utilizes electromagnetic waves in the millimeter-wave frequency band
to detect target objects, offering some degree of penetration capability and performing well in identifying
moving objects. However, it also suffers from low sensitivity to stationary small objects and is susceptible to
interference in complex electromagnetic environments.

Vision detection technologies have emerged as prominent methods for detecting foreign objects in
maglev trains in recent years. Systems based on monocular or binocular cameras can capture image
information of the track area. By applying image processing and analysis algorithms [17], foreign objects
in the images can be identified. Early visual detection methods were mainly based on traditional image
processing techniques such as edge detection and threshold segmentation. While these methods could yield
some results in simple backgrounds, their accuracy is difficult to maintain in the complex maglev track
environment, where background interference and lighting variations are prevalent. With the development
of deep learning technologies, convolutional neural network (CNN)-based object detection algorithms have
been widely applied in visual detection, offering new solutions for detecting foreign objects on maglev trains.

2.2 Deep Learning-Based Object Detection Algorithms
Deep learning has made significant progress in the field of object detection [18,19], significantly advanc-

ing the development of this domain [20]. Currently, deep learning-based object detection algorithms are
primarily categorized into two types: two-stage detection algorithms and single-stage detection algorithms.

The R-CNN series represents two-stage detection algorithms. R-CNN first generates a large number
of candidate regions that may contain objects through selective search, then inputs these candidate regions
into a CNN for feature extraction and classification, and finally refines the object locations using a bounding
box regression algorithm. Fast R-CNN improves upon R-CNN by introducing a Region Proposal Network
(RPN), which enables end-to-end training for both candidate region generation and object detection, thereby
significantly enhancing detection speed. Faster R-CNN further optimizes the RPN, enabling it to generate
high-quality candidate regions more efficiently. While two-stage detection algorithms typically offer higher
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detection accuracy, they are relatively slow due to the need to generate candidate regions and perform
multiple processing steps, making them less suitable for real-time applications with high-speed requirements.

The YOLO series and SSD (Single Shot MultiBox Detector) [21] represent single-stage detection
algorithms. SSD directly performs object detection on feature maps at different scales by setting prior boxes of
various sizes and aspect ratios, and then predicts the object’s class and location. The YOLO series algorithms,
on the other hand, transform the object detection task into a regression problem, predicting both the object’s
class and location within a single network. YOLOv1 first introduced this single-stage detection approach by
dividing the input image into multiple grids, with each grid responsible for predicting the objects that fall
within it. Subsequent versions of YOLO have continuously optimized network structures and training meth-
ods [22]. For instance, YOLOv2 introduced batch normalization and high-resolution classifiers, enhancing
detection accuracy. YOLOv3 [23] employs a multi-scale prediction mechanism, enhancing its ability to detect
objects of varying sizes. YOLO11 further optimized the network architecture by introducing novel modules
that reduce the number of parameters and computational load, while also increasing detection speed and
accuracy. Single-stage detection algorithms are faster due to the absence of candidate region generation,
making them suitable for real-time applications. However, they generally achieve slightly lower detection
accuracy compared to two-stage detection algorithms.

In the context of maglev train foreign object detection, the high-speed operation of the train demands
extremely high real-time performance from the detection algorithm, making single-stage detection algo-
rithms particularly advantageous. As a leader among single-stage detection algorithms, the YOLO series
demonstrates significant application potential in the field of maglev train foreign object detection. However,
as previously mentioned, the original YOLO11 algorithm still faces performance limitations when confronted
with the complex background of maglev tracks and small-sized foreign objects [24]. Therefore, further
improvements and optimizations are required.

3 Algorithm Design

3.1 Base Model
This paper utilizes YOLO11 as the baseline framework, which comprises three core components: the

backbone network, the neck network, and the detection head. The backbone network is designed with
alternating C3k2 modules and convolutional layers, performing five down-sampling operations to generate
feature maps at three different scales (P3, P4, P5), corresponding to input image resolutions of 1/8, 1/16,
and 1/32, respectively. This enables hierarchical extraction from low-level textures to high-level semantic
features. The neck network utilizes a PAN-FPN (Path Aggregation Network—Feature Pyramid Network) [25]
structure, which enhances cross-scale feature correlations through top-down up-sampling and bottom-
up feature fusion. The P3 layer focuses on fine details of small targets, while the P5 layer emphasizes the
semantic information of large targets. The detection head adopts an anchor-free design, directly predicting
the object’s center coordinates (x, y), width and height (w, h), and class probabilities. The CIoU (Complete
Intersection over Union) loss function is used to optimize localization accuracy [26], simplifying the
traditional anchor-box matching process.

However, YOLO11 reveals several shortcomings when applied to the specific requirements of the maglev
scenario. During the image down-sampling process, repeated convolution and pooling operations can
lead to the gradual loss of feature information for small targets, making accurate detection difficult in
subsequent layers. YOLO11’s receptive field is fixed by design, whereas the size of foreign objects in the
maglev train operating environment varies widely, ranging from small birds to larger objects like fallen
rocks. The fixed receptive field is unable to adapt to this multi-scale variation, thereby impacting detection
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performance. Additionally, convolution operations involve some redundant computations, such as repeated
calculations in background areas, which not only increase computational load but also affect the model’s
real-time performance, making it inadequate for the fast response requirements of foreign object detection
in maglev trains.

3.2 Fusion Model Architecture
To address the challenges of multi-scene interference, sparse small target features, and the need for

lightweight design in maglev train track foreign object detection, this paper proposes a fusion model
architecture incorporating the Local Feature Augmentation Module (LFAM), Dynamically Tuned Self-
Attention (DTSA) module, and Weighted 2D Convolution (wConv2D), as shown in Fig. 1. First, the LFAM
module is integrated into the Backbone network to enhance the feature representation of small targets and
reduce feature loss. At the same time, all 3 × 3 convolution layers are replaced by weighted lightweight
convolutions (WConv2D). LFAM mitigates slight target information loss through multi-scale parallel feature
extraction, and WConv2D reduces computational redundancy through sparsification, together achieving
the dual objectives of “feature enhancement” and “lightweight design”. Second, the DTSA dynamic attention
module is embedded in the Neck network to dynamically allocate weights to the feature maps, suppressing
complex background interference and enhancing the discriminability between target and background
features. The detection head (Head) retains the anchor-free design. To address the scale differences of foreign
objects in the maglev environment, the bounding box regression formula is optimized by introducing a
scale-adaptive weight factor:

Lossbox = ∑
N
i=1 λs ⋅ CIoU (bi , b̂i) (1)

In this, Lossbox represents the bounding box regression loss; N is the number of samples involved in
the calculation; λs is the scale-adaptive weight factor, which assigns reasonable weights to objects of different
sizes based on their scale; CIoU refers to the Complete Intersection over Union loss function, which considers
the overlap of bounding boxes, the distance between their centers, and the aspect ratio; bi denotes the i-th
ground truth bounding box, and b̂i denotes the i-th predicted bounding box.

The calculation of the scale-adaptive weight factor λs is as follows:

λs = exp (−wi hi/S2) (2)

where wi and hi are the width and height of the i-th ground truth bounding box, respectively, and S is the
area of the image. This formula allows for higher weights to be assigned to small objects, thereby improving
the localization accuracy for small targets. Where λs = exp (−wi hi/S2) (S represents image area), Higher
weight is assigned to small targets to improve localization accuracy.

Ultimately, through the collaborative optimization of the aforementioned modules, the detection head
can more accurately predict the location and class of foreign objects of varying sizes, thereby enhancing the
overall detection performance of the model in complex maglev train environments. Experimental results
demonstrate that the YOLO11-FADA algorithm effectively enhances detection accuracy while maintaining
real-time performance in maglev train foreign object detection.



474 J Artif Intell. 2025;7

Figure 1: YOLO-FADA model structure

3.3 Improved Model Design
3.3.1 WConv2D Lightweight Convolution Layer

Based on the theory of weighted convolution, this paper proposes a sparsified convolution layer, referred
to as the WConv2D layer. The core of this design achieves lightweight performance through a three-tier
strategy involving weight optimization, sparsification processing, and channel pruning.

(1) Symmetric Weight Optimization

To address the issue of small target features being overwhelmed due to the uniform weight distribution
of traditional 3 × 3 convolution kernels, a symmetric weight design with a central focus is adopted. This
design is based on the observation that target features are more densely distributed in the central region,
a characteristic that has been validated in numerous deep learning studies. For instance, Simonyan and
Zisserman’s VGGNet research [27] demonstrated that, within convolutional neural networks, the central
pixels of a convolution kernel—due to their receptive fields covering a greater number of neighboring
pixels—are able to aggregate richer local information. Compared with edge pixels, central pixel positions
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provide more concentrated feature representations with stronger discriminative power. In the field of object
detection, the CenterPoint algorithm proposed by Yin et al. [28] also leverages central features of objects for
detection, further underscoring the importance of central region features.

On this basis, the symmetric density pattern is employed to reinforce the weights of core pixels The
weight coefficient at the center of the convolution kernel is set to 1. In contrast, the four neighboring
coefficients (up, down, left, and right) are set to 0.42, and the four corner regions maintain symmetry with
the same coefficient of 0.42. This distribution assigns a central weight 2.38 times that of the edge, focusing
on key areas such as the body of a bird or the main body of a plastic bag, while reducing interference from
background noise, including track metal reflections and tunnel shadows. Experimental results demonstrate
that this design enhances feature response strength by 29% in small object detection for maglev tracks,
effectively distinguishing foreign objects as small as 10 × 10 pixels from background textures.

(2) Sparse Processing

To reduce redundant parameters, dynamic threshold sparsification is applied to the weighted convolu-
tion kernel. The threshold is defined as:

T = 0.1 ×max (∣Wϕ ∣) (3)

here, max (∣Wϕ ∣) denotes the maximum absolute value of the weighted convolution kernel matrix
(W denotes the weighted convolution kernel matrix, and the maximum absolute value is obtained by
traversing all positions i and j in the matrix.). This value is used to adaptively determine the sparsification
threshold T, allowing the threshold to be dynamically adjusted according to the overall distribution of
the weight matrix. Where max (∣Wϕ ∣) represents the maximum absolute value of the weight matrix after
weighting. The Wsparse sparsified weights satisfy:

Wsparse (i , j) = { Wϕ (i , j) ∣Wϕ (i , j)∣ ≥ T
0 otherwise (4)

here, W (i , j) denotes the weight value of the original weighted convolution kernel at (i , j) position, and
represents the weight value after sparsification at the same position, either i and j retained or set to zero.
If the absolute value of the original weight is greater than or equal to the threshold, the weight is retained;
otherwise, it is set to zero, thereby achieving sparsification of redundant weights.

Compared to a fixed threshold (e.g., 0.05), the dynamic threshold can adapt to different scenarios (e.g.,
bright/low light). In tunnel environments, it retains 92% of the core weights while sparsifying redundant edge
weights (accounting for 78%), resulting in an overall sparsity rate of 90%, thereby preventing the inadvertent
removal of key features.

(3) Channel Pruning

Pruning is implemented based on the contribution of channels to foreign object features, with channel
importance scores calculated using L1 regularization:

Sc = ∑
3
i = 1 ∑

3
j = 1 ∣Ws parse ,c (i , j)∣ (5)

where Sc represents the score of the c-th channel.
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The top 70% of channels based on the scores are retained, and the pruning threshold γ is determined
through accuracy constraints on the validation set:

(ΔmAP ≤ 0.5%) γ = argminγ {Pruning Channel Ratio ≤ 30%, mAP ≤ 0.5%} (6)

here, ΔmAP denotes the change in mean Average Precision (mAP) before and after pruning, which is used
to evaluate the impact of pruning on model performance; ‘pruned channel ratio’ refers to the proportion of
pruned channels relative to the total number of channels. By optimizing γ, pruning can reduce the number
of model parameters while ensuring that performance degradation remains within an acceptable range.

3.3.2 DTSA Module
To enhance the model’s ability to differentiate targets in complex backgrounds, this paper proposes

an improved C2PSA module, as shown in Fig. 2. The improved C2PSA module is referred to as the DTSA
module. The name ‘DTSA’ is derived from its core characteristics: ‘Dynamic’—dynamic weight adjustment
achieved through a learnable parameter α combined with the Sigmoid function for adaptive channel atten-
tion; ‘Tuned receptive field’—a larger receptive field enabled by the 7 × 7 convolution, providing enhanced
spatial perception to better adapt to complex backgrounds; and ‘Self-Attention’—a self-attention mechanism
that strengthens the discrimination between targets and background. Hereafter, this module is referred
to as the DTSA module. The core improvement lies in the introduction of a dynamic weight adjustment
mechanism. By incorporating a learnable parameter αand using a Sigmoid function, dynamic adjustment of
channel attention weights is achieved. As training progresses, the model continually adjusts the value of α
based on different scenarios and target features, dynamically allocating attention weights to focus more on
the target areas while suppressing background interference. In terms of spatial attention optimization, a 7× 7
convolution is used to replace the original 3 × 3 convolution, thereby expanding the receptive field of the
convolution kernel. This enables the model to perceive a broader range of spatial information, thereby better
adapting to the relationships between targets and their surrounding environments in complex backgrounds.
For normalization, the Dynamic Tanh operation is used to replace the traditional layer normalization. As
shown in the ‘block with DyT’ on the right side of Fig. 2, This replacement reduces computational overhead
while maintaining model performance stability.

Figure 2: Left: original transformer module; right: module for dynamic tanh (DyT) layer
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3.3.3 LFAM Module
To address the issue of small object features being easily lost during extraction, a Local Feature

Augmentation Module (LFAM) was designed within the C3k2 module, as illustrated in Fig. 3. The LFAM
module enhances small object features through the following process: LFE multi-scale feature extraction→
SE channel attention weighting→ residual fusion.

Figure 3: Schematic of the local feature augmentation module (LFAM). (a) Overall workflow of LFAM, including
multi-scale parallel feature extraction (corresponding to the core logic of the LFE module) and channel attention
weighting (corresponding to the core logic of the SE module); (b) Structure of the feature processing block within LFAM,
illustrating the residual fusion mechanism; (c) Computation process of channel attention weighting, corresponding to
the internal operations of the SE module

LFE Module: This module employs parallel 1 × 1 and 3 × 3 convolutional branches. The 1 × 1 convolution
captures fine details of small objects (e.g., birds, balloons), while the 3 × 3 convolution focuses on extracting
the contours of the targets. By operating in parallel, multi-scale features of small objects are comprehensively
extracted, providing a rich feature foundation for subsequent processing. This corresponds to the multiple
Efficient Long-range Attention Blocks (ELAB) in Fig. 3a, which extract multi-branch features in parallel.

SE Module: After multi-scale features are extracted by the LFE module, the SE module applies channel-
wise weighting. It first performs global average pooling to obtain global statistics for each channel, and
then learns channel weights through fully connected layers and other operations. The weights are assigned
according to feature importance, thereby enhancing the response of small objects in the feature map. This
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process aligns with the dimension transformation and weight learning steps illustrated in Fig. 3c, Accelerated
Self-Attention (ASA) computation diagram.

Residual Fusion: The LFAM module introduces a residual connection that adds the features enhanced by
the LFE and SE modules to the original features. This not only preserves the enhanced feature information but
also retains important information from the original features, preventing potential information loss during
feature enhancement. The residual connection ⊕ is visually represented by the symbol in Fig. 3b.

4 Experiments and Result Analysis

4.1 Dataset Construction
To accurately evaluate the performance of the proposed improved algorithm in foreign object detection

for maglev trains, a dataset was constructed using real-world data collected from the “Red Rail” maglev line
in Ganzhou City. The dataset contains 3900 images, with foreign objects carefully annotated and categorized
into five classes. These include large-scale targets such as a person, a car, as well as small-scale targets such
as a balloon, a plastic bag, and a bird.

For dataset partitioning, the images were divided into training, validation, and test sets in a 7:2:1
ratio. The training set comprises 2730 images and is used to train the model to recognize the features
and patterns of various foreign objects. The validation set, comprising 780 images, is used during training
to tune hyperparameters and prevent overfitting. The test set consists of 390 images and is used for the
final evaluation of model performance. To further enhance the model’s generalization capability, multiple
data augmentation techniques were applied, including random flipping to enable the model to learn object
features from different perspectives, brightness adjustment to simulate varying illumination conditions, and
Gaussian blurring to introduce noise and help the model adapt to more realistic and complex environments.

The distribution of different foreign objects in the dataset is shown in Table 1. As shown in the table,
there are significant differences in both the quantity and size of foreign objects across categories. Large-
scale targets, such as persons, cars, have a relatively larger number of samples and greater average size, while
small-scale targets, such as balloons, plastic bags, and birds, have fewer samples and smaller average size.

Table 1: Data volume statistics for each type of foreign body

Label Training Validation Test Total
Person 2895 905 491 4291

Car 1324 310 137 1771
Balloon 2677 861 323 3861

Plastic bag 1901 505 220 2626
Bird 1221 253 167 1641
Total 11,059 3114 1521 15,694

4.2 Experimental Settings
The operating system used in the experiments was Windows 11, with hardware specifications including

a 13th Gen Intel (R) Core (TM) i7-13620H CPU at 2.4 GHz and an NVIDIA GeForce RTX 4060 GPU. The
experimental environment was set up in PyCharm, using Python version 3.9.19, and built upon PyTorch 2.3.0
and CUDA 12.1. The input image size for the experiments was 640 × 640. Based on preliminary experiments,
the number of training epochs was set to 150, the batch size to 16, the learning rate to 0.01, the momentum
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for stochastic gradient descent to 0.937, and the weight decay coefficient to 0.0005. All experiments in this
study were conducted using this configuration for training, validation, and testing.

The evaluation metrics used to assess the model include Precision (P), Recall (R), Mean Average
Precision (mAP), the number of parameters (Params), computational complexity (FLOPs), and Frames Per
Second (FPS). mAP50 refers to the mean average precision at an intersection-over-union (IoU) threshold
of 0.5.

4.3 Effects of Single Module Improvements
To validate the effect of each improvement module, YOLO11 was used as the base model. Ablation

experiments were conducted by progressively introducing and combining different modules under the same
configuration. A “

√
” indicates the inclusion of a module in the YOLO11 model. The specific experimental

results are shown in Table 2.

Table 2: Results of ablation experiments

Model LFAM WConv2D DTSA P/% R/% mAP50/% FLOPs/G Model size/MB
YOLO11 92.4 80.8 87.7 6.3 5.5
Model-1

√
89 84.8 90 4.6 4.7

Model-2
√

91.5 81.3 90.1 6.3 5.5
Model-3

√
92.1 81.9 90.2 6.2 5.3

Model-4
√ √

90 82.7 90.3 4.6 5.4
Model-5

√ √
88.3 85.5 90.4 6.2 5.3

Model-6
√ √

91.7 79.3 90.5 4.4 5.3
Model-7

√ √ √
89.5 84.3 90.7 7.3 5.7

In the data for Model 1 in Table 2, after introducing the WConv2D module into the YOLO11 model,
FLOPs decreased from 6.3 to 4.6 G, Recall (R) improved to 84.8%, and mAP50 increased to 90%. This
demonstrates that the module, through its lightweight design, effectively reduces computational complexity
while enhancing feature extraction efficiency and improving the recall of small target detection. For Model 2,
after adding the DTSA module, R increased to 81.3% and mAP50 reached 90.1%, validating its effectiveness
in suppressing complex background interference and focusing on the target region via the dynamic attention
mechanism, thus enhancing the model’s robustness in maglev scenarios. Model 3, with the addition of
the LFAM module, saw a 2.5% increase in mAP50, a reduction in FLOPs to 6.2 G, and a decrease in
model size to 5.3 MB, demonstrating that this module strengthens small target feature representation
through multi-scale feature fusion while optimizing model efficiency. Model-4 (WConv2D+DTSA) achieved
a mAP50 of 90.3% and a 1.9% improvement in R, reflecting the synergistic effect of lightweight design
and interference suppression mechanisms. Model-5 (LFAM + DTSA) achieved a 4.7% + a mAP50 increase
to 90.4%, demonstrating that the combination of feature enhancement and attention modulation further
enhances the model’s ability to capture targets. Finally, Model-6 (LFAM+WConv2D) achieved a mAP50
of 90.5%, with FLOPs reduced to 4.4 G, demonstrating the complementary relationship between feature
reinforcement and lightweight design in achieving a balance between accuracy and efficiency.

Finally, Model-7, which integrates all three modules, achieved a mAP50 of 90.7% and a Recall (R) of
84.3%, demonstrating a multi-dimensional synergistic optimization of feature enhancement, lightweight
design, and interference suppression. This significantly improved the performance of foreign object detection
in maglev trains.
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4.4 Visualization Analysis of Model Performance
To visually assess the performance of the multi-module fusion algorithm in maglev train foreign object

detection, two core curves were plotted: the precision–confidence curve and the recall–confidence curve.
These curves cover representative foreign object categories, including person, car, balloon, plastic bag,
and bird.

As shown in Fig. 4, a notable variation in precision is observed across different target categories as
confidence scores increase. For the person category, when confidence exceeds 0.2, precision consistently
holds above 0.95, demonstrating robust performance in pedestrian detection. The car category achieves a
precision of 0.92 in the 0.3–0.8 confidence range, effectively detecting track-intruding vehicles. Although
small target categories, such as balloons and plastic bags, exhibit steeper curve slopes, they converge to
precision levels above 0.85, indicating the LFAM module’s exceptional enhancement of features for low-
resolution foreign objects. When the confidence stands at 0.5, the average precision across all categories
reaches 0.948, reflecting the global detection capability fostered by the multi-module collaboration.

Figure 4: Precision-confidence curve

Fig. 5 presents the recall–confidence curve, focusing on the negative correlation between confidence
and recall rate. For the person category, when the confidence is below 0.3, recall approaches 1.0, indicating
a very low miss rate for high-confidence pedestrian detections. For the car and plastic bag categories, recall
remains above 0.85 within the confidence range of 0.2–0.6, meeting the requirements for rapid detection in
maglev track scenarios. For more vulnerable categories, such as balloon and bird, the slope of the curve is
relatively gentle, with recall remaining above 0.7 at a confidence level of 0.5. This demonstrates the feature
retention capability of LFAM+DTSA for small and interference-prone targets. At a confidence of 0.1, the
recall rate across all categories reaches 0.95, fulfilling the core requirement of “early detection, minimal
missed detections.”

In summary, the two curves cross-validate the advantages of the multi-module fusion algorithm:
it demonstrates strong robustness in small target detection, exhibits excellent adaptability to complex
scenarios, and achieves a good balance between recall and precision when the confidence threshold is set to
0.5. This provides low-latency, high-reliability detection capabilities suitable for deployment on edge devices.
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Figure 5: Recall-confidence curve

4.5 Comparison of YOLO Series Algorithms
To objectively evaluate the effectiveness of the proposed YOLO11-FADA algorithm, comparative

experiments were conducted against other YOLO series models. The results are presented in Table 3.

Table 3: Performance comparison of YOLO series algorithms

Model FLOPs/G Params/M P/% R/% mAP50/% mAP95/%
YOLOv3- 282.2 103.669 87.6 89.0 93.1 70.9
YOLOv5 7.1 2.504 87.3 84.5 88.9 64.1
YOLOv6 11.8 4.234 92.6 82.7 89.0 64.4

YOLOv7-tiny 13.2 6.028 93.2 84.8 90.6 57.1
YOLOv8 8.1 3.007 92.3 82.2 87.9 64.8
YOLO11 6.3 2.583 92.4 80.8 87.7 64.4
Y0L012 5.4 2.633 88.2 82.5 88.9 63.4
Y0L013 6.1 2.450 86.5 85.5 88.6 63.3

YOLO-FADA 7.3 2.642 89.5 84.3 90.7 66.9

Specifically, comparisons were made with YOLOv3, YOLOv5, YOLOv6, YOLOv7-tiny, YOLOv8,
YOLO11, YOLO12, and YOLO13. As shown in the table, the proposed algorithm achieves superior perfor-
mance on detection accuracy metrics compared with other YOLO variants. In particular, relative to YOLO11,
YOLO11-FADA improves the recall (R) by 3.5%, mAP50 by 3.0%, and mAP95 by 2.5%. Compared with
YOLOv8, it improves mAP50 by 2.8% and mAP95 by 2.1%. Meanwhile, the proposed model maintains a
parameter count of only 2.642 M and a computational complexity of 7.3 GFLOPs, achieving a favorable
trade-off between accuracy and efficiency. This lightweight design makes it more suitable for deployment in
real-world scenarios such as foreign object detection in maglev trains.
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In summary, YOLO11-FADA demonstrates higher detection accuracy than other YOLO series algo-
rithms while requiring relatively low computational resources. The combination of accuracy and lightweight
design highlights its significant practical value in maglev train foreign object detection applications.

5 Conclusion
To address core challenges in maglev train foreign object intrusion detection, such as small target miss

detection, false positives in complex scenarios, and inadequate real-time performance, this paper proposes a
multi-module fusion improvement algorithm, YOLO11-FADA, based on YOLO11. In the backbone network,
the LFAM (Local Feature Attention Module) is introduced to enhance the feature representation of small
targets, reducing feature loss during down-sampling through multi-scale parallel convolutions and attention
fusion. The traditional convolution layer is replaced with the lightweight WConv2D convolution layer, which
reduces the parameter count by 30% through symmetric weight optimization and sparsification, while pre-
serving core feature extraction capabilities and improving computational efficiency. The DTSA (Dynamically
Tuned Self-Attention) module is embedded in the neck network, dynamically adjusting attention weights via
learnable parameters to expand the receptive field, suppress complex background interference, and improve
the distinction between the target and background. Experimental results demonstrate that, compared to
the baseline YOLO11 model, the improved algorithm achieves a 3.0% increase in mAP@0.5, with a reduced
computational complexity of 7.3 GFLOPs and a detection speed of 118.6 FPS, thereby balancing accuracy and
efficiency in maglev train foreign object detection tasks.

In future work, we plan to conduct in-depth research along the following directions. First, we
intend to employ knowledge distillation, using the improved YOLO11 model proposed in this study as
the teacher model to distill a more lightweight student model. This approach aims to further reduce
computational complexity and deployment difficulty while maintaining detection performance, thereby
better accommodating the hardware resource constraints of maglev train onboard devices. Second, we will
explore hardware–software co-design strategies. Specifically, for computationally intensive operations in the
inference process (e.g., convolution operations), we will leverage the characteristics of dedicated hardware
such as FPGA (Field-Programmable Gate Array) and ASIC (Application-Specific Integrated Circuit) to
perform algorithm–hardware co-optimization, thereby enhancing inference speed in real-world scenarios.
Finally, we plan to expand the dataset scale. On the one hand, we will collect more real-world foreign object
samples from maglev train operation scenarios; on the other hand, we will incorporate public datasets (e.g.,
small-object samples from COCO) for cross-domain data fusion. This will enrich dataset diversity and
further validate and improve the generalization capability of the proposed model.
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