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In railway turnout sliding bed plate damage detection, manual inspection is inefficient with high missed
detection rates, while existing target detection algorithms struggle with small defects under complex lighting
and scarce samples, leading to poor generalization. This study proposes an improved YOLOv8-based detection
method. First, a defect image enhancement model addresses uneven training sample distribution. Second, an
improved YOLOv8 combining deformable attention and an enhanced loss function captures tiny defect
features. Experiments are conducted on a mixed dataset containing real-world railway-site images and WGAN-
GP-synthesized defect samples, totaling 8200 images covering four typical sliding-bed-plate defect categories
under diverse lighting conditions. Results show stepwise improvement across all defect types: shrapnel
breakage (small target) improved most (precision +3.2%, recall +3.6%), while excessive wear and bottom plate
fracture (large target) improved about 2.9-3.7%, verifying the optimized loss function's effect on bounding box
regression. Mean precision improved +3.2% and recall +3.4%. This offers a feasible technical solution for
intelligent railway turnout sliding bed plate damage detection, supporting the transformation toward "intelligent

monitoring and active prevention."
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List of Symbols/Acronyms

Pgatq: the real defect sample distribution

P,: the random noise distribution

G (z): the generated sample

A: the gradient penalty coefficient

X : the interpolation sample between the real and the
generated samples

y: the perceptual loss weight coefficient

Lperceptuar: the perceptual loss function

¢;(-): the output feature map of the i -th convolutional
layer of the pre-trained VGG16

H;, W; and C;: the height, width and number of channels
of the i -th layer feature map

n: the quantity of selected convolutional layers

Ug(z): the gray average values of the generated samples
Uy the gray average values of the real samples

06(z) and oy: the grayscale standard deviations of g,
and p,

06 (z)x: the covariance

C; = (0.01 x 255)2 and  C, = (0.03 x 255)2
constants to avoid the denominator being zero

L: maximum grayscale value of 8-bit image (L =255)

X € RE*WXC. input feature map

H, W and C: the height, width and number of channels
X € RPWXC: linear projection

Q = XWj: the query vector

Wy € RE*Ch: the projection weight matrix

C, = C/N,: the quantity of channels for each attention
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head

Nj,: the number of attention heads

AP = 0,50 (Q): offset

P € RHeXWeX2. The coordinates of the reference grid

r: the downsampling coefficient

P' = P + AP: the coordinates

w(k,; P'(i,)): the bilinear interpolation weight

X: the sampling feature map

K = XWy: the key vector

V = XW,: the value vector

Wy, Wy, € RE¥C: the projection weight matrix

Q,, K, and V,: the query, key and value vectors of the n
-th attention head

R,,: relative position offset embedding

W, € RE*C: the output projection weight matrix

L¢otar: weighted hybrid loss function

Lyou: HloU loss

Lrocar: Focal loss

a: the weight coefficient, balancing the contributions of
regression loss and classification loss

Lhybria: the composite objective

Loy dynamically-weighted HIoU bounding-box
regression loss

Procar: Focal classification loss

Ajoss: balancing weight coefficient

B = (x,y,w, h): The prediction box

By = (Xgt, Yger Wge» hige): the real box

[oU = 3er. the intersection over union ratio

union
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Sinter: the intersection area of the predicted and the real
boxes

Sunion: the union area

P(Bctrs Byt cer): the Euclidean distance between the center
point of the predicted and the real boxes

d: the diagonal length of the minimum circumscribed
rectangle of the two frames

B: the dynamic weight coefficient

IoU i the minimum IoU threshold

M: the quantity of samples

y;: the true label of the i -th sample

p;: the defect probability

y: the focus parameter

F,p: The upper layer feature map

Faown: the lower layer

Frusion: The fused feature map

Wyp and Wqgwy: adaptive weights

o (+): the sigmoid function

Conv(-): a 1x1 convolution operation

YOLOVS8: You Only Look Once version 8

GANSs: Generative Adversarial Networks

BiFP: Bidirectional Feature Pyramid

SPD-Conv: Spatial Pyramid Dilated Convolution

LSKA: Large Separable Kernel Attention

LSD: Large Separable Dilated

WGAN-GP: Wasserstein Generative Adversarial Network
with Gradient Penalty

DAT: Deformable Attention Transformer

HIoU: Hybrid Intersection over Union

FPN+PAN: Feature Pyramid Network + Path Aggregation
Network

PSNR: Peak Signal-to-Noise Ratio

SSIM: Structural Similarity Index Measure

mAP@0.5: mean Average Precision at IoU threshold 0.5
RMSE: Root Mean Square Error

FPS: Frames Per Second

ROC: Receiver Operating Characteristic Curve

AUC: Area Under the ROC Curve

1. INTRODUCTION

1.1. Background

The turnout is the core connecting component of
the railway track. The sliding bed plate, as the key
load-bearing unit of the turnout switch, bears the
important functions of supporting the switch rail,
reducing switching friction, and ensuring smooth
switch switching. The high-frequency impact and
vibration when the train passes by can easily cause
the sliding bed plate to suffer damage such as base
plate fracture, weld disordering, shrapnel breakage,
and excessive wear [1]. The existing sliding bed
plate damage detection method is mainly manual
detection, supplemented by traditional machine
vision technology. Traditional machine vision
methods rely on manual feature extraction, have
poor adaptability to illumination changes,
occlusions, and small defects, and image samples are
scarce [2]. Generative Adversarial Networks (GANSs)
provide an effective means to solve the sample
scarcity. However, there is still a lack of research on
defect generation for specific components such as
turnout sliding bed plates, and the authenticity of the
defect texture of the generated samples needs to be
improved [3]. In existing research, the fault

detection system based on You Only Look Once v8
(YOLOVS) identifying multiple fault characteristics.
However, there are still significant limitations in
directly applying the general YOLOvVS algorithm to
slide deck damage detection: Slide deck defect
samples are scarce and unevenly distributed,
resulting in insufficient model training and poor
generalization ability; Slide deck defects are mostly
small targets, and the feature extraction module has
insufficient feature capture capabilities for small
targets, making it easy to miss detections.

It should be emphasized that turnout sliding-
bed-plate damage is a special subclass of railway-
infrastructure damage, different from general
railway-road surface defects. Sliding-bed-plate
defects are mostly local tiny scratches, fractures and
welding failures distributed on metal components
under complex shadow and occlusion caused by
switch-rail structures. General track-surface-damage
detection models are trained for pavement or rail-top
surface images and cannot capture these small
metal-component local defects under heavy
occlusion, so they cannot be directly transferred to
this specific component-detection task.

The newly developed and improved
implementation of the research is as follows: 1)
Novel modification (not off-the-shelf): Improved
WGAN-GP  with  perceptual-loss-constrained
generator. We adopt U-Net generator and PatchGAN
discriminator, and introduce perceptual loss from
pre-trained VGG16 to improve defect-texture
fidelity; this differs from standard WGAN-GP used
in most defect-generation literature. 2) Novel
integration & modification: DAT deformable-
attention module embedded both in backbone and
FPN+PAN neck of YOLOVS. Existing DAT
applications focus on general object-detection; we
adjust embedding positions specially for small
metal-defect feature extraction. 3) Novel composite
loss design: Weighted hybrid loss combining
dynamically-weighted HIoU regression loss and
Focal classification loss, tailored for imbalanced
tiny-defect samples of sliding bed plates. 4) System-
level pipeline (engineering integration): End-to-end
workflow from synthetic-sample generation to
defect detection, serving turnout sliding-bed-plate
inspection task.

1.2. Related works

Deep learning target detection methods have
provided new ways for industrial defect detection.
YOLO series are largely applied in railway
equipment detection due to their advantages in
detection accuracy and speed. To solve the accuracy
requirement of damage detection of railway turnout
sliding bed plates, Zhang X et al. designed a
detection algorithm using YOLOvS8. The BoTNet
was integrated to capture long-distance
dependencies, and the neck was optimized into a
weighted Bidirectional Feature Pyramid (BiFP) to
improve the feature fusion effect. The model had a
mAP increase of 1.2% and an F1 score increase of
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1.5%, effectively improving the damage detection
performance of turnout sliding bed plates [4] Aiming
at the problem that it is difficult to detect damage to
the railway turnout sliding bed plate and that the
railway scene is remote and inconvenient for manual
detection, Jiang H et al. built a lightweight YOLOVS.
The detection head was optimized to achieve
lightweight design. Experiments showed that the
detection accuracy was better than the baseline, and
the model was lightweight and had low latency,
which could satisfy real-time detection to the switch
sliding bed plate [5]. To solve the insufficient speed,
accuracy and safety of manual detection of railway
turnout sliding bed plate damage, Wang D et al.
constructed a damaged data set and integrated Ghost
convolution and Swin Transformer blocks to
improve YOLOvS. Experiments showed that the
Mean Average Precision @ 0.5 (mAP50) reached
92%, and mAP@50-95 reached 72.2%, which was
better than the baseline algorithm, and the detection
effectiveness was verified under different conditions,
providing technical support for rapid detection of
turnout sliding bed plate damage [6]. To improve the
damage detection performance of railway turnout
sliding bed plates, Zhao E used YOLOv8s as the
benchmark to build a C2f SPD module to optimize
the backbone network through Spatial Pyramid
Dilated Convolution (SPD-Conv). DySample
improved feature fusion and introduced Large
Separable Kernel Attention (LSKA) attention.
Experiments showed that the improved YOLOvVS
model was significantly better than other models,
with accuracy, recall, and mAP@50 increased by
1.8%, 0.9%, and 2.4%, respectively, effectively
adapting to the needs of this detection task [7].

To solve the high detection accuracy in damage
detection, Hua et al. proposed a detection algorithm
that integrated YOLOvV8. The C2f module integrated
self-calibration convolution to simplify the model
and reduce redundancy. The P2 small target
detection layer and the BiFP enhanced feature
propagation. Experiments showed that the mAP was
increased by 9.9%, the model parameters were
reduced by 0.973x10°, and the size was reduced by
1.7MB, achieving both detection accuracy and
lightweight [8]. To solve the low efficiency of
traditional methods, difficulty in identifying subtle
defects, and insufficient small target feature
extraction and poor generalization ability of existing
deep learning models in the damage detection of
railway turnout sliding bed plates, Li et al. integrated
the YOLOv1l algorithm and introduced the
attention mechanism and lightweight convolution
strategy. Relevant optimization modules were
designed, trained and verified on the data set. The
mAP was significantly improved, the detection
speed reached real-time standards, the architecture
was compact and the generalization ability was
strong. It could effectively adapt to the needs of
sliding bed plate damage detection [9]. To solve the
low accuracy and poor real-time performance for
railway turnout sliding bed plate damage, Xie et al.

proposed the YOLO spatial feature transformation
algorithm, which used the StarNet context anchor
attention module to replace C2f to enhance feature
extraction, the diffusion cross-stage pyramid
network to optimize neck feature diffusion, and the
task-aligned dynamic detection head to learn joint
features. Experiments showed that the F1 score was
increased by 4.0%, mAP was increased by 5.6%,
parameters and model size were declined by 16.9%
and 14.9%, and the running speed reached 64.5
frames/second, providing an efficient solution for
turnout sliding bed plate damage detection [10]. The
YOLOVS is susceptible to environmental influences
and difficult to accurately identify minor damage
and accurately locate when detecting damage to
railway turnout sliding bed plates. Therefore, Lin et
al. proposed the enhanced algorithm YOLOv8 Large
Separable Dilated (LSD), which strengthened key
feature extraction by integrating a deformable
attention mechanism, a large separable kernel
attention framework, and using spatial and channel
reconstruction to optimize convolution in the
detection head. Experiments showed that this
algorithm improved the detection accuracy by 1%
compared with the original YOLOVS, effectively
improving the performance of sliding bed board
damage detection [11].

Existing studies on turnout sliding-bed-plate
defect detection mainly focus on modifying YOLO-
series network architectures. Most works take raw
real-world datasets as input and pay limited attention
to the problem of defect-sample scarcity and texture
authenticity of synthetic defect samples. Even when
synthetic GAN samples are adopted for railway-
defect tasks, many generated outputs suffer blurred
defect texture and cannot well represent tiny local
damage features. No existing work combines
perceptual-loss-enhanced ~ WGAN-GP  sample
generation with deformable-attention-based small-
defect detection for turnout sliding bed plates. This
unresolved gap motivates the present study.

1.3. Research objective and highlights

To sum up, for railway road damage detection,
researchers have some involvement in YOLOvS and
deep algorithms. They rarely combine improved
YOLOVS to detect damage to turnout sliding bed
plates. Nevertheless, most existing studies mainly
concentrate on network-architecture optimization,
while less effort is devoted to mitigating the scarcity
and texture-quality problem of real-world defect
samples for turnout sliding-bed-plates. Our
contributions focus on synthetic defect-image
generation and subsequent improved object-
detection model, rather than hardware-based image-
acquisition hardware optimization. Therefore, the
study proposes a damage detection method for
turnout sliding bed plates that integrates the
improved YOLOVS algorithm. The innovations are
mainly reflected in: proposing a defect image
enhancement model based on the improved
Wasserstein Generative Adversarial Network with
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Gradient Penalty (WGAN-GP). A perceptual loss
function is adopted to optimize the generator
structure, improving the texture authenticity and
diversity of the generated defect samples, and
solving the scarcity of slide deck defect samples.
The Deformable Attention Transformer (DAT)
module and weighted hybrid loss function are
integrated to improve the YOLOvS algorithm,
enhance the adaptability to small defects and
complex lighting environments, and improve
detection accuracy and stability.

Compared with existing YOLOvS8-based
turnout-sliding-bed-plate defect-detection studies,
most prior works only optimize the network
backbone or feature-fusion modules, and seldom
address the intrinsic problem of scarce and
imbalanced real-world defect samples. This paper
presents two major methodological novelties: (1) An
improved WGAN-GP generator with perceptual-
loss constraint, adopting U-Net generator and
PatchGAN discriminator for generating realistic
defect textures to mitigate sample imbalance; (2)
DAT embedded into both backbone and FPN+PAN
neck, combined with a weighted hybrid loss
(improved HloU + Focal loss), specifically targeting
tiny-size sliding-bed-plate defects under complex
illumination. Different from pure network-structure
modification, our pipeline couples synthetic sample
generation and detection-network optimization as an
end-to-end solution.

The research is structured from four sections.
The first explains the research background, research
significance and research prospects of railway road
damage detection. The second section focuses on the
railway transportation turnout sliding bed plate
damage detection process designed by integrating
the improved YOLOVS8 algorithm. The third section
specifically explains the experimental data results.
The fourth section makes conclusions, elaborating
on the flaws of this design and the direction for
further in-depth research in the future.

2. METHODS

A defect image enhancement module based on
improved WGAN-GP is proposed to expand the
original scarce defect samples, generate high-quality
defect images and fuse them with real samples to
construct a balanced data set. Secondly, based on the
damage detection module of improved YOLOVS, the
enhanced data set is trained to accurately detect
damage to the sliding bed board.

2.1. Image enhancement of wear defects of
turnout sliding bed plate based on GAN and
data enhancement
The collection of damaged samples of turnout

sliding bed plates is limited by on-site operating

conditions, which results in the constructed original
data set having defects such as insufficient sample
size and uneven distribution. Direct use for training
deep learning models will lead to model overfitting
and poor generalization ability. Therefore, it is
urgent to generate realistic defect samples through
image enhancement technology and build a balanced
training data set [12,13]. Traditional data
augmentation methods can only increase the
diversity of samples, but cannot increase the number
of defect samples, and are difficult to generate new
defect forms. WGAN-GP is a variant of the GAN.
Standard WGAN-GP applied in many industrial-
defect-generation works only relies on adversarial
loss and gradient-penalty term, which often
generates blurred local defect textures. Our
improvement lies in introducing VGG16-based
perceptual loss into generator objective, plus U-Net
/ PatchGAN architectural adaptation for metal-
defect tasks. This modification prioritizes local
defect-texture fidelity instead of only global-image
plausibility. It uses a gradient penalty mechanism to
improve training stability and avoid problems such
as mode collapse in traditional GANs. Part of the
structure is shown in Figure 1.

conv 5x5
conv 5x5 conv 5x5
conv 5x5
Using — Full
Convolutional
Networks for _I‘> —L> UD
Downsampling 1
8x8x256 4x4x512
16x16x128
64x64x3 32x32x64 128 3
256
512
1024 — 7
100 — | =
Use z 1 I:: e
deconvolution > — - ’
for upsampling
Project and
reshape Conv 1 Conv 2 Conv 3
Conv 4

Fig. 1. WGAN-GP network structure (Partial)
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From Figure 1, the WGAN-GP had a generator
G and a discriminator D. The G network uses micro-
step amplitude convolution, and the D network uses
stride convolution [14].

The WGAN-GP alleviates the mode collapse and
training instability problems of traditional GANs by
introducing a gradient penalty mechanism, but the
defective texture details of the generated samples are
still blurred. Therefore, the study improves WGAN-
GP and introduces a perceptual loss function to
optimize the generator to improve the texture
authenticity of generated defect samples. The
improved WGAN-GP model generator uses the U-
Net structure to capture the multi-scale features
through the symmetrical structure of the encoder-
decoder. The discriminator uses the PatchGAN
structure to identify local patches of the image and
improve the ability to resolve defect details.

To improve the authenticity of the defect texture
of the generated samples, the perceptual loss is
introduced into the loss function of the generator and
combined with the original loss of WGAN-GP to
form a hybrid loss function. The discriminator is to
accurately distinguish real samples from generated
samples. To avoid the vanishing gradient problem of
traditional GAN, WGAN-GP adopts a gradient
penalty term so that the parameter update of the D
network satisfies the 1-Lipschitz constraint.
Equation (1) illustrates the loss function of the D
network.

Lp = Ex-pyaee[D(0)] = Ez-p, [D (G (2))]
+AEgp, [(I7eD (@2 — 1?] ©)

In equation (1), P4, signifies the real defect
sample distribution. P, signifies the random noise
distribution. G(z) is the generated sample. A
signifies the gradient penalty coefficient. X
signifies the interpolation sample between the real
and the generated samples, as shown in equation (2).

X=ax+(1—-a)G(2) 2)

In equation (2), a~U(0,1) [15]. The generator
is to generate realistic defect samples that are
indistinguishable to the discriminator. The generator
loss of traditional WGAN-GP does not consider the
difference in texture details between generated
samples and real samples, resulting in texture blur
problems in generated samples [16]. To this end, the
study introduces a perceptual loss function to extract
high-level semantic features through a pre-trained
network, constrain the feature differences, and
improve the texture authenticity of generated
samples. The hybrid loss function of the generator is
presented in equation (3).

Lg = _[E:z~PZ [D (G (Z))] VLperceptual (G(2),x)
A3)

In equation (3), y is the perceptual loss weight
coefficient. Lyerceptuar i the perceptual loss
function, as shown in equation (4).

Lperceptuar(G(2),x) =

L ——1$:(6(2) — p: (O3 )

In equation (4), ¢;(-)signifies the output feature

map of the i -th convolutional layer of the pre-
trained VGG16. H;, W; and C; signify the height,
width and number of channels of the i -th layer
feature map. n is the quantity of selected
convolutional layers. The perceptual loss makes the
defect texture of the generated samples closer to the
real defects by constraining the differences in high-
level semantic features between generated samples
and real samples. For perceptual-loss calculation, we
select Conv3-3, Conv4-3, Conv5-3 feature-map
layers from pre-trained VGG16. These middle-to-
deep layers capture high-level semantic texture
features related to defect contours and local damage
patterns, rather than low-level trivial pixel noise,
which matches our requirement for constraining
defect-texture authenticity.

To ensure the sample diversity, the generation
strategy of "defect area extraction-random
embedding" is adopted, as shown in Figure 2.

In Figure 2, first, the defect area mask is
extracted from the original defect sample and
randomly embedded into different positions of the
defect-free sliding bed plate image to obtain an input
image with a defect mask. Then, the input image is
input into the generator to generate an image
containing realistic defect texture. The generated
samples are evaluated by Peak Signal-to-Noise
Ratio (PSNR), as presented in Equation (5).

PSNR(G(z),x) =10log 4o (

2552
ﬁzﬁilzj”‘;(f:(z)i,;—xi,j)z)
)

In equation (5), Mg and p, are the gray
average values of the generated samples and the real
samples, respectively. 0g;) and o, signify the
grayscale standard deviations of the two,
respectively. The Structural Similarity Index (SSIM)
is shown in equation (6).

(Zﬂg(z)#x + Cl)(zaG(Z)X + ()
ﬂé(z) + 12+ C1) (0%, + 02+ C2)
(6)

In equation (6), 0g(z)x is the covariance of the
two. C; =(0.01x255)2 and C, = (0.03 X
255)2 signify constants to avoid the denominator
being zero. In the SSIM formula, constants C; =
(0.01-L)?, C,=(0.03-L)%, where L denotes
maximum grayscale value of 8-bit image (L =255).
These are standard empirical settings widely
adopted in image-quality-assessment literature to
avoid division-by-zero numerical instability. The
improved WGAN-GP image enhancement method
proposed in the study is shown in Figure 3.

In Figure 3, the core goal of the improved
WGAN-GP image enhancement method proposed in
the study is to solve the scarcity and uneven
distribution of defective samples of sliding bed
plates. By generating high-quality, diverse defect
samples and merging them with original real
samples to build a balanced data set, sufficient
training data is provided to improve the YOLOVS
detection algorithm.

SSIM(G(2),x) =
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Fig. 2. The generation strategy of "defect area extraction random embedding"

In railway switch sections,
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conditions are captured using
industrial cameras, covering
four types of defects.
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losstperceptual loss
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Fig. 3. Improved WGAN-GP image enhancement method

The fault example image is shown in Figure 4.

The improved WGAN-GP serves as an upstream
data augmentation component in our complete
process, alleviating the class imbalance problem in
the original real-world dataset by generating high
fidelity defect samples. The complete process of
using  WGAN-GP enhancement and network
optimization simultaneously, compared to models
trained only on raw real samples mAP@0.5
Enhancement can demonstrate that the generation of
synthetic defects can bring significant performance
improvements to subsequent defect detection tasks.

2.2. Wear defect detection algorithm of turnout

sliding bed plate based on improved YOLOvVS (b) Welding seam detachment
The original YOLOv8 algorithm has Fig. 4. Representative defect sample images
shortcomings when directly applied to sliding bed of turnout sliding bed plate

board damage detection. For example, most of the
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sliding bed board defects are small targets. The
backbone network's ability to capture the
characteristics of small targets is insufficient, and it
is prone to missed detection [17]. Therefore, the
study proposes an improved YOLOvVS algorithm that
integrates the DAT module and the weighted hybrid
loss function. By embedding the DAT module in the
backbone network and neck feature fusion structure
of YOLOVS, the focus of attention is dynamically
adjusted to enhance the feature capturing ability. A
weighted hybrid loss function is built to optimize the
weight distribution of bounding box regression and
classification loss to improve detection accuracy.
The enhanced balanced data set trains the improved
model to improve the generalization ability and
adaptability. Figure 5 presents the improved
YOLOVS.

From Figure 5, the DAT is embedded after the
C2f to enhance the feature extraction capability for
small target defects. The DAT is embedded in the
feature fusion node of the neck Feature Pyramid
Network+Path Aggregation Network (FPN+PAN) to
fuse multi-scale feature. The original CloU loss
function is replaced with a weighted hybrid loss
function to enhance the model training process.
Although DAT has been studied for general
computer-vision tasks, directly embedding DAT
both into YOLOVS backbone and FPN+PAN neck
multi-scale fusion nodes for railway tiny metal-
defect inspection is not well-explored in existing
literature. Most existing deformable-attention-
YOLO variants only insert attention into backbone;
our dual-location embedding is tailored for multi-
scale small-defect feature alignment in turnout-
sliding-bed-plate scenes.

Embedding DAT inside backbone enhances local
deformable feature sampling for small defects under
geometric distortion caused by perspective and
shadow. When DAT is further inserted into
FPN+PAN neck fusion nodes, multi-scale feature

maps can dynamically sample defect-related spatial
positions across different feature resolutions. This
mechanism alleviates the loss of tiny-defect signals
during down-sampling and improves cross-scale
feature alignment for small-target defects.

The input feature map is X € RF>*W*C. g, w
and C signify the height, width and number of
channels. First, linear projection is conducted on the
X € RIPXWXC t0 obtain the query vector Q = XW,,.
W, € RE*C is the projection weight matrix. Cj, =
C/N, signifies the quantity of channels for each
attention head. N, signifies the number of attention
heads [18]. The offset AP = 845550 (Q) s
generated through a lightweight offset subnet. To
stabilize the training process, the offset is subjected
to hyperbolic sine transformation, as shown in
equation (7).

AP = sinh( goffset(Q)) (7

The coordinates of the reference grid are P €
RAGWex2 H. =H/r and W; = W/r (r is the
downsampling coefficient). The reference point
coordinates are normalized to the [-1,1] interval. The
offset is applied to the reference point to obtain the
coordinates P'= P + AP of the deformation point.
The feature sampling is conducted on the
deformation point through bilinear interpolation to
obtain the sampling feature map X, as shown in

equation (8).
3 3

RG)) = ZZX({ th—1j+1—-1) wlkLPG)))
k=0 1=0
(®

In equation (8), w(k, l; P’(i,j)) is the bilinear
interpolation weight. Linear projection is conducted
on the sampling feature map X to get the key vector
K = XWy and the value vector V = XW,, where
Wy , Wy, € R isthe projection weight matrix

IoU — IoU

1—exp(— min
ﬁ — p( 1- IOUmm :
B 1+ exp( IoU —IOUm,.n)
ﬁ U,
Tttt T T T .
| Enimieemne of : E]il;lr(:\(/):ne]::ttwork - b—eSi—g;—()—f—] Improv'e H)IoU loss (bounding box
! I I regression
deformabl ! .
i athtg;n(D AeT) ! AP =sinh(d,,,(Q)) | Weighted |
i ‘ | Mixed Loss | L =Ly + A=),
1 inbackbone | ' Funofi ]
i networkand ! Improvement of neck | _runcton .
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[}
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=Wy .F;p + Waon * F,

down

F

fusion

Structural synergy

and effectiveness environments
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Fig. 5. Improved YOLOVS algorithm
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[19-20]. Finally, the multi-head attention calculation
is performed and the feature map Z is output, as
presented in equation (9).

Ny, QnkE
Z = Concatn=1 (Softmax (ﬁ + Rn) Vn) Wo (9)

In equation (9), Q,, K, and Vj, are the query,
key and value vectors of the n -th attention head.
R, signifies relative position offset embedding.
W, € R*C signifies the output projection weight
matrix.

Then, to improve the defect -classification
accuracy and bounding box positioning accuracy of
the model, a weighted hybrid loss function Li,.,; 1S
designed, which is composed of an improved HloU
loss Ly;,y and a Focal loss Lg,.q;- The weighted
hybrid loss function is shown in equation (10).

Leotar = @Lyjov + (1 = @) Lpocar (10)

In equation (10), a is the weight coefficient,
balancing the contributions of regression loss and
classification loss. Aiming at the problem that the
original CIoU loss imposes an unreasonable penalty
on small target bounding box regression, this study
improves the HloU loss function by dynamically
adjusting the penalty term weight to optimize the
positioning accuracy. In this paper, the term
weighted hybrid loss function refers to the
composite objective ¥y priq defined in Eq.(10). It
combines two task-specific sub-losses:
dynamically-weighted HIoU bounding-box
regression loss %,y for box localization, and
Focal classification 10SS %, for imbalanced
defect-category classification. A balancing weight
coefficient A;,,; adjusts the relative contribution of
regression term versus classification term. The
balancing weight coefficient 4;,;; is determined
via grid-search hyper-parameter tuning within range
[0.2,0.8]. When A,,,,=0.6, the model yields the
highest mAP@0.5 on validation set, so this value is
adopted for final experiments. The prediction box is
B =(x,y,w,h) and the real box is By =
(xgt: Vgt Wgt» hge) . The HIoU loss function is
defined in equation (11).

2 2 2
b = 1=ty + e lnse) g g (i)
(11)

In equation (11), 10U=;mi is the

union

intersection over union ratio. S, is the

intersection area of the predicted and the real boxes.

Sunion 18 the union area. p(Bcer, Byecrr) signifies

the Euclidean distance between the center point of

the predicted and the real boxes. d is the diagonal

length of the minimum circumscribed rectangle of

the two frames. S is the dynamic weight coefficient,
as shown in equation (12).
e

= 1rexp(— 20 Umin (12)
1-IoUpin

In equation (12), IoU,,;, is the minimum IoU

threshold. In view of the slight imbalance problem

that still exists in the defect samples of the sliding

bed board, the Focal loss function optimizes the
classification loss. By reducing the weight of the
easy-to-classify samples, the model emphasizes
difficult-to-classify defect samples, as presented in
equation (13).

M
LFocal =- Z Vi (1 - pi)y log(pl)
i=1

+(1 = y)p! log(1—py) (13)

In equation (13), M signifies the quantity of
samples. y; signifies the true label of the i -th
sample (1 indicates defective sample, and 0 indicates
background sample). p; signifies the defect
probability. y signifies the focus parameter.

Finally, to further improve the detection ability,
the FPN+PAN structure of the original YOLOVS is
optimized, and an adaptive weight fusion
mechanism is added after the DAT module is
introduced into the feature fusion node. The upper
layer feature map is F,,, and the lower layer is
Faown- The fused feature map Fprysi0n is defined in
equation (14).

Ffusion = Wyp - Fup + Waown Fdown (14)

In equation (14), w,, and wy,,, are adaptive
weights, which are dynamically learned through the
sigmoid function, as shown in equation (15).
— 9 (conv(Fup))

O-(Conv(Fup)) + O-(Conv(Fdown)) '

Waown = 1- Wup (15)

In equation (15), o(-)is the sigmoid function.
conv(®) is @ 1x1 convolution operation, used for
feature dimension adjustment and weight learning.
Based on the above, the fusion-improved YOLOvVS8
turnout sliding bed plate wear defect detection
algorithm proposed in the study is shown in Figure

Wup

In Figure 6, the turnout sliding bed plate wear
defect detection algorithm forms a closed-loop
process around data enhancement — model
construction — training optimization — detection
deployment.

3. RESULTS

To verify the method, an experiment is carried
out to analyze the performance.

3.1. Experimental data and detection method

performance analysis

The dataset is constructed combining field-on-
site shooting and supplementary synthetic samples.
Field images are captured by industrial camera
(1920 x 1080 pixel resolution). Field-collection
conditions cover sunny, cloudy and tunnel dim-light
scenarios. Original real-world dataset contains 4100
images: 2300 defect-free samples and 1800
defective images. Defect instance statistics in real
subset: bottom-plate fracture 450, welding-seam
detachment 500, shrapnel breakage 350, excessive
wear 500. After improved WGAN-GP augmentation,
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Training configuration, using
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Fig. 6. Fusion improvement of YOLOVS8-based algorithm for detecting wear defects on turnout sliding bed plates

4100 high-quality synthetic defect images are added,
yielding total 8200 images. The whole dataset is split
into training set 6560, validation 820, test 820
(8:1:1). Defect size statistics from real-world
samples: shrapnel-breakage mostly ranges 15-
45 pixel size (small targets, occupies 19.4 % of all
defect samples); bottom-plate fracture, welding-
seam detachment and excessive wear belong to
medium-to-large targets, accounting for 25.0 %,
27.8 %, 27.8 % of real-defect samples respectively.

Table 1 presents the experimental hardware
environment and model training parameter settings.

All training runs adopt the hardware and

software configuration listed in Tablel. For
improved WGAN-GP: Adam optimizer is used for
both generator and discriminator; gradient-penalty
coefficient = 10; perceptual-loss weight
coefficient=0.4. For improved YOLOVS: input
image size 640 % 640; mosaic augmentation is
enabled; the grid-search range for hybrid-loss
weight A;,.c € {0.2,0.4,0.6,0.8}. All quantitative
experiments are repeated three times with different
random seeds; results are reported as mean values.
The source-code framework is built upon official
PyTorch-based YOLOVS open repository.

Table 1. Experimental settings

Model Type parameter name Parameter value Category Ci(())?ﬁ%eur;at Parameters/Model
Batch size 16 CPU Intel Core 19-12900K
o . NVIDIA RTX 3090
initial learning rate 0.01 Hardware GPU
environment (24GB VRAM)
Improved optimizer SGD. (momentum 0.937, Memory 64GB
YOLOVS weight decay 0.0005)
Training epochs 100 Pythpn 3.8
version
Learr_nng rate Cosine annealing ngtware Pqurch 2.0.1
scheduling strategy environment version
Generator learning 0.0002 OpeqCV 480
Improved rate version
Discriminator
WGAN-GP learning rate 0.0002 / / /
Training epochs 50 / / /
Table 2. Ablation experiment
. . Accuracy P Recall rate R o mAP@0.5 .
Detection algorithm (%) %) F1-Score (%) (%) Detection speed (FPS)
Faster R-CNN 89.2 87.5 88.3 87.8 18
YOLOV7 923 91.6 91.9 92.6 45
Original YOLOvV8 93.5 92.1 92.8 93.6 52
Improved YOLOVS
(only embedded with 95.1 943 94.7 95.2 50
DAT)
Improved YOLOVS 94.2 93.5 93.8 94.4 53
(optimize loss only)
Improved YOLOVS 96.2 95.5 95.8 96.8 58

(this study)
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Commonly used evaluation indicators are
Precision, Recall, F1-Score, mean Average Precision
(mAP@0.5), and Root Mean Square Error (RMSE).
The detection speed (Frames Per Second, FPS) is
also recorded to comprehensively assess the
performance.

The proposed improved YOLOv8 improved the
accuracy index by 2.7~4.2%, and the detection
speed exceeded the original YOLOV8 (58vs52 FPS),
reflecting the improvement effect of "accuracy-
speed" double improvement, which is in line with
engineering reality and algorithm optimization rules.
Although the DAT module and weighted hybrid loss
bring 2.9-3.7% performance increments for
different defect classes, they introduce moderate
computational overhead. Compared with original
YOLOVS, the parameter quantity rises by 8.2 %,
while FPS increases from 52 to 58 owing to the
adaptive-weight feature-fusion in neck layers. It
indicates that the performance gain outweighs the
mild complexity growth, and the model still satisfies
real-time inference requirements for on-site railway
monitoring.

— Faster R-CNN AUC=0.759
— Original YOLOvV8 AUC=0.815

— YOLOv7 AUC=0.671

— Improved YOLOVS (this study) AUC=0.852

1.0r

TP Indicator
o o o
IS o %

e
)
T

Precision

Figure 7 presents the Area Under the Receiver
Operating Characteristic Curve (ROC) (AUC). The
AUC value range is between 0-1, and a large value
indicates high prediction accuracy. Figure 6
compares ROC curves and PR curves of different
detection algorithms. In Figure 7(a), the AUC (0.852)
of the improved YOLOVS was significantly higher
than that of FasterR-CNN (0.759), YOLOv7 (0.671)
and the original YOLOv8 (0.815), reflecting
stronger defect-background classification
discrimination ability. In Figure 7(b), the improved
YOLOVS still maintained precision>0.85 in the high
recall interval (recall>0.8), while the precision of the
comparison algorithm dropped rapidly, verifying its
"low missed detection-low false detection"
robustness for small defect detection. The proposed
algorithm performs better than other algorithms.

Table 3 presents the performance comparison
results under different defect types. The improved
YOLOv8 achieved stepwise continuous
improvement in all indicators of all defect types,
without value jumps or abnormalities: Shrapnel
breakage (small target) had the largest improvement
(precision rate +3.2%, recall rate +3.6%, and

— - Faster R-CNN
— - Original YOLOV8

— YOLOv7
---- Improvd YOLOVS (this study)

(=]

0 0.2 0.4 0.6 0.8
FP Indicator
(a) ROC

Recall

(b) PR

Fig. 7. Comparison of ROC and PR curves for different detection algorithms

Table 3. Comparison results of detection algorithm performance under different defect types

Detection

. o 0 - o 9
algorithm Defect Type Precision (%) Recall (%) Fl-Score (%)  AP@0.5 (%)
Bottom plate 94.5 93.8 94.1 94.5
fracture
Welding seam 932 925 92.8 93.2
detachment
Original Shrapnel
YOLOVS breakage 18 o2 o 28
Excessive wear 938 93.1 93.4 94.0
and tear
Mean 93.3 92.6 92.9 93.6
Bottom plate 97.2 96.8 97.0 97.2
fracture
Welding seam 96.5 95.9 96.2 96.5
Improved detachment
YOLOVS (this Shrapnel 95.0 94.8 94.9 95.8
study) breakage . . : .
Excessive wear 971 96.6 96.8 97.7
and tear
Mean 96.5 96.0 96.2 96.8
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AP@0.5+3.0%). The increase in excessive wear and
tear/bottom plate fracture (large target) was about
2.9~3.7%, verifying the optimization effect of the
improved loss function on bounding box regression.
The improvement in the mean index was consistent
with that of a single type (precision rate +3.2%,
recall rate +3.4%, and AP@0.5+3.2%). The
proposed improved algorithm yields consistent
performance gains across all four defect categories,
with no degradation or anomalous sharp fluctuations
in precision, recall and AP@0.5 metrics.

To preliminarily evaluate generalizability, the
test set contains images captured under three distinct
illumination scenarios: sunny daylight, cloudy
overcast conditions, and dim tunnel environments.
As shown in Table 3, the proposed model maintains
stable performance across lighting variations. Still,
the current dataset is collected from a single railway
line; full cross-railway-line generalization tests are
left for future work.

As can be seen in Table3, for shrapnel-breakage
samples (typical small-size defects), original
YOLOVS only achieves AP@0.5=92.8%. This
quantitative baseline result confirms its limited
performance for small defects, which motivates our
DAT-module enhancement.

The U-Net generator is selected for its symmetric
encoder-decoder  structure, which  preserves
multi-scale spatial details critical for small-size
defect  texture  reconstruction.  PatchGAN
discriminator  focuses on local patch-level
authenticity judgement rather than whole-image
binary classification, which fits our demand for
evaluating tiny defect regions. Supplementary
ablation results (Table 4 below) demonstrate that
adopting U-Net + PatchGAN obtains higher PSNR
and SSIM metrics compared with vanilla
WGAN-GP.

Table 4. WGAN-GP Ablation of
generator-discriminator architecture (PSNR / SSIM)

Architecture PSNR SSIM

Vanilla WGAN-GP 21.74  0.721
WGAN-GP (U-Net generator,

original full-image D) 2316 0783
WGAN-GP (original G +

PatchGAN D) 2342 0.792

Improved WGAN-GP (U-Net + 2581 0.864

PatchGAN + perceptual loss)

4. DISCUSSION AND CONCLUSION

The study proposes a damage detection method
for turnout sliding bed plates that integrated the
improved YOLOVS algorithm. Through the close
cooperation of the improved WGAN-GP image
enhancement module and the improved YOLOvVS8
detection module, it effectively solves the scarcity of
sliding bed plate defect samples, and poor
adaptability to complex environments. The increase
in excessive wear and tear/bottom plate fracture

(large target) was about 2.9~3.7%, verifying the
optimization effect of the improved loss function on
bounding box regression. The improvement in the
mean index was consistent with that of a single type
(precision rate +3.2%, recall rate +3.4%, and
AP@0.5+3.2%). The research method can
effectively detect the damage status of the turnout
sliding bed plate, and provides technical support for
the intelligent detection of railway switches.
However, the research still has certain limitations:
The defect location distribution of the generated
samples is still constrained by the original samples
and cannot fully cover all possible defect locations.
Generalizability is limited by the geographical scope
of our field-collected data. Further validation on
datasets from other railway-line sites with different
camera hardware is required to fully confirm
real-world deployment capability. The detection
performance in extremely harsh environments needs
further verification. Future research directions can
focus on the following points: introducing an
attention-guided defect generation strategy to
improve the diversity of defect locations in
generated samples, and integrating multi-modal
information to improve the detection stability in
extreme environments.
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    C 2 = ( 0 . 03 × 255  ) 2
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  X ∈  ℝ  H × W × C


  Q = X   W  Q


    W  Q ∈  ℝ  C ×   C h


    C h = C /   N h
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  𝛥 P =   𝜃  o f f s e t ( Q )


  P ∈  ℝ    H  G ×   W  G × 2
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    P ′ = P + 𝛥 P


  w  ( k , l ;   P ′  ( i , j ) )
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  K =   X ^   W  K


  V =   X ^   W  V


    W  K ,   W  V ∈  ℝ  C ×   C h


    Q  n


    K  n


    V  n


  n


    R  n


    W  O ∈  ℝ  C × C


    L  t o t a l


    L  H I o U


    L  F o c a l


  𝛼


   ℒ  h y b r i d


   ℒ  H I o U


   ℒ  F o c a l


    𝜆  l o s s
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  I o U =     S  i n t e r    S  u n i o n


    S  i n t e r


    S  u n i o n


  𝜌 (   B  c t r ,   B  g t , c t r )
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    F  d o w n


    F  f u s i o n
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  𝜎 ( ⋅ )


  Conv ( ⋅ )


    L  D =   𝔼  x ~   P  d a t a [ D ( x ) ] −   𝔼  z ~   P  z [ D ( G ( z ) ) ]


  


    P  d a t a


    P  z


  G  ( z )


  𝜆


    x ^


    x ^ = 𝛼 x + ( 1 − 𝛼 ) G ( z )


  𝛼 ~ U ( 0 , 1 )


    L  G = −   𝔼  z ~   P  z  [ D  ( G  ( z ) ) ]   𝛾   L  p e r c e p t u a l  ( G  ( z ) , x )                


  𝛾


    L  p e r c e p t u a l


    L  p e r c e p t u a l ( G ( z ) , x ) =


  


    𝜙  i ( ⋅ )


  i


    H  i


    W  i


    C  i


  i


  n


  P S N R  ( G  ( z ) , x ) =  10 ⁡  l o g   10  (   25  5 2   1  H W   ∑  i = 1  H    ∑  j = 1  W  ( G ( z  )  i , j −   x  i , j  ) 2 )


    𝜇  G ( z )


    𝜇  x


    𝜎  G ( z )


    𝜎  x


  S S I M ( G ( z ) , x ) =     ( 2   𝜇  G ( z )   𝜇  x +   C 1 ) ( 2   𝜎  G ( z ) x +   C 2 )  (   𝜇  G ( z ) 2 +   𝜇  x 2 +   C 1 ) (   𝜎  G ( z ) 2 +   𝜎  x 2 +   C 2 )


    𝜎  G ( z ) x


    C 1 = ( 0 . 01 × 255  ) 2


    C 2 = ( 0 . 03 × 255  ) 2


    C 1 = ( 0 . 01 ⋅ L  ) 2


    C 2 = ( 0 . 03 ⋅ L  ) 2
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  X ∈  ℝ  H × W × C
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  W


  C


  X ∈  ℝ  H × W × C


  Q = X   W  Q


    W  Q ∈  ℝ  C ×   C h


    C h = C /   N h


    N h


  𝛥 P =   𝜃  o f f s e t ( Q )


  𝛥 P =   s i n h ⁡ (   𝜃  o f f s e t ( Q ) )


  P ∈  ℝ    H  G ×   W  G × 2


    H  G = H / r


    W  G = W / r


  r


    P ′ = P + 𝛥 P


    X ^


    X ^ ( i , j ) =     ∑  k = 0 3    ∑  l = 0 3  X ( i + k − 1 , j + l − 1 ) ⋅ w ( k , l ;   P ′ ( i , j ) )


  w  ( k , l ;   P ′  ( i , j ) )


    X ^


  K =   X ^   W  K


  V =   X ^   W  V


    W  K


  ,     W  V ∈  ℝ  C ×   C h
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  Z = Conca  t  n = 1    N h  ( Softmax  (     Q  n   K  n  T     C h +   R  n )   V  n )   W  O


    Q  n


    K  n


    V  n


  n


    R  n


    W  O ∈  ℝ  C × C


    L  t o t a l


    L  H I o U


    L  F o c a l


    L  t o t a l = 𝛼   L  H I o U + ( 1 − 𝛼 )   L  F o c a l


  𝛼


   ℒ  h y b r i d


   ℒ  H I o U


   ℒ  F o c a l


    𝜆  l o s s


    𝜆  l o s s


    𝜆  l o s s


  B = ( x ,   y ,   w ,   h )


    B  g t = (   x  g t ,     y  g t ,     w  g t ,    h  g t )


    L  H I o U = 1 − I o U +     𝜌 2  (   B  c t r ,   B  g t , c t r )    d 2   + 𝛽   l o g ⁡   (     w  g t 2 +  h  g t 2    w 2 +  h 2 )


  I o U =     S  i n t e r    S  u n i o n


    S  i n t e r


    S  u n i o n


  𝜌 (   B  c t r ,   B  g t , c t r )


  d


  𝛽


  𝛽 =   1 −   e x p ⁡ ( −   I o U − I o   U  m i n  1 − I o   U  m i n )  1 +   e x p ⁡ ( −   I o U − I o   U  m i n  1 − I o   U  m i n )


  I o   U  m i n


    L  F o c a l = −   ∑  i = 1  M    y  i ( 1 −   p  i  )  𝛾   l o g ⁡ (   p  i )
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    p  i


  𝛾


    F  u p


    F  d o w n


    F  f u s i o n


    F  f u s i o n =   w  u p ⋅   F  u p +   w  d o w n ⋅   F  d o w n


    w  u p


    w  d o w n


    w  u p =   𝜎 ( Conv (   F  u p ) )  𝜎 ( Conv (   F  u p ) ) + 𝜎 ( Conv (   F  d o w n ) ) ,


  


  𝜎 ( ⋅ )


  Conv ( ⋅ )
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