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Abstract—To address challenges in high-speed train inspec-
tion such as complex backgrounds, diverse component types,
and compact dimensions, this paper proposes a defect detection
method called RTDETR-FAMC (RTDETR with Optical Flow
Attention and Multimodal CSwin Transformer). The approach
integrates RGB images and depth data through a dual-branch
CSwin Transformer backbone network that fully utilizes both
visual and depth information. At the same time, the improved
Sea-RAFT optical flow estimation is combined to generate
dynamic spatial prior attention for standard images and test
images, so as to guide the network to focus on target regions.
A Mask Feature Fusion (MFF) module achieves channel-space
attention synergy optimization, while HWD wavelet transform
downsampling and CSP-PAC multi-scale feature fusion modules
enhance detection accuracy. Experimental results based on a
self-built high-speed rail EMU fine-grained scanning dataset
(containing 3,881 high-resolution images) demonstrate signifi-
cant accuracy improvements compared to mainstream detec-
tion algorithms. Compared with YOLO series and standard
RTDETR methods, the proposed approach achieves at least
3% improvement in mAP50 metric, validating its effectiveness
as a reliable technical solution for intelligent EMU inspection.

I. INTRODUCTION

In recent years, China’s rail transportation sector has
achieved remarkable progress, setting new records in both
operational mileage and passenger/freight throughput. As of
the first half of 2024, the country’s total railway network
reached 162,000 kilometers, with high-speed rail (HSR)
infrastructure accounting for 47,000 kilometers, maintaining
its position as the world’s longest HSR network. During this
period, China’s railways transported 1.95 billion passengers
and handled 2.08 billion tons of freight, setting new historical
benchmarks. With the continuous development of China’s
HSR construction, maintenance requirements for EMU trains
have become increasingly stringent. Current inspection meth-
ods for HSR trains primarily rely on manual approaches,
but the complexity of maintenance tasks and high labor
intensity often lead to operator fatigue, resulting in pro-
longed inspection durations, low efficiency, and significant
safety risks. Among various maintenance solutions, the Train
Electronic Data System (TEDS) [1] stands out as a critical
tool for real-time monitoring. Through centralized analysis
and multi-level application management supported by rail-
way networks, TEDS enables visual inspection and fault
detection of critical components on EMU trains’ sides and
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undercarriage. To enhance inspection efficiency and safety,
mobile robots installed beneath train chassis can capture
high-resolution images using robotic arms, generating precise
scanning datasets. Al-powered systems assist in accurately
identifying potential faults, significantly reducing inspection
time while minimizing manual workload, thereby ensuring
safe and stable high-speed rail operations.

Fig. 1. On site photos of the inspection robots collecting chassis data of
train sets.

As shown in Fig. 1, during maintenance of high-speed
rail EMU trains in the garage, inspection robots move under
the tracks to scan the lower sections. By parking at specific
locations on the train and using robotic arms to photograph
the chassis from different angles, a set of high-resolution
depth-information-rich scanning images can be obtained.
This facilitates subsequent identification and fault diagnosis
of train components. Since the relative positions of parts are
fixed when the EMU leaves the factory, the spatial structures
captured through data collection at identical relative positions
within the same type of carriage remain similar. The scanned
data is presented as follows in Fig. 2.

This study aims to develop a high-precision component
detector that utilizes scanned aligned depth maps and RGB
images. To address the complex backgrounds, diverse com-
ponent types, and varied defect categories in EMU chassis
parts, while fully leveraging the features of both RGB and
depth maps along with prior relationships between camera
positions under identical shooting angles, we propose the
RTDETR-FAMC defect detection network based on optical
flow attention with standard priors and RGB-D multimodal
dataset. The network integrates a dual-branch CSwin Trans-
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Fig. 2. A display of the dataset captured by the robot. The 1st and 3rd rows are depth maps, and the 2nd and 4th rows are the corresponding RGB images

former [2] backbone that combines RGB images and depth
data, enhancing feature perception through multimodal data
features and cross-shaped window attention from CSwin
Transformer. Additionally, our method incorporates an im-
proved Sea-RAFT [3] optical flow estimation to generate
dynamic spatial prior attention, while designing a Mask Fea-
ture Fusion (MFF) module to achieve channel-space attention
synergy optimization. This approach integrates prior infor-
mation from standard maps for component localization. The
introduction of HWD [4] wavelet transform down- sampling
and CSP-PAC multi-scale feature fusion modules enhances
feature interpretability, avoiding the need for traditional
convolutional networks to stack multiple layers for multiscale
perception. These innovations significantly improve detection
accuracy and efficiency.
The main contributions of this article are as follows:

« In order to solve the problem of insufficient utilization
of multimodal features, the RGB-D dual-branch CSwin
Transformer architecture is used to jointly analyze vi-
sual texture and depth geometric information, so as
to enhance the discrimination ability of moving train
chassis component positions.

o To address the issue of spatial prior loss, this study
proposes a standard graph-test graph attention map-
ping mechanism based on Sea-RAFT optical flow. By
leveraging the fixed-viewpoint feature characteristics to
generate dynamic spatial prior masks, the network is
guided to identify potential defect regions. Additionally,
an MFF module is designed to integrate optical flow
attention with channel attention, thereby enhancing the
system’s capability to utilize both feature textures and
spatial priors.

o In order to solve the problem of low detection efficiency
and improve detection accuracy, HWD-CSP-PAC neck
network is designed. Wavelet transform is used to

explicitly separate high frequency and low frequency
features, and parallel hole convolution is used to capture
multi-scale context, so as to enhance the perception
ability of target regions.

II. RELATED WORK

Current deep learning-based object detection methods are
primarily categorized into two types: two-stage detectors
like the Fast R-CNN series, and single-stage models such
as the YOLO and DETR [5] families. As pioneering re-
search, R-CNN [6] adopted a two-stage detection process:
first generating candidate regions through selective search
algorithms, then extracting features via pre-trained AlexNet
[7], and finally classifying them using support vector ma-
chines. The Fast R-CNN [8] achieved end-to-end training
by improving unified feature extraction and multi-task loss
functions, significantly enhancing detection accuracy. Faster
R-CNN [9] introduced Region Proposal Networks (RPN)
that share weights with the main network, enabling rapid
and accurate candidate region generation. The YOLO series,
as representatives of single- stage detectors, simplified the
detection process by directly predicting object boxes on con-
volutional features, making it particularly suitable for indus-
trial real-time applications. YOLOvV2 [10] enhanced detection
accuracy through anchor box mechanisms, YOLOv3 [11] im-
plemented multi-scale detection head designs, YOLOv4 pro-
posed feature fusion neck structures based on FPN and PAN,
while YOLOVS5 [12], YOLOV6 [13], YOLOvV7 [14], YOLOVS
[15], and YOLOV9 [16] further optimized performance and
speed.Recently, YOLO’s version has been updated rapidly,
with YOLOv10 [17], YOLOv11 [18], YOLOv12 [19] ap-
pearing one after another. Among them, the C2PSA module
proposed by YOLOV11 is also used in this article.

In recent years, significant progress has been made in
multi-modal object detection, focusing on cross-modal fea-
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Fig. 3.

ture fusion, open-vocabulary detection, and 3D percep-
tion. GGSTrack [20] proposed a geometric graph convolu-
tional network (GCN) and spatio-temporal convolution-based
multi-object tracking method, significantly improving perfor-
mance in dense scenes. MQ-Det [21] introduced a multi-
modal query mechanism (text + visual examples), achieving
a 7.8% accuracy improvement in open-world object detection
while resolving ambiguity in text queries. For cross-modal
domain adaptation, the illumination-aware feature adaptation
framework (IAM+PPA) [22] employed progressive prototype
alignment, increasing pedestrian detection mAP by 12.6%
in visible-thermal imaging. In 3D object detection, PPF-
Det [23] proposed a point-pixel fusion strategy with multi-
pixel perception (MPP) and point-voxel-wise triple attention
(PVW-TAF), enhancing LiDAR-camera fusion robustness.
SuperYOLO [24] leveraged super-resolution-assisted training
and pixel-level multi-modal fusion, outperforming YOLOvV5
by 10% mAP in remote sensing small object detection.

III. OPTICAL FLOW ATTENTION PRIOR AND
MULTI-MODAL RGBD RTDETR

A. Overall Network Structure

The proposed RTDETR-FAMC network (RTDETR with
Optical Flow Attention and Multimodal CSwin Transformer)
, which is shown as Fig. 3, is built upon three key com-
ponents: test image inputs, depth maps corresponding to
test images, and fully annotated standard maps. Given that
each camera’s viewpoint remains fixed during EMU chassis
inspections, the spatial structures of target boxes captured
by each camera should maintain similarity across all frames.
This framework enables the creation of standardized maps
for each camera position, which comprehensively include all
object categories within the view while ensuring no missing
or damaged elements. For test images, their acquisition
locations correspond to identical positions on other trains,
with depth maps derived from LiDAR data aligned with the
test images.

RTDETR-FAMC Structure.

The backbone network is a multi-feature fusion architec-
ture with dual branches, each processing RGB and depth
images respectively. Each branch contains multiple CSwin
Transformer Blocks that extract features at different levels,
while 1x1 convolution modules integrate these features.
Given that RGB input serves as the primary feature source,
the network design prioritizes the RGB branch to ensure its
dominance in final feature fusion. The Depth branch provides
auxiliary information through its CSwin Transformer Block
following each Depth branch, enhancing target recognition
accuracy. Finally, the output features undergo C2PSA module
processing with self-attentional correction. This architecture
enables comprehensive image content understanding, thereby
improving detection performance.

The system employs a standard image with complete anno-
tations and a test image input to activate another optical flow
estimation branch. This branch utilizes the backbone network
of Sea-RAFT’s optical flow estimation as the standard-to-
test optical flow mapping. The mask matrix generated from
annotated bounding boxes in the standard image is deformed
into attention mask information for the test image through
optical flow results. This information is then fused with
optical flow outputs and marker attention from Sea-RAFT
to generate a dynamic spatial prior attention map, which
guides the network to focus on target regions. Following this,
the Fusion Block normalizes the attention space to produce
a fused optical flow sampling attention tensor, providing
essential attention guidance for subsequent feature fusion
processes.

The Neck module retains the multi-scale feature fusion
architecture from the YOLO series, employing both up-
sampling and downsampling branches. Specifically, after
each upsample, the Mask Feature Fusion Block (MFF)
integrates optical flow spatial structure priors with backbone
network features. This block combines channel attention
mechanisms that leverage optical flow spatial priors with
spatiotemporal attention patterns, while integrating features
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from the backbone network through a HSPFN module to
fine-tune feature maps and enhance target region saliency.
During the downsampling phase, the HWD module utilizes
Harr wavelet transform to extract high-frequency and low-
frequency components for feature fusion. The Neck module
employs the CSP-PAC module for cross-stage local con-
nections, which enhances feature representation capabilities
through enhanced feature expression.

In the head part, the detection head adopts RTDETR
encoder and multi-scale feature map to optimize target
positioning through dynamic decoding strategy to ensure
detection accuracy.

B. RGB & Depth Dual Branch Architecture Feature Fusion

The CSwin Transformer adopts a hierarchical pyramid
architecture with four stages, each implementing down-
sampling through Merge Blocks. Its core innovation lies in
Cross-Shaped Window Attention, which breaks down tradi-
tional square window attention into horizontal and vertical
strip windows. By alternately processing these two orien-
tations, the network achieves full spatial coverage within a
single layer, effectively addressing the challenge of global
interaction required by Swin Transformer’s multi-layer shift
windows.

Following the completion of backbone network feature
extraction, we introduce a C2PSA module. The C2PSA
(Channel-to-Pixel Self-Attention) module integrates convo-
lutional and self-attention mechanisms to enhance features
through a dual-branch architecture that synergistically ex-
tracts both local details and global contextual information,
which is first used in YOLOvI11.

After concatenating the features from two branches in
the channel dimension, the original number of channels is
restored through a 1 x 1 convolution to achieve efficient
feature fusion. This design retains the local perception ad-
vantage of traditional convolutions while incorporating the
global modeling capability of self-attention mechanisms. By
implementing a channel partitioning strategy, it effectively
controls computational complexity, making this approach
adaptable for various dense prediction tasks.

C. Spatial Structural Prior Based on Sea-RAFT Optical
Flow Attention

Sea-Raft is an enhanced optical flow estimation method
designed to improve efficiency, accuracy, and generalization
capabilities. Its core improvements include the introduction
of the Mixed Laplacian Loss (MoL), which maximizes the
likelihood of true optical flow by predicting parameters of
the Laplacian distribution. In terms of model architecture,
Sea-Raft simplifies the original RAFT design by adopting a
standard ResNet [25] as the backbone network and replacing
ConvGRU with ConvNeXt [26] blocks. Sea-Raft demon-
strates outstanding performance across multiple benchmarks
including Spring [27], Sintel [28], and KITTI [29].

Fig. 4 shows some optical flow results obtained by sea raft
on standard and test charts. Since the camera positions of the
standard image and the test image are the same, the obtained

Standard Test Optical Flow Confidence

Fig. 4. Flow and confidence between the standard image and the test image
by Sea-RAFT.

Fig. 5. Sea-RAFT optical flow attention block. The weight of Sea-RAFT
backbone is frozen during training.

image has the same structure. To reduce computational load,
we applied two downsampling stages to the input standard
image I; and test image I (both R3*640x640) a5 shown
in Fig. 5. Before performing optical flow estimation on
Sea-raft, the input underwent two downsampling processes.
During the iteration phase, the RNN unit only operated
once to obtain preliminary optical flow estimates. For the
output stage, we not only captured optical flow information
but also integrated uncertain estimates from the network
outputs, including both position and scale uncertainties.
Using annotated bounding boxes from the standard image,
we generated multi-scale target box position masks and
performed deformation integration through the network’s
optical flow output to preliminarily predict target box posi-
tions in test images. The final output typically consists of
RBx(6+N)x160x160  §imyltaneously, we applied Gaussian
blurring to this mask and combined it with other network
outputs before feeding it into a Fusion Block. This dual-
branch convolutional architecture employs 1 x 1 and 3 x 3
convolutions with BN modules to generate the final attention
space prior mask tensor for optical flow sampling. Since the
optical flow estimation prior ResNetFPN module requires
extensive data training, its gradients are disabled during
network training, serving solely as an initial optical flow prior
mask.

Fig. 6. Mask Feature Fusion Block.
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Then, the Mask Feature Fusion (MFF) module is added
to the neck feature fusion section. As an efficient dual-
mode feature fusion module, this module combines channel
attention and spatial attention mechanisms to adaptively fuse
optical flow prior mask information with visual features
(Feature Map), which significantly improves the feature
discrimination capability in target detection tasks.

As shown in Fig. 6, this module employs a channel atten-
tion HSPFN module for input feature maps, utilizing dual-
branch feature extraction with average and max pooling op-
erations to perform weighted fusion of fine-grained features.
The input optical flow prior mask undergoes dual-branch
feature aggregation, focusing on both channel attention and
spatial attention while refining the input features through
weighted processing. For the optical flow attention mask,
adaptive alignment is applied first to ensure spatial dimension
compatibility with the feature map. In the secondary MFF
modules at the neck layer, the optical flow prior masks are
resized at ratios of 2, 4, 4, and 2 respectively. To align with
input feature map dimensions, the optical flow attention mask
is split into spatial and channel weights, followed by adaptive
adjustment via a residual module. This design preserves
structural information in the mask, automatically focuses on
target key regions through attention mechanisms, effectively
suppresses background interference, and fully utilizes optical
flow prior information to enhance recognition accuracy.

D. Modules in the Neck

The HWD wavelet transform module adopts Haar wavelet
decomposition. This explicit frequency-domain decomposi-
tion enhances feature interpretability and avoids the need for
stacking multiple layers in traditional convolutional networks
to achieve multiscale perception. The module only requires
lightweight 11 convolutions for channel compression during
feature fusion, resulting in substantially fewer parameters
compared to conventional multi-scale modules.

For head feature extraction, the CSP-PAC module is
utilized, which is a refined bottleneck structure integrating
Cross Stage Partial (CSP) architecture with Parallel Atrous
Convolution (PAC) [30]. This design efficiently extracts
multi-scale features while maintaining computational effi-
ciency, which is shown as Fig. 7.

Fig. 7. CSP-PAC Block.

The module first divides the input channels into two
parts through two 1 x 1 convolutions. One part is processed
by an innovative ParallelAtrousConv sub-module, while the
other retains the original features as shortcut connections.
The ParallelAtrousConv sub-module employs three different
dilation rates (default ratio=[1, 2, 3]) for parallel 3 x 3 hollow
convolutions to capture features from different receptive
fields. Standard convolution focuses on local details, large

dilation rate convolutions capture wide-area context, and
finally, a 1 X 1 convolution merges multi-scale features while
adjusting the number of channels.

This design enhances the network’s perception of multi-
scale targets, making it suitable for visual tasks involving sig-
nificant scale variations. The feature concatenation operation
at the module’s end combines processed multi-scale features
with original features, then integrates information through a
final 1 x 1 convolution. This approach retains the gradient
flow optimization characteristics of the CSP architecture
while enhancing multi-scale representation capabilities via
parallel hollow convolutions.

IV. EXPERIMENTAL ANALYSIS
A. Construction of the Dataset

In the dataset construction phase, inspection robots were
deployed to capture imaging data from two high-speed
train models: CRH380 and CRH400AF. The curated dataset
comprises 3,044 high-resolution images (1920 x 1200 pix-
els each), providing rich visual resources for experimental
analysis and training, which is shown as Fig. 8.

Fig. 8. Dataset components and their presentation.

These robot-acquired images feature 28 distinct camera
positions capturing 34 types of components (including bolts,
tail pins, clamps, throat clamps, dust covers, anti-loosening
wires, brake calipers, axles, stone-sweeping machines, etc.),
all accompanied by corresponding depth maps. During model
labeling, all images from each camera position are organized
into 28 separate folders, with each containing one stan-
dard image and test images. Standard images must contain
complete annotation information. For example, if a camera
position has four bolts, only images with full bolt annotations
should be selected as standard reference images.

The network’s input consists of three-channel test image
inputs, corresponding depth maps for single-channel tests,
and fully annotated 3D standard images. The annotated
bounding boxes are converted into single-channel masks,
resulting in an input dimension of RE*8x640x640 For data
with identical viewing angles, a joint cross-training verifica-
tion mechanism using standard images and test images can
be employed. This method alternates between using specific
images from the same viewing angle as standard images and
others as test images, effectively leveraging existing dataset
information to achieve optimal training performance, which
is shown as Fig. 10.
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TABLE I
RTDETR-FAMC AND OTHER METHOD COMPARISON RESULTS

Method Backbone Parameters mAP50 mAP50:95 FPS
YOLOV5-1 CSPDarkNet53 53.2M 0.916 0.735 109.2
YOLOVS-1 CSPDarkNet53 43.7M 0.920 0.737 97.4
YOLOV9-e DarkNet53 55.5M 0.923 0.738 69.7
YOLOVI10-x EfficientRepV3 30.3M 0.916 0.734 90.9
YOLOvI1-x CSPNet 54.3M 0.928 0.740 79.2
YOLOvVI2-x R-ELAN 56.5M 0.929 0.739 65.1
RT-DETR-x HGBNet 64.3M 0.929 0.741 50.2
RTDETR-FAMC(ours) CSwin-transformer 46.2M 0.952 0.766 229

Fig. 9.

Fig. 10. Standard diagram-test diagram joint cross training verification
mechanism schematic diagram. Each line represents the images taken at the
same camera location in different carriages, which can be used as standard
and test images for each other.

Example of RTDETR-FAMC test results, which include a representative part of all 34 types of EMU chassis components.

B. Comparative Test of Different Models

The dataset was divided into training, validation, and
test sets in an 8:1:1 ratio for model training and compre-
hensive performance evaluation. The proposed model was
implemented in PyTorch and deployed on a workstation
equipped with NVIDIA 4090 GPUs. During training, the
Adam optimizer was employed with an initial learning rate of
0.0001, momentum coefficient of 0.937, and weight decay of
0.0001. The batch size was set to 16 during training, and all
input images were uniformly resized to 640 x 640 pixels.
The model underwent 100 iterations to ensure sufficient
convergence and stability. In this experiment, mean average
precision (mAP) was adopted as the primary evaluation
metric. This metric was categorized into levels such as
mAP50 and mAP50:95 based on different intersection-over-
union (IOU) ratios, with mAP50 and mAP50:95 serving as
the core evaluation criteria of this study.

The experimental results are shown in Tab. I. For the
comparative models, we selected the mainstream object
detection networks from recent years: the YOLO series
and RTDETR network. The YOLO series includes versions
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from v5 to v12, with large-scale YOLO networks chosen
to ensure comparable computational load. As evidenced by
the table, our proposed method significantly outperforms
other networks in both mAP50 and mAP50:95 metrics. In
the field of FPS (Frame Per Second), the proposed method
achieves near real-time detection despite its relatively low
frame rate. During robotic data collection, the system only
requires positioning the robotic arm at fixed points for data
acquisition and inspection, without demanding high frame
rates. Thus, the model developed in this study fully meets
the requirements for inspection tasks.

Fig. 9 shows the test results of the network in the data set.
It can be seen that each category participating in the training
can be accurately identified under different camera positions.

C. Ablation Experiment

To validate the effectiveness of the proposed RTDETR-
FAMC model, the following ablation experiments were
conducted, which is shown in Tab. II. The backbone net-
work was compared with Swin-transformer [31] and CSwin-
transformer. Then replace the CSP-PAC module in the neck
with Conv (standard convolution + batch normalization +
activation). For other module designs, control variables were
employed to experimentally investigate optical flow attention
and channel feature extraction branches. The depth branch
representation removal refers to eliminating the depth input
modalities and 1 x 1 convolution feature fusion module in
the original RTDETR-FAMC network. The FA-MFF removal
involves removing both optical flow attention and MFF
modules, where the CSP-PAC module is directly connected
to the upsampling module.

TABLE 11
RTDETR-FAMC ABLATION EXPERIMENT RESULTS

Depth FA+

Backbone Neck Branch MEF mAP50  mAP50:95
CSwin-T CSP-PAC VA V4 0.952 0.766
CSwin-T Conv 4 v 0.942 0.758

Swin-T CSP-PAC VA VA 0.949 0.761
CSwin-T CSP-PAC V4 0.924 0.731
CSwin-T CSP-PAC v 0.938 0.754
CSwin-T CSP-PAC Non-Boxes 0.923 0.739
CSwin-T CSP-PAC 0.919 0.712
Sea-RAFT 0.813

The ablation experiment results are presented in the table
above, which displays experimental outcomes from differ-
ent module modifications on the RTDETR-FAMC network.
The comparison between Swin-transformer and CSwin-
transformer in the backbone network demonstrates that
CSwin-transformer achieves higher accuracy with reduced
computational costs. When the depth mode is removed with-
out modifying the backbone network, accuracy decreases.
Using the CSP-PAC module instead of the standard Con-
volutional Module can significantly improve accuracy while
keeping other parameters unchanged. Notably, eliminating
the optical flow attention FA module and Mask Feature Fu-
sion (MFF) module leads to significant performance degra-

dation when no prior optical flow attention is applied. This
loss of prior knowledge reduces the network’s sensitivity to
component initial positions. Additionally, a baseline experi-
ment with default 7 input channels showed substantial per-
formance deterioration when removing annotated masks and
optical flow mapping matrices, confirming that incorporating
standard graph annotation information provides crucial prior
knowledge for network recognition.

Furthermore, since each camera perspective provides a
separate standard image, we can fully utilize optical flow
for conventional object detection (as indicated in the last
row of the table, where mAP50 and mAP50:95 use fixed
mAP values). The implementation involves processing Sea-
RAFT network inputs with both standard images and test
images. Here, we only perform 2x downsampling on the
input. The obtained optical flow is then used to remap the
annotated bounding boxes from the standard image into the
test image as the output result. While this method generates
detectable bounding boxes, it performs poorly in detecting
small targets, large targets, objects with significant rotation
angles, or images with substantial exposure variations. Both
large and small targets may result in misaligned bounding
boxes. Particularly for bolt detection, missing components
could lead to category errors when directly using optical flow
(optical flow registration will identify the missing bolt as a
normal bolt for example), which significantly increases false
alarm rates and adversely affects subsequent fault diagnosis.
The specific detection results are shown in Fig. 11.

Fig. 11. The left column shows the results using only Sea RAFT, while
the right column shows the results using RTDETR-FAMC. Using only Sea
RAFT will transfer the category of the standard drawing to the test drawing,
resulting in identifying the category of missing bolts as normal bolts; Sea
RAFT can cause a deviation in detection results for large targets such as
Nameplate.

V. CONCLUSION

This paper addresses challenges in high-speed train in-
spection, including complex backgrounds, diverse compo-
nent types, and compact dimensions, by proposing a de-
fect detection method called RTDETR-FAMC (RTDETR
with Optical Flow Attention and Multimodal CSwin Trans-
former). The approach integrates RGB images and depth
data through a dual-branch CSwin Transformer backbone
network, combines improved Sea-RAFT optical flow es-
timation to generate dynamic spatial prior attention, de-
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signs a Mask Feature Fusion (MFF) module for channel-
space attention synergy optimization, and incorporates HWD
wavelet transform downsampling with CSP-PAC multi-scale
feature fusion modules, significantly enhancing detection
accuracy and efficiency. Experimental results demonstrate
that RTDETR-FAMC achieves excellent performance on a
self-built high-speed rail EMU fine-grained scanning dataset,
with mAP50 and mAP50:95 reaching 0.952 and 0.766 re-
spectively, outperforming mainstream target detection mod-
els like the YOLO series and RT-DETR. The proposed
method integrates visual texture and depth geometric in-
formation via a dual-branch CSwin Transformer backbone
network, utilizes enhanced Sea-RAFT optical flow estimation
to generate dynamic spatial prior attention guidance for
target region focus, and combines MFF module for channel-
space attention synergy optimization. The introduction of the
HWD-CSP-PAC wavelet transform multi-scale feature fusion
module proposed in this paper further improves the detection
performance. In summary, RTDETR-FACT performs well in
the EMU target detection task, providing reliable technical
support for intelligent inspection of high-speed rail EMUs.
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