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LEDA-YOLO: Track Obstacle Detection Based on Decoupling and
Deformable Fusion

Zhou Juan, Zhang Chengjie, Xiao Nan, Song Hui

(School of Information and Software Engineering, East China Jiaotong University, Nanchang 330013, China)
Abstract: In the safety inspection of railway infrastructure based on Unmanned Aerial Vehicles (UAVs), the perception of
encroaching obstacles, such as gravel, is crucial for ensuring operational safety. However, the highly irregular edge morphology of
such obstacles, coupled with the strict computational resource constraints in practical engineering deployment, makes it difficult for
existing models to balance feature extraction efficiency with shape-adaptive perception. This paper proposes a customized YOLO11
detection architecture with zero pre-trained weights: in the backbone network, a Lightweight Efficient Pyramid Adapter (LEPA) is
designed to decouple features and significantly strip away redundant parameters; in the multi-scale fusion stage, a Deformable
Attentional Multi-scale Fusion (DAMF) module is introduced, which combines spatial attention masks with deformable offsets to
adaptively conform to irregular target contours. Experiments show that, compared to YOLO11, the proposed method boosts the mean
Average Precision (mAP) @0.5 and mAP@[0.5:0.95] by 1.72 and 5.12 percentage points, respectively. Benefiting from feature
decoupling, the parameter count and theoretical computational complexity are significantly reduced by 5.41% and 11.11%,
respectively. This study effectively solves the limitations of computational power and target shape, achieving lightweight perception
in railway environments.
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Fig. 1 Structure of the LEDA-YOLO methodology
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LEPA (Lightweight Efficient Pyramid Adapter)
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Fig. 2 LEPA structure diagram
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Tab. 1 Comprehensive performance comparison of mainstream object detection algorithms

WIBAZFK  ParamsM  GFLOPs mAP@05(%) PP R%  mAP@[0.5:0.95] /%
Faster R-CNNI') 41,50 212.0 86.40 791 665 55.0
YOLOv8n 3.15 8.7 95.10 862 79.0 592
ACX-YOLOV8!™ 485 _ 87.10 89.0 81.6 623
MSL-YOLOUS! 235 6.7 94.30 _ _
ROD-YOLOU! 3.86 8.2 96.60 963 914 _
LEDA-YOLO 2.45 5.6 97.29 96.83 96.34 65.48
(Ours)
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Tab. 2 Ablation study results of the LEDA-YOLO model

Model LEPA DAMF Params/M GFLOPs P/% R/%  mAP@0.5 /% mAP@[0.5:0.95]/% FPS
Baseline — — 2.58 6.3 9425  92.61 95.57 60.36 138.12
LEPA v — 2.53 6.1 95.62  95.72 95.79 62.36 139.95
DAMF — v 2.64 6.8 96.23  96.14 96.33 64.59 123.83
(LEDA-YOLO) v 2.45 5.6 96.83  96.34 97.29 65.48 133.42
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Fig. 4 Visual comparison of small object detection between the baseline model and LEDA-YOLO in complex railway
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Fig. 5 Visualization of typical false detection cases under strong shadow interference



3 i

1) ASCHEH ) LEDA-YOLO MiAUEIE QI LEPA BiHufl DAMF Bibe, fi#ve T B ANA TN
R I 40 5 SR A B R ST, 3T T RIS R . e R, LEDA-YOLO TE4UE
BER B RIS (220 mAP@O.5 & 97.3%) , LHIEE KR R/ EE CIERIA)
Wrk,  FEPLH B AR AT SR o IR AR A Bk B R R BRSa 4 R A )2 S A,
A5 S IR IR TIE T AN B SRR RIZ B 22 24 TR 0T J7A0 S

2) KK, LEDA-YOLO K70 N ARG FIE B 5038 (Al & B A i R $E SR A, o LR 7E i S i
Bt 42 Ax R AR o 38 3L B2 B TE AL 1 AT & L PUlR i Las A BLETA Gt a7 R4S o h,
LEDA-YOLO AEf5 928l [ Shi M HUEFERIY . SRR AR IR B . BT 2 TS ThRE . BE% 5G.
BRI R 25 v h S A AR UOIE R s 8 e 4R 4 R AR AL, LEDA-YOLO K REBEAETE 2 4 RIEE 2
BFANIREE g, STDUE A AL SRR S I, Bk R A R b A R Bk BTy
M, AT RIS R BT 2 k. TR AT, T — B S ATV i T AR
il L POV K T ALK T A 2R 858 EARASIIARAL AR, DAFREER I S0 ¥ 46 70 4 R A% M T30 F HY
e ge.

SRk
[1] RahmanF U, Ahmed M T, Hasan M M, et al. Real-time obstacle detection over railway track using deep neural networks
[J] . Procedia Computer Science, 2022, 215: 289-298.

[2] Chen Zhaoyun. Research and analysis of railway obstacle detection technology based on deep learning [J] . Science and
Technology of Engineering, Chemistry and Environmental Protection, 2025, 1 (1) .

[3] Guan Cong, leiri Y, Yoshie O. ROD-YOLO: a fast and accurate obstacle detection framework for railways based on feature
enhancement and context aggregation [J] . IEICE Transactions on Information and Systems, 2026, E109.D (1) : 180-192.

(4] 2R, &R, KB, & RELANBARERBAT N A5 RE [1] . Sidiahn 5255, 2026, 48 (1) @ 46-58.
Li Hui, Cai Baigen, Wu Dayong, et al. Application and prospect of low-altitude unmanned aerial vehicle technology in railway
industry [J] . Railway Transport and Economy, 2026, 48 (1) : 46-58.

(5] e, fhse, W, 5 RSBEQRIZREART R [V] . BRRIE(EE S TREOR, 2025, 22 (5) @ 1-8.

Shi Long, Sun Liang, YeKe, et al. Technical research on low-altitude railway inspection scenario [J] . Railway Signalling
& Communication Engineering, 2025, 22 (5) : 1-8.

(6] #Hm, @brel, HEAL % BEEANCRICRI RSN (] . SIERH, 2023, 63 (4) : 108-113.

Wei Peiyong, Jin Xiaowu, Jiao Li, et al. Research and application of railway UAV patrol inspection technology [ J] . Railway
Engineering, 2023, 63 (4) : 108-113.

(7] BIEA, £BesR, 5Kk, JET oot YOLOVS T AN IR H AR [1]. sa-7 it T2, 2026, 34 (6) : 176-182.
Zhao Xudong, Jiang Xiaodong, Zhang Yongbo. UAV aerial image object detection based on improved YOLOvVS8[ J]. Electronic
Design Engineering, 2026, 34 (6) : 176-182.

(81 fh#%, #:5AK. YOLO11-DPSS: ik YOLO M AFLALIIE R M [1] . iHSEHLRGN A, 2026, 35 (5) -
193-203.

Zhong Lei, Du Jinglin. YOLO11-DPSS: UAV aerial imagery road damage detection based on improved YOLO11n [J] .
Computer Systems & Applications, 2026, 35 (5) : 193-203.

(9] X177, HZE4. ZT YOLO v4 BB R IRFERF R w7t [1] . BIERE 5 TR, 2022, 19 (2) : 528-536.
Liu Li, Gou Junnian. Research on detection method of railway intrusion obstacles based on Yolo v4 [J] . Journal of Railway
Science and Engineering, 2022, 19 (2) : 528-536.

[10] Du Qinsheng, Zhang Ningbo, Bi Wenqing, et al. SST-YOLO: an improved autonomous driving object detection algorithm



based on YOLOvS8 [J] . Applied Sciences, 2026, 16 (7) : 3456.

C11] ZEoCwe, XU, R, 5. § R EPRMERL& 0/ BAsR 5% (1] . wH S B ot 5 B 22 544%, 2023,
35 (1) : 48-54.

Wei Wenxiao, Liu Jieyu, Xu Junhui, et al. Small target detection algorithm based on receptive field amplification feature fusion
[J] . Journal of Computer-Aided Design & Computer Graphics, 2023, 35 (1) : 48-54.

[12] Song Baoye, Zhao Shihao, Wang Zidong, et al. LW-DETR: a lightweight transformer-based object detection algorithm for
efficient railway crossing surveillance [J] . Complex & Intelligent Systems, 2025, 11 (12) : 480.

[13] MIT4E, VEStFE, A, 2 THHEFFTUAT Vanilla-YOLOVS 2kE SR BRAG I 92 (1], dbRisc il k2r244), 2024,
48 (5) : 49-58.

Du Kaihua, Xu Guiyang, Bai Tangbo. Vanilla-YOLOVS railway foreign object intrusion detection method based on feature
redundancy reduction [J] . Journal of Beijing Jiaotong University, 2024, 48 (5) : 49-58.

[14] Sheng Zhao, Liu Tianyang, Shangguan Wei, et al. An intelligent obstacle detection method for rail transit scenarios [J] .
Sensors, 2026, 26 (5) : 1673.

[15] Ji Peng, Jiang Zonglin. SDO-YOLO: a lightweight and efficient road object detection algorithm based on improved
YOLOvI11 [J] . Applied Sciences, 2025, 15 (21) : 11344.

[16] Wang Haoran, Zhang Fan, Yi Rong. Multi-scale deformable transformer with iterative query refinement for hot-rolled steel
surface defect detection [J] . Sensors, 2025, 25 (22) : 6890.

[17] Ren Shaoging, He Kaiming, Girshick R, et al. Faster R-CNN: towards real-time object detection with region proposal
networks [J] . IEEE Transactions on Pattern Analysis and Machine Intelligence, 2017, 39 (6) : 1137-1149.

[18] Niu Hongxia, Feng Dingchao, Hou Tao. Research on foreign object intrusion detection in railway tracks based on
MSL-YOLO [J] . Journal of Engineering and Applied Science, 2025, 72 (1) : 136.

(191 JE#rs, P, A, 55 A5 AW EE A TR [T, tHENT LS A €, 2017, 54 (5) : 907-924.
Shi Weisong, Sun Hui, Cao Jie, et al. Edge computing-an emerging computing model for the Internet of everything era [J] .
Journal of Computer Research and Development, 2017, 54 (5) : 907-924.

[20] “R&ESE, 3K, Xfh, 55 ES-YOLO: H:T40T54FAEE 8 5 TCARFHEMSI )N HAsta il ik [1] . ARSE R
A, 2025, 42 (6) = 42-50.

Zhu Zhiliang, Huang Xinrong, LiuYi, etal. ES-YOLO: small object detection method based on detail feature enhancement
and redundant feature suppression [J] . Journal of East China Jiaotong University, 2025, 42 (6) : 42-50.

(21] A s, ST, FNE, S TANAA I E AR et L], & E BRI, 2023, 28 (9) : 2563-2586.

Leng Jiaxu, Mo Mengjingcheng, Zhou Yinghua, et al. Recent advances in drone-view object detection [ J ] . Journal of Image

and Graphics, 2023, 28 (9) : 2563-2586.

\ -~
F—EE: AH 1977—) , L, BIHER, BLARIW, BT RSSO

At

BIEEE: R (2002—) , 55, miA:, WFFEI7 108 HAsk il




  H / 8


  W/8


  H/16


  W/16


  H/32


  W/32


    n  c = 4


  X∈  R   C 1 ×H×W


   C 1


  C ′


  C'=int(  C 1 ×e)


  e


  n


   X  top =   DWConv  3×3 (…(   DWConv  3×3 (Cv1(X)))…)


  X


   X  bot =Cv2(X)


   X  top


   X  bot


   C 2


   Y  out =Cv3(Concat(  X  top ,  X  bot ))


  x∈  R  B×  C 1 ×H×W


   y 1


   y 2


   y 1


   y 2


  n


   y 1


   y 2


   p 0


  y(  p 0 )=   ∑   p n ∈R w (  p n )⋅x(  p 0 +  p n )


  R


  Δ  p n


  y(  p 0 )=   ∑   p n ∈R w (  p n )⋅x(  p 0 +  p n +Δ  p n )


  p=  p 0 +  p n +Δ  p n


  x(p)=   ∑ q G (q,p)⋅x(q)


  q


  G(q,p)


   X  def


   X  def


   A s


   A s =Sigmoid(   Conv2d  7×7 (Concat(MaxPool(  X  def ),AvgPool(  X  def ))))


   A s 与  X  def


  ⊗


   X  Path3


   Y  DAMF


   Y  DAMF =SiLU(  X  def ⊗  A s +  X  Path3 )

