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Abstract: Fault detection in freight trains is essential for ensuring railway transportation safety and improv-
ing operational efficiency. However, the high computational cost of vision foundation models remains a
major barrier to their direct deployment on resource-constrained trackside equipment. To address this chal-
lenge, a lightweight fault detection framework integrating feature knowledge transfer, attention enhance-
ment, and logic-aware distillation is proposed to efficiently transfer prior knowledge from foundation mod-
els to deployable networks. Specifically, a fused student network is first constructed using a multi-source
pretraining strategy that combines the semantic representation strengths of FastSAM with the robust detec-

tion capability of YOLOE. Subsequently, a lightweight feature enhancement module is embedded into the
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backbone network to improve feature extraction and representation under complex visual conditions. Final-

ly, a logic-aware multi-component distillation strategy is designed to compress the rich knowledge of the

teacher model into the student network, thereby significantly improving detection accuracy while maintain-

ing low computational cost. Experimental results on a self-constructed freight train fault dataset demon-

strate that the proposed method achieves competitive detection accuracy with substantial reductions in both

parameters and floating-point operations, indicating strong potential for real-time deployment on edge de-

vices.

Key words: computer vision; fault detection; knowledge distillation; knowledge transfer; real-time de-

tection
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Fig.1 Schematic diagram of detection process for brake shoe wear level
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Tab.1 Freight train fault detection dataset
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Ground truth Mask R-CNN SOLOv2 Point Rend Point Rend* Mask2Former* LAD-YOLO
PL7 S AL AR AS 23 0 45 R i 0F FE TR AR CHe P, " 3R SR Swin-T 4R A REAL | SO T 0 ROIE L 480
Fig. 7 Comparative visualization of segmentation results for image samples (The “ * ” denotes the Swin-T architecture,
and the magnified regions show the comparison of defects)
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Tab.2 Comparison of accuracy with state-of-the-art methods on freight trains dataset

) Model
VRS EFML AP APYY AREE o AP™  APLF ARES GFLOPs FPS Params/M
o1ze

Mask R-CNN"/ Resnet50  70.1 94.8 78.2 70.7 93.7 77.9 336.4 234 44.6  44.2
PointRend""”’ Resnet50  71.3 94.2 78.4 71.3 94.2 78.4 431.6 186 38.1 56.4
YOLACT™ Resnet50  63.6 93  71.2 68.4 93 76 272 337  42.8  31.4
SOLOv2™" Resnet50  —  — —  69.8 93.8 76.8 353.9 283 33.7  46.3
CondInst ™ Resnet50 69.4 93.2 74.7 67.3 92.8 73.3 272 250 27.1  48.2
Sparselnst ™’ Resnet50 —  — —  66.5 87.9 72.2 399.8 221 76.3  47.9
RTMDet'*! CSPNeXt® 71.3 94.2 61.2 68.8 94 74.8 436 120 23.1  32.5
QueryTnst "’ Resnet50 73 77.4 82.6 66.8 94.5 77.5 1986.6 263 16.0  62.5
Mask2F ormer'"! Resnet50 74.2 92.7 80.1 72.6 93.3 78.9 665.2 245 13.0  46.3
Mask R-CNN" Swin-T™  72.6 95.4 78.9 70.5 95.3 76.8 549 241  36.4  47.5
PointRend"”’ Swin-T" 69 95.1 76.6 71.8 95 79.1 683.2 198 30.1 65.3
YOLACT™ Swin-T“? 59.9 82.2 67.8 66.6 92.7 74.3 275.4 282 31.6 50. 2
SOLOv2'"" Swin-T™  — — — 67 94.4 75.8 380.6 312 28.3 49.7
CondInst™ Swin-T" 65.6 94.5 75.2 72.6 94.9 78.8 293.4 258 30.6  68.3
RTMDet'*! Swin-T"  73.5 94.4 79.3 70.3 94.4 75.3 1790.6 323 25.6  86.6
Mask2F ormer ?" Swin-T“  74.3 93 81 73.8 93 79.3 739.5 252 12.8 49.5
FastSAM-x"! ) 80.2 95.6 86.1 76.8 95.7 82.7 141.6 443 9.1 72.0
SAM-seg"™! SAM-B"*' 72.4 94.6 78.9 71.9 94.7 77.4 450.2 411 8.6 97.2
SAM-det®! SAM-B" 72 93.2 79 58.9 84.5 67.9 528 233 10.2  106.7
Rsprompter-query*" SAM-B™ 72,7 92.7 79.7 71.9 93.2 77.8 303.3 425 7.1 131.6
YOLOv8-s — 75.8 95.6 82.3 72.4 95.2 78.6 22.9 42.5 121.6 11.2
YOLOvS-I — 78.9 95.6 86.8 74.9 95.4 81.7 88.1 220 65.4  45.9
YOLO11-s — 75 95.4 81.2 72.3 95.5 78.8 39 35.6 120.8 10.6
YOLO12-s — 74.9 94.7 81.5 71.6 94.6 77.7 35.6 22.8 116.5 9.2
YOLO26-s 76.7 95.2 84.6 73.1 92.3 77.6 23.5  34.1 132.0 10.3
LAD-YOLO — 79.7 95.3 86.7 76.2 95.8 82.7 24 42.7 118.8 11.7
YOLOE-v8-1( Teacher) — 81.8 95.9 89.9 77.5 96.1 84.4 88.1 220 49.8  45.9
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Fig.8 Comparison of SOTA methods: illustrating the relationship between model accuracy and model parameters (In the

figure, the horizontal axis represents inference speed, the vertical axisrepresents theoretical model accuracy, and the

graphical size of each model is proportional to itsnumber of parameters. The “ * ” denotes the Swin-T architecture)
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Tab.3 Comparison pretrained models on freight train dataset
LS Bl AP™* AP AR Apmt APL* AR
yolov8-s — (%) 75.8 95.6 95.4 72.4 95.2 95.4
COC02017 76.5 95.9 95.8 73.2 95.6 95.5
SA-1B 76.9 96 95.9 73.5 95.7 95.6
object365 77.1 96. 1 96 73.1 94.9 95.3
RA Bl A 77.4 96. 2 96. 1 74 95.3 95.8
LAD-YOLO — () 78.9 95.7 96. 2 75.3 95.9 95.7
COC02017 79.2 96 96.4 75.6 96 95.9
SA-1B 79.3 95.7 95.6 75.8 96.3 96. 1
object365 79.5 96. 1 96.3 75.6 95.7 95.7
TR A T 2 79.7 95.3 95.5 76.2 95.8 95. 6
WA T APS =96, 1. X—WAAREN Bl 4.3.2 LCAF BRI Al

SRR R 5 R R AT 55 2 ) 1 6] 5 R AR AR KR
B b g T W — T T A T R AR A5 A K

AR ROTR A B 2R AL Bl A T £ R
IR R 0 BRI A, {of A5 750 5 6% A G DU A 4 B0 4
SRR A S 45 . AELIRE T, LAD-YO-
LOBUAS T e HE4S 3, Bl AP = 79. 7 Fl AP =
76. 2, XU RS, ) S B 2R R s AN Y
LA T [ B0 4 O 38, B0 R A 55 4 ik 1
o H R E W IR S8

ST VEAR T 4 e L3 A B AL A (LCAF)
R B (A #0ME , 78 YOLOVS-s fil LAD-YOLO |
PEAT TUH RS L IR S W T R Rk
CBAM J B K3z B9 M AR i 40 85 4% 1 B 1A
He" (Large Separable Kernel Attention, LSKA)
AT T X, iR 4 B, M5 U F] LAD-YO-
LO v I, LCAF ¥ #& W K & 4 7+ =
AP =79.7, 3 EIK LT 2 AP™ =76. 2,
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Tab.4 Impact of different feature enhancement methods

RS FHAE 1 AP AP AR AP AP AR
yolov8-s —(J) 75.8 95.6 95.4 72.4 95.2 95.4
CBAM 76.0 95.5 95.3 72.6 95.3 95.2

LSKA 76.3 95.4 95.4 72.7 95.3 95.4

LCAF 76.5 95.4 95.5 73.0 95.6 95.5

LAD-YOLO —(J) 79.3 95.5 95.8 75.8 95.7 95.3
CBAM 79.5 95.5 95.6 76.0 95.7 95.4

LSKA 79.5 95.4 95.4 76.0 95.8 95.4

LCAF 79.7 95.3 95.5 76.2 95.8 95.6

XA R FAET T TERE WG EAE
T LCAF Wy n] 2% > 243 3Ol 8 f A ALl o 50
FH [ a2 3 38 0 25 8] A CBAM A A
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TN st s AL E S 80 IR EBE I F .
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i 7 I e X B T O IR B AR . X
PP 78052 T R B — T B AR S B0 B
il 2 T KU -

4, LCAF 7£ YOLOvS8-s #l LAD-YOLO
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Tab.5 Impact of distillation methods on different models
B I AP™ AP ARL® AP, APL™ AP
yolov8-s — (7o) 75.8 95.6 95.4 72.4 95.2 95.4
yolov8-s SO-DETR 76.8 95.5 95.2 72.8 95.7 95.3
yolov8-s MGD 76.5 95.5 95.3 72.7 95.5 95.4
LAD-YOLO SO-DETR 77 95.5 95.4 73.5 95.8 95.8
LAD-YOLO LAMCD 79.7 95.3 95.5 76.2 95.8 95.6
yoloe-v8-1 B Qi 81.8 95.9 95.6 77.5 96. 1 95.5
4.3.4 WA RS 77.8, AP™ T 74. 3, R HIZALE A BB 2t T

AT AT T VR AT BT ST, DLVEARL B fR 4
A R . SRR TR 6. 1ERG] AT 4
HMELHI I LT, S A R SR B R G A R
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5] A LCAF #E8eafy >k 1 45 5 43 %) 4
AERY — BRI UER] T R R AR IE RAL I A 45 T
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Tab.6 Ablation study on component integration
LCAF BARE LAMCD AP™ AP ARE AP APL* AR
75.8 95.6 95.4 72.4 95. 2 95.4
N 76. 4 95. 2 94.7 72.9 95.8 95. 4
N N 77.8 95.4 95.3 74.3 95.8 95.5
N/ N N, 79.7 95.3 95.5 76.2 95. 8 95.6
4.3.5 WM EEBEHNZ IR L5 PR AR G2 7 ik AT T LR — AR AR

N LAD-YOLO J7 325 ¥F- A% ) BC 8% $10Rk Bd ,
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Tab.7 Comparison of detection accuracy across different

wear levels using various methods (%)
Tk BB DB EES
LAD-YOLO 96.7 94.8 97.5
Mask R-CNN 91.6 91.2 93.9
Bounding Box 82.3 84.1 88.7
Edge detection*”! 75.6 78.4 81.2
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