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RGB images and depth images. Method LPCANet adopts MobileNetv2 as its backbone network to extract multiscale feature
maps from RGB images. Simultaneously, a lightweight pyramid module (LPM) is employed to extract similarly-sized fea-
ture maps from depth images. Each stage of the LPM comprises a sequence of operations including max pooling, a 3 X 3
convolutional layer, batch normalization, and ReLU activation, enabling efficient extraction of features from depth images.
By leveraging deep learning, RGB-D technology, and salient object detection, LPCANet efficiently extracts multiscale fea-
ture representations from RGB and depth data. The LPM handles depth image features, while the backbone captures
detailed pyramid features from RGB images. Subsequently, a cross-attention mechanism (CAM) is applied to integrate the
feature maps from both modalities, enhancing the network’s focus on relevant defect regions. Additionally, a spatial fea-
ture extractor (SFE) is introduced to further boost defect detection performance. Finally, a “pixel shuffle” operation is
used to restore the output to the original image resolution. Result The proposed scheme was computationally evaluated
using the PyTorch library in an environment equipped with an NVIDIA 3090 GPU, alongside several benchmark models for
comparison. For the evaluation of LPCANet, three publicly available unsupervised RGB-D rail datasets were used: NEU-
RSDDS-AUG, RSDD-TYPE1L, and RSDD-TYPE2. Experimental results on the NEU-RSDDS-AUG dataset indicate that
LPCANet achieves excellent efficiency, with 9. 90 million parameters, a computational complexity of 2. 50 G, a model size
of 37.95 MB, and a running speed of 162. 60 frames per second. Compared to 18 existing rail defect detection schemes,
LPCANet exhibits superior lightness in performance. In particular, when compared against CSEPNet, the current best-
performing model, LPCANet achieves improvements across several evaluation metrics: +1. 48% in S, +0. 86% in intersec-
tion over union (I0U), +0. 14% in F;*, +0. 03% in mean average precision (mAP), and +1. 77% in mean absolute error
(MAE). An ablation study was conducted on four upsampling methods (interpolation, transposed convolution, patch merg-
ing, and “pixel shuffle”) to evaluate their effectiveness within the LPCANet framework. Among these, the “pixel shuffle”
method demonstrated clear advantages and was found to be the most suitable for the LPCANet model. Further ablation stud-
ies were conducted on four different components (backbone network, LPM, SFE, and CAM). The results indicate that
CAM and SFE notably enhance the detection performance of LPCANet. An in-depth analysis of various backbone networks
confirmed that LPCANet model is not only compatible with existing backbone networks but also consistently achieves supe-
rior detection results. Aiming to evaluate the model’s generalization capability beyond rail datasets, experiments were also
conducted on three non-rail defect datasets: DAGM2007, MT, and Kolektor-SDD2. The results show that LPCANet deliv-
ers improved performance across three key metrics: mAP, MAE, and IOU, demonstrating its potential for general-purpose
defect detection tasks. Conclusion The LPCANet model proposed in this study effectively combines the advantages of tradi-
tional and deep learning approaches, demonstrating strong practical value in the field of rail defect image processing. In
the future, this scheme will focus on further reducing the model size to achieve rapid detection speeds while ensuring fur-
ther improvements in performance quality.

Key words: track defect detection; deep learning; RGB-D; significant object detection; spatial feature extractor(SFE)
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Fig. 1 Differences between orbital depth images and normal depth images
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$30% /FE 128 /2025 £12 B

T, BREUR, RE, AR, KER
ATHERGRERNNEERSFELNEENNE

LPCANet {4 25 B R AT 25000 9. 90 M, H A0 TF
412 B YR L (floating point operations per second,
FLOPs) 2 2. 50 G, 8RR /MR 37. 95 MB, iz A T i
162. 60 i/, AH L 30 A 56 32F 1 2900108 B A I A 7Y, 7
PERE F R AL

LPCANet 5 #4718 # J5 % 7£ NEU-RSDDS-
AUG ., RSDDs-TYPE1 1 RSDDs-TYPE2 %5 ¥ £ 1) %t
Feas R ng 1—R 3R

F1 RUMEE S H A 18 F 77757 NEU-RSDDS-AUG
HEENEER
Table 1 Quantitative comparison between proposed
model and 18 other methods on the NEU-RSDDS-AUG
dataset
1%

Jrik mAP 10U MAE Fp~ E™ S

@

HAINet 9245 8150 7.51 87.70 91.89 82.96
CONet 86.48 7191 13.11 79.21 8432 75.19
XMSNet 91.31 80.11 9.06 84.80 89.47 81.10
PICRNet 9225 8175 746 87.70 91.41 83.46
TriTransNet 8836 80.11  6.90 87.93 9247 83.28

MoADNet 90.19 8097 7.20 88.14 91.81 83.13
C2FNet 91.05 8297 6.52 8824 92.09 84.37
PGNet 93.18 8194 7.82 87.05 9221 83.80
SRNet 91.75 79.20  9.27 85.64 90.55 81.95
SINet 94.02 82.02 8.15 8834 9.21 84.01
BBRFNet 93.73 81.71 7.79 8831 91.83 83.28
RCSBNet 90.30 81.29 6.88 88.14 92.17 83.71
FDSNet 83.95 68.62 1849 7392 81.14 71.86
CSEPNet 9440 8222 8.88 8843 9237 83.10
EMINet 81.04 77.82 7.69 854 90.99 81.76
EDRNet 81.80 78.25 7.61 86.15 90.77 82.43
DACNet 83.03 79.40 695 88.68 91.76 82.90
GDALRNet 9226 82.10 6.93 8824 92.10 83.98
LPCANet 9443 83.08 7.11 88.57 92.17 84.58

LI NEU-RSDDS-AUG 2> JF Ik %5 RGB-D #i i&
AL ], LPCANet BT AE mAP 10U \F 3™ F1 S, 48
b E¥RMLS LT HAL SOD BEA . IR Z T,
LPCANet /i) mAP %% SINet # 1 0. 41%, S, % SINet
5 0.57%. LPCANet ) IOU Fll Fp™ 53l b C2FNet $2

2 RUEMER S HA 18R 75 A 7E RSDDs-TYPE1 ##E
ENEELR
Table 2 Quantitative comparison between proposed
model and 18 other methods on the RSDDs-TYPE1 dataset
1%

Tk mAP 10U MAE Fp™  E}™ S,
HAINet 83.77 7645 12.34 7845 87.65 82.34
CONet 81.53 72.89 16.78 8234 8432 7456
XMSNet 84.56 8123 956 75.67 89.10 81.23
PICRNet 87.12 7456 14.23 86.78 82.78 83.78
TriTransNet  82.31 79.34 18.90 74.23 90.56 80.90
MoADNet  86.17 80.78 11.09 80.90 81.23 84.12

C2FNet 86.76 77.12 798 79.56 86.45 82.67
PGNet 87.44 7190 1545 84.12 88.98 81.45
SRNet 86.10 82.56 13.67 76.89 85.67 83.65
SINet 87.48 7532 19.87 8134 83.45 80.78
BBRFNet 86.29 78.67 845 77.65 91.78 84.98
RCSBNet 84.43 83.09 17.32 87.23 87.12 82.10
FDSNet 79.98 70.45 19.12 7345 80.34 69.54
CSEPNet 87.50 73.87 12.78 85.67 89.56 83.21
EMINet 71.11 81.54 7.89 7298 84.78 80.45
EDRNet 7098 79.10 14.56 83.10 86.90 84.89
DACNet 72.68 7234 16.34 88.09 82.12 82.76
GDALRNet  87.12 80.65 19.21 79.76 8534 81.34
LPCANet 87.52 8390 7.85 8871 91.80 85.90

5 0. 11% F10. 33%, JS45 C2FNet BERIAE MAE J7 1H
W AT T A SC R $RAR R (6. 52% vs 7. 11%) , HHFF 5
B 2 8 M B FLOPs (FEDLIEL 5) o 53 4h,
PGNet f BUTE By F g G &5 0. 04% , {H 5 251 i
7 000 J3 >S50 H1 25 300 MB ARSI /0N AH# T
7 , LPCANet #5571 [T 990 J7 1~ 40f1 37. 95 MB 1Y
FERIR /N, 52 %) e, LPCANet 76 T 45 5 b1 44 &
ELT SRNet #5181, mAP IOU \MAE ., Fy™ E™ Fl S,
43 4 2. 68% 3. 88% 2. 16%.2.93% 1. 62% Al
2.63% o LAk, SRNet #5571 2 BOE i AL TR /)N
£419 000 J7 #1350 MB. BBRFNet il RCSBNet # % )
PEREVE A A R Bt | # ke m o 28 B ik,
LPCANet £5 R 75 41 38 ik g A6 00 v 2 A 1835 00 P Rg
(U
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x3 RHEREESHA 18775 7A7E RSDDs-TYPE2 ##7
EMESER
Table 3 Quantitative comparison between proposed
model and 18 other methods on the RSDDs-TYPE?2 dataset
1%

Jrik mAP 10U MAE Fp~  E™ S

a

HAINet 82.85 7634 15.67 8234 86.78 82.45
CONet 80.93 82.12 20.34 79.65 8234 75.12
XMSNet 83.77 70.56 12.78 86.78 90.12 83.67

PICRNet 8549 7890 9.89 77.23 8456 81.90
TriTransNet 7991 81.23 1845 84.56 89.78 84.23
MoADNet 84.98 74.87 14.23 90.12 81.90 80.78

C2FNet 95.30 79.45 11.56 88.78 91.23 85.65
PGNet 86.64 69.78 21.78 75.45 87.45 81.34
SRNet 84.67 83.65 8.67 8190 85.67 83.78
SINet 87.10 73.21 16.90 8534 8832 82.10

BBRFNet 84.25 77.54 1345 76.87 92.10 84.56
RCSBNet 82.78 80.12 19.12 89.23 83.45 80.98
FDSNet 77.69 7598 23.46 8345 80.76 70.12
CSEPNet 8591 84.01 17.56 87.67 84.98 81.54
EMINet 70.08 71.34 1034 78.98 91.54 83.21
EDRNet 7043 72.67 21.23 80.10 82.12 85.90
DACNet 71.96 84.45 1487 90.76 87.89 82.76
GDALRNet  86.65 7823 16.54 84.54 90.34 84.02
LPCANet 86.63 84.47 844 9120 92.11 86.61

3.2.2 SOD-D kXt

A SCK LPCANet 152 1 55 HAth 56 A A 7E RGB-
D I 2 H AR I 5 18 PR RR R AT b, NSk 1—
F3FR. ATLAAE H, LPCANet B B 7E 4% 30 45 b5 b
18 # HAINet . CONet , XMSNet , PICRNet 1 MoAD-
Net #5251 . A %% T CONet L 7Y | BT $2 452 7 75 mAP |
10U MAE, F> Ep*Fl S, 4845 E43 82Tt 7. 95% .
11.17%.6. 00%.9. 36% . 7. 85% H19. 39%. 545 4%
HALIR , CONet BEARIFE G514 5e Re Ve 8 (L ER 1 Fn 4y
BRI ST MAEN B AR MR TRERD
MoADNet 15 %1 | B #k LPCANet #5 1 B £ 1) 2
B0, A0AE mAP (TOU 1S, 55 J5 1475 48 32 801 B & fE
B o Bk 94.43% vs. 90.19%. 83.08% vs.
80. 97% #i1 84. 58% vs. 83.13%. /X4 MoADNet

R ELAT T /D (280 FLOPs FIAS AU RIASE , {H T Hi 455 41
TEAEHLE RS | O A, HOR TriTransNet A5 7 7E
Er A5y ERB W, BAE MAES 2 EA75155 2, 5%
I LPCANet B RU7E Hifth 4 045 b5 RIS, B
M5, A% T TriTransNet #52 % | LPCANet 5 7Y 1)
mAP I0U . Fy= FIS, 53 5425 6. 07%.2. 97%.0. 64%
A1 1.30%. TriTransNet #5 B (1) 115 7 ff 48 K, =
%1 . FLOPs FIEL 5 K /N 43 513K 21 29 140 M. 290 G Fl
500 MB. 5251, HAINet F1 XMSNet #4550 [ 3144
AW AH 2 5 o HAINet £ 74 () FLOPs 2424 300 G,
FR A K /NZ) SR 200 MB, 1] XMSNet #5271 FLOPs 2
160 G, BRI/ N4 R 600 M. 25 FJFi& , LPCANet
ARSI A BT S o R I T R 0 R, 5 At AR 7R AR
Fo HLA g
3.2.3 PEREXTLL

S o 2L % T e RSN (%) A A TR A M B X
o, 45 026 1 i . LPCANet P BE #5371 H i 1
i #5E RS . 5 CSEPNet #] Ht , LPCANet 7£ mAP 10U
MAE, Fy™ 1 S, 8 b5 £ 43 51 42 %5 0. 03%., 0. 86%
1.77%.0. 14% F1 1. 48%. UL 4h, LPCANet 155 %I 7
6 R A L3RI B e ik RE AR T, T2 4R
B 10%. &l 5 /9 FDSNet 7] £k 25 S 48 7R 7 HoAe ¢
4y BB B DX 5 T R BR M . R A EMINet,
EDRNet, DACNet F1 GDALRNet 1% %1 7 L4 i ) 46 1]
S IE R ARG , (D8RI T A SCEE H p AR
CSEPNet .EMINet ,EDRNet .DACNet 1 GDALRNet 5
RUFRAS 2 d PR R IR R /NI 3 100 MB.
EMINet F1 DACNet £ 78 () Z B F FLOPs 43 51| 2 4
100 M 18 £ 150 G, FEfE M B 318 . 52 A
S, LPCANet B A4 (T H8 7 AR X 5% T HIR s AT
R 162. 60 Mil/s, Z5 LTk, LPCANet #5254 7 A6 il
HUIE IR R
3.2.4 SIS

S T E B LPCANet #5284 ()32 P AR SO 1T
34N AR L 15 B0E 42 DAGM2007 (Yu %5, 2017) |
MT (Aqeel & 2024) Lk F Kolektor-SDD2 (Aqeel &
2025) AT ER MR, I 5 BUAE 8 Moy ik HEAT X EE
SRR 4R . X LAY PR RESECH mAP \MAE 5
10U $8¥5 . 1 SC 5045 7] A1, LPCANet £ A%t E
T RIAR A Sl B RS AR SR A A, 7E mAP . MAE 5
10U F8b5 b ¥ 47 AR BLAT v Rk
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Table 4 Quantitative comparisons between the proposed model on non-orbit datasets and eight other methods

/%

DAGM2007 MT Kolektor-SDD2
Tk

mAP 1ou MAE mAP 10U MAE mAP 1ou MAE
XMSNet 89.34 88.90 8.54 92.76 91.78 10.23 86.54 87.65 9.78
PICRNet 91.23 81.23 11.65 87.45 79.56 8.90 90.12 82.78 10.45
SRNet 85.67 80.45 9.32 93.89 82.12 11.12 94.00 79.98 8.76
BBRFNet 88.78 82.34 10.89 90.34 80.67 8.15 85.98 81.01 9.54
RCSBNet 92.10 79.12 8.45 86.45 82.89 11.78 91.56 80.45 10.32
FDSNet 87.23 81.65 9.98 93.01 79.78 8.67 89.78 82.56 11.01
CSEPNet 90.56 80.98 11.45 85.12 81.34 9.23 92.34 82.78 8.29
GDALRNet 88.90 79.56 10.67 91.78 81.90 11.56 87.65 80.23 9.87
LPCANet 94.46 83.98 8.71 93.79 82.71 8.52 93.83 82.83 8.67

3.3 HB#MR
3.3.1 SFE /Y5

SR G BT H R R oh SFE B 520, A SCHEAT I
Al EDASER TS RIBY B Y SFE , 85 5 4036 5 FR o
SFE [FIBF A T35 1.2 3 B Br (R IELR i ) B, 1Al
B IFEPRBE mAP AN R I, T B H AR, R
AR | By Befii I SFE B9 mAP 355 94. 79%, {H

fFa bR Fe Al AL, 24 SFE 4R S H T46 4 B Bt
iF, B8 5 mAP (-0.22%) . 10U (-0.36%) . MAE
(-0.11%) . Fy™ (-0.36%) | Er™ ( -0.27) F1 S,
(—0.33%) 5H4k (R SHEIT)MILBHE I T TR
TE4 4 B Befifi ] SFE 23 3 302 80M FLOPs By 38
4351 +0. 83 MAI+0. 09 G, A, LPCANet 3E £ 3
LB BN IR AARIBE

x5 AEMEZTESERRFRZMN
Table 5 Influence of SFE at different stages

Sf’ é S,f é éf’ E; Sf é ZHH/M FLOPs/G @/gﬁgg mAP/% 10U/%  MAE/%  Fp™/%  E™%  SJ%
N - - - 9.69 2.40 9238 9479  82.16 8.41 86.62  91.50 83.54
N N - - 9.70 241 8388  94.15 8255 7.48 87.61  91.63  83.73
N N N - 9.90 2.50 162.60 9443  83.08 7.11 88.57  92.17 8458
N N N N 10.73 2.58 84.81 9421 8272 7.22 8821 9190  84.25

FE N FE R SFE, “ =" TR A A

3.3.2  [REEFIERIRE

HJ T VAR AR bR T 150, LPCANet 15
TUHEAT 4 B0 H WL bR A G 5 BT A T
B IR R VR ) (3 Al S 56, 25 S an &l 6 B, vl
DUF B EAR SO AR R DR R B AR 3
SR RS R VR, 6 0148 br 1 1k ) fe A, AR HE 44
552 MR BB R TR AE mAP (IOU \MAE  F;™
Ep S, $5 05 242 T 0. 34%.0. 58% . 0. 48% .
0.92%.0. 79% F10. 88%. It , QR VEMEHIE A

T LPCANet AL FRAETT 5 o
3.3.3  LPM i 4E 5 b

BB TR MR G T SCRNEAL 22 , T BB 2 XA Y
PERR™ A= T2 IR, R 1R AR LPM A T8 0 i
A A 2 R ) 5 . LM A 2 (% 5 R AN R 7
INo AFLUE HY W) i 8 18 2 FE 1 N 3 96 25 34
RIVERE TR . 5538 18 48 B o4 AR LL , 3 Fh 3 i S 3L
mAP 10U . MAE, F;™ Ey 1 S, 53 538 /> 0. 23% .
0.24%.0.32%.0.73%.0.61% F1 0. 58%. BRItz
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Fig. 6 Comparison of different sampling methods
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Fig. 7 Influence of LPM channel dimension
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FIRG . R T VAR B TG B X ) A 2R A 73
S 25 R AN 8 fiw . AT LA Y, i i B
I 2% (Only Backbone) 5% FfL7ft LPM (Only LPM) #1417
RS AT: 55 B, A5 7Y ) P B8 B AR T LPCANet., 55571
S XA AL 10U 235 FEAIR T 2. 96% F16. 55%,
S, o B FEAR T 2.78% A1 5.61%. 4 B Bk CAM
(No CAM) 4 14 i} , LPCANet B %! f) mAP. 10U,
MAE Fy= Ep=FIS, W T RE . 25, JHBR SFE 20
7 (No SFE) S B 10U Hl Fy= 38 /0 1. 57% 1 7. 06%.
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Fig. 8 Influence of different components on segmentation mask

3.3.5 AN[EET MR8

TR BT 4 Tl T I 28 PE BE R, LPCANet 1556
2 e AR R 2 5] UG S B R AE 5 TR . ST
BT R E G R A £ 6 TR . AT LR
H, Swinv2 B T P48 e KA T T PR iy MR R
AH R T JE A A, Swinv2 5 T R 258 mAP 10U,
MAE, Fg= | Ef™ RS, 73 3] 42 Tt 0.76%. 1. 94%,

F6 AEBTMEISEIE RN

Table 6 The impact of different backbone networks on segmentation results

FRAY ZHR/IM FLOPS/G BT (Wi/s) mAP/%  10U/%  MAE/%  Fp™/%  E/%  SJ%
RegNet 53.32 9.79 96.48 93.56  83.43 6.41 89.74 9334  84.89
ConvNeXt 66.63 14.38 101.40 9472 84.35 5.80 90.23  93.99  86.31
Cswin 45.20 10.17 29.08 93.85  84.00 5.74 90.07  94.15  85.48
Swinv2 66.14 11.50 46.98 95.19  85.02 5.68 90.55  94.08  86.63

AR 9.90 2.50 162.60

94.43 83.08 7.11 88.57 92.17 84.58
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1.43%.1.98%. 1.91% H1 2. 05%. [f] B} , RegNet .
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AR I e . a4 AT R 9 T Y PR (precision-
recall) fff & F1 ROC (receiver operating characteristic )
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Fig. 9  Comparison of PR and ROC curves between various backbone networks, top-level SOD, SOD-D,

defect detection models, and the LPCANet proposed in this scheme ((a) PR curves; (b) ROC curves)
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