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Abstract ; Steel rail surface defect segmentation in complex environments is often constrained by the bulky size of imaging systems and
their sensitivity to focusing, which lead to stability issues. Although lensless imaging technology can effectively address this limitation,
its reconstruction-then-segmentation pipeline suffers from high computational cost and error accumulation. To address these issues, this
paper focuses on rail surface defect segmentation form lensless encoded images and proposes a multi-scale separable optical-aware
estimator prior-guided modulation and fusion network ( MSSOE-PGMFNet ). Firstly, a lensless imaging acquisition system is
constructed, and a lensless version is established based on the Northeastern University rail surface defect detection dataset with
augmentation ( NEU RSDDS-AUG ), providing fundamental data support for encoded-domain segmentation research. Secondly,
considering that the existing single-scale modeling estimation methods are difficult to simultaneously cover fine cracks and large-area
defects, a multi-scale separable optical-aware estimator is designed to enhance the response ability to defects at different scales, and then
output more segmentation-friendly task-related representations. However, significant defect shape variations make feature fusion prone to

spatial response inconsistency. Therefore, this paper designs a spatial mixed prior-gated module to generate stable and transferable
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spatial gating signals. Through gated modulation, the module selectively enhances and suppresses the fused information, thereby

improving the focus and boundary consistency of defect regions. Finally, experimental verification is conducted on the constructed

lensless dataset. The results show that the proposed method achieves the best overall performance among comparison methods including
U-Net, DeepLabV3+, TransUNet, LOINet, RecSegNet, and FDTDNet. With Fy, MAE, E,, S, , Dice, and IoU reaching 0. 886,
0.057, 0.905, 0.895, 0.903, and 0. 842, respectively. Ablation experiments further verify that both MSSOE and PGMFNet contribute

positively to performance improvement, and their combination achieves the best results. This method does not require explicit

reconstruction and provides a feasible solution for steel rail surface defect segmentation under lensless encoded imaging conditions.

Keywords : lensless coded imaging; coded-domain segmentation; multi-scale modeling; prior-guided fusion; rail defect segmentation
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Fig.5 Modulated feature integration block
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Fig. 6 Lensless encoded imaging system and setup flow
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Fig. 10  Selected samples from the constructed dataset
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Table 2 Comparative results of quantitative methods
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I 26 5 A\ A TG B R I A 5 RS, 4 2.2 1 Tk
TR XS A MR HE AT A5 L 4 5 i S ST U 3 [
PR ZEIT—AL [0, 1] 5 X BEAE A (bR, 2R
X 55 B SR P S5 SR B DA B — Bt T
ZALRE T, IR B Xk Gt A 1 45 5 SHE o 7 ) A ) ) 2
STt LA B 4 1 5k, B 4 B AIL K SF-/ T B B LA B AL
90°JiiEH% .,

BEALR FH AdamW SEALER AT 25, W 4R 2 > Rk Ry
1x107 ALE W 1x 107 K/ A 8, UGB h
200 ;2% > FR FH A 5% R KR s % 28 2, Y it 72 s
FHIR GAE B AR R VIR0 Bk pRACS TR B i S s
UL EE R Y - 44 RO >R HT BCE 5 Dice BYZH &4
I 4 RUBE 3 Wk A EE O AR L, B AL 4

M 11 Al DU 0 A RE S TE — e R |
2 AW I3 THT B B T BRI, EAE AR RE S HEAR AR
P R 25 S, X T A SR S B, U-Net 5
DeepLabV3+7E R 7M FE At 4775 A [5] B B2 14 121 S0 4 Al
Jartl W 24 B 4, TN 4 R OAR A (B B AN Bl B
TransUNet FAELR B EARGE A, (ELAE 400 8 B A AT AE SR
R sl AR MRS . X 28 A5 H RN 52 4% 3% 38 X 3, 38 4
J5 45 5 1 BRAE ST 5B B JR AR R 2 | 5 ) A8 T 1Y
M OC R AR E S ) R, X T/ RUBE L) A g Ik e A
A A HITEAFAETR AL IR BOE S AN S5 SR, 3L
R DX e RPN R, X TR T AR B X, AR 2 AL
TITE RS IRAZ ARG A0 AE 3 2% 057 B AT A7 AEAS R 7 3
VIR B8 i 2 5 ey B et



5 6 ]

:Hii

Jt 45 : MSSOE-PGMFNet ; T [ir) G 125 53 25 1 P 15 () 499 61U 2 T B BEq 281 05 0k

97

L 4 f
N % A ,f
Y|/

&

;\

~
-~
X
R
H
[]
B
AN

el K S RN
e Ul RS 2 ESEN T

P

HELEB

miLEG HEH U-Net

B

iy

DeepLabV3+  TransUNet

Aty 3, PN
Ay 3 PIXIN\ )
T R A ES I A
EM NS

LOINet RecSegNet FDTDNet AT

BT R R A B3 T SR B AR AS 19 7 1 45 SR L

Fig. 11

M A SONEEARRIE SR LR E
TR HRIA A . W T AR A6l BB, AR SO IA RERS
B ORIS 2EEC T A B0 3 B Wl /D SRy S W 2R 3 S
W R 5 X T 58 SUASAG S A2 A8 1 X3, AR 3OO I AR 25
A PRARF I IDX I8 5 R P 5 T B AT AR 5 3 T/ U2 AL
TETRLEAR , BERS R LA i 15 50, IR PR ol B JE 25
AR S 8 X T O T BR e o DX e, G 30 B R B A
IR IXIAR BT e, RMAOKRE , A SO IR TE BRI DX 3%
M 05— B LA R B A A R AR AR T T 2 B Al
MR EPERE,

2 Mg ARSI T R, Ak
TELR A FRbn L HUR B L4 2R Fyy = 0. 886 \MAE = 0. 057,
E,=0.905.S,=0.895 Dice=0.903 IoU=0. 842 3B H
TEDRE S Z5M— Bk S B ER IR X 3 T LB
BTt

Comparison of segmentation results for rail surface defect samples with different morphological patterns

DB EE T ¥ B 45 SRS B, U-Net DeepLabV3 + 5
TransUNet HR BB 58 iUEEAHIT SEHL I, (H R AATE bRAH 0T
B, A H 38 ] 43 1 ) 48 7 TG 375 55 4 % PRS2 A 1 T i
B DR 0 BE T SR ATBR . et DeepLabV3+ Y % {4
FIET TransUNet, R BATEAR AL 55, T ERK L
FUE R SCE T U T Transformer 194514 B AR
SERFEIROR . HiX 3 28 ] 0 & M 48 4H L, LOINet |
RecSegNet Fl1 FDTDNet f% 25 J$2 % 0K 57 0, 156 W] 18 7] JC i3
58 5 D B8 95 T I 4 45 4 T 15 38 40 Tl

763 B TN 3T JC 3% B AT 55 a0 XY Uy vk
FDTDNet (3R e 235 A S5 vk, e F (MAE (E, S, .
Dice 1 IoU 43 5|34 2] 0. 880.0. 059.0. 899 0. 893 .0. 896
F10. 840, XU AR STy B 7R ORA5 B AR IX Il 5 e M 17 [+
I, Xl e 120 SRS R AR R NS E . ZRERE
ARSI EAEA I S MR B FaREAS 2 B B



198 %A R F¥ M

47

PR P IR T T i D) 4 7E T 375 B 2 5 Sl 4 01 2% T e
B4 0 BT 55 vh A 5

2) R M 53 Bt

F kAT A T A S AR A L Ry BR A, AT
25 I RAG S A P 2SR MO A1), T 12 #1113 fs, I ik
B R BRAR XS #5555 B RecSegNet Al FDTDNet 1 A% EE

2

-

"
v

RecSegNet A5k

B 12 DR R X He

Fig. 12 Comparison of failure cases with false positives

FDTDNet

4

/

FDTDNet

RecSegNet AITTVE

B 13 Ik R I fixT L

Fig. 13 Comparison of failure cases with false negatives

& 12 JErR TiRA RG], T LA Y X RREAR
B L [ RR AU A A A, JRy R X A7 7E 5 S B
ARBLI S5 BBl 30 25 5k 25 | 7 T8 55 i 5 R 5%
TFT 25 5 6k B m N & AR E. X T X KA,
RecSegNet 5 FDTDNet 32378 A ik [ DX ek ™ A= A [R] 7 i
YRS, AR S5 B SRR 5 A Y0 L 4 o) R L 5 Bl i 2 44
PRAE D5 AR B0 (BATI R B 56 A4 i 3 ik 3. X i
WIESR AT SR T, S R h i SOMR & 5 S5 F R
B2 3 TR D )

& 13 JErs TR R RG], SIREREAANE X
FEREAS T B ok B DX T BRI Ry F X L R A 55 B
RN AR R 5 B0 RIS B A AR o g 1 A
A&, ATLLAE Y, RecSegNet 5 FDTDNet 7E X JEAEA

25 B Ry R O e 3 58 A G, AR SO VR BLAR A R RE
i [ B O 22 F AR D3k, AEE B /0N E A A0 553 1) 7 s 5 477
FETEIRAT NG, 3K 3R B i 5 I A6 /N R i S 1 R 555
FARE T A A 2P as ),

LREOKTE TR R B E P AE Y . — 2K
A g R MR ; 75 — IR 5/ S B8O TR
L R T TG 38 B g R rh kB £ S AR R RE 2
MRS ARG ESHR G A AR S am il 5 55
H AR ORFEE LA RIS, B AR AS SO AR O L T vE 3R
RS AE , (ATE S 45 s i o I il A AR /N H AR R4 7 1
A et — 0 v

3) H i S 5

SR 6 UE AR S B A A o i 4 T B A ST BT Rk, PRl 48
PR O 1 11 JF e T8 Rl 55 59, g A FC RSB OE 5
MSSOE /3 #] T [ 4% U-Net 55 PGMFNet, & T 4
HAWE . (1) OE+U-Net; (2) MSSOE + U-Net; (3) OE +
PGMFNet; (4) MSSOE+PGMFNet ( BIASC )5 4:) o Fr i 5
3 AE A [ R Rl 43 S I 20k s T AT

THRARES R 3% 3 fro, 5%, 76 8 € J5 4 24 U-Net
HIEBLT , 51 MSSOE "] 2 $2 THEBE . Fy A 0. 861 2
F+2 0. 866, Dice M 0. 879 $#EF+Z 0. 882, 10U M 0. 783 $2
FFZ& 0.800, [F Bf MAE M 0.071 F % £ 0.067, %
MSSOE HEF 2503 5% 2 % 3uk i A 19 ] 43 310 I I R A
Slwe ok iR R 25, K, FE 1 E f A GE BE ) OF
FITEOLT K 32Tt U-Net Bffe A SCHE 1) PGMFNet,
R &35 St W 3R R, ToU ML 0. 783 $27F % 0. 817, Dice
M 0.879 #£F+ 3 0.889,S, M 0.872 2T+ = 0. 892, i H]
PGMFNet 7EFFEF A5 450 O35 77 TH O HAR ., &)m,
M [l iR ] MSSOE 5 PGMFNet i Ui 5 A1 45 31 . Fy =
0. 886 MAE=0. 057 .E,=0.905.S,=0. 895 Dice=0. 903 ,
IoU=0. 842, #H# T- OE+PGMFNet 1445 i# — L 2 FF ToU
FTHH] 0. 842 MAE FFEZE 0. 057, 2% W AGE Bic ik ik 5
FE T4 EA BAME, o] LR T AR E R RE

R3 HMIEER

Table 3 Ablation experiment results

SR Fy MAE  E, S, Dice  loU

OE+U-Net ~ 0.861 0.071 0.881 0.872 0.879 0.783
MSSOE+ U-Net 0.866 0.067 0.890 0.879 0.882 0.800
OE+PGMFNet  0.874 0.063 0.893 0.892 0.889 0.817
AP 0.886  0.057  0.905 0.895 0.903 0.842

DA T A U S R 24 el e s A A EL A
PERT, AR SCRN I8 1 Hp (a5 28 nT AR AR 70 A7, 1 14 s,
% [ O F1 MSSOE F) i 22 Ja T Air dim A5 5 7= A 1) 2
T T e JZ A RAE , A SCTE I 2% 11 1) £ 7% 3 7 v £ JBOn)



5 6 ]

VPR 45 . MSSOE-PGMFNet ; TAT 7] JC 175 55 4w 5 115 140 A9 29102 THI S5 g 40 1) v 199

A7 Y ARAAE K e, SR FH 3 T8 e P-4 07 =, A5 8 B
T 07 V] 5 B R AT U — Ak, I LUK BE DR AT ]
AL ﬂaﬁiﬁxlﬁlﬁﬁﬁ%%‘imzrﬂ?%ﬂtt'ri,OE Lﬁ
MSSOE #2k A AH [ 0 2R & 5 13 — e 77 X ik f7 b 28
R AU i e i st A R AN ) 2 [ 7 L %) i i

EINS i
X4 A

RN
X4 A

KRS
X g A

GitsE R OF#ii

MSSOE4i iy  OE+PGMFNet

585315, HeHR 3 B2 v XA 7 i (o7 i EL A B A R
W S, ) REAL 35 B B Y SR A DG Z M2 R e IR X
SR 7R A B 55 o 2 P ] TR S SR IF AN TR B o)
iﬂﬁ% T2 P 2 A i S A R0 e 5 R S X3 ) A

B
L]
3

1) 80

oa."

AT

Kl 14 OE 5 MSSOE ] m i & e 243 F 45 5 ] AL % Lo

Fig. 14 Visual comparison of OE and MSSOE intermediate responses and corresponding final segmentation results
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