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Abstract

In recent years, with the rapid expansion of rail transit networks and the continuous increase in train
speeds, traditional rail transit obstacle detection systems face challenges such as target blurriness
and limited detection range, making it difficult to meet the increasingly stringent requirements of
railway transportation safety. To address these issues, this paper proposes a rail transit obstacle
detection system based on improved long-focal and short-focal image fusion technology. By combining
the high-resolution detail capture capability of long-focal cameras with the wide-angle scene percep-
tion advantage of short-focal cameras, the system generates clear and information-rich fused images
for obstacle detection. An innovative registration algorithm that integrates SIFT feature extraction
and phase correlation is designed, reducing edge alignment error from 2.16 pixels to 0.27 pixels, sig-
nificantly enhancing alignment accuracy in rail regions and improving overall image consistency. On
this basis, the YOLO11 object detection model’s multi-scale feature extraction capability and efficient
inference performance are leveraged to develop the obstacle detection system. Experimental results
show that, compared to individual long-focal or short-focal images, the fused image effectively detects
nearby obstacles while preserving distant details, with the mAP50-95 metric for target detection im-
proving from 64.19% to 81.32%, an increase of 26.69%. This demonstrates the significant advantages
of fused images in recognizing both near and distant targets, capturing rail track details, and perceiv-
ing the global scene. This study provides a valuable technical reference for enhancing the visual per-
ception capabilities of rail transit obstacle detection systems.
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Figure 1. Process of the obstacle detection system for rail transit
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Figure 2. Long and short focal length images collected on-site by the locomotive
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Figure 3. Fused image after spatial domain registration
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Figure 4. Schematic diagram of the registration area for the phase correlation method
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Figure 5. Network structure diagram of YOLO11
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Figure 6. Fused image after fine registration using the phase correlation method
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Table 1. Clarity metrics for fused images

1. A EIGBWR IR

Ei=ta Brenner Laplacian Tenengrad
SRR A 2.43 x 107 53.04 3.75 x 10°
Al E B 2.61 x 107 66.08 4.17 x 10°

Table 2. Comparison of algorithm metrics

2. BikiErRxitt

fabr WG SriRZE B IR 2R
2 (R HURF R R 7 2.16 px 78 ms
AEE 0.27 px 86 ms
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48 Z5FE). BAFIAEIN Ubuntu 20.04 (64 £7)#E{E RS, CUDA 12.4 F1 cuDNN 9.1 $#{E50mE, FIH
PyTorch ¥R %% SIHESLE G IR PR 4R, R T i PERE SEI0-F &5 LSRR S WA A AL ) o R 5
T

KA R IE T E 2k R T RS B 3 E WL RSN 20 R 4, MRS 32 1920 % 1080,
TR BT K202 15 205 SEIR AR AN AT 20 T AT Je ot AR B AS A A IUAT 25 H AR 54 )
TR EE EG I GRAIIE S S . BnsEmas 7 L8, BS540, 47 AL RBURT 30 x 30 x 30 em?® [ [EAS
VAR A E b o ARV AR R SRR T 1000 T, F4% 401 1 LLBIRI S 9 ) ZRge At 4k «

FERR YN ZRad R v, AT 701 B 5 N & Fr 4t &K /) (batch size) 9 64, IR R ST (imgsz) A 640, LA
TRAR B BB AT AL B e 43 26 B S I iR T 503 1) B 3& B Bl & 1HE%: AdamW (Adaptive Mo-
ment Estimation with Weight Decay), #4525 >] #(learning rate) ¥ & 4 0.000714, #)j&# (momentum)>A 0.9,
BUE Z (weight decay) A 0.0005. LT B AE G TR PO ISR [FIIS, BEAS A R THR A 72 A ) M R T
WZRLFER 8 Bt NVIDIA A30 GPU HHT 2 RIHATIE, BERS TIIZSE . g1k (epochs)
WHE N 500, PAFRSF5 ) H G SRl BT R IIORS FE AN & a1

5.2. R TALE 54T

T Ut W R A T K A RO R AR R B3, ASHIE TR I 25 56 U B s P A D ASE 1Y 5 53] 2
T E—BZIMKAERR . B EER RS B TR, Ags R 7 o, st 1N 73
AbAF AT LAz A R AE S AT B . A A R IR I 5 SR vT LA, AL A5 5 AT B 100,
BIEEEA 094, (HlT@mab LR AYE SAT BN, RAER BRI R e AR R ke il 25 5
I AME AT R EEEUGIE R N, AE A i) LR AUE S AT SRR 2, B A5 B4 705 0.89 A1 0.85. T
A R BRI 25 2R, I A AT R, BN 0.94, @A LEAVE ST MR, BIEE
435 0.77 F10.76.

W5 2 BT R AL BEFE A DA ST AR AT N BRI . AT AR R R 5 S A T AR B, AL BT
R Ik, BASEEN 0.93, (HIZAAT N T BB B IR B E B, BEEHR 031, KERK
Mokl e SRR, AR R EERGIE RN, (AT Ak afistal, BEEN 0.92. @K
BRI EE TR, AL EEFE R B I, BAEEEN 0.93, @AbrAT Nk m B AR, BE
FEFETFE 0.81

IR R R, AE BURA RS G T REMTEERBIIS, AL 458207 I 7K
RGN PRRE, BER R B EARE T RERBIT Mae sy, iR & e 7kt bR
Y77 RIS BRI RE .
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TRIRAR A

N T I RS B AE RS PRI T R BEAR AR SA, 36 3 RO T AR UGN Rl BB A RS A
WA e R L. B TRAERURLE R — 5 MBS a0 7 BAs4, ARee e a5 B is, B
WCICVETE R —H0 i 48 Db AT 2T PPAL . I8 7R R — B 2037 5 e A G Sl & BSR4 TV,
GERRW, e BURIERTE e br LI B TR RS . Bk, mAPSO CEISHERIZR, ToU=0.5)
MEEAEEBI 90.95% e T+ Rl & BRI 98.87%, RFHIRFEIL 8.71%;: mAP50-95 (F¥JHERiZE, ToU =
0.5~0.95) M\ 64.19%32F+ % 81.32%, FEFHIEIZ HIA 26.69%. fE Precision. Recall 1 F1-Score /7T, fliér
B AR A A R IR T T 0.83%. 17.57%H1 9.16%. X —&5 Bidt— B IGAE 1 B2 EUG AR RS
SRS, Rl &7 R & KA BRI = 7 R A R BRI T AR YRR, REREA AR THE AL
AR PR RS H AR RIAS I AE

DA bS5 R, ok AR AR R R & R AT DLy il o — WA R A AE K R BR P, L R figim
AR AR B A, 3 — DR TR AR I R L A B AN ), B ACE SR RE S T R A1 %
AP ATREMESRE JI3HE

BE1

SRR  kEER N
i nE2

==

SEER KeEER MAEE
Figure 7. Detection results of the obstacle detection model

7. BERFIE AR B LE R

Table 3. Comparison of obstacle detection performance between short focal length images and fused images

3. MESMA EIRAEREFAN DA RERTLE

E =170 mAP50 mAP50-95 Precision Recall F1-Score
R UE A 90.95% 64.19% 94.97% 82.30% 88.18%
a1 98.87% 81.32% 95.76% 96.76% 96.26%

6. &it

ARSORE Ot A R AR BB B S BOR N T PUE B Bkl 2 48, 1R 7 —F3E T SIFT HFIE3RE
SHGAHSGEANE & I QUHT R BCHE T 2. 2NE AR T SIFT 825 A1 BRI 1 e R S
VLHECRE ST, IETIN T ARSIt A ALAHOGHIAR, ST X HUIE AT 557 vh (R DCIEAT 7RS40 5. AR bR
GUIR A (RS AL CHE T i, SO IR AL BEAE 5N R I B R 15 R SR 7 TR L B v - P AT
HERYE, R THRZEEM 2.16 BERFHRE 027 BE, Wk TALGNEAERRE A AR FIR LRI L
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TrRiRAR %

ETIZEGE S R, ASCHE— 0455 YOLO11 HArter MY ) e RURFAE S B 5 S JEER BE 7, 4
27 PUES BRI RS WIS REY, ZARGAMURE TR AEARYIER ST i w7 P2 4075 7
M RPLH, EEia T REEMIE SR SR L MAE T, Sl T I B b iR AT S 0
o H BRI RE ) mAPS0-95 Fabr M AL ML 1 64.19%42TH 5 81.32%, REIRTE T R MR MERER %
Stk BIEFURSCR Y HIE Sl B RS DI 2 S8 L RN RE PR TH IR T B EES S, RREL R B
E5HE 1.

R TCRT Bl SR A AR B AR i & SR B TREAR R o — 5T, XA BT S LSk it
PR SEm T SRR, U7, RRE R SR A A, R AR PUEY SR E . [
I, JF AT A A R PTE A2 837 5t e AR R T7 58, HEREBOR SR = A Sebn TRERORRAL, 3t — 2D 4RT)
ARG R EVERISERITE, s A2 i 2 4 (R B SR S N 4 0 A B SCRF -

EEWA
AR S FH [ 5% E AU R TR E (2022 YFB4300602) %5 o
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