YORK g ] oo Advanced Rail Infrastructure Mapping Technologies for Train
P I vanaca Derailment Mitigation Submission ID: 47673

Canadl*l Primary Author: Gunho Sohn
LASONDE | tunvasis Gunho Sohni, Mozhdeh Shahbazi?, Peter Park?, Ali Asgary? Session Topic: Public Transportation
e e s A UIEM -~ Department of tESSE, 3Civil Engineering, *DEM, York University and New Mobility
.E'ED-I ET% \\, AUSML@B ’Department of Geomatics Engineering, University of Calgary

1. Introduction 3. Methodology 4. Experimental Results
d Backgrounds d Frontend Perception J Rail Track Modeling Accuracy
* More than 60% of rail accidents were reported due to derailments. The most significant Track Detection Point-to-model distance (m) cecall
causes of derailment accidents are related to defects of track/wayside elements and AU R HOfizontaL LEIHEE] — (%) Description
. . I 4 _-_'__-. Track head 3 Ave. Std. Ave. Std.
mpacts of environmental factors. " 1 |1,581 | 0.019 | #0.013 | -0.002 | +0.010 | 99.95 Main track
* Mobile LIDAR (Light Detection and Ranging) System (MLS) is an emerging technology o 5 ) frackweb p(x) = 2 apN(x|p;, o) 2 | 1,578 | 0.019 | £0.029 | -0.003 | 0.010 | 99.92 Main track
enabling rapid engineering grade mapping and virtual surveying over railway infrastructure. i VR TR Track bed k=1 3 | 338 | 0.028 | +0.024 | -0.003 | £0.005 | 99.23 Parking lot
o _ , . =S5 s e i b s 4 | 181 | 0.028 | +0.025 | -0.004 | +0.010 | 99.34 Parking lot
* Despite its large potential, MLS has been only used for rail track condition assessment. Its MLS data Distribution EM-GMM = | 213 | 0.026 | 20.023 | -0.004 | z0.010 | 99.52 parking lot
protentional for railway asset management has not been exploited yet. 6 | 240 | 0.025 | +0.020 | -0.004 | +0.011 | 99.90 Parking lot
Single/Multi-track Recognition 7 | 264 | 0.020 | +0.016 | -0.003 | +0.008 | 99.97 Parking lot
' ' Sub-track ti
J Research Objectives DL = AL(D|H) + (1 — D)L(H) 8 | 47 | 0.030 |#0.025 | -0.002 | +0.002 | 99.19 betv‘:eenri‘;t:’l”;:g F')r;fhg
* Developing an end-to-end computer vision pipeline, called ADE (Automatic Data B Q (1= Dlog,(N + 1) o | 47 | 0031 | 10028 | -0.002 | 20.005 | 98.15 | , tSub-trackﬂrioznne(;:tin%h .
Extraction) for detecting multi-scale and multi-attributes rail asset detection using MLS. ~ "\ 22 9> Sweenpatn ~anepe
Total | 4,489 | 0.025 | +0.023 [ -0.003 | #0.008 | 99.46 -

« Automatically detecting and modeling: 1) rail track head/web/head, 2) single track
regions, 3) multi-track regions, 4) turnout regions, 5) multi-track categories
(merge/split, left/right, open/close, start/end), 6) switch boxes.

Track Points Model Selection MDL (Minimum Description Length)

 Rail-track Type Recognition

. « . 1 . . . . . Multi-track Multi-track Type Recognition
* Developing “Frontend Perception” for detecting objects using binary string template Binarv String Templates etection Multiple
. . _ . . . Iy . . . ’ Split to right at start (open Sp t to left at start (op Merge from right at start Merge from left at start i C i | S
matching with contextual energy minimization algorithm and “Backend Optimization y J P A Sl ol s o i o s Py (Detection rate) orrect Solution ncorrect | ouccess rate
USIﬂg Kalman Fllter (EKF). Split to right (open) Split to right (close) Split to left (open) Split to left (close) “ “ “lll Unar(ymfe:r;n) Only 100 % 69 28 3 69 %
N \ - e Unary term and
st;r: en;‘ ~ \ T / -/ S[:)Ilt toprlght at s;irlt (T;ose) Splltto left at start (clc;se) Mergs frogw nghtatper:d (spen) Mel:r)?e fgzm left a;de F(;:pen) contextual term 97 97 %
2 ) WO r kf I O W Merge from right (open) Merge from right (close) Merge from left (open)  Merge from left (close) 5 E _ “
> / = / \ \ SF;':C topzight at Epni N SpFI)i: toF:;aft at engn-l N Merge 1f m2 right a tpn_ld (plrl se) MeF;’ge f;om left a;fll']dl:():lose)
Track Modeling ) - ] e - [ - p— ol BE A
Input MLS data based on Kalman Filter Turnout Object Labeling - iy e - (- MLS Point Clouds
l Multi-scale Context Matching
Initialization _=| TFHCk'm?dd * o o . _ MLS Point Cloud
Prediction Multi-track region Score(SL,T/) =w-U(SL,T/) + (1 —w) - C(S'71,SY) — |
Track window ; stacking Split/Right/Start SplitRight/End
localization Classification I S 5 5.5 N B 5 5 Ml 5 5 M 5 5 e 5 === :
(track head/web/bed) tcompare ' E=—— 5 . CO n C I U S I O n S
T [OJEET o[RS o o JR o[RSy o o [ o o [FEFay o [T o[ o i - — ; T
Multi-track labeling Turnout region
Classification Multi-track recognition ‘23233732’22 'tzfrttf/!i:t} U: Unary Matching Term C: Context Matching Term * ADE system achieved 0.025m (RMSE £0.023m) and -0.003m (RMSE £ 0.008m).
(track head/web/bed) (single/multi-track) | ’ : « ADE system achieved 99.46% recall (object detection rate
r d Backend Extended Kalman Filter ySIe ' (ob) )
l YT b <ing « Our experiments proved that context-based template matching increased 28% success rate of
X X -
TraCk deEIlng LTrack model update TUE' pOII"It detectlon ______ - Xy — Xy + AL COSQ traCk type reCOgnltlon.
""" : X X 0 . . .
k=1 k 2l 2l Acknowledgements: We would like to acknowledge the supports from Transportation Canada Rail Safety
k+1 .
. _ Improvement Program (RSIP), Thales Canada and Teledyne Optech Inc. for their research supports, MLS
ADE (Automated Data Extraction) System Workflow X = X + K(Z), — Xi) Where, X: state vector, AL: distance, 8: orientation P J ( ) y P PP

data acquisition and provision.




