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Introduction Method Result Discussion

- Background

Train (Arriva, NS) and rail network (ProRail) operators aim to:
| Detect all hazardous events daily

| Analyze why these events happen

| Figure out high-risk areas

| Make railway infrastructure more safe

| Make trains more intelligent and safer

Source: Netherlands News
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Introduction Result Discussion

- Problem Analysis

Detect all hazardous events daily, how?

| Installing millions cameras everywhere is too expensive
| Manual monitoring is unfeasible and unreliable

| LIDARs are too expensive

| Video camera-on-train is the only affordable solution

| But let’s look at ‘what’ do we need to detect, actually ZEER LICHTGEVOELIG |

BEELD BlJ VOLDOENDE OMGEVINGSLICHT

Source: Arriva Video

TU/e €.> (D) ARRIVA
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Introduction Discussion

= Arriva Near -miss Detection

"Near-miss” is incident of highest priority
to be detected

A Near-miss is defined as 70 cm lateral distance
from object to rail track.

A Train drivers must take emergency action

A No actual collision, but still a serious safety risk

Why Important?

ZEER LICHTGEVOELIG
A Happens more often than real accidents BEELD BIJ VOLDOENDE OMESESEEEEE

A Provides key insights for safety measures

Source: Arriva Video

AIMSI b (./ ARRIVA 4
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Introduction
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Introduction Result Discussion

== Challenge 1/3

A Current SOTA allows depth estimation of
RGB images from monocular camera

A Depth estimation result A> abstract depth
value (0-255), not the actual distance

A Estimated depth values are very noisy

A Depth-to-distance function is non-linear and
unknown

A But there are more fundamental problems...

Depth values in range from O to 255

Source: Arriva Video

TU/ e AIMSI b L ARRIVA 6



Introduction Result Discussion

== Challenge 2/3

A We should measure not the ‘camera-to-object’
distance
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A But the ‘object-to-object’ distance:

A Pixels in an image have no direct
correspondence with a distance value!

A And the worst is coming...

Similar actual distances

‘V’ Source: Arriva Video
TU/e €2 (D) ARRIVA 7




Introduction Discussion

== Challenge 3/3

A We need to measure the ‘Lateral Distance’:

A Definition: side-to-side distance between two
points or objects, measured on a horizontal plane Bk

A But people are often not aligned with rails on a
horizontal plane

A Are we asked to measure a distance to ‘nothing’?

Lateral distance

Source: Arriva Video

TU/e €
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Introduction Result Discussion

= Research Question

How can weestimate accurate lateral distancdsetween objects
and tracks using only a frontal monocular camera?
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Dataset

Pipeline Architecture
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Introduction Result Discussion

«=x CoOllected Dataset Contribution:

From Eindhoven < Schiphol Airport — Station Scenes
680 high-resolution (1920x 1080) images

2058 pedestrian annotations

|

|

|

| 20 vehicle annotations

| 680 ego-railway track masks
| 1

156 valid lateral distance annotation (<4m)

S :YoutubeVid
Dataset Source ource: YoutubeVideo

Extracted from publicly available train journey on Youtube videos in the
P4

Netherlands L _ _, {2
Distribution of Reference Distance Measurements(<4m)

Distance Range | Number ol Cases | Percentage (%)
(m - 1m 23 2.0%
Im - 2m 227 19.6%
y Y 2m - 3 774 67.0%
' ' I A
TU/ e Alﬁgﬂlb 3m - 4m 132 11.4% 11




Introduction Result Discussion

-« Pipeline Architecture Overview

Scene-understanding module Distance-estimation module

Scene Analysis Pipeline

Object analysis stream

Object Detection | , Instance

Segmentation
Yolo - World EdgeSAM
Lateral Distance Estimation o

Input: Track analysis stream | uttputl.

altera
RGB Track Detection Track Mask s B Denth - quided Scale - calibration ( distances to
frame TEP-Net SN e?’_ 0|.n e e.p -gw.e — Lateral Distance .
Identification Point Maching _ all objects
Computation

Depth estimation stream

Depth estimation
Depth Anything 2

, Depth Calibration

TU/e €
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Introduction Discussion

7 | O bJ e Ct an aIyS I S Stre am Scene Analysis Pipeline

Object analysis stream

N
In put Object Detection ) Instance

Segmentation
Yolo - World EdgeSAM

Workshop 2025

" TU/e €22 (D) ARRIVA
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Introduction Discussion

Scene Analysis Pipeline

-« Object analysis stream

Object analysis stream

Input " : : Instance
p Object Detection Segmentation
Yolo -World EdgeSAM

Object detection: Yolo -world

AZero-Shot Detection
- Recognize unseen objects

AEnhanced YOLOvV8 Framework
- Combines a YOLO detector with CLIP (Transformer-
based text encoder)

ADetection based on textual descriptions

TU/e €

ePicture This
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Introduction Result Discussion

T O bJ e Ct an aIyS I S Stre am Scene Analysis Pipeline

Object analysis stream

Input g

Object Detection Seg}ﬁé%qgﬁon
Yolo -World EdgeSAM

Segmentation: EdgeSAM

AFine -grained segmentation
- Utilizes YOLO-World's bounding boxes as input

ASAM with lightweight CNN backbone
- RepViT-M1 replaces ViT structure
- 37x faster while maintaining segmentation accuracy.

TU/e €
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Introduction Discussion

.= Track analysis stream

Track analysis stream

Input 1 -
Track Detection Track Mask
TEP- Net Generation

Track detection: TEP -Net

ARegression -based Method
- Directly predict the x- and y-coordinates of the track
boundaries.

TU/e €
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Introduction Result Discussion

.= Track analysis stream

Track analysis stream

Input 1 -
Track Detection Track Mask
TEP- Net Generation

Track mask generation:

ACoordinate-to-Mask Conversion
- Morphological refinement to accurately define track
edges

TU/e €
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Introduction Result Discussion

7 Depth eStlmathn Stream Sce.neénalysis Pipeline

Depth estimation stream

IHPUt ( Depth estimation
g | . | Depth Calibration
Depth Anything 2

Depth Anything V2:

ADense Prediction Transformers (DPT) - based
architecture

Alarge -Scale Training

AStrong generalization ability

TU/ e AIMSI b (./ ARRIVA 18



Introduction

Result

Discussion

«« Depth estimation stream

Scene Analysis Pipeline

Depth estimation stream

Input

2 (2) ARRIVA

TU/e €

AIMS lab

gl L
Depth estimation _ _
_ Depth Calibration
Depth Anything 2

Depth Calibration:

AProblem to solve
- Actual depth-to-distance function
IS unknown and is non-linear

ATwo -Stage Depth Calibration

| Depth

Distance

- Stage 1: Use sleeper spacing (0.6m) for initial depth

calibration.

- Stage 2: Refines long-distance depth using track

geometry constraints.

- Converts relative depth into real-world depth

measurements.

19



«=« DIStance Calibration

ePicture This

TU/e €
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Introduction Result Discussion

Scene Analysis Pipeline

Depth estimation stream

Input | | Depth estimati
P epth estimation Depth Calibration
Depth Anything 2

Two- Stage Depth Calibration

Stage 1:Sleeper-Based Calibration

- Leverages sleeper positions (0.6m apart) to create depth

reference points.
- Uses exponential curve fitting to model the non-linear

depth relationship.

b vaw
Degtibrated = - € +

D..,, IS the raw depth estimate from DA V2, and parameterb, c

are calculatedthrough curve fittingusing known sleepespacing
measurements.

20



Discussion

Introduction Result

«=« DIStance Calibration

Perspective-Based Scaling

' |

D(y) _
D beal Levrm
Image Plane
Rail Width Consistency camers
— NI g Optical Center
= E \\\\\\\\:\\:\\:\\
m I\‘\g 1.435;1 \‘::‘ < < -_____/JAA______I_nla_g_e Plane
Dbottom:20m Dy .40m / I \ \\
/ II \\ \
// I\ \\ D (ﬂ]
/ / \' A\ D
// II \\ \ bl Lo
Doottom:2om /______ Lo | -435m \
W bottom:200 pixel II \\
/ \
TU/ [
ePicture This e Dy:40m .-------]f:ismd

Wy :100 pixel

Scene Analysis Pipeline

Depth estimation stream

Depth Calibration

Two- Stage Depth Calibration

IHPUt " Depth estimation

Depth Anything 2

Upy — Y
vpy, — bottom,,
Stage 2: Geometric -Based Calibration
- Improves far-field accuracy using railway track
geometry.
Two geometric constraints:
- Perspective-Based Scaling - Uses the vanishing
point to infer depth relationships.
Wiospon - Rail Width Consistency - Using similar triangles,
= W () estimate depth based on this shrinking width in image.

21



Introduction Result Discussion

«= DiStance estimation pipeline, so far:

Scene Analysis Pipeline

Object analysis stream

Object Detection | Seg}ﬁé"’},r%gﬁon
Yolo -World EdgeSAM

Track analysis stream

A 4

Track Detection Track Mask
TEP- Net Generation

Depth estimation stream

Depth estimation

_ Depth Calibration
Depth Anything 2 >

ePicture This

TU/ e AIMSI b L ARRIVA 22



Introduction

«= JOwards lateral distance estimation

Scene Analysis Pipeline

Object analysis stream

Object Detection | Seg}ﬁg’}{%gﬁon
Yolo -World EdgeSAM
Track analysis stream
Track Detection »  Track Mask
TEP-Net Generation

Depth estimation

Depth estimation stream

Depth Anything 2

. Depth Calibration

TU/e €

ePicture This

(/ ARRIVA

AIMS lab

Result

Discussion

Lateral Distance Estimation

Key Point
Identification

Depth -guided
Point Maching

Scale - calibration
Lateral Distance
Computation

23



Introduction Result Discussion

« Lateral Distance Measurement

Scale - calibration
—» Lateral Distance
Computation

Key Point Depth -guided
Identification Point Maching

AKey Point Identification
- Find the closest part of the objects to the ‘train’
- Employ right-, left-bottom corners of bounding box

Qa LRAyOa G2 | KeLR2IGKSUOAOI

TU/e €
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.=« Lateral Distance Measurement

Scale - calibration
Lateral Distance
Computation

Key Point Depth -guided
Identification Point Maching

AKey Point ldentification

ADepth -Guidance Matching

I; 1 A2Em

e AT

100ixels

Match: Nearest raitrack
pixel with the depth similar Single depthvalue bitmap
to the object depth

TU/e €

AScale-Based Calculation
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