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Introduction 

Background

Introduction 

Source:  Netherlands News
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Train (Arriva, NS) and rail network (ProRail) operators aim to:

ḬDetect all hazardous events daily 

ḬAnalyze why these events happen

ḬFigure out high-risk areas

ḬMake railway infrastructure more safe

ḬMake trains more intelligent and safer



Introduction 

Problem Analysis

Introduction 

Source:  Arriva Video
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Detect all hazardous events daily, how?

ḬInstalling millions cameras everywhere is too expensive

ḬManual monitoring is unfeasible and unreliable

ḬLiDARs are too expensive

ḬVideo camera -on-train is the only affordable solution

Ḭ.ǳǘ ƭŜǘΩǎ ƭƻƻƪ ŀǘ ΨǿƘŀǘΩ Řƻ ǿŜ ƴŜŜŘ ǘƻ ŘŜǘŜŎǘΣ ŀŎǘǳŀƭƭȅ



Introduction 

Arriva Near -miss Detection

Introduction 

Source:  Arriva Video

"Near-missά ƛǎ ƛƴŎƛŘŜƴǘ ƻŦ ƘƛƎƘŜǎǘ ǇǊƛƻǊƛǘȅ 
to be detected

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

ÅTrain drivers must take emergency action

ÅNo actual collision, but still a serious safety risk

Why Important?

ÅHappens more often than real accidents

ÅProvides key insights for safety measures
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Introduction 

Letós stop for a second 

& 

look at òNear-miss distance estimationó challenge

Introduction 

Source:  Arriva Video
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Introduction 

Challenge 1/3

Introduction 

Source:  Arriva Video

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

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

Å Estimated depth values are very noisy

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

Å.ǳǘ ǘƘŜǊŜ ŀǊŜ ƳƻǊŜ ŦǳƴŘŀƳŜƴǘŀƭ ǇǊƻōƭŜƳǎΧ
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Depth values in range from 0 to 255



Introduction 

Challenge 2/3

Introduction 

Source:  Arriva Video

Å²Ŝ ǎƘƻǳƭŘ ƳŜŀǎǳǊŜ ƴƻǘ ǘƘŜ ΨŎŀƳŜǊŀ-to-ƻōƧŜŎǘΩ 
distance

Å.ǳǘ ǘƘŜ ΨƻōƧŜŎǘ-to-ƻōƧŜŎǘΩ ŘƛǎǘŀƴŎŜΥ

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

Å!ƴŘ ǘƘŜ ǿƻǊǎǘ ƛǎ ŎƻƳƛƴƎΧ
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Similar actual distances



Introduction 

Challenge 3/3

Introduction 

Source:  Arriva Video

Å²Ŝ ƴŜŜŘ ǘƻ ƳŜŀǎǳǊŜ ǘƘŜ Ψ[ŀǘŜǊŀƭ 5ƛǎǘŀƴŎŜΩΥ

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

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

Å!ǊŜ ǿŜ ŀǎƪŜŘ ǘƻ ƳŜŀǎǳǊŜ ŀ ŘƛǎǘŀƴŎŜ ǘƻ ΨƴƻǘƘƛƴƎΩΚ
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Lateral distance



Introduction 

Research Question

Introduction 

How can we estimate accurate lateral distances between objects 
and tracks using only a frontal monocular camera?
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Part 2
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Experiment and 
Result

Method

Collected Dataset

Source:  Youtube Video

Distribution of Reference Distance Measurements(<4m)

ḬFrom Eindhoven  Schiphol Airport ς Station Scenes

Ḭ680  high-resolution (1920 × 1080) images 

Ḭ2058 pedestrian  annotations

Ḭ20 vehicle  annotations

Ḭ680 ego-railway track masks

Ḭ1156 valid lateral distance annotation (<4m)

Contribution:

Dataset Source

Extracted from publicly available train journey on Youtube videos in the 

Netherlands
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Key Point 

Identification

Depth - guided 

Point Maching

Scale - calibration 

Lateral Distance 

Computation

Lateral Distance Estimation

Scene-understanding module

Pipeline Architecture Overview

Method

Output: 
lateral 

distances to 
all objects 

Input:
RGB 

frame 

Depth estimation

Depth Anything 2

Depth estimation stream

Depth Calibration

Object Detection

Yolo -World

Instance 
Segmentation

EdgeSAM

Object analysis stream

Scene Analysis Pipeline

Track Detection

TEP-Net
Track Mask 
Generation

Track  analysis stream
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Distance-estimation module



Object analysis stream

Method

Input 

Scene Analysis Pipeline
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Object Detection

Yolo -World

Instance 
Segmentation

EdgeSAM

Object analysis stream



Scene Analysis Pipeline

Object Detection

Yolo -World

Instance 
Segmentation

EdgeSAM

Object analysis streamObject analysis stream

Method

ÅZero -Shot Detection 
- Recognize unseen objects

ÅEnhanced YOLOv8 Framework 

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

ÅDetection based on textual descriptions 

Object detection: Yolo -world

Input 
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Object analysis stream

Method

ÅFine-grained segmentation

- Utilizes YOLO-World's bounding boxes as input

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

Segmentation: EdgeSAM
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Scene Analysis Pipeline

Object Detection

Yolo -World

Instance 
Segmentation

EdgeSAM

Object analysis stream
Input 



Track analysis stream

Method

Input 

Scene Analysis Pipeline

ÅRegression -based Method

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

Track detection: TEP -Net
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Track Detection

TEP-Net
Track Mask 
Generation

Track  analysis stream



Track analysis stream

Method

ÅCoordinate -to -Mask Conversion
- Morphological refinement to accurately define track 

edges

Track mask generation:
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Input 

Scene Analysis Pipeline

Track Detection

TEP-Net
Track Mask 
Generation

Track  analysis stream



Depth estimation stream

Method

Input 

Scene Analysis Pipeline

ÅDense Prediction Transformers (DPT) - based 

architecture

ÅLarge -Scale Training

ÅStrong generalization ability

Depth Anything V2:
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Depth estimation

Depth Anything 2

Depth estimation stream

Depth Calibration



Depth estimation stream

Method

ÅTwo-Stage Depth Calibration

- 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.

Depth Calibration:
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Input 

Scene Analysis Pipeline

Depth estimation

Depth Anything 2

Depth estimation stream

Depth Calibration

ÅProblem to solve

- Actual depth-to-distance function 
is unknown and is non-linear

Distance

Depth



Distance Calibration

Method

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

reference points.

- Uses exponential curve fitting to model the non-linear 

depth relationship.

Two- Stage Depth  Calibration

Stage 1: Sleeper -Based Calibration

20

Draw is the raw depth estimate from DA V2, and parameters a, b, c
are calculatedthrough curve fitting using known sleeper-spacing 
measurements.

Input 

Scene Analysis Pipeline

Depth estimation

Depth Anything 2

Depth estimation stream

Depth Calibration



Distance Calibration

Method

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.

- Rail Width Consistency - Using similar triangles, 
estimate depth based on this shrinking width in image.

Two- Stage Depth  Calibration

Perspective-Based Scaling

Rail Width Consistency
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Input 

Scene Analysis Pipeline

Depth estimation

Depth Anything 2

Depth estimation stream

Depth Calibration



Distance estimation pipeline, so far:

Method
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Depth estimation

Depth Anything 2

Depth estimation stream

Depth Calibration

Object Detection

Yolo -World

Instance 
Segmentation

EdgeSAM

Object analysis stream

Scene Analysis Pipeline

Track Detection

TEP-Net
Track Mask 
Generation

Track  analysis stream



Towards lateral distance estimation

Method
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Depth estimation

Depth Anything 2

Depth estimation stream

Depth Calibration

Object Detection

Yolo -World

Instance 
Segmentation

EdgeSAM

Object analysis stream

Scene Analysis Pipeline

Track Detection

TEP-Net
Track Mask 
Generation

Track  analysis stream
Key Point 

Identification

Depth - guided 

Point Maching

Scale - calibration 

Lateral Distance 

Computation

Lateral Distance Estimation



Lateral Distance Measurement

Method

ÅKey Point Identification

- Find the closest part ƻŦ ǘƘŜ ƻōƧŜŎǘǎ ǘƻ ǘƘŜ ΨǘǊŀƛƴΩ
- Employ right-, left-bottom corners of bounding box 

ÅDepth -Guidance Matching

- Corrects perspective distortion caused by camera 
angle and platform height differences.

ÅScale-Based Calculation

- Uses standard rail width (1.435m) as a reference

1.435m
100 pixels

2.07m
144 pixels
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Key Point 

Identification

Depth - guided 

Point Maching

Scale - calibration 

Lateral Distance 

Computation

Lateral Distance Estimation

bŜŀǊŜǎǘ ƻōƧŜŎǘΩǎ Ǉƻƛƴǘǎ ǘƻ ŀ ƘȅǇƻǘƘŜǘƛŎŀƭ ǘǊŀƛƴ 



Lateral Distance Measurement

Method

ÅKey Point Identification

- Locate the closest part of the object to the rail

ÅDepth -Guidance Matching

- Corrects perspective distortion caused by camera angle and 
platform height differences.

- For each object:
- Create single depth-value bitmap: find all pixels with the 
ŘŜǇǘƘ ǾŀƭǳŜ ƻŦ ǘƘŜ ƻōƧŜŎǘΩǎ ƴŜŀǊŜǎǘ Ǉƻƛƴǘ

- Find the pixel-pair: select the pixel belonging to the nearest 
rail-track

ÅScale-Based Calculation

- Uses standard rail width (1.435m) as a reference

1.435m
100 pixels

2.07m
144 pixels
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Key Point 

Identification

Depth - guided 

Point Maching

Scale - calibration 

Lateral Distance 

Computation

Lateral Distance Estimation

Match: Nearest rail-track 
pixel with the depth similar 

to the object depth
Single depth-value bitmap


