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Abstract The objective of the research is to automatically recognize railway objects from
MLS data in which 9 key objects including terrain, track, bed, vegetation, platform, barrier,
posts, attachments, powerlines are targeted. The proposed method can be divided into two
main sub-steps. First, multi-scale contextual features are extracted to take the advantage of
characterizing objects of interest from different geometric levels such as point, line, volumetric
and vertical profile. Second, by considering contextual interactions amongst object labels, a
contextual classifier is utilized to make a prediction with local coherence. In here, the
Conditional Random Field (CRF) is used to incorporate the object context. By maximizing the
object label agreement in the local neighborhood, CRF model could compensate the local
inconsistency prediction resulting from other local classifiers. The performance of proposed
method was evaluated based on the analysis of commission and omission error and shows
promising results for the practical use.

Key Words : Railway Object Recognition, Conditional Random Field, Contextual Classifier,
Mobile Laser Scanning
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<Fig. 1> Railway objects of interest
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Level Feature
- Elevation
Point - Intensity
- Range
- Height from DTM ground
- Line length
Line - Line slop
- Line height
- Roughness of the estimated
surface
- Distance to the estimated
Volum | syrface
etric - 2D point density
Space | — Point density ratio (2D/3D)
- Sphericity
- Anisotropy
- Linearity-based HT
- Number of occupied segments
Vertica | - Number of continuously occupied
1 segments
Profile | — Number of continuously empty
segments
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<Table 2> Commission and Omission Errors

Object Portion | Commission | Omission
(%) Error (%) | Error (%)
Terrain 51.6 8.0 0.9
Railway Track 5.4 9.9 2719
Railway Bed 11.1 39 15.3
Platform 172 0.29 0
Barrier 3.7 2.0 14
Vegetation 6.0 1.8 134
Power Line 3.0 15.7 1.6
Electric Post 15 85 14.4
Attachments 0.6 14.4 52.2
<OH 4> AguolHedA 2utd #HolA HES
ARE gle Fe AMER ER/S HTAHRE 2P
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<Fig. 4> Classification results
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