5 years of production
experience in using Al for
ALS data classification

PRD Y WY ITI0I vwBdLl 9770y P




7] 30| dwHe¢ [ HO 5"
P DY 73N 7553

 Traditional Challenges - Problems with macro - based
classification

Al Solution Architecture - Our neural network approach

* Production Implementatio n - Integration with existing
workflows

 Measurable Results — Impact on performance

« Current Limitations - Honest assessment of challenges

» Future Development - Next generation improvements




Traditional
Classification
Challenges
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* Increasing noise levels in LIDAR data that macros
couldn't handle

« Complexterrain ( crops on fields , mountainous areas,
canyons, rocky surfaces)

« Urban environments with dense object clusters

Operational and Quality Issues:

« High manual labor requirements

« Objects requiring complete manual classification

* Inconsistent results due to  tile - by - tile parameter
adjustments and local variations

« Need for scalable solution to handle growing data
volumes while controlling costs




* Transformation ofthe pomnt cloud mto a
multilayerraster with XYZcoordmates as
attributes

*64by64by64by3arraysrepresenting
the point cloud are fed into 3D CNN Our ML Solution

* Architecture mspired by encoder-decoder 75 35t % unkis’ » SokEkmOE 1 1 5
model

e J[ossless reverse transformation to the
pomt cloud

* Class prediction foreach pointas a result



LIDAR
CLASSIFICATION
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Production
implementation

Biggest challenge?

Convince the technicians
to start working with new
types of errors and different

appr oach.




Production
implementation
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v Productivity Improvements:
manual classification workload
v Daily throughput increase: 8
100% mprovement)

50% reduction in

tiles — 13- 16 tiles (up to

Quality Enhancements

v Building classification accuracy:99.9%a fter
prediction

v Consistent results across different terrain types
Predictable and uniform results regardless oflocal
conditions

v Reduced dependencyon specialized macro
parametertuning

v More km?processed annually with same human

resources







Small errors matter
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Future
Development -
Next generation
Improvements
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Production
implementation
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THANK YOU FOR YOUR
ATTENTION!
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