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Background

Importance of comprehensive 3D City Models

--l-l=l:: $ ‘:
CityGML  Gityuson

Open

Geospatial
Consortium.

A Role in urban planning, infrastructure management, environmental analysis.

A Technological backbone of urban digital twins.
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Context
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Motivations . . . . . .. .
Although city furniture objects like traffic lights, traffic signs, poles and bus stations

play crucial role in the urban tissue, current research does not provide a complete

method to automatically detect, localize and model these objects in accordance with
3D city models standards.

Objectives

(o]0}
(o]e]

Imagery-based Approach

Camera-LiDAR Approach

O

Motivation 1 Motivation 2
Modeling Approach

Addressa significantgapin the current

) Discussion Enrich existing 3D city models by state of the art by providing a
Integrating accurate and detailed completeandintegratedworkflow that
® representations of city furniture Includesthe detection,localizationand

Conclusion and 3D modelingof city furniture

Perspectives
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ODbjectives

Objective 1

Automatically detect various
types of city furniture in images
and LIDAR point clouds using
deep learning techniques

Objective 3

Retrieve features and
characteristics of the detected
urban furniture objects

Objective 2

City furniture positioning from images
and LIDAR data

Objective 4

Automated/parametric 3D modeling

of city furniture using the extracted
localization and features
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Motivations _Liege CihBelgium
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ImagerybasedApproach
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Camera-LiDAR Approach

@

Modeling Approach

@ Discussion e e vege
0 100 200 m Cameras positions
[ — - Caméra Positions e Google Satellite
@ Conclusion and Dataset Arlon Liége
MMS LiDAR, Panoramic camera,
equipement Panoramicamera, GNSS/IMU
GNSS/IMU

Data 360° images + Camera pose + LIDAR pdimids 360° images + Camera pose
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ODbject detection

Prepare Dataset

Grounding dindfor reducing manual
labeling

. : . Cascaded Detection and
( Direct Object Detection ) ( Classification )

Traffic light 1 classes Traffic sign 60 classes
Lamppost 3 classes
Bus Stop 1 classes

Training The models

Training multipleyOLOv&nodels

Data Collection

Object Detection



ODbject detection

Context

Direct Object Detection

S,
@

Motivations

. . Traffic
Objectives Bus Stop Traffic light Lamppost signs
mloU 0,85C 0,78C 0,81C 0,830
@ ImagerybasedApproach Precision 0,974 0,885 0,852 0,880
Recall 0,90¢ 0,89¢€ 0,83€ 0,875
Camera-LiDAR Approach mMAP50 0,942 0,946 0,90C 0,927
MmAP5095 0,685 0,737 0,648 0,552
Modeling Approach Evaluation metrics for all classes
@ Discussion Single Building Double
Presision 0,854 0,953 0,753
Conclusion and Recall 0,769 0,745 1,000
@ . MAP50 0,863 0,903 0,962
Perspectives MAP5095 0,594 0,962 0,699

Evaluation metrics fdamppostsubclasses
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ImagerybasedApproach
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Camera-LiDAR Approach Object Detection

: Intefe_:rentce SO — '
Images_Dataset using trained model Yolo_Labels by Cropped_images
. Traffic si
MOdellng ApproaCh raffic_sign

Eﬁ Classification
F19 1.00,
i A14.0.00,
i : Inteferentce F13 0.00,
| Yolo_Labels(With Python Remaping Labels using trained model | D3_straight_or. left 0.00,
F19: One-way road AZ3: Children 50 classes) to original images Traffic._sign F89 0.00

c1° n““ SAFS A -road

@

Discussion

Conclusion and

® ©

Perspectives

A23_Chlldren F19_One_Way_Road ik 00,
A23 Children A210.00,

C110.00,
B170.00
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ODbject detection

Cascaded Object Classification

Accuracy_Top_1

Accuracy_Top_5

0.99054

0.99369

®006

C24b: No entry for
drivers of vehicles
transporting
flammable or
explosive goods, as
defined by the
minister of
transpartation

C24c: No entry for
drivers of vehicles
transporting polluting
goods, as defined by
the minister of
transportation

C25: No entry for
drivers of vehicles
that exceed the
combined length
indicated on the sign

O

C3la: Left turn
forbidden

C31b: Right turn
forbidden

C33; U-tums
forbidden

C27: No entry for
drivers of vehicles
that exceed the
combined width
indicated on the sign

C35: Overtaking
vehicles with more
than two wheels and

horse w. agons
farhidnan

C29: No entry for
drivers of vehicles
that exceed the
combined height
indicated on the sign

C37: End of the C35
restriction

Predicted

Confusion Matrix Normalized
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Positioning

SegmentAnything Model (SAM)for
Image segmentationdeveloped by
Meta Research

The use of the generated mask to
identify the top and bottom pixels
coordinate

( Traffic Sign ) ( Traffic Light )

( Bus Stop ) C Lamppost )

Segment Anything
Model

I

- -

. l

Json file with pixel Coordinate Point
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Positioning

Algorithm for calculating the line of bearing and vertical angle for a single object

( Pixel coordinates )

The Y-axis represents the north in the projection.

A

bearing(gisement)

L L L eam
Yol =50y | + | Yeam
( Polar coordinates ) _:'H-'_ ] :f'_ _3c:ﬂm_

We calculatethe intersectionbetweenlinesof bearingof the sameobject



Positioning

Context

® O

Motivations Extended Algorithm for Simultaneous Calculation of Lines of Bearing and Vertical
Angles for Multiple Objects

00
(])

Objectives Li, G., Lu, X, Lin, B., Zhoul ..., 2022. Automatic
Positioning of Street Objects Based on-3eléptive
Constrained Line of Bearing from Strégdew Images.

@ ImagerybasedApproach ISPRS International Journal of Geformation, 11.
Camera-LiDAR Approach Legend
Modeling Approach . Camera
(v) Discussion O Object
@ Conclusion and . False cluster intersection of
, 2 LOB
Perspectives
. False cluster intersection of

3LOB
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Centroid Calculation with Proximity Filtering

» GCP_final
lamppst position based on there Nearness to the camera
® 05-86

® 86-134

® 13,4-19.2

0 0,25 0,5m 19,2- 28,3
) 28,3- 70,4

We observedthat points capturedfrom a distant
camera position significantly deviate from the
ground control points. Asa result, we decidedto
eliminate the distant points and, based on a
threshold,retain only the closerpoints.

Precision of our detection compared to PICC DATA

Frequency

Metric Value

Total Numbers of point 579
Meanerror 0.27 m
RMSE 0.32m

Histogram of Sample Data

200 A

150 -

50 A

0.0 0.2 0.4 0.6 0.8 1.0
Values
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Liege

Arlon

Object Type Number of instance
Single Lamppost 933

Bat Lamppost 119

Bus Stop 34

Traffic Light 146

All Traffic sign combined 736

Object Type

Number of instances

Single Lamppost

34

Bat Lamppost 18
Double Lamppost 3

Traffic Light 13
All Traffic sign combined 31
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Results: Lamppost
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Results:
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Feature extraction

Object Orientation and Height

We calculatethe objectorientation as the anglegzimuth) betweena paramtricmodel

wherethe objectis parallelto the y-axis and thdrack/road axes. Th@bjectposition

relativelyto the trackline (eft or righ) isalsoconsideredWe alsocalculateeachobject

height as thedifferencebetweenelevationsof the top and thebottom points.
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g

Data Collection

Sementic Segmentation
KPConv

O
0o

Instance Segmentation

Label Connected Component (LCC

Data Collection

Semantic segmentation

Data Collection

Semantic
Segmentation

Instance
Segmentation
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Semantic segmentation

KPConwr KernelPoint Convolution,is an architecturefor processing3D point cloudsdirectly,
without convertingthem into a grid or other structure It usespointsin space(kernelpoints)to
applyconvolutionoperationsdirectly on the point cloud

Our KPconvnodel wastrained onToronto 3Ddataset with the following performance:

Losses compare

100 -

300 epochs

Validation Set (Results of epoch 400)

0.34% 0.96%

0.04%

0.55% 131%

4.38%

J 440 epochs road_ markings
g = 0.00% | 0a
) y | 9 9 9 9 5 5 9
', I 4 ”: J“I “ 0.01% 0.00% 0.12% 0.92% 0.00% 0.00% 0.00% 42.93%
M%MMQQ‘IMJ%Q! ‘ P N Y -00
1071 - ' s bff ¥ & & ¢ )
' 160 260 360 460 Qg'b Predicted Class
epochs
Road -
OA mloU Ground : Natural | Building | Cable | Pole Car Fence
marking
94.7% | 79.0% 96.6% 61.7% 95.1% 80.1% |825% |784% |'87.1% | 41.8%
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Classification

Filtering noise
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Filtering based on

height



Classification

@ Context

ImageBased Classification

Cramc Signs | TraﬁiD 1 Reprojection 3D bounding box into 2D image

@ Motivations

light

v

Reprojection 3D
(@) Imagery-based Approach bounding Box into the 4
Closest images

v

Obijectives

® CameralLiDARApproach
( Cropped images )
Modeling Approach .
Grounding Dino to
crop the traffic sign type_xyzh_tis
® B1
(») Discussion 3 gl S o monn
= B15
Yolov8 classification %,, Y. B1S, C31a
. model (traffic light, 2 = .
@ Conclusion and traffic sign ) , : . o
. e L ® ELF19
Perspectives v 4 B
g . @ im
Geoparquet file : o . . > s
S > F49

@® F50
@ Traffic_Light

v

id] x|y | z| h |cityfurniture_type

Segment_ID 16

S OSM Standard







