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Automatic DTM and Building Footprint Extraction from Imageries and
Point Clouds in Indonesia’s Land Registration Drone Survey: A Roadmap
Towards Reconstruction of LOD1 3D building model.
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Accurately and rapidly extracting building footprint information from remote
sensing imagery is an essential step for reconstructing 3D building model.
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DSM and DTM are required to reconstruct 3D building model.
Object height model (OHM) : subtracting the DTM from the DSM

colored point clouds

— — — Digital surface model — — — Digital terrain model

Canopy height model

OHM.: raster layer that maps the
object height as a continuous
surface
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and ground points

Point clouds segmentation:

Building footprint Image segmentation:

« OBIA method

Al/deep learning+DBSCAN

R DTM

* Cloth Simulation Filter

* Progressive TIN
Densification,

* ML/DL Random Forest,
and PointNet/ PointNet++

Experimental study utilizing Al : Building footprint 2YOLO-v8 Deep learning with custom trained data.
Ground extraction = CNN with dynamic graph convolution (DG-CNN) 4
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I Objective & research questions

1. How to generate highly precise OHM in an automated manner.
2. Which specific Al algorithms are most appropriate for extracting building
footprints within the context of Indonesia?

Ensuring the users can easily navigate and utilize those two algorithms (YOLO and CNN), we introduce Geo-
Carta App (Geospatial-Cadastre with Artificial Intelligence for Generating LOD 3D City Model).

&« GeoCARTA

Geospatial-Cadastre with Artificial Intelligence
For Generating LOD 3D City Model

www.geocarta.id

Kolaborasi antara: df§®0 (&0 [SUnimad ™™
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GeoCARTA App

It comprises four interconnected steps for generating LOD1-3D model automatically.

GeoCARTA

Building Footprint Editing Building Ground 3D
Extraction FoD print Exctraction Reconstruction
(YOLO) (accordingtolLand (DTM Production of LoD1 Models
Parcels) With DG-CNN)
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Interconnected steps for generating LOD1-3D in Geo-Carta App

I Data and methods

Step 1. Building footprint Step 3. Ground extraction and
reconstruction
) . / .
| Orthophoto | /uAv il > Tmport building footprint and OHM
v 3 -
Creating a custom - Creating a custom E Extruding building footprint
Trained Model (YOLO) E Trained Model (CNN) & | according to OHM
| : b Point‘bclouds | § :
. e ( 3
TOLE Haaed 6 classification with CNN -+ Shemeeate £OD-1
model o v
} g - 5 e
, & / Ground points / = LOD-1 building
Image segmentation § | 3 model (cityjson)
v S/ psM |/ [ DIM |
/ Building footprint / [ 1 ]
Step 2. Editing building footprint Subeact
Ec_l;iiting builciing footprin? ]
according to land parcel / OHM |
boundaries




Data and method

Experimental research : six provinces in Indonesia
(Papua, West Sulawesi, East Borneo, Riau, West Java,
and Yogyakarta).

The entire images were captured by using UAV platform
with the ground sampling distance of 10 cm.

(a) YOLO training sample

orthophoto orthophoto

(b) DG-CNN training sample

Orlglnal point clouds Original point clouds

55 Ha of urban and suburban areas
in West Java and Yogyakarta

Data-set geographical distribution
(yellow train set/red test set).

East, Borneo

Sulawesi

Wé\st Java
Yogyakarta A

Google Earth

Data SIO, NOAA, U.S. Navy, NGA, GEBCO

West Sulawe31

Legend
A Testing Dataset
. Training Dataset

2000 km

East Borneo
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Results: building footprint

W GeoCARTA (alpha) - 0 X

A0 G oCARTA @ @
b Geospatial-Cadastre with Artificial Intelligence 1 ] y

for G ting LOD 3D City Model
or Generating L Ry Moo Departemen  Kementerian
Version 06,2 Teknik Geodesl  ATRBPN

East Borneo

Buiksng Extracton  Edit Bulding Outliee  Ground Extraction.  Genesate LODY

Building Extraction

Model }v_ofo .
Image File
il

Pastikan extent data sudah benar karena output CRS akan mengikut] data input We st JaV
v Advanced Options e 3‘ "i"qqgl :
Refinemert iteration Predefined YOLO Type Ui sy Wy
E ‘ | Detaul .
Model Path Default
| C\Users\LENOVOIDocuments\DeoCARTANaIbuiking. Rapkd best-10000pt ] .

Medium ——————
Output Target Directory Highest |
| C\Wsers\LENOVO\Documents\GeoCART Aoutput\bullding_extraction\yolo | -

was . . .
GeoCARTA could extract most of building footprints.

e
Still....... it fails to detect

Evaluate the deep learning model
building with relatively complex/connected buildings.

F1 score (measures a model's accuracy). It combines the precision

and recall scores of a model = 93.88%.

The overall accuracy as indicated that the predicted values match

the actual values (ground truth) = 88.47%. 9
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Results: building footprint
Comparative results between Geo-Carta and Mapflow (a commercial subscription plugin in QGIS)

Frmem i A N
—

GeoCARTA

fails to detect
building with
relatively complex.

GeoCARTA achieves &
| R ey gm’ obvious improvement @&
gt EEeELA LT T over Mapflow.

R g B R ¥ Discrepancies in
‘ : ‘ orientation accuracy.

GeoCARTA i 10
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Results: Generated DTM

A custom DG-CNN trained model was developed for the Geo-carta App.
Pit /oud

& GeoCARTA (alpha) Vo )

1650m -

G oCARTA

Geospatial-Cadastre with Artificial Intelligence
for Generating LOD 3D City Model

Version 0.7.5

1600m -

Building Extraction Edit Building Outline Ground Extraction Generate LOD1

Ground Extraction

Metode Ekstraksi | M-DGCNN

Point Cloud File (LAS File)

1550m -

I

> Advanced Options

D Open target location when done

D Notify me when done

Run Filter

Progress

Intersection over union (loU) score and
overall accuracy of 0.906 and 0.969,

respectively




Results: Editing tool for refining building
footprint according land parcels

GeoCARITA fails to detect
footprints over closed buildings
and low textures (Fig a).

-ﬁ‘ G OCARTA ’
Crnganst Cadartee wed Arboal beeligesc
b luuwnmu(» 30 Crey Moded
vesn 082 AlRion

(87 Buiding Outline

Lt Pt e

Editing Building
Footprint
(accordingtoLand
Parcels)

The land parcel boundary

Land
3D QAdministrution

a refined footprint
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I Results: Geo-Carta facilitates updating the deep learning models

* Trained model is very important.

Fis

Land
3D QAdministrution

|t is advisable to revise and enhance the trained model in specific regions where it
exhibits divergent characteristics relative to our model.

& GeoCARTA (alpha)

G oCARTA

Geospatial-Cadastre with Artificial Intelligence
for Generating LOD 3D City Model

Version 0.7.5

D

Building Extraction  Edit Building Outline Ground Extraction Generate LOD1

Building Extraction
Image File

Pastikan extent data sudah benar karena output CRS akan mengikuti data input

v Advanced Options
Refinement Iteration Predefined YOLO Type

la ] lDefauh .

Model Path
[ C:\Users\USER\Documents\GeoCARTA\ai\building_extraction\yolo\models\best-10000.pt

I
=

Output Target Directory
[ C:\Users\USER\Documents\GeoCARTA\output\building_extraction\yolo

D Open target location when done

Run Prediction

Progress

|

Departemen Teknik Geodesi UGM & Kementerian ATR/BPN

@ GeoCARTA (alpha)

G oCARTA

Geospatial-Cadastre with Artificial Intelligence
for Generating LOD 3D City Model

Version 0.7.5

Building Extraction  Edit Building Outline = Ground Extraction = Generate LOD1

Ground Extraction

Metode Ekstraksi | M-DGCNN '

Point Cloud File (LAS File)
[ I -

v Advanced Options

Block Size Batch Size
[ 1000 ] [ 8 ]
Model Folder

|
l

‘ . Ninan tarant lanatian whan dana
Run Filter

Progress

[ C:\Users\USER\Documents\GeoCARTA\ai\ground_extraction\dgcnn\geoai

Output Target Directory
[ C:\Users\USER\Documents\GeoCARTA\output\ground_extraction\mdgcnn

Departemen Teknik Geodesi UGM & Kementerian ATR/BPN

Input the new trained
model file in Pytorch
model format (.pt).
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I Results: 3D LOD1 model

Three input data for generating 3D LOD1 model:
 Building footprint
« DSM
« DTM

Boundary Representation

Aggregation of boundary surfaces,
which enclose
the body completely

< O

% GeoCARTA (alpha)

G oCARTA

Geospatial-Cadastre with Artificial Intelligence
for Generating LOD 3D City Model

Version 0.7.5

Building Extraction Edit Building Outline Ground Extraction Generate LOD1

Generate LOD1

Input Type | DTM & DSM File
DTM File

DSM File

| ]

')mmm s We have tested the 3D model reconstruction over four
(0 oentoetcton e v locations: Yogyakarta (UGM campus), West Java (Bogor
3 sty o icon building), and DKI Jakarta (Trunojoyo).

Progress

f Y
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Results: 3D LOD1 model

Yogyakarta (UGM campus) West-Java (Bogor icon)

o

West-Java
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I Conclusions

This paper presents an automatic method for detecting building footprint, ground point extraction
and 3D model in LOD-1 based on UAV orthophoto and point clouds.

1. Those steps successfully integrated into a single interface application, namely Geo-Carta through
YOLO deep learning and DG-CNN algorithm.

2. The building footprint can be well recognized, however, in the dense/connected buildings/ low-
textured roofs, they are not properly segmented. Editing building footprint with land parcel should
be performed.

3. Updating the trained models with various textures/shapes/color are essential for enhancing the
resulted footprint.

F u t u re WO r kS Level of detail E Level of detail i E Level of detail E Lavel of datail
o | 1 1 3
IS | | Cascaoesn
*CAdastre and Spatial map adjustment with spatial Computation 1 6

for Automatic builDing dEtection and 3D generation
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