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GeoAl in ArcGIS

GeoAl

Vorantreiben der GIS-Wissenschaft mit
Kl-Modellen, -Werkzeugen und - Artificial Geospatial
Techniken, um die Datenextraktion in Intelligence Analytics
groBem MaRstab zu automatisieren
und wertvolle Erkenntnisse schneller
als je zuvor zu gewinnen.

Ziel ist KI zu demokratisieren und Benutzern — unabhangig von ihrem technischen Hintergrund —
dabei zu helfen, mit minimalen Investitionen in Rechenleistung oder Fahigkeiten hochwertige
Erkenntnisse aus Daten zu gewinnen.
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Bilddaten in ArcGI

Nahtloser End-to-End-Workflow

Visualisierung

2D / 3D integrierte
Visualisierung,
Symbology und Smart
Mapping, Layer Styling,
Benutzerdefinierte

Rea | |ty Integrationen und mehr...
Mapping Analyse
Bilddaten, DOM, : Veranderungsanalyse,
Gelandemodelle, True Bildklassifikation,
Ortho, Punktwolken, Objektdetektion, GeoAl
Meshes, LIDAR, Gaussian
Siats Datenmanag

ement

Alle Formate und Typen,
Online Hosting, Suchen &
Entdecken, Gekachelte
und Dynamicsche
services

Pixel & Punkte
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https://storymaps.arcgis.com/stories/aac7f8d7c8fe41489a7a8c411835734b
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Warum?

Integration
in ArcGIS

Hohe Genauigkeit

Automatisierte und Prazision

Merkmalsextraktion

70%

aller Daten wurden
in den letzten 2 Jahren erfasst

Anpassungsfahigkeit

f¥e

an Daten werden von Sentinel-2
pro Tag generiert!

>1.000

Erdbeobachtungssatelliten,
befinden sich derzeit im Orbit




GeoAl in ArcGIS

Kunstliche
,ES ist keine Magie, es ist eine Methode!” Intelligenz
LHochstwahrscheinlich wird die Anwendung einer
Methode nicht die gewiinschten Ergebnisse liefern,
die Methodenfusion jedoch schon!* Machine
Learning
»lch empfehle mit vortrainierten Modellen zu starten,
um einen Workflow zu testen!” s @
,Die Nachbearbeitung schliel3t die Licke zwischen -
Kl-Ergebnissen und praktischer GIS-Nutzung.* Deep
‘ . Learning

. sDeep Learning liefert Ihnen die rohe;) Zutaten, aber
die Nachbearbeitung ist der Koch, der sie in eine
Fiinf-Sterne-GIS-Mahlzeit verwandelt. & # “



Deep Learning Integration

Erstellen Sie Ihr eigenes Modell

‘ Trainingsdaten
Daten digitalisieren Exportieren von Trainingsdaten
Satellitenbilder, Luftbilder,” | - . Gute Trainingsdaten ;) Exportieren von Trainingsdaten fur
Drohnen, Mobile Daten usw. : Deep Learning
Modell trainieren
Modell anwenden Deep Learning Model trainieren
Tin  desp leming moceluing th output from th Export _ die Genauigkeit gering ist, passen Sie

Training Data For Deep Learning tool.

Pixeln mit Deep Learning klassifizieren

Geoprocessing
® Classify Pixels Using Deep Learning
Parameters Environments

Input Raster

Deep learning model architectures—ArcGIS Pro | Documentation e

Arguments
Name Value

4



https://pro.arcgis.com/en/pro-app/latest/tool-reference/image-analyst/overview-of-the-deep-learning-models.htm

Uberpriifen der Ergebnisse

- Deep learning model review—ArcGIS Pro | Documentation

- How Compute Accuracy For Object Detection works—ArcGIS Pro |
Documentation

- Quick Image Classification Accuracy Assessment in ... - Esri Community
« GeoAl in ArcGIS Pro 3.5 Image Analyst

Intersection over Union (loU) ratio

Training and Validation loss

TNinnn

Actual Values

Predicted Values

Figure 1

AN

AMinEnan

—— Train
Validatnon

BNk


https://pro.arcgis.com/en/pro-app/latest/help/analysis/image-analyst/deep-learning-model-reviewer.htm
https://pro.arcgis.com/en/pro-app/latest/tool-reference/image-analyst/how-compute-accuracy-for-object-detection-works.htm
https://pro.arcgis.com/en/pro-app/latest/tool-reference/image-analyst/how-compute-accuracy-for-object-detection-works.htm
https://community.esri.com/t5/esri-training-videos/quick-image-classification-accuracy-assessment-in/td-p/1236636
https://www.esri.com/arcgis-blog/products/arcgis-pro/geoai/whats-new-for-geoai-in-the-image-analyst-extension-of-arcgis-pro-3-5
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Welchen Modeltyp?

4 = GeoAl Tools

= Feature and Tabular Analysis

|

Imagery Al

Extract Features Using Al Models

=[ Train Using AutoDL

I »

Text Analysis

Time Series Al

ining
Train Valid

Model
Loss Loss

PS

UnetClass

Learning

Rate

Time

Backbone

v

v X
® Train Using AutoDL @
Parameters Environments

Input Training Data
202407220659578952814 ~]
Pretrained Model

I~

Output Model

C:\Users\Mats\AppData\Local\Temp\ArcGISProTemp22912\ ™

Total Time Limit (Hours)

AutoDL Mode

Basic

v Advanced Options
Neural Networks '@

\

S SingleShotDetector
RetinaNet
FasterRCNN
YOLOv3
DETReg
ATSS
CARAFE
CascadeRCNN
CascadeRPN
DCN

- Deep learning model architectures—ArcGIS Pro | Documentation

- Train Using AutoDL (Image Analyst)—ArcGIS Pro | Documentation

2

SingleShotDetector - SingleShotDetector is used for object detection.
RetinaNet - RetinaNet is used for object detection.

FasterRCNN - FasterRCNN is used for object detection.

YOLOv3 - YOLOV3 is used for object detection.

HRNet - HRNet is used for pixel classification.

ATSS - ATSS is used for object detection.

CARAFE - CARAFE is used for object detection.

CascadeRCNN - CascadeRCNN is used for object detection.
CascadeRPN - CascadeRPN is used for object detection.

DCN - DCN is used for object detection.

Deeplab - Deeplab is used for pixel classification.

UnetClassifier - UnetClassifier is used for pixel classification.
DeeplabV3Plus - DeeplabV3Plus is used for pixel classification.
PSPNetClassifier - PSPNetClassifier is used for pixel classification.
ANN - ANN is used for pixel classification.

APCNet - APCNet is used for pixel classification.

CCNet - CCNet is used for pixel classification.

CGNet - CGNet is used for pixel classification.

DETReg - DETReg is used for object detection.

DynamicRCNN - DynamicRCNN is used for object detection.
EmpiricalAttention - EmpiricalAttention is used for object detection.
FCOS - FCOS is used for object detection.

FoveaBox - FoveaBox is used for object detection.

FSAF - FSAF is used for object detection.

GHM - GHM is used for object detection.

LibraRCNN - LibraRCNN is used for object detection.
PaFPN - PaFPN is used for object detection.

Res2Net - Res2Net is used for object detection.

SABL - SABL is used for object detection.

VFNet - VFNet is used for object detection.

DMNet - DMNet is used for pixel classification.

DNLNet - DNLNet is used for pixel classification.

FastSCNN - FastSCNN is used for pixel classification.

FCN - FCN is used for pixel classification.

GCNet - GCNet is used for pixel classification.
MobileNetV2 - MobileNetV2 is used for pixel classification.
NonLocalNet - NonLocalNet is used for pixel classification.
OCRNet - OCRNet is used for pixel classification.

PSANet - PSANet is used for pixel classification.

SemFPN - SemFPN is used for pixel classification.

UperNet - UperNet is used for pixel classification. °
MaskRCNN - MaskRCNN is used for object detection.



https://pro.arcgis.com/en/pro-app/latest/tool-reference/image-analyst/overview-of-the-deep-learning-models.htm
https://pro.arcgis.com/en/pro-app/latest/tool-reference/image-analyst/train-using-autodl.htm

4 % GeoAl Tools
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%, Feature and Tabular Analysis
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Deep Learning Integration

‘Train Using AutoDL
Erstellen Sie Ihr eigenes Modell E .
: Trainingsdaten — pRoieren von

Date 1] : e rstel Ien m — “ Tra il nng ate s G@eoprocess'”g Train Using AutoDL v n@;
@

<

£ Text Analysis

-4

%, Time Series Al

Input Restes

I =
. . . : . - * Outpul Folder = EX ort|eren von Parameters Environments
Satellitenbilder, Luftbilder, . Gute Trainingsdaten ;) — - p' e % e
Droh nen, Mobile Daten usw. S : N Tralnlngs atentur Deep 202407220659578952814
: - B Learning Pretrained Mo
]
Output Model

C:\Users\Mats\AppData\Local\Temp\ArcGISProTemp22912\ | el

Total Time Limit (Hours) 4
Auto D L AutoDL Mode

Basic V|

v Advanced Options

Trainieren Sie mehrere gt ortons
Deep-Learning-Modelle = -] E
04 SingleShotDetector

und vergleichen Sie S
Leistu ngsmetriken FasterRCNN

YOLOv3
DETReg

ATSS

CARAFE
CascadeRCNN
CascadeRPN
DCN

Modell trainieren

Deep Learning Model trainieren

Modell anwenden

Train Deep Learning Model (imzg= Ansyst oo

Trains a deep learning model using the output from the Export : iz . enéUngelt gering iSt, passen Sle

Pixeln mit Deep Learning klassifizieren

Training Data For Deep Learning tool.

Geoprocessing -
® Classify Pixels Using Deep Learning
Parameters Environments

Input Raster

+ Output Classified Raster

= Deep learning model architectures—ArcGIS Pro | Documentation

Arguments ;
Name Value -

4



https://pro.arcgis.com/en/pro-app/latest/tool-reference/image-analyst/overview-of-the-deep-learning-models.htm

Deep Learning Integration

Erstellen Sie Ihr eigenes Modell

Daten

Satellitenbilder, Luftbilder,"
Drohnen, Mobile Daten usw.

Modell anwenden

Pixeln mit Deep Learning klassifizieren

Geoprocessing ~Aax

® Classify Pixels Using Deep Learning

Parameters Environments

* Input Raster

Output Classified Raster

[ 1]

4

+ Model Definition

Arguments
Name Value

Modell laden

Living Atlas of the World

Deep learning model architectures—ArcGIS Pro | Documentation

Ergebnisse priifen

Wenn die Genauigkeit gering ist, passen Sie
die vorherigen Schritte bei Bedarf an.
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- 4 Reality Mapping - Analyse in ArcGIS
Deep Learning Integration

Verwenden von vortrainierten Deep-Learning-Modellen

Aircraft (SAM)

Z
2

Cars « Ag Fields  Solar Panels Al

License Plate Blurring - « Swimming Pools + Ships

Parking Lots : - Well Pads - Shipwrecks

Land Cover « Oil Spills ' - Segment Anything

Parking Spots - Palm Trees Model (SAM) ’

Humans - Power Lines * Trees

Crowd Counting + Transmission Towers - Plant Leaf Disease

Face Blurring « Insulator Defects « Common Object Detection

Buildings « Wind Turbines  Text Parsing from Photo

Roads « Solar Arrays . + Object Tracking

Parcels ‘

‘hew
. Text SAM « Pylons e “ 4
- Prithvi + Cooling Towers Footprints. 2\ %
(Crops, Burn Scars, Floods) « Ships P "

+ Cloud Mask Generation

- Tree Segmentation

« Agricultural Field Boundaries
« Oil Tanks

Transmission H-Structures
3D Building Points
Classification

Wildfire Delineation

Optical Character Recognition

Land Cover

" Solar Park

i AUtomaﬁng AR Crop Classification (Prithvi) ‘
. .. Creating New Data ArcGIS Living Ai
Layers .

s of the World

.



https://livingatlas.arcgis.com/en/browse/#d=2&type=tool&itemTypes=Deep+Learning+Package
https://doc.arcgis.com/en/pretrained-models/latest/get-started/what-s-new.htm
https://doc.arcgis.com/en/pretrained-models/latest/get-started/what-s-new.htm
https://doc.arcgis.com/en/pretrained-models/latest/get-started/what-s-new.htm
https://doc.arcgis.com/en/pretrained-models/latest/get-started/what-s-new.htm
https://storymaps.arcgis.com/stories/95fe40ae8e644a93857a357d140450e8

Deep Learning Integration

Modelle nachtrainieren

Daten

Satellitenbilder, Luftbilder,"
Drohnen, Mobile Daten usw.

Modell anwenden

Pixeln mit Deep Learning klassifizieren

Geoprocessing

‘.
=

& @

@- Classify Pixels Using Deep Learning
Parameters Environments

* Input Raster

Output Classified Raster

[ 1]

4

+ Model Definition

Arguments
Name Value

Exportieren von
Trainingsdaten

Export Training Data For Deep Learming ®

Parameters Emviranments

Exportieren von
sdaten fiir Deep

uuuuuuuuuuu

Trainingsdaten

Modell trainieren erstellen

Deep Learning Model trainieren Gute Trainingsdaten ;)
Train Deep Learning Model (mzg= Anzist oo
Trains a deep learning model using the output from the Export

p
Training Data For Deep Learning teol.

Modell laden

Living Atlas of the World

Ergebnisse priifen

Wenn die Genauigkeit gering ist, passen Sie
die vorherigen Schritte bei Bedarf an.

Deep learning model architectures—ArcGIS Pro | Documentation



https://pro.arcgis.com/en/pro-app/latest/tool-reference/image-analyst/overview-of-the-deep-learning-models.htm
https://livingatlas.arcgis.com/de/browse/?q=dlpk#d=2&q=dlpk&srt=modified
https://livingatlas.arcgis.com/en/browse/?q=dlpk#d=2&q=dlpk

Deep Learning Integration

Pseudo-Labelling Verwenden der
Ergebnisse als

Daten Trainingsdaten

Drohnen, Mobile Daten usw.

Exportieren von
Trainingsdaten

Exportieren von Trainingsdaten fir
Deep Learning

Export Training Data For Deep Leaming +

Modell trainieren

Deep Learning Model trainieren

Modell laden

Modell anwenden Living Atlas of the World Ergebnisse priifen

) Wenn die Genauigkeit gering ist, passen Sie

Pixeln mit Deep Learning
die vorherigen Schritte bei Bedarf an.

klassifizieren

Geoprocessing ~ R

@ x

® Classify Pixels Using Deep Learning

®

Parameters Environments

* Input Raster

[ 1]

Output Classified Raster

Deep learning model architectures—ArcGIS Pro | Documentation

Arguments
Name Value

4
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https://pro.arcgis.com/en/pro-app/latest/tool-reference/image-analyst/overview-of-the-deep-learning-models.htm




Deep Learning Integration :

ys)
Verwenden von vortrainierten Deep-Learning-Modellen ) /Vaafa”?e; .
A€ lrs - 71s;
S, Qpn, O
Ut Mg ‘/nga
(ab n /7,0
! . e////7 GSSGO

- Tree Detection — Overview

- Tree Segmentation — Overview

- Tree Point Classification — Overview &

- Land Cover Classification (Aerial Imagery) — Overview
- Prompt Based Segmentation — Overview

- GroundingDINO — Overview

- Text SAM — Qverview

- HF Object Detection — Overview

Q) ArcGIS Living Atlas of the World Home Browse Apps Blog Contribute My Favorites

- HF Pixel Classification - Overview

Reality Mapping - Analyse in ArcGIS
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https://www.arcgis.com/home/item.html?id=c1bca075efb145d9a26394b866cd05eb
https://www.arcgis.com/home/item.html?id=db4ccd9a286a471d8b937f79d88e96a3
https://www.arcgis.com/home/item.html?id=e60d974556fa45db95f5bf73caf2421a
https://www.arcgis.com/home/item.html?id=8df3bf4167bc4c7b967f677f8b362ec3
https://www.arcgis.com/home/item.html?id=42b8f6e5700a4476a6f95b841e89bf1a
https://www.arcgis.com/home/item.html?id=570ed7f757804b88b0c816e172bd5bc2
https://storymaps.arcgis.com/stories/95fe40ae8e644a93857a357d140450e8



https://storymaps.arcgis.com/stories/0fcfee60d7154dd1b8a5f8f86ee972ed

Ideen und Anregungen fiir lhre Rasteranalyse...

Bilddatenanalyse

in ArcGIS Online
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Reality Mapping -
Analyse in ArcGIS

Extrahieren von Informationen aus Reality Mapping Daten
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https://storymaps.arcgis.com/stories/95fe40ae8e644a93857a357d140450e8
https://storymaps.arcgis.com/stories/a50e312902c545e0b88f68e5f0d8b0f8
https://storymaps.arcgis.com/stories/61786a8b27054d18baeb863ea4ed2db6
https://storymaps.arcgis.com/stories/15c20f4f1b1945e6bcc3b8be8cd8c858
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https://www.esri.com/training/catalog/search/
https://www.esri.com/training/catalog/search/
https://learn.arcgis.com/en/gallery/#?c=geoai

Von Punktwolken zu
Erkennthissen

Das Beispiel einer Korridor Analyse mit GeoAl

Matthias Stangel m] st [w]

Sales Engineer

Esri Deutschland GmbH
esri.de O




	Walk-In
	Slide 1

	YOUR PRESENTATION
	Slide 2: GeoAI in ArcGIS
	Slide 3: Bilddaten in ArcGIS

	2025 Int IMGIS tmplt
	Slide 4
	Slide 6
	Slide 7
	Slide 8
	Slide 9
	Slide 10
	Slide 11: Objekte erkennen
	Slide 12
	Slide 13
	Slide 14
	Slide 15
	Slide 23: Oriented Imagery
	Slide 24: Oriented Imagery
	Slide 25
	Slide 26
	Slide 27
	Slide 28
	Slide 29
	Slide 30: Warum?
	Slide 31: GeoAI in ArcGIS
	Slide 32: Deep Learning Integration
	Slide 33: Überprüfen der Ergebnisse
	Slide 34
	Slide 35: Welchen Modeltyp?
	Slide 36: Deep Learning Integration
	Slide 37: Deep Learning Integration
	Slide 38
	Slide 39: Deep Learning Integration
	Slide 40: Deep Learning Integration
	Slide 41
	Slide 42
	Slide 43
	Slide 44: Von Punktwolken zu Erkenntnissen
	Slide 48: Ideen und Anregungen für Ihre Rasteranalyse…
	Slide 49: Imagery Lernressourcen
	Slide 50


