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"Al is the most profound technology that
humanity will ever develop and work on.

It is even more profound than fire or
electricity or the internet”

Sundar Pichai, Google CEO



Extrahieren ... cou
Classification
von Features - -

Tabular

Extraction ]
Land Cover

Classification

Al Tools &
Modelle

Lidar / Point
Cloud

00101101
01001100

101110011

Unstructured

Full-Motion
Video

AutoML & AutoDL

3D

Vegetation Encroachment
Analysis

Regression &
Classification

Vorhersagen
machen

Climate Forecasting

Time Series Forecasting

Erkenntnisse
ableiten

Damage Assessment

it
3.0
/

Change Detection




»



e

\
am\y

ot |
Sl ETriplettiSUS
1 L.




- LA .. P. -r- '- — L -
: "&‘1" L9 - « o
. -

| .nuum,.:i.“é;"“' T

7 Bapl -~ BEE
u.iﬂc..l‘ «p. ‘Dwu‘ l u &
i»uwwu 'uvﬂl u

E “’—v-#ﬁ.""‘.{‘g,
' ;‘j ,.‘.,uuw-@;al.u

g ~ |
t.d # -‘j 4

Iﬁl #?"‘“"*ﬂ Qt,-é 3].
= St

_' bo—’b"”h-, '
' - - “-—‘.A

= s L
e b:r't 3* , ,i,-u,.,l.g:‘, ..,;Lu’ i)
S e vwauu}uwudg,h

'. ! l‘:-q‘. ) QL.vplq iy 3
1' »- q#“ s A ,'- ‘,‘ e

444.'#!.?3@ T e uﬂu‘lu ‘

0

F : -

.:& oyl

s




PPNy e f
R L.- fr‘z "







Key Imagery Tasks

Pixel (semantic)
Classification Object Detection Instance Segmentation Image Classification Image Translation

UNetClassifier FasterRCNN MaskRCNN FeatureClassifier CycleGAN
PSPNetClassifier RetinaNet Pix2Pix
Deeplab YOLOv3 SuperResolution
BDCNEdgeDetector SingleShotDetector ImageCaptioner
HEDEdgeDetector

MultiTaskRoadExtractor

ChangeDetector



Image Enhancement
=

Imagery & 3D

RS

Neu & Verbessert S

>

Edge Détection

» Model training wizard

» AutoDL Object Classification
» Multi feature extraction - / ,
B chments Point Cloud Classification B magery
+ Time-series 3D Point Clouds
» SuperRes New Model (Pro) Time-series
+ SAMLORA fine-tune (Pro) \
« Prithvi fine-tune (Pro)
= Text prompts for labelling
+ Multi-GPU inferencing B agery Oriented Imagery
» 3D Object Detection \ : /
R {:Cl)é Field Images
3D Scenes 2 :
Interactive Object Detection . §‘ .: P

Edge Inferencing
Field Surveying



Pedestrian Infrastructure
Classification

Land C - A =
an 0\_/6': a8 | = W -"‘1 -

Al Modelle

Pretrained & Ready-to-Use

Aufgabenspezifische Modelle

« Agricultural Fields « Mangroves « Swimming Pools

« Buildings « Map Simplification « Power Lines

- Cars + Object Tracking + Pylons

+ Cloud Masks - Qil Spills - Roads

« Common Objects « Oil Tanks « Scene Text Parsing

 Cooling Towers « OCR « Ships / Shipwrecks

« Crowd Counting « Palm Trees « Solar Panels / Parks

 Face Blurring - Parcels « Trees

« Humans  Parking Lots « Water Bodies

« Insulator Defects « Pavement Cracks « Well Pads

« Land Cover « Pedestrian Infrastructure « Wildfires

« License Plates + Plant Leaf Disease « Wind Turbines
Foundation-Modelle (hew Integration

« CLIP Zero-Shot Classifier Hugging Face

+ Depth Anything + Image Inpainting

+ GroundingDINO

Object Classification & Detection

+ Prithvi - Pixel Classification | :
« Prompt-Based Segmentation - Text Classification & Translation HF Visual Question
« Segment Anything Model (SAM) - Text & Visual QA 1 Answering
« Text SAM Cloud Al Services —
. . . . . Crop Classification
- Time Series Forecasting (Time-MoE) + Image Interrogation (Prithvi)
« DINOv3 - Vision Language Context-Based Classification

... Verfugbar als Deep-Learning-Pakete
tber den Living Atlas



‘new
Geospatial Foundation Models

Object Detection

Land Cover Classification

FOUNDATION Feature Classification
MODEL
Regression
Embeddings Object Tracking
» * Pixel Classification
TRAINING ~ ADAPTATION Object Counting
Point Cloud
Entity Extraction
Large-scale Text Classification
Neural Network A
o iy Similarity Search
Full-Motion : Change Detection
Video | ) Location Encoder Models y
truct : :
o Remote Sensing Foundation Models
VIELFALTIGE Geospatial Vision Language Model (GeoVLM) VIELZAHL AN
GIS - DATEN GIS-

AUFGABEN



Al Tools

Trainieren und nutzen Sie Al-Modelle

ArcGIS Pro ArcGIS Online ArcGIS API for Python
ArcGIS Enterprise ArcGIS Notebooks

GeoAl Toolbox / Image Analyst Map Viewer

arcgis.learn

Train Damage Classification Model with arcgis.learn

"




Living Atlas - Foundation Models

Download und Beschreibung

ArcGIS Living Atlas Home  Browse Apps Blog Contribute My Favorites

foundation models

Search Exan

i N 22

Trending v Basemaps v Imagery v Boundaries v Infrastructure Environment v

Deep Learning Package X Alltime ~ All regions v Esri-only content Authoritative-only content Sort by:  Relevance

Clay (Large) il 0 Segment Anything Model (SAM)

sri_analytics

1enting «

tuning f

7 Subscriber 7 Subscriber



https://livingatlas.arcgis.com/en/browse/?q=foundation%20models#q=foundation+models&d=2&type=tool&itemTypes=Deep+Learning+Package

Pre-Trained Models von Esri

Quelle und Anforderungen

- Sind Uber den Living Atlas verfugbar.
- Beschreibung jeweils mit
- Guide fur Nutzung des DLPKs

- Erforderliches Format des Inputs

Fine-tuning the model
This model can be fine-tune

- Moglichkeit des Fine-Tuning vorhanden?
- Welches Model steckt dahinter?

- Durchschnittliche Genauigkeit des Modells

Output
Feature class containing building footprints

Applicable geographies

The model is expected to work well in the United States

i Be|Sp|e| fUI’ Output Model architecture

The model uses the MaskRCNN maodel architecture implemented using AreGIS API for Python

Accuracy metrics
The model has an average precision score of 0.718

Sample results
Here are a '-!_!",".' esults '-['1_3'”] the modce o view more, see this story.



https://livingatlas.arcgis.com/en/browse/#d=2&type=tool&itemTypes=Deep+Learning+Package
https://livingatlas.arcgis.com/en/browse/#d=2&type=tool&itemTypes=Deep+Learning+Package

Geoprocessing

Extract Features Using Al Models

NEU - Direkte Nutzung in ArcGIS Pro ___ EEoEe

* Input Raster

 Download direkt uber das Katalog

— Panel

e
S ¥ Models
Pretrained Mode

Project Portal Computer Favorites it ARCTIC SEAL DETECTION

Catalog

 Direkte Auswahl des Modells im

BUILDING FOOTPRINT EXTRACTION - AFRICA
BUILDING FOOTPRINT EXTRACTION - AUSTRALIA

TOOI ”Extract Features USIﬂg AI > Ifer BUILDING FOOTPRINT EXTRACTION - CHINA

BUILDING FOOTPRINT EXTRACTION - USA

dipk CAR DETECTION - USA

M Od e I S“ CLOUD MASK GENERATION (SENTINEL-2)

ELEPHANT DETECTION

_ . HIGH RESOLUTION LAND COVER CLASSIFICATION - USA
Solar Panel Detecti

° Mehrere MOde”e konnen |n HUMAN SETTLEMENTS CLASSIFICATION (LANDSAT 8)

nl Seamentation HUMAN SETTLEMENTS CLASSIFICATION (SENTINEL-2)
-
Download... L J,) Download LAND COVER CLASSIFICATION (AERIAL IMAGERY)
L] D - rning ] ‘ LAND COVER CLASSIFICATION (LANDSAT 8)
einem Tool automatisiert au §5 e Perfom ferenc
L - LRlE LAND COVER CLASSIFICATION (SENTINEL-2)
Properties MANGROVE CLASSIFICATION (LANDSAT 8)

DAIN TREE DETECTIOR

einen Datensatz angewendet

We rd e n Urban Tr ent, ith NAIP Imagery

Well Pad on - Permian Basin



Living Atlas - Bilddaten

Bilddaten direkt aus dem Living Atlas nutzen

- Satellitenbilddaten konnen direkt mit KI Modellen genutzt werden, z.B.:
- Land Cover Klassifizierung mit Sentinel Daten

- Analysis - Optimized

Sentinel-2 Level-2A Overview

World Imagery

© Authorita

This layer presents low-resolution satellite imagery for the world and high-resolution satellite

and aerial imagery, typically within 3-5 years of currency, for most of the world Show more
Owner

Description

Tile layer

Element aktualisiert: 7. Aug. 2026 ~
Details

Beschreibung

Key Properties

https://sentinel.imagery1....
Geographic Coverage:
Temporal Coverage: 2015
Spatial Resolution: 1
Revisit Time*: ~5-day properties
Product Level: Level-2A Surf
Source Data Coordinate System: U
Service Coordinate System
Analysi t
Multispectal Bands:



https://livingatlas.arcgis.com/en/browse/?q=%22Sentinel-2%20Level-2A%22#q=%22Sentinel-2+Level-2A%22&d=2

Grundlagen - Al und Imagery

Hardware & Software

- GPU: graphics processing unit

- CPU: central processing unit

- CUDA: Compute Unified Device Architecture

- DLPK: ArcGIS Pro deep learning model package

- Fur Deep Learning in ArcGIS wird mindestens eine GPU mit CUDA Version 6.1 und
aktuellem Nvidia Treiber empfohlen. Der Grafikspeicher der Karte sollte mindestens 6GB
sein, idealerweise 16GB.

- Die erweiterten Rechenkapazitaten der GPU konnen auch in einigen Tools der Spatial
Analyst Erweiterung eingesetzt werden.



ArcGIS - Deep Learning Framework

- Installation des Deep Learning Frameworks notig.
- Download uber MyEsri

- Downloads verfugbar fur ArcGIS Pro, ArcGIS Server, ArcGIS Allsource, ArcGIS Drone2Map
und ArcGIS Reality Studio

- Immer fur die jeweils installierte ArcGIS Version
- Backbones zur Offline Nutzung tUber Github erhaltlich

O PyTorch

&2 scikit-image

CUDNN Qleain pykeras

lotly
] prouy € ONNX
fast.ai

spaCy

[/ DASK

~ Transformers







SALZBURG

Detektion von Kuhlturmen
mit Deep Learning

17.09.2026
Referat Geodateninfrastruktur

DI(FH) Victoria Achatz



#% | AND
SALZBURG

Ausgangslage

* Legionellose: Bakterielle Lungenerkrankung, Erreger werden durch Aerosol ubertragen (Wohnung,
Beherbergungsbetrieb, ggf. Quellen im Freien - Verdunstungsruckkuhlanlagen)

« Statistische auffallige regionale und zeitliche Haufung von Krankheitsfallen

* Gesundheitsbehorde bittet um Amtshilfe bei der Detektion von Kuhlturmen
(Kein amtliches Anlagenverzeichnis in Osterreich)

ESRI User Conference Austria



Kiihlturm (Verdunstungsriickkiihlanlage)

« Technische Einrichtung, die uberschussige Prozesswarme
mittels Verdunstung in einen offenen Kreislauf an
die Umgebungsluft abfuhrt

 Befindet sich am Dach

* Bei mangelnder Wartung bakterielle Besiedlung moglich

*  Windverfrachtung bis zu 5 km beschrieben

Ahnliches Erscheinungsbild
anderer technischer Anlagen
ESRI User Conference Austria (ZB- . Klimaanlagen)
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Trainings Daten

* Versch. Formen fuhren
zu besseren Ergebnissen

Label Objects For

Deep Learning

» Kleine Trainingsflachen bzw Schatten

konnen Ergebnisse verfalschen

» 2.Klasse einfuhren, um Ergebnisse

zu konkretisieren

* Grundlagendaten

Orthofoto
Auflosung 10, 20cm

ESRI User Conference Austria

Image Classification
Label Objects : 4330234_2007_RGB_10_MAGSBG.tif
Oo W 8 ~ ® |+

4 Kuehl
I Kuehl
W Auto

Labeled Objects Export Training Data




LAND
SALZBURG

Auswahl des Training Models Train Deep Learning

Model

MaskRCNN
Resnet50

v Analysis of the Model

Average Precision Score: {
Kuehl": 1.0

\
!

Objekt

ESRI User Conference Austria

YOLOv3

DarkNet53

v Analysis of the Model

Average Precision Score: {
"Auto”: 0.0079365! 7
"Kuehl": 0.004166666883975267

\

BoundingBox

Single Shot Detection
Resnet50

.....

v Analysis of the Model

Average Precision Score: {
Auto™ 0.0,
'Kuehl": 1.0

\

i

BoundingBox




Training Model
Mask RCNN

. Backbone: Resnet50

*  Max Epochs: 100
. Batch Size: 32
*  Chip Size: 256/128

. Freeze Model deaktiviert

Orthofoto
Auflosung 20cm

ESRI User Conference Austria

Image Classification
Deep Learning Model Reviewer

Model Type: MaskRCNN
Backbone: resnet50

Learning Rate: slice('9.1201e-06", '9.1201e-05', None)

¥ Training and Validation Loss

—— Train
Validation

o 20 40 &0 80 100 120 140 160
Batches processed

¥ Analysis of the Model

Average Precision Score: {
"Kuehlanlage": 0.75
}

Ground Truth / Predictions

LAND
SALZBURG




Training Model
Mask RCNN

. Backbone: Resnet50

. Max Epochs: 100
. Batch Size: 32
. Chip Size: 256/128

. Freeze Model deaktiviert

Orthofoto
Auflosung 10cm

ESRI User Conference Austria

Model Type: MaskRCNN
Backbone: resnet30

Learning Rate: slice('3.6308e-08', '3.6308e-03', None)

¥ Training and Validation Loss

—— Train
—— Validaticn

L] 100 200 L] 400
Batches processed

+ Analysis of the Model

Average Precision Score: {
"Kuehl": 1.0

}

Covuane: Truth ! Pradict ans

LAND
SALZBURG



LAND
SALZBURG

Objekte detektieren R ey

bis auf 3 Anlagen wurden im Untersuchungsgebiet
alle potentiellen Anlagen detektiert

Geoprocessing v X

® Detect Objects Using Deep Leaming H
@ !Fan existing output feature class i selected, this ool will append ta the feature
class.

Parameters Environments @

Input Raster
4330234_2007_RGB_10_MAGSBG.if

i, Output Detected Objects
RCNN_Mag_erw3 &

Model Definition
1706\Achatz\2026\Kuehlturm\ Trainingmodels\RCNN_MAGerw2\RCNN_MAGerw2.dlpl

Arguments

Padding 32

Batch Size 4

Confidence Threshold 09

Bounding Boxes False v
Test Time Augmentation False v
Merge Policy mezn v
Tile Size 256

ESRI User Conference Austria



% | AND

Fehldetektionen

Autos

LKW

Container

Strukturen auf Dacher

Problemlosung

Definition einer 2.Klasse in den Trainingsdaten

S B

ESRI User Conference Austria



Eﬁ- SALZBURG

Weitere Analyseschritte

- Einschrankung des Suchgebiets aufgrund der vorherrschenden Windrichtung
zum Erkrankungszeitpunkt (aktuelle meteorologische Daten)

- Raumliche Verschneidung der Ergebnisse mit Gebaudedaten, um Adressen zuzuordnen |

- Weitere Erhebungen und Beprobungen durch Gesundheitsbehorde

ESRI User Conference Austria



#% | AND
SALZBURG

Fazit
. Deep Learning Modul gut geeignet fur rasche Detektion von Objekten

. Gezielte Wahl der Trainingsdaten
. Bessere Precission beim Trainieren des Models durch mehrere Epochen

. Batch Size reduzieren

. Validierung der Ergebnisse notwendig

Uberwiegender Teil der detektierten Objekte erwiesen sich als andere technische Anlage
mit Radialkuhlern

ESRI User Conference Austria






Hands-On:
Pre-Trained Models

& Embeddings

L eslie Jessen
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A - 5‘; Built up
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What is an Embedding? . v

Embedding

Model Embedding Space

Image Space

- Numerical vectors that
capture meaning & Digital fingerprintfor each
. . . location
relationships in data

Thousands of Variables

O Social

O Economic
O Demographic

Q Environmental

-In a form (blob)

comp uters can Process [0.12, -0.89, 0.46, ... 0.9, -0.65)

© Physical

O000000
Q000000
0000000
0000000
O000OO0O0
O000OO0OO0
0000000

- Represent the essence
of a place, beyond it's
coordinates

Machine learning model

-0




What can you do with Embeddings?

Clustering Similarity Search Enhance Predictions Fill Missing Values

Lead exposure risk clusters New restaurant locations Measles outbreaks Interpolation

Actual Counties with Measles Predicted

Geodemographic clusters
(K means) for all 1.8 million bins

House price prediction Extrapolation



How do | generate Image-based Embeddings?

1. Select a model

Embeddings generated using
1.4 meter grid size

2. Select a grid-size

Embeddings generated using
2.8 meter grid size




Generate Embeddings GP Tool

Geoprocessing
®

Parameters Environments

Input Feature Class Or Raster

Input Model Definition File

Arguments
Batch Size

Grid Size

Generate Embeddings Using Al Models

Stadt Wien - Orthofoto 2025 - Grid 35 4

I, Output Embeddings Feature Class
at_zollamt_dinov3_embeddings_16_4

C:\Users\ljessen\models\embeddings\DINOv3.dIpk




Sample Output, Find Similar (Ribbon)
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Find Similar GP Tool

Geoprocessing

®© Find Similar Features Using Embeddings
Parameters Environments

Embedding Features

at_zollamt_dinov3_embeddings_16_4

Query Features

Embeddings 16_4 selection

I, Output Embeddings Feature Class

at_zollamt_dinov3_embeddings_16_4_FindSimilar_DemoSelection

Threshold




“Traditional” Al

Train your =&

[ )

[ ]
own model --:
To power end- :::
to-end user oo :

workflows ity

oo
..o o..’.

. eeQLgar rk":h‘: T“'

Labelling

f’o/

DEF] Train Inferencing
Prep Model
.“oo .“oo ...oo
LY (1) ..
-~ 125 2, -~
wP . 5 O P -
Ay > -~ )
.o..Co .o..ﬂo .o..Oo
e End-to-end workflow

designed to support your:

Geography
Resolutions
Imagery properties
Asset types



*ele,
.. Y
L ) ..
® o
.. L Labelling Data Train Inferencing
Pre-trained .- Prep Model
([ ] ()
0o Pre-trained Al *%e
Models T - 5 B
Making Al more ::: @ > {:@ > {:Qij » :
accessible oo ® E > -
. .0.0 LY Bl
° ., ~ 0. °

Eliminates:

e Imagery requirements for model training
e Labelling requirements
e Training Al models

e Massive compute requirements




[
o.::.
. o.:O
Fine-Tune “.-,
. . .. ° Labelling DEF] Train Inferencing
an eX|St| ng ° .’. Prep Model
model  ::: *%
*o, %
Shorten end-to- o« ® :> :
end user pafing : .:\ o
> workflows % teee °oo'. 0.." teee
° ° o

e Shortened end-to-end workflow
designed to support your:
e Geography
e Resolutions
e |magery properties

L1l o Assettypes
‘\\ p .0- -

eeR'-ear ;f;\" \Vm “

'2- 4




Geoprocessing

€ Detect Objects Using Deep Learning

Pre _Tr- a i n e d M O d e | Parameters Environments

Input Raster

Stadt Wien - Orthofoto 2025 - Gnd 35_4
0 utput Detected O t;_i

Model Definition

Chlsershljessentmodelshpretrainedicoolingtowers\Cooling TowerDetection_USA.dIpk

Arguments
. 4 _ Padding 100
1. Detect Objects Using - \
D ce p Le arn I n g Confidence Threshold 0.4
Bounding - False
Test Tirme Augmentation False
Merge Policy rean
Tile Size 400
| Mon Maximum Suppressicn
Confidence Score Field

Class Value Field

Class

Max Overlap Ratio

Use pixel space




Pre-Trained Model: Sample Output




iIne-Tune a
re-Trained Model

Create label data

Export Training Data
for Deep Learning

Train Deep Learning
Model

Detect Objects Using
Deep Learning

View Edit Imagery Share Help Linear Referencing

® @ B

Raster Function Change Spectral Deep
unctions v Editor Detection v Analysis v v Learning Tools v

Analysis Image Classificati

Label Objects for Deep Learning
Cooling Towers - Pre-trained Create and manage labeled objects for deep learning.

Label Objects for Deep Learning
Review labels and training data

up

gery layer

\DLI Train Deep Learning Model

Stadt Wien - Orthofoto 2025 - Grid 35_4

Image Classification
Label Objects : Stadt Wien - Orthofoto 2025 - Grid 35_4

0_nms

Chan i have been saved su fully.

O

4 New Schema

Kithlanlagen

ort Training Data



Fine-Tune a
Pre-Trained Model

Create label data

Export Training Data
for Deep Learning

Train Deep Learning
Model

Detect Objects Using
Deep Learning

jll Image Classification
Label Objects : Stadt Wien - Orthofoto 2025 - Grid 35_4

Changes to properties of Class 1 have been saved successfully.

Detection_Zollamt\training_data ‘=

————__._hrETrﬁT’

!

Map space

RCNN Masks

*Make sure to use the correct export parametrs for the
model: Fine-tune the model-ArcGIS Al models |
Documentation



https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm
https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm
https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm
https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm
https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm
https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm
https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm
https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm
https://doc.arcgis.com/en/pretrained-models/latest/imagery/finetuning-the-cooling-tower-detection-usa.htm

Geoprocessing

Train Deep Learning Model

Parameters Environments

Fine-Tune a
Pre-Trained Model

Output Folder

model vic

Max Epochs

\models\pretrained\coolingtowe oolingTowerDetection_USA.dIpk

v Data Preparation

1. Create label data

Data Augmentation
Default

2. Export Training Data
for Deep Learning

Batch Size

Validation %
3. Train Deep Learning Chip Size
MOdeI Resize To

4.  Detect Objects Using  Adances
Deep Learning Learning Rate

Monitor Metric

Validation loss
v| Stop when model stops improving
V| Freeze Model

Enable Tensorboard




Geoprocessing

© Detect Objects Using Deep Learning

Parameters Environments
FI n e _Tu n e a Input Raster
. Stadt Wien - Orthofoto 2025 - Grid 35 4
Pre _Tra I n e d M O d e | Output Detected Objects
coolingtowers_ftw1c_100_4_40_400_nms
el Definition
MUsersiljessenvmodelsifinetuned\ CoolingTowerDetection_Zollamthmodel_v1chmodel,
Arguments
Padding 100
Create label data Batch Size 4

Confidence Threshold 0.4

Export Training Data
for Deep Learning

Bounding Boxes False
Test Time Augmentation False

mean

Train Deep Learning Merge Policy
Tile Size A00
Model le S

+| Mon Maximum Suppression
Dete ct 0 b_l ects Confidence Score Field
USing Deep Confidence
Learninq Class Value Field

Class

Max Overlap Ratic

Use pixel space




Fine-Tuned Model: Sample Output




Additional Steps

- Improve the training data
- Train a new model

- Use buildings, blocks,
waterbodies, streets, etc. as
a filter

- Join with addresses

- Area estimates




Try it yourselt?
Step by Step with ArcGIS Learn

- Detect objects with a pretrained Al
model | Documentation

- Publically Available

-Requirements
- ArcGlIS Pro
- ArcGIS Image Analyst

-Deep Learning Libraries for ArcGIS
Pro

- Recommended:

- NVIDIA GPU with a minimum of 4 GB
of dedicated memory

O e > C

© &= learn.arcgis.com/en/projects/detect-objec 1-a-deep-learning-pretrained-mod B B8 % %

@esrl Products v Industries v Support & Services v Stories v About v

Documentation

OVPN @ &y =

Topics Tutorials

£ \1‘\‘

Detect objects with a pretrained Al -+
model 7

Use a geospatial Al tool and a pretrained model to automate palm tree detection.

(\‘ Author Duration Difficulty
i' Delphine Khanna (® 20mins = Intermediate

Geospatial AI [l Imagery & remote sensing | Spatial Analysis & Data Science Natural Resources

Local Government

Coconuts are an important agricultural production on the island of Tongatapu in Oceania. Plantations have thousands
of trees, and inventorying each of these trees by hand would require a lot of time and resources. Deep learning is a
powerful approach to detect objects automatically in imagery, but training a deep learning model from scratch can be
a time-consuming process. An alternative is to use a model that was already trained for you.

In this tutorial, you'll retrieve a pretrained model from the ArcGIS Living Atlas of the World collection and apply it to
high-resolution imagery to efficiently detect the palm trees present throughout the landscape in ArcGIS Pro. The
resulting feature layer will be useful to estimate the number of palm trees throughout the region, monitor farming

practices, or assess upcoming production levels.
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Try it yourselt?

Replicate this demo

- Embeddings Model: DINOv3 - Uberblick
- Pre-Trained Model: Cooling Tower Detection - USA — Uberblick
- Raster Data: Orthofoto - Luftbilder der MA 41 - Stadt Wien

- Requirements

Orthofoto - Luftbilder

< Geodaten der Stadtplanung

In Féllen, wo bildhafte Informationen benétigt werden und trotzdem eine
geometrisch korrekte Grundlage notwendig ist, liegt das ideale Einsatzgebiet des
Orthofotos - auch Luftbildplan genannt. Das Orthofoto gibt den Inhalt von

Luftbildern geometrisch entzerrt wieder.

e Produktinformation
e Daten beziehen

e Anwendungen

Download und Service

¢ Kund*innen-Servicestelle

¢ Nutzungsbedingungen

- AFCG | S PrO ArcGIS Living Atlas

- ArcGIS Image Analyst

11

- : - ArcGlIS Living Atlas is the foremost collection of geographic
- Deep Learning Libraries for ArcGIS Pro information from around the globe. It includes maps, apps, and data
- Recommended: layers to support your work.
- NVI D IA GPU Wlth a mlnlmu m Of 8 GB Of dedlcated memory Search ArcGIS Living Atlas for maps, apps, and more

- 10 GB Disc Space plus 6 GB for temporary files & downloads
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Esri Academy

lhr Ort fir lebenslanges Lernen in GIS.

Try it yourselt?
Full Learning Plan with Esri Academy

- Essentials of Al Tools and Models in ArcGIS | Esri
Learning Plan (18 Kurse)

- About this Learning Plan
- Al-driven geospatial workflows.

- Geospatial Al (sometimes called GeoAl) in ArcGlIS is
the integration of Al, machine learning (ML), and
deep learning (DL) with GIS to produce knowledge
and solve geographic problems. Explore Al tools and
models for tasks related to clustering and pattern
detection, prediction and forecasting, and
information extraction from imagery, lidar, videos, and
unstructured text data.

- Many courses require maintenance (Esri
Maintenance Program)
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MOOC: Spatial Data Science

The New Frontier in Analytics

Spatial Data Science: The New Frontier

in Analytics | Esri MOOC

Publically Available

Online, September 23 - November 4,

2026

Updated for ArcGIS Pro 3.7+

Course Syllabus

SECTION 1

Introduction to Spatial Data Science

Explore how spatial data, tools, and analysis techniques
augment traditional data science. Understand

that “spatial” means more than x,y coordinates and
that place-based context reveals patterns in data

that otherwise may be hidden. Start applying data
engineering and visualization techniques in ArcGIS Pro
and ArcGIS Notebooks.

SECTION 2

The Spatial Approach to Predictive Analysis
Prediction is fundamental to data science. See how
incorporating spatial properties into modeling
workflows deepens understanding of data and adds
predictive power. Learn how to apply random forest,

a widely used machine learning approach, to solve
problems. Train and evaluate a model, then use it to

generate robust predictions.

SECTION 3

Finding Optimal Locations Using Suitability
Models

Apply widely used spatial analysis techniques to
answer this universal question asked by all kinds of
organizations: Where is the best location for <fill

in the blank>? Perform a weighted overlay analysis
that considers and ranks multiple suitability criteria.
Learn how to transform data using functions to more

completely represent suitability impact.

éesri

SECTION 4

Pattern Detection and Clustering

Does a pattern have meaning or is it a product of

random chance? ArcGIS includes a suite of tools to

help analysts identify patterns and clusters in data

and determine if they are meaningful. Learn how to

apply statistical clustering methods to analyze patterns

in space as well as time. Create a spacetime cube,

then use space-time pattern mining tools to explore

spatiotemporal trends and determine where and when

high and low clusters occur.
| | |

SECTION 5

Object Detection with Deep Learning

Take a deep dive into extracting information from

massive data using deep learning. Learn how to

automate the process of detecting objects and

identifying features from imagery. Practice preparing

training sample data, then use a neural network to train

an object detection model.

SECTION 6

Communicating Results with Impact
Successful analysts and data scientists must be
effective storytellers. Learn how to present a complex
analysis using information products that resonate
with your audience. Design and build interactive,
visual stories that share the key information you want

decision-makers to understand and act on.
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