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,Everything is related to

everything else.
But near things are more related
than distant things.”

Tobler's first law of geography
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Analyse von raumbezogenen Daten

Punkte
Adressdaten 9 o ¢ Welche Gebaude befinden sich
GPS Positionen o @ 9¢ im Uberflutungsgebiet?
Funkmasten
o ¢
StraRen [/ZA}‘ Welche Leitungen sind weniger als
Versorgungsleitungen 1 km vom Waldbrand entfernt?
Flugrouten
Flachen
LerEloEas Welche Grundstlcke grenzen an das
Waldflachen neue Gewerbegebiet?

Vertriebsgebiete 6 &

... von Netzwerkdaten, Rasterdaten, 3D Punktwolken ganz zu schweigen.
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Vorhersagemodelle fur raumbezogene Daten

Punkte
Adressdaten 9 o ° . Wie werden sich die
GPS Positionen 9 9% ¢ _‘Q'_ Immobilienpreise entwickeln?
o ¢

Linien(zUge
Was bedeutet die Neubaustrecke
Stral3en . . .
Versorgungsleitungen / | fur die Larmbelastung?
/—_/

Flugrouten
Flachen [’}A\
L andkreise J Was beeinflusst das Kaufverhalten in
Waldflachen & den Marktzellen?
Vertriebsgebiete 6
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Typische Anwendungsfelder

Clusteranalyse

» Lokale Haufung von Unfallen, Verbrechen, etc.
Ausreilderanalyse

« Betrugserkennung in der Versicherungswirtschaft
Assoziationsanalyse

 Raumliche Korrelation von Einzelhandelsunternehmen, etc.
Regressionsanalyse

» (Geographisch gewichtete) Bewertung von Immobilien nach
Lage

Klassifikation

» (Geographisch gewichtete) Einstufung von Marktzellen
Zusammenfassung

« Raumliche Aggregation in der Datenaufbereitung
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Bestandteil — Oracle Spatial

Management und Analyse von Geodaten in der
Datenbank

* Integration raumlicher Daten mit anderen
Unternehmensdaten

« Ausfuhrung datenintensiver Logik dort, wo
sich die Daten befinden

» Unterstutzung fur Vektordaten, Rasterdaten,
Netzwerke, Punktwolken

Spatial Studio

« Geodaten-Analyse und Kartendarstellung fur
Laien

» Aufbereitung von raumbezogenen Daten
(Adressen, Koordinaten, Geometrien)

« Anwendungsentwicklung und Aufbau von
Verarbeitungs-Workflows
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Bestandteil - OML4Py in Oracle Autonomous Database

Machine Learning in Oracle Datenbank
« Optimierte Algorithmen in Datenbank-Engine
« AutoML API
Python Integration
« Abstraktionsschicht fur Datenobjekte
« Daten konnen in Datenbank bleiben

* Overloading von Python Funktionen zur
Ausfuhrung in SQL

« Dataframes

« Ausfuhrung von Python aus SQL oder REST
Autonomous Database

« Fully managed environment

* Notebooks mit Python, Conda, SQL, ...
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Bestandteile von OML4Py Spatial Al

« Python API fur alle gangigen raumlichen SQL
Operatoren und Funktionen

Oracle Machine Learning for Python « Aufbereitung und Nachverarbeitung
* Feature engineering
: « Gap filling
Spat]al Al « Raumliche Gewichtungsfunktionen

* Raumliche ML Algorithmen
* Regression
 C(Classification

[é{,\} . Clsterng

« Anomaly detection
» Colocation
« Unterstutzung fur Pipelines (a la scikit-learn)

Autonomous Database Serverless .
 Python, REST, SQL APIs zur Ausfuhrung
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Mogliche Datenquellen

Geodaten aus Oracle Spatial, Object Storage, OML4Py container
lokalem Dateisystem :
J Spatial Al

» Gleiche Programmierschnittstelle
« Unterstutzung fur raumliche Operationen

SpatialDataFrame

7 !

« Verknupfung mittels Joins proxy  proxy proxy  proxy _ _

R: liche O ti / — 1l Spatial data file
aumliche Opera lc?ner_m | | Ee——

« Erfolgen ausschlieldlich in der Datenbank, | GeoDataFrame Attached volume

wenn SpatialDataFrame ein Proxy-Object fir |
Tabellen in Oracle Spatial ist

Spatial table Spatial data file

ADB-S OCI Object Storage
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Demo

Aufgabe:
» Vorhersage von Verkauf von

Elektrofahrzeugen

Daten

11

Sozio-demographische Daten pro

Postleitzahlgebiet (Einkommen, Bildung, ..

Postitionen von Ladestationen
Geometrien der Postleitzahlgebiete

Copyright © 2024, Oracle and/or its affiliates
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Wichtige Konzepte

« Handhabung von Geodaten

* Visuelle Analyse
 Interpolation fehlender Werte
« Raumliche Gewichtung

« Autokorrelation (Moran’s I)

« Spatial Feature Engineering

* Raumliche Vorhersagemodelle




Raumbezogene Daten
Demographische Daten, Postleitzahlgebiete, Ladestationen

> h O S E ® @~
Explore the charging station data.
Kpython

z.show(charging_sta_sdf.head(58))

Kpython

B ok i IF & A BN O [ = odr

z.show(zipcodes_sdf.head())

‘ Type to search

B K 1k ¥ |
ID 2 FACILITY_TYPE ¢ geometry o
Type to search ‘
13072 HOTEL POINT (-13157072.143 3997585.345)
ZIPCODE 2 geometr
13073 HOTEL POINT (-13151112.097 4003516.399)
93109 POLYGO
13074 HOTEL POINT (-13157809.078 3996239.632)
93224 POLYGO
13075 RESTAURANT POINT (-13389162.149 4129117.509)
93251 POLYGO
13076 HOTEL POINT (-13594243.82 4495718.329)
93263 POLYGOmM g
93424 POLYGON ((-13454260.419 4192571.293, -13454241.718 4192578.787, -13454200.418 4192774986, -13454147987 4192759181, -13454121.826 4192759.998, -13454115.927 4192761.497, -13454108.468 £
95816 4.01 77839 63 631100

Page of10 (1-50f50items) ¢« [1]2 3 4 5..10 ) 3  LoadMore
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Visualisierung

[OpenMapTiles © OpenstreetMaps contributors ) )
-1.38 -1.36 -1.34 -1.32 -1.30 -1.28 -1.38 -1.36 -1.34 -1.32 -1.30 -1.28
1e7 1e7
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Interpolation fehlender Werte

Raumliche Vorhersagemodelle
* Probleme bei fehlenden Werten
* Probleme mit fehlenden Nachbarn

Raumliche Gewichtungsmatrix

* Nachste Nachbarn (k nearest neighbors)
* Gemeinsame Grenze (oder Grenzpunkt)
« Gewichtung nach Abstand

« ... Abhangig von der Fragestellung

Notwendige Voraussetzung: Gesuchte Variable
zeigt raumliche Abhangigkeit

« Mal fur Ungleichverteilung: Moran’s | (Spatial
Autocorrelation)
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Raumliche Autokorrelation

Moran’s |

* Erkennung von Clusterbildung oder Streuung
(s. rechts)

Nachbarschaftbeziehungen

* Fur raumliche Gewichtungsmatrix z.B.
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https://commons.wikimedia.org/w/index.php?curid=147470160

Feature Engineering und Vorhersagemodelle

Category ______________|Algorithms

Spatial Feature Engineering Spatial Lag Transformer
Categorical Lag Transformer
Spatial Coordinates Transformer
Spatial Imputer

Spatial Clustering LISA Hotspot
DBSCAN with Regionalization
Agglomerative with Regionalization

Spatial Anomaly Detection Local Outlier Factor (LOF)

Spatial Regression Spatial Cross-Regressive Model (SLX)
Spatial Lag Model (SAR)
Spatial Error Model (SEM)
Geographical Regressor (GR)
Geographically Weighted Regression (GWR)
Spatial Regimes (OLS_Regimes)
Spatial Fixed Effects (SFE)

Spatial Classification SLX Classifier
GWR Classifier
Geographical Classifier
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https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/spatial-lag-transformer.html#GUID-76794327-53FD-4323-AE23-76B789359D0B
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/categorical-lag-transformer.html#GUID-4444E621-83B9-4EA9-8910-F0EF75C6243F
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/spatial-coordinates-transformer.html#GUID-2AF65B7D-4D6C-42D8-9F78-DF50AE28FBDC
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/spatial-imputer.html#GUID-D9857F91-BA3A-4ACF-B80C-1C047B265D7D
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/lisa-hotspot.html#GUID-DCAF74F0-0138-464B-B8B2-F4094D0C8BE5
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/dbscan-regionalization.html#GUID-AA4A9C20-F3DD-4561-A6E5-4EDC31F060EA
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/agglomerative-regionalization.html#GUID-639460D8-451E-46CA-BD12-605092208D0A
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/local-outlier-factor.html#GUID-281E4CE9-6260-4E15-BE8B-AB52A3508657
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/spatial-cross-regressive-model.html#GUID-9BE0533F-60D8-4FF9-990B-D8FCA103A25B
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/spatial-lag-model.html#GUID-36D7D869-8A4A-4A4D-8402-7972A1319DB7
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/spatial-error-model.html#GUID-D4355C50-4CD4-4E24-B158-CE0A618DF21B
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/geographical-regressor.html#GUID-3E752E87-0C74-4279-9167-4B85941BF7C5
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/geographically-weighted-regression.html#GUID-0D8D4BF2-CFAC-400D-BB48-2ABB74714F83
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/spatial-regimes.html#GUID-9454C754-5335-4D80-8B35-D62143E4053D
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/spatial-fixed-effects.html#GUID-8FEF6DFA-D696-427E-902F-869E78508E64
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/slx-classifier.html#GUID-D01F09A9-AF85-4E97-B2F5-3C0A335823E3
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/gwr-classifier.html#GUID-522A7CA8-39FF-49FA-BA3D-9760FD7DAB88
https://docs.oracle.com/en/cloud/paas/autonomous-database/serverless/cspai/geographical-classifier.html#GUID-83E3EB70-926E-40ED-8B5F-41D0916F0956

Demo
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= ORACLE Machine Learning [E5] samples_v1 v [8) oML_USER ~

OML_USER Workspace

SpatialDataFrame provides a proxy to Oracle Spatial tables il

& _S‘\;‘ ﬂi\b [EII] low E Zeppelin [I]
Create SpatialDataFrame referencing the LA_BLOCK_GROUPS table

%python

block_groups_sdf =|SpatialDataFrame.create(DBSpatialDataset(table="1la_block_groups'))] [['GEOID', 'MEDIAN_INCOME', 'MEAN_EDUCATION_LEVEL
z.show(block_groups_sdT.head(]))

B Mk F W & A £ ¥ O oL @ B = b~

Type to search

GEOID ¢ MEDIAN_INCOME ¢ MEAN_EDUCATION_LEVEL ¢ MEAN_AGE ¢ geometry ¢

060376503005 53828.0 11.473 47585 POLYGON ((-118.359 33.866, -118.352 33.8¢
060376512222 60724.0 11.35 38.823 POLYGON ((-118.36 33.82, -118.351 33.816, -
060376513026 82538.0 12.801 47.808 POLYGON ((-118.39 33.805, -118.389 33.80:

060376513027 © **145661.4'/ " " et 11.857 46.564 POLYGON ((-118.377 33.81, -118.376 33.811,



= ORACLE Machine Learning 5] samplesvi . v [3] omLuser ~

B When a SpatialDataFrame references Oracle Spatial data, spatial operations are performed in ADB

Versioning (L & _E:'S' ﬂ [E'I] low E Zeppelin m

Identify schools within 2km of a block group

%spython

z.show({schools_sdf.within_distance(block_groups_sdf[block_groups_sdf['GEQID'] == '060376509014'], distance=2000))

B M ik ¥ ¥ & A& £ % O M @ = 4«

‘ Type to search

ID ¢ NAME ¢ geometry
358794039 Van Deene Elementary School POINT (-118.29 33.838)
358783989 Fern Elementary School POINT (-118.332 33.835)
358794865 Howard Wood Elementary School POINT (-118.32133.813)
358779437 John Adams Elementary School POINT (-118.318 33.809)

\ 19 Copyright © 2024, Oracle and/or its affiliates




= ORACLE Machine Learning a|jpecietal v

OML_USER Workspace

DO

OMLUSER ¥ (@

e & ¥ B © 5 o

%python

block_group_nn_school_sdf = schools_sdf.nearest_neighbors(\

block_groups_sdf, num_neighbors=1,\
distance_col="DIST_TO_NEAREST_SCHOOL', qry_win_out_cols="GEOID")
block_group_nn_school_sdf = block_group_nn_school_sdf[[ GEOID', DIST_TO_NEAREST_SCHOOL'1]
z.show(block_groups_sdf.merge(block_group_nn_school_sdf, how='left', on="GEQID', keep_secondary_geometry=False).head())

B M ik IF W@ A 8 % O DD =

[ Type to search

GEOID ¢ MEDIAN_INCOME ¢ MEAN_EDUCATION_LEVEL ¢ MEAN_AGE ¢ DIST_TO_NEAREST_SCHO
060376503005 53828.0 1.473 47585 275.45
060376512222 60724.0 11.35 38.823 195.29

0603765130260 2024, B2BZBUO its affiliates 12.801 47808 617.2




Do

OML_USER

— . . samples v1
= ORACL.E Machine Learning fii OML_ESERmorkspace v

Versioning @ & '_E:;‘ ﬂi\, [_'EII] low E Zeppelin [I]

%python

spatial_imputer = |SpatialImputer(missing_values=np.nan, spatial_weights_definition=KNNWeightsDefinition(k=10))

X_imputed = spatial_imputer.fit_transform(X, y="MEDIAN_INCOME") 1es__INTERNET before imputer (missing data in red - INTERNET ater spatialimputer
X_imputed_df = pd.DataFrame(X_imputed, columns = ['MEAN_EDUCATION_LEVEL',
X_imputed_df

406

3 = 4~
MEAN_EDUCATION_LEVEL MEAN_AGE INTERNET HOUSE_VALUE
] 12.198391 38.452568 0.894470 1566400.0

1 12.242844 40.621918 0.915416 1145300.0 -
2 12.353305 36.314709 0.985325 1440600.0
3 12.238597 37.198551 ©0.888268 1624100.0
4 13.007787 44.285275 1.000000 1417200.0
3432 8.288300 36.015499 0.791828 363900.0
3433 _ 11.279384 41.882759 0.958647 782200.0

L 243421 Copyright © 2044 O5g8 440 9E1d%4315 o 937080 752000 O - |

1320 -1.319 -1318 -1317 -1 '316




= ORACLE Machine Learning 22| samples_v1 v 9] OML_USER +

OML_USER Workspace

Versioning @ o ¥ _E:'S ﬂ [Ellj low E Zeppelin [7]

%python > h & 7 E ® 3~

X = accidents injury sdf[['geometry']].to crs("EPSG:3857")
labels =|dbscan.fit_predict(SCoordTransformer().transform(X))
np.unique( labels)

Density clusters

LA X J

% o i, v L "

o
WX uwnbdwN O

array([-1, o, 1, 2, 3, 4, 5, 6, 7, 8, 9])

%python >

_, axs = plt.subplots(figsize=(10, 10))
plot_clusters(X, labels, title='Density clusters', with_noise=False, with_bounds=F3

B & == - 2 F
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—_ i i samples_v1
= ORACL€E Machine Learning ] SR e 7 3] OML_USER ¥

Exploratory analysis and Global Spatial Autocorrelation of data in Oracle Spatial

Versioning @ & _E‘\;' ﬂi’ [Ell] low E Zeppelin [I]

%python

for i, weights_spec in enumerate(weights specs):
mi_result =|MoranITest.create(sdf, weights_spec, cnlumn_name='MEDIAN_INCOME'ﬂ

print(f"Weights defTinition: {mi_resuli.spatial_weighis.definitionf\nMoran I's results: I:{mi_result.i}, p value:{mi_res

o o gi; v

Weights definition: DistanceBandWeightsDefinition(alpha=-1.0,threshold=1000.0,p=2,binary=True)
Moran I's results: 1:0.5719605389665813, p value:0.001

Weights definition: KNNWeightsDefinition(k=2)
Moran I's results: 1:0.6945150221963798, p value:0.001

Weights definition: KernelBasedWeightsDefinition(fixed=False, function=gaussian,bandwidth=None, k=11)
Moran I's results: 1:0.663147087878812, p value:0.001

Weights definition: QueenWeightsDefinition()
Moran I's results: 1:0.6765793161449112, p value:0.001
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= ORACLE Machine Learning zi] samples_vi

v 0 v
OML_USER Workspace 2] OML_USER

Detect hotspots and coldspots in data from Oracle Spatial

Versioning @ & _E‘S ﬂi\, [Ell] low g Zeppelin [I]
%spython

> h O T E ® @&~
X = block groups sdf[['MEDIAN INCOME', 'geometry']].to crs('epsqg:3857"')

lisa =|LISAHotspotClustering(max_p_value=0.05, spatial_weights_definition=KNNWeightsDefinition(k=5))
lisa. f1T(X)

np.unique(lisa.labels_)

® COLDSPOT
® HOTSPOT

I o= C&j v

array([-1, 1, 2, 3, 4])

Create desciptive labels for hotspots and coldspc
%python

get_label = lambda x: 'HOTSPOT' if x==1 else ( \
'"COLDSPOT' if x==3 else ( \
None ))

vl =P -45eEAE 28495 T ARSI atriates

—————————— el e e E el e T FITAIIABRDARTE 7 5 T b = %

OpeoMapTiles © OpenStreetMaps contributors.




— . . =u| dla
= ORACLE Machine Learning | o R workepace

OML_USER ¥

DO

SpatialPipeline: mirrors scikit-learn Pipeline with support for spatial estimators

Versioning @ & E‘S‘ ﬂi\, [_'EII] low E Zeppelin []]

%python 2 —

> dh O T E ® &~
gwr_pipe = ppatialPipeline([('scale', RobustScaler()), \
("gwr', GWRRegressor(spatial_weights_definition=KNNWeightsDefinition(k=20)))])
gwr_pipe.fit(X_train, "MEDIAN_INCOME™)
gwr_pipe.predict(X_test.drop(["MEDIAN_INCOME"])) [0:9]

7 o li, v

array([[ 76037.81477983],
[109221.70033452],
[172357.88353423],
[ 35776.66364485],
[ 72946.22992853],
[ 48016.12874966],
[142154.11139249],
[156999.86728209],
[ 36118.72778437]1])

25 51Ims @ a few seconds ago
26 Copyright © 2024, Oracle and/or its affiliates
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= ORACL.E€ Machine Learning zz| dlapp v

OML_USER Workspace

OML_USER ¥

Do

I Auto-selection of spatial regression algorithm il

Versioning @ & _"'\:\\'5 ﬂi\’ [_'Eh low E Zeppelin [I]

%python
spreg_pipeline = SpatialPipeline([('scale', StandardScaler{()), \

| ('spreg_regression', SpatialAdaptiveRegressor(spatial _weights_definition=KNNWeightsDefini
spreg_pipeline.fit(X_train, "HOUSE_VALUE")

print(f"Algorithm chosen: {spreg_pipeline.named_steps|['spreg_regression'].model_type.__name__}")

o o C!j v

Algorithm chosen: LagModel

%python
spreg_pipeline.predict(X_test.drop('"HOUSE_VALUE")).flatten()

o o C!j v

array([ 388350.98819514, 396173.58755382, 366258.12083167,
27 ggsgf_}gg?@%&z%@gr§§e%hd/o?i?s%ﬁﬁa7@sﬁ3@79332r 694518.01543814,

2.231427@09. 414668.27240398. 571455.33258045.




Zusammenfassung

Raumbezogene Analyse in Oracle Autonomous Database mittels Python
« Skalierbare Datenaufbereitung und Analyse

« Zugang zu vielfaltigen Spatial ML Algorithmen

» Integration mit Unternehmensdaten

« Offene Schnittstellen zur Anwendungsintegration

Data Science Plattform auf Basis der Oracle Autonomous Database

« Einfaches Deployment von Data Science Losungen
« Automatisierung erhoht die Produktivitat und erleichtert den Einstieg

28 Copyright © 2024, Oracle and/or its affiliates




Weitere Informationen

» Spatial Features Homepage: oracle.com/goto/spatial

»' Spatial Studio: https://www.oracle.com/.../spatial-studio/get-started.html

& \ouTube Channel: youtube.com/c/OracleSpatialandGraph

a Blog: blogs.oracle.com/oraclespatial -> Database Insider (Spatial category)

LiveLabs Workshops: http://bit.ly/golivelabs

B AskTOM sessions: https://asktom.oracle.com/pls/apex/asktom.search?oh=7761

m Oracle Spatial and Graph User Group: linkedin.com/groups/1848520/

30 Copyright © 2024, Oracle and/or its affiliates



http://www.oracle.com/goto/spatial
https://www.oracle.com/database/technologies/spatial-studio/get-started.html
http://www.youtube.com/c/OracleSpatialandGraph
https://blogs.oracle.com/oraclespatial/
http://bit.ly/golivelabs
https://asktom.oracle.com/pls/apex/asktom.search?oh=7761
https://www.linkedin.com/groups/1848520/
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