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GIS Is expected to do more, faster.

find where .
see where - predict where

locate, connect route where

o,

map thapped

machines can be “trained” to do more for us



Topics Today

Emerging Geo Al Business Cases
Geo-enabling Machine Learning Landscape and Factory

Notable Geo Al challenges and limitations



Emerging Geo Al Business Cases
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Industry Advancing Fast (with Geo)

) Google Cloud Platform

Why Google Products

3 @ Geostatistical Analyst Tools
Microsoft Al CLOUD MACHINE LEARNING ENGINE

1) &P Spatial Analyst Tools
_ 7 @ Spatial Statistics Tools
Machine Leamning on any data, of any size

Artificial Intelligence’on AWS

% WolframAlpha

Powerful machine learning for all developers and data scientists

B Microsoft

R4

IEXWATSON

Al for Earth

Tensor




ithout being explicitly programmed"



Al > ML > DL

Artificial Intelligence Machine Learning Deep Learning

I Supervised Learning Deep Supervised Learning
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Unsupervised Learning
Reinforcement Learning




k-means k-modes
ES
Gaussian = Prefer Categorical Hierarchical
Mixture Mode Probability Variables
vEs VES
DBSCAN Need to Hierarchical
- Specify k
Linear SVM Data s bl SPEED Speed ar
Too Large Explainable
Naive Bayes B Accuracy
vES vEs ACCURACY
Decision Tree Kernel sVm

Maive Bayes
Logistic Regression Random Forest
Neural Network

Gradient

ML Algorithms

Machine Learning Algorithms Cheat Sheet

Unsupervised Learning: Dimension Reduction

START

. . YES .
Dimension Topic
Reduction Modeling

—
Principa
Have Component
Reponses Analysis

Latent Dirichlet
Probabilistic AN T

Singular Value
Decomposition

YES Supervised Learning: Regression

Predicting ' Speed or
Numeric Accuracy
ACCURACY

Random Forest
Neural Network

Gradient
Boosting Tree

SPEED Decision Tree

Linear Regression

MACHINE LEARNING

SUPERVISED
LEARNING

UNSUPERVISED |
LEARNING

REGRESSION

Support Vector
Machin

Discriminant
Analysis

Maive Bayes

Nearest Neigh

Decision Trees ‘

Ensemble Metho:

| Meural Metworks

Hidden Markov

Neural Metwarks ‘ Model

regularization

Ridge Regression

Least Absolute Shrinkage and Selection Operator (LASSO)
Elastic Net

Least-Angle Regression (LARS))

deep learning

Deop Boltzmann Machine (DBM)
Deep Betief Networks (DBN)
Convolutional Neural Network (CNN)
Stacked Auto-Encoders

think big data

clustering

OPTICS algorithm
Non Negative Matrix Factorization
Latent Dirichlet allocation (LDA)

...and others

Support Vector Machines (SVM)
ithms
Inductive L
Reinforcement Learning (Q-Learning, 3
State-Action-Reward-State-Action (SARSA))
ANOVA
Information Fuzzy Network (IFN)
Conditional Random Fields (CRF)



(inferences)

—->» Predictions — «

AR
decisions

understanding
insights
classify



S In exciting ways for GIS

riven ... accurate ... tunable ... platforms ... pervasive



Machine Learning Capabilities
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Geo ML;

Spatial Analytics, Geostatistics,

Spatial Statistics, Surfaces

= @ Spatial Analyst Tools

&P Spatial Statistics Tools
= & Analyzing Patterns
5" Average Nearest Neighbor
5" High/Low Clustering (Getis-Ord General G)
5" Incremental Spatial Autocorrelation
5" Multi-Distance Spatial Cluster Analysis (Ripleys K Function)
3‘ Spatial Autocorrelation (Morans |)
= & Mapping Clusters
5" Cluster and Outlier Analysis (Anselin Local Morans |)
" Grouping Analysis
Hot Spot Analysis (Getis-Ord Gi*)
Optimized Hot Spot Analysis
3" Optimized Outlier Analysis
5" Similarity Search
= & Measuring Geographic Distributions
! Central Feature
Directional Distribution (Standard Deviational Ellipse)
% Linear Directional Mean
Mean Center
! Median Center
Standard Distance
= & Modeling Spatial Relationships
5" Exploratory Regression
5" Generate Network Spatial Weights
5" Generate Spatial Weights Matrix
‘*v Geographically Weighted Regression
5" Ordinary Least Squares

@ & Conditional

@ & Density

& & Distance

& & Extraction

& & Generalization
& & Groundwater
@ & Hydrology

& & Interpolation
& & Local

& & Map Algebra
& & Math

& & Multivariate

@ & Neighborhood
& & Overlay

& & Raster Creation
& & Reclass

i & Segmentation and Classification
& & Solar Radiation
i & Surface

@ & Zonal

= @ Geostatistical Analyst Tools

= & Interpolation
# Diffusion Interpolation With Barriers
#, Empirical Bayesian Kriging
#., Global Polynomial Interpolation
“ IDW
#, Kernel Interpolation With Barriers
‘\V Local Polynomial Interpolation
* Moving Window Kriging
#, Radial Basis Functions
= & Sampling Network Design
#, Create Spatially Balanced Points
#, Densify Sampling Network
= & Simulation
#, Extract Values To Table
#, Gaussian Geostatistical Simulations
= & Utilities
#, Cross Validation
* Neighborhood Selection
#, Semivariogram Sensitivity
#, Subset Features
= & Working with Geostatistical Layers
‘\ Areal Interpolation Layer To Polygons
# Calculate Z-value
#, Create Geostatistical Layer
#, GA Layer To Contour
#, GA Layer To Grid
#. GA Layer To Points
#, Get Model Parameter
# Set Model Parameter



or Geo-centric ML



ML Landscape, Factory and Pattern

Data Wrangling/Preparing Model Training/Tuning Share/Deploy Model(s) Use Model(s) .

Classification Predict, Infer

5
4 -
Clustering 3 Augmented Reality
2 (AR)
1
0 r T T T 1 - .
. Computer Vision
\ Regression LA P
Explerarany Data Angiysis N - regression —

Deep Learning Visualize, Map It
ral networks)

Recommend

neural networks Find/Detect Features

apps, maps, services, devices



(GE0 ML Landscape, Factory and Pattern ... geo-enabling and advancing

Data Wrangling/Preparing Model Training/Tuning

Spatial Statistics

Spatial Analysis
' Geo Data Sources \ GP Tools

, Structured/Unstructured Geo-certify
eoAnalytics Serve
™ Maps, Visualization g
Jupyter/Python/R

st Collections, Expert

. etworks)

Geo-centric Datasets '!'*
Geo-referenced Datasets
Localized Datasets

Geo CLT
| Geocoding

Share/Deploy Model(s)
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regression

neural networks

Use Model(s) .

Predict, Infer
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Integrated GIS Platform

Mapping Plaﬂ'ﬁffﬁ

apps, maps, services, devices



Demo:

Using TensorF
Imagery + Con

Demo Code:
https://github.com



https://github.com/Qberto/ML_ObjectDetection_CAFO

Please notice process detalls

- Geo Data Preparation

- Model Training Duration

- Integrating Model Across GIS Platform
- Augmented Reality (AR)

- Recent Demo at Esri (ignore some references)

... Imagine your business problem, your data, your model



Some
Challenges
Limitations



It’s complex. Let’s simplify it

technology, automation, platforms, computing, etc.



Look past hype ... it’s distracting

Artificial Intelligence — Peak Hype

VISIBILITY
AKA:

+ Cognitive Computing
* Machine Learning
« Expert Systems

Peak of Inflated Expectations

Plateau of Productivity

Slope of Enlightenment

Trough of Disillusionment

Technology Trigger

prevent another “Machine Learning Winter”



not fully integrated ... yet




Feature,

Location



Limited expertise among
Geo Community In training
and tuning models ...
math, statistics, spatial
statistics

Introduce Geo Data Science into industry



Limited exposure to Geo In
academia ... Data Science,
Computer Science



Proving Model
Trustworthiness,
Authoritativeness



ta Bias






uman analysis to succeed.

essionals, Academia.



Advancing Geo Al

Build on Emerging Business Cases and Geo-enabled ML
SEWEINS

Find your place in ML landscape and factory

Together, let’'s continue to overcome Geo Al challenges
and limitations






