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*Remote sensing data are collected in the electro-magnetic
radiation spectrum, principally the visible, infra-red and radio
regions

*Passive RS systems collect data on energy that is reflected or
emitted from the earth

eMost systems are passive, except for microwave and radar,
which are active sensing mechanisms.

*Most RS platforms record reflectance in multiple wavelengths
spectrums



Physics of RS

*The visible spectrum constitutes a small

portion, bounded by ultraviolet spectrum below
and the infrared spectrum above
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Enable computers to mimic

Artificial Intelligence
human intelligence

Enable machines to
improve at tasks with
experience.

Use neural networks that permit
a machine to train itself to
perform a task



Unsupervised VS Supervised Learning
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Three Main Machine Learning Tasks

Not Spam

Feature x1

Classification Regression Clustering



Deep Learning & Neural Network

HIDDEN Abstract of biological
processes that take
OUTPUT place in the brain

« Mimic the 'firing" of
interconnected
neutrons in the
response to stimuli
(new incoming info)




Comparison of ML & DL
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Application of Deep Learning to GIS

Image Classification  Object Detection Semantic Segmentation Instance Segmentation




Al GIS Technology System
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Spatial Machine Learning Operators

Cluster Analysis
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3D Analysis

Oblique Photogrammetry,
Model DSM, Building
Bottom Extraction

Spatial Deep Learning Operators
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Deep Learning Models

Object Detection
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Deep Learning Workflow

Preparation

Training Data
Generation

Construction

Model
Training

Application

Model
Inference
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Al GIS Workflow
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Image Sample Management
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Al Extraction Results

Algorithm: FPN
Training Time: 3.5h (GPU)
Accuracy: TOU=0.72



Convolutional neural ==
network m ot |
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Function softmax

frerv = mazx(0, ) 4
egi 2
fsoftma:r - yi = f(xi) = - 7
Egzo e’k °5 . / . J

—

=
h 1
4
Original Prediction layer

:

convé_x

onv3_x

/" conv2_x SSD Layers
pooll

convi




by
Arizona State University

Recognition of solar batteries m‘fl?’
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Recognition of trees o

Arizona State University

C O file:///W:/arc_pro/qa/model_trees/model_metrics.html
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\nalysis of the model
\verage Precision Score: {'Trees": 0.4310948298285644}

‘ample Results
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