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Review

Image Classification Image Object Detection Image Segmentation



Review * Infinite Corridor

« Treepedia

Leverage Artificial
Intelligence to
understand how curbs are
used in real-time, to
better manage them.
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Outline

City
Helsingborg, Trieste, Paris, & Stockholm

Data
Passive Image Collection - GSV
Active Image collection — Mobile Cameras

Method
Machine Learning & CNN
Hands-on Demonstration
Image Classification
Image Object Detection
Image Segmentation



City






Study Sites

Stockholm, Sweden

Helsingborg, Sweden Trieste, Italy Paris, France

98, 693 panorama 21,201 panorama 354,400 panorama 252, 024 panorama



City — Helsingborg
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Hypothesis

Tipping Point Theory

Neighborhoods in bad physical condition will get progressively worse, whereas nicer areas will get better?



Data
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Street view image

Police Record

Census data



Data - GSV
Overview of GSV data




Data - GSV

Perceived safe

Perceived unsafe




Data - GSV
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Data — Police Record

BROTTSKOD BROTTSTEXT BROTTSTID START BROTTSDAG _START

BROTTSTID_SLUT

BROTTSDAG SLUT C_CODE

E CODE Quarter

Ofredande

0 414 b

Skadegorelse,
annan
skadegdérelse
(e} klotter)

Ofredande
2 429 mot pojke
under 18 &r

1 1203

Ofredande
3 428 mot flicka
under 18 &r

Skadegorelse,
annan
skadegdrelse
(e] klotter)

4 1203

Data source: Helsingborg Police Department
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NaN

NaN

torsdag

lérdag
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fredag

torsdag

0213

0561

1931

1931

0834

21300

56110

193141

193141

83410

2015
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2015
Q1

2015
Q1

2015
Q1

2015
Q1



Data — Crime
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Data — Demographics
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Methodology — Perception
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Methodology -
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Result - Tipping Point Theory

CrimeChange = 8 x GSV SafetyScore + 6 x Built Environment + A ¥ Demographics

Crimesgig — Crimesps DistancetoCityCenter Daytime Population

Averagelncome

Unemployment Rate



Result - Tipping Point Theory

CrimeChange = 8 * GSV SafetyScore + 8 * Built Environment + A * Demographics

OLS Regression Results

Dep. Variable: crime change standardize  R-squared: 0.092

Model: OLS Adj. R-squared: 0.069

Method: Least Squares  F-statistic: 3.994

Date: Mon, 21 Feb 2022 Prob (F-statistic): 0.00179

Time: 20:24:06 Log-Likelihood: -279.16

No. Observations: 204  AIC: 570.3

Df Residuals: 198 BIC: 590.2

Df Model: 5

Covariance Type: nonrobust

coef std err = P>|t| [0.025 0.975]

Intercept -1.388e-17 0.068 -2.05e-16 1.000 -0.133 0.133
| GSv safety standardize -0.1872 | 0.076 -2.450 0.015 -0.338 -0.037

daytime population 0.2134 0.068 3.135 0.002 0.079 0.348

aver_income_standardize 0.0517 0.082 0.633 0.527 -0.109 0.213

unemployment rate 0.1213 0.081 1.489 0.138 -0.039 0.282

dist to center standardize -0.0290 0.076 -0.382 0.703 -0.179 0.121

Omnibus: 168.764 Durbin-Watson: 2.202

Prob(Omnibus) : 0.000 Jarque-Bera (JB): 6170.823

Skew: -2.700 Prob(JB): 0.00

Kurtosis: 29.397 Cond. No. 1.91




Data — Passive Collection



Street View Images

Image credit: Google



How Google collects data

] Street View Car ] Street View ] Street View
Trolley Trekker




Street View Service
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Google Street View
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GSV Perspectives

Natural view

Panoramic view

(b)



GSV API

https://maps.googleapis.com/maps/api/streetview/metadata?location={}&key={}

Location Key

lat,Ing Do not share with others!

Example 1


https://maps.googleapis.com/maps/api/streetview/metadata?location=42.3590512,-71.0935996&heading=0&pitch=0&fov=90&key=AIzaSyAe4GS1GGuojfVkoNMrM1pWG6R8p0suChM

GSV API

https://maps.googleapis.com/maps/api/streetview?size={width}x{height}&pano={}&heading={}&pitch={}&fov={}&key={}

Size Pano Heading
Max size: 640 * 640 Unique panolD 0- 360 degree
North: 0
location Fast:90
Unique panolD South: 180
West: 270

Pitch

-90-90 degree
Straight up: 90
Stright down: -90

Example 2

FOV

Max value: 120
Default: 90

Key

Do not share with others!


https://maps.googleapis.com/maps/api/streetview?size=600x400&pano=DNOtuO9JFGB51xvtuS1INg&heading=0&pitch=0&fov=90&key=AIzaSyAe4GS1GGuojfVkoNMrM1pWG6R8p0suChM

Large-scale GSV Download Process

Download street network Generate request point Get image meta data Download image



Large-scale GSV Download Example

Generate request point

Download street network



Tutorial for GSV collection

https://colab.research.google.com/drive/102cB5WuvF4vmsukeZsxTCx4ePr7jECpA?usp=sharing



https://colab.research.google.com/drive/1o2cB5WuvF4vmsukeZsxTCx4ePr7jECpA?usp=sharing

Data — Active Collection



Self-collection

d Wearable Camera d Vehicle Mouted  Device

Flloe Era 3607 INSTA3S0 FRO2 INSTAZS0 PRO

- -
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https://www.google.com/streetview/contacts-tools/
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http://drive.google.com/file/d/1hW2IYGwXAN-GzfK20stkBni0qOSQwJPX/view
http://drive.google.com/file/d/1hW2IYGwXAN-GzfK20stkBni0qOSQwJPX/view

Method — Deep Learning



AI vs. ML. vs DL

ARTIFICIAL
INTELLIGENCE

£

4

MACHINE

LEARNING
DEEP
LEARNING

. \/

1950's 1960's 1970's 1980s 1990's 2000's 2010

ARTIFICIAL INTELLIGENCE

A program that can sense, reason,
act, and adapt

MACHINE LEARNING

Algorithms whose performance improve
as they are exposed to more data over time

DEEP
LEARNING

Subset of machine learning in
which multilayered neural
networks learn from
vast amounts of data

Image source: Artem Oppermann
https://towardsdatascience.com/artificial-intelligence-vs-machine-learning-vs-deep-learning-2210ba8cc4ac



Machine Learning

Supervised Learning &

Labeled Data
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Machine Learning
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https://www.enjoyalgorithms.com/blogs/supervised-unsupervised-and-semisupervised-learning



Machine Learning

Three Key Components of ML:

1. Model
2. Loss Function
3. Optimization Method

* Learning as loss minimization

Target output

S

4

Input
Training Data |:">
including target

outputs

ERROR / Loss Function

J L

~

1 Predicted output

/
J

OPTIMIZATION METHOD

-

MODEL

=

Output
Prediction
Calculated by model




Machine Learning

Linear Regression

Target output

Input

Training Data :>
including target

outputs

ERROR
Loss Function:
Mean Squared Error

>

OPTIMIZATION METHOD:
Stochastic Gradient Descent

-

MODEL
Y=K*X+N

Predicted output

Output

|:> Prediction

Calculated by model




Machine Learning

/

Logistic Regression

Target output

Input
Training Data >
including target l:
outputs

ERROR / Loss Function
Cross Entropy

==

OPTIMIZATION METHOD
Stochastic Gradient Descent

>

MODEL
Y=SIGMOID(K*X+N)

Predicted output

Output
Prediction
Calculated by model




Machine Learning

Forward pass: Prediction Mode
— >
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Backward pass: Training mode
Lawpary Nodes/ Nowrons

Neural Network

Target output

Input

Training Data [:>
including target

outputs

ERROR / Loss Function
Cross Entropy or
Mean Squared Error

L >

OPTIMIZATION METHOD
Stochastic Gradient Descent

-

MODEL

FEED FORWARD NETWORK
Graph of Logistic and/or
Linear Regressions

Predicted output

Output

|:> Prediction

Calculated by model




Training a neural network

For a fixed architecture, a neural network is a function
parameterized by its weights

* Given

— A network architecture (layout of neurons, their
connectivity and activations)

— A dataset of labeled examples

* The goal: Learn the weights of the neural network

. (Bias)

—&
@\ oy
(Inputs) w\-‘

(Summation function)

(Weights)

Perceptron - a single layer neural network

(Activation function)

Input layer | Hidden layers i Output layer

i h, h, h,

Neural Network - multilayer perceptron
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NN vs. DNN vs. DCNN

Simple Neural Network Deep Learning Neural Network Convolution

@ Input Layer () Hidden Layer @ Output Layer



Why Deep Learning?

Machine Learning

& &y 37573 [l

Input Feature extraction Classification Output

Deep Learning

& — 3377 -

Input Feature extraction + Classification Output




Computer Vision Applications

d Image Object Detection :
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Computer Vision Applications

d Image Segmentation
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Computer Vision Applications

A Image Super Resolution

* Reconstruction of the high resolution
imagery from the observed low resolution
image

* Applications: surveillance video, medical
imaging, satellite imagery

(d)




Computer Vision Applications

A Style Transferring

Style Extraction HI:IIZI Content Extraction —] Style-content synthesis



Computer Vision Applications

Pose Expression Eyeglasses

A Style Transferring for
Image Generation




Computer Vision Applications

d Image Captioning
d Text-to-image Generation

A photo taken from
a residential street
in front of some
homes with a
stormy sky above.

. Ablue sky with fluffy
clouds, taken from a
car while driving on
the highway.

A can of green
beans is sitting
on a counterin
a kitchen.

A computer screen
- with a Windows
message about

Microsoft license
terms.

A digital
thermometer
£ resting on a

. wooden table,
showing 38.5
degrees Celsius.

A hand holds up a
can of Coors Light
in front of an
outdoor scene with
a dog on a porch.

A Winnie The Pooh
character high chair
with a can of Yoohoo
sitting on it in front

. of a white wall.

A cup holderin a
car holding loose
change from
Canada.

dnnm

https://vizwiz.org/tasks-and-datasets/image-captioning/



Learn more about ML/DL/CV?

* 6.036 Introduction to Machine Learning
* 6.5191 Deep Learning

* 6.801 Machine Vision

* 6.819 Advances in Computer Vision



Hands-on session
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Demo 1: Image Classification S

224 x224x3 224x224x 64

0.01 steel J

5 ’ . 0.84 concrete l
/) 28 x28x512 TXTx512
. S L 1x1x4096_1x1x1000
| 2 0.05 masonry |

0.10 wood J

112x{112x 128

@ convolution+RelLU

le max pooling
| fully connected+ReLLU

1 softmax

concrete?

* Input: 224x224 images
*  Output: 5x1 label vector




ResNet

3 Dense
256 Avg Pooling Softmax
— A 512
64 *
64+32*6 128 /+\ 1024
o = E ; 256 256+32*24
T1 D2 4 /]
224 , T2 e =
56 56 28 28 14 14
96 128 160 192 224 256 /_/L .
64 64+32 +32 +32 160+32 +32 224+32 | 128 5=
: 1128 K; > 128
Ly DL1 DL2 DL3 [ DL4 DLS DL5
56 56 56 56 56 56 56 | 56 28

64 p= 128 P=1 :
S=1 S=1 Concatenation
128 32 »
56 1 56 3 56

ResNet 121 architecture



ResNet
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Training Framework O PyTorch 1 TensorFlow @Xnet

Data Loader

Train Loop

for epoch in range(NUM_EPOCHS): # loop over the dataset multiple times

running_loss = 8.8

for i, data in enumerate(trainloader, @):
inputs, labels = data # get a batch from the dataloader
optimizer.zero_grad()
outputs = model(inputs) # compute labels

MOdel loss = criterion(outputs, labels) # compute loss

loss.backward() # update weights
optimizer.step() # adjust learning rate

running_loss += loss.item()

Loss Function

Tr

1 X 2
J—Eazyy—w

Optimizer

Backpropagation

Manage GPU Usage

device = torch.device('cuda’
model = model.to{device)
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Training Workflow
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Training Workflow
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Training Workflow
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Demo 1:Classifier



Demo 2: Image-to-Image

*  Architecture
* Input and output are both images
*  Produced image compared to
target image pixel-by-pixel
« Has a narrow ‘bottleneck’ layer

to encourage extraction of most important

features

»  Applications
«  Style transfer
« Denoising
* Image abstraction
*  Produce segmentations, masks

Networks

224

224 % 224 x 64

112x 112 x 128 2=

56 x56x7? v

Fully connected —

4096 units

14 x 14 x 512

14 x
28 % 28 x 512 14 x 512

28 x 28 % 512

Direct Connections

Input

Convolutional Part (Encoder) Deconvolution Part (Decoder)



Image-to-Image Networks: Wind Heatmaps

Input

Building heights Terrain

10
0175
2150 08
1125
06
) 100
0o 04
0050
0025
0000 00

Network Outputs

GAN Loss: 0.1045 ResNet Loss: 0.2344 CNN Loss: 0.2204

000

Target

Target




Demo 2:Image->Image



Demo 3: Object Detection

COCO Dataset
« 330000 images
* 91 object categories
« 250000 people

s P e 3
2) Object Localization

\

3) Semantic Segmentation




Demo 3: Object Detection

YOLO - “You Only Look Once’
Convolutional Neural Network
Input: 224x224 image
Output: 7x7x30 tensor

3 m e v L s =
Corw. Layer Conv, Loyw Coow, loyen Coaw. Layen Conv, Loyery Cone. layans  Conn loyer  Comn. Loyer
Talubts2 IxIx192 1x1x128 ‘lll,“}“ xlxSi2 } Ax3Ix1024
Moxpool Loyer  Maspool Layer 3x32256 3x3x512 3x3x1024 Ix3Ax1024
2Ae2 2x242 Ix1a254 Tx1x512 IxIx1024
P I P Iadx024 IxIx 102442

L
> S~

S X gri put

Class probability map

Final detections



Demo 3: Detection



Demo 4: Image Segmentation

ADE20k Dataset

« 27000 Images, 3000 Object Categories, 150 Semantic categories, 193,238 annotated objects, polygon annotations
. By MIT CSAIL




Demo 4: Segmentation



In-Class assignment



In-class Practice

(In Google CoLab)
1. Download GSV of a small area (or use images from the last GSV downloading assignment);

2. Using image segmentation to process these images, show the data structure of the mask of one
image sample;

3. Calculate the ratios of some objects (tree, cars, etc.), and aggregate the results from all images
together. The final results could be, for example, the greenery ratio of all images of Mass. Ave.,
Cambridge.



