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=PFL  Background : Urban planning and human living experience
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West Lake, Hangzhou, China Hangzhou urban planning map: Hangzhou function diversity
hot and cold spot map!"!

Extraordinaryview existence + Good living experience !

B Intro

1. Qiu, Yining, et al. "Understanding the urban life pattern of young people from delivery data." Computational Urban Science 1 (2021): 1-16.
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Background

More challenging urban design exists...

00000 o

Euclidean zoning (areas with specific rules for building use)

L City of Somerville L%
Massachusetts T Neii . iR
ZONINGMAP ™y =~ i

To demimee exact teudary s and reaon 1 specsic parcets

Propernd by the Somervila Piarning Drveson
‘Ameerted Februsry 11, 2010

.........

Jeopardizing vibrant and socially resilient communities!!!

Intro

m2. Jacobs, J. (1961). The Death and Life of Great American Cities. New York.

Question: What kind of urban designis
considered benefiting intemal individual

residents and society?

Objective: Understanding human’s

interaction with urban forms
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OUTLINE

Data Exploration

> Pedestrian Counts
> Urban Forms

> Other Features

Model Regression & Interpretation
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=PFL  Data - Pedestrian Counts : Sensor Locations

Yihan Wang

Sensor Locations on Street Network in a region in Dublin
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SensorID: 12

College Green, Bank of Ireland

B Data

Daily counts
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Weekly trend - Sensor 12 - Year 2023
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Weekly

* Cyclicwith shghﬂylmmerpeaks
onweekends

— January, # of Na in days = 0.0
—— February, # of NaN in days = 0.0

March, @ of NaN in days = 0.0417
—— April, # of NaN in days = 0.0

May, # of NaN in days = 0.0

June, @ of NaN in days = 0.0

July, # of NaN in days = 2.25
—— August, # of NN in days = 0.0
—— September, # of NaN in days = 2.25
—— October, # of NaN in days = 0.0
November, & of NaN in days = 0.0
December, # of Na in days = 0.0

Monday

Tuesday WViednesday Thursday Friday
Day
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Sunday

Daily counts
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Hourly counts

Data - Pedestrian Counts : Hourly Pedestrian Flow

Dally trend - Sensor 12 - Year 2023

/ang

Daily
* 3 peaks

— January, 2 of NaN in days = 0.0
—— Febiuary, # of NaN in days = 0.0
— March, & of NaN In days = 0.0417
April, # of NeN in days = 0.0
May, # of NaN in days = 0.0
June, # of NaN in days = 0.0
—— July, # of NaN in days = 2.25
August. # of NaN in days = 0.0
September. # of NaN in days = 2.25
Octover, # of NaN in days = 0.0
November, # of NaN In days = 0.0
December, # of NaN in days = 0.0

Hour
Monthly trend - Sensor 12 - Year 2023
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g
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Monthly

Saint Patri

—— Jonuary, # of Na in days = 0.0
~— February, # of Na in days = 0.0
March, # of Na in days = 0.0417
—— April, # of NaN in days = 0.0
May, # of NaN in days = 0.0
June, # of Na in days = 0.0
— July, # of NaN In days = 2.25
—— August, 2 of NaN in days = 0.0
—— September, # of NaN in days = 2.25
~—— October, # of NaN in days = 0.0
November, # of NaN in days = 0.0
December, # of NaN in days = 0.0
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Data Exploration

™~

> Pedestrian Counts
> Urban Forms

> Other Features

Model Regression & Interpretation
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£PFL  Data - Urban Forms: From Counter Nearest Node Polygon '
e -
SensorlD: 12 ‘ s~
I 25 min walk )
College Green, Bankof Ireland
» 3' ﬂ/
T L A

= ' Determine the closest node - Retrieve 15 mins walk polygon = Inside urban forms

B Data
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SensorID: 12

B Data

Data - Urban Forms: Polygon Urban Forms

building
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NA Polygon) - 1128081 m2

commercial - 445261 m2
apartments - 389587 m2
retail - 300199 m2
university - 162703 m2
office - 104055 m2
public - 101022 m2
house - 94768 m2
church - 54094 m2
train_station - 51916 m2
hotel - 43019 m2
hospital - 28158 m2
terrace - 26130 m2
parking - 25108 m2
residential - 23461 m2
school - 18477 m2
government - 15382 m2
dormitory - 13910 m2
theatre - 11329 m2
industrial - 10048 m2
roof - 8492 m2
cathedral - 7644 m2
transportation - 7276 m2
college - 6253 m2
construction - 5127 m2
warehouse - 4362 m2
civic - 2851 m2
sports_hall - 2820 m2
library - 2317 m2
greenhouse - 2217 m2
service - 1950 m2

shed - 1926 m2

chapel - 1265 m2
presbytery - 891 m2
ship - 675 m2

bank - 528 m2

garage - 518 m2
guardhouse - 507 m2
hostel - 500 m2
monastery - 424 m2
kindergarten - 412 m2
restaurant - 374 m2

hut - 301 m2

detached - 276 m2
bridge - 254 m2
mixed_use - 233 m2
mews - 161 m2

arch - 63 m2

Yihan Wang

Total Area of Each Building Type (Ordered by Area) within the 15 min
walk distance from College Green Counter

NA

commercial

g_q};/?gpment
residential
gar ing
terrace
hospital

hotel

apartments

house
public

retail

. . office
university



=P7L Data - Urban Forms:

* Sensor Location
Bicycle Parking Stand Location
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B Data
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* Sensor Location

Public Artwork Location
. T
4

I From OSMnx (public area:

[public; church, ‘cathedral’, chapel, civic])
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Data Exploration

> Pedestrian Counts
> Urban Forms

> Other Features

Model Regression & Interpretation
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B Model

Model - Data Preprocessing

Melboume

 Filtering out data with COVID-19 restrictions: (= 4115348 x 135 dataframe )

Whole period

Restrictions including:

School Closing
Workplace Closing

Cancel Public Events

Obvious COVID-Drop ;
' Restrictions on Gatherings

Close Public Transports

Protection of elderly people

One-hot encoding for categorical features
Xjj —min(x;)

Z - score Standardization: x;;" =
xij —mean(x;)
std (x;)

max(xj)—min (x;)

Normalization: x;j =

Deal with NaN values: fill with feature means

Stay at Home Requirements
Restrictions on Internal Movement
International travel controls
Restrictions on Gatherings
Contact Tracing

Facial Coverings
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£PFL - Model - Setup

Interpretable model: linear regression

Hourly pedestrian counts

Ordinary Least Squares

Footprint
REYEes Proportion
CE ws Clustering el
Mean
speed U Node Closeness Footprint
peed_ Density Centrality Stdev
Betweenness .
speed_v PageRank Centrality Commercial
Street L .
rh Length Civic Social
temp_K day_type Entertainment U]
P y-yp Total

Features including: weather, urban form, network property, population...

B Model

Perimeter
Mean

Perimeter
Stdev

Complexity
Mean

Complexity
Stdev

Building
Count

Food

Healthcare

Institutional

Recreational

Green View
Mean

Sky View
Mean

Building View
Mean

Building View
Stdev

Road View
Mean

Road View
Stdev

Visual
Complexity

PopSum

Men

Women

Elderly

Youth

Children

015_Green
Area_m2

distance

feature_x

feature_y

nearest_x

nearest_y

015_Walkabl
eLength_m

015_PublicTransp
ortAccessCounts

015_Amenity_Sha
nnon_
Entropy

B15 Comm
ercial_per

B15_Religi
ous_per

O5_Walkab
leLength_m

O5_PublicTranspor
tAccessCounts

O5_Amenity_Shan
non_Entropy

B5_Accomm
odation_per

B5_Comme
rcial_per

B5_Religious
_per

B5_others_
per

S15 n

S15 m

S15_k_avg
S15 edge_
length_total

S15 edge_
length_avg

S15_streets_per
_node_avg

S15_street_
length_total

S15_street_le
ngth_avg

S15_circuity_
avg

S15_self_loop
_proportion

S5 n

S5 m

S5 _k_avg

S5_edge
length_total

S5_edge_length
_avg ...
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B Model

Model - Exploration

Plain model: RZ2 =0.287

Baseline model: Categorizing hour in day: R? =0.523

Morning Peak: 7, 8,9
Lunch Peak: 12, 13, 14
Evening Peak: 16, 17, 18

Hour categorization helps explaining the variation a lot!

« Adding a predictor of ‘year’: R> =0.538

Other temporal predictor remains unexplored

=
r

Yihan Wang
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Model - Exploration

Baseline model: R2=0.523

« Exploring feature interactions: R? = 0.545

Intuition: For population groups,
the fractions are more meaningful.

Intuition: people may have different public

transport use behavior on holidays vs
workdays

B Model

Included interactions

Men / PopSum

Youth / PopSum

Children / PopSum
day_type * morning_peak
day_type * lunch_peak

day type * evening_peak

< day_type *
015_PublicTransportAccessCounts >

<day_type *

O5_PublicTransportAccessCount>

<> p<0.05

Youth * Commercial
Youth * Entertainment
PopSum * Commercial

PopSum * Entertainment

PopSum * Building Count

<day_type *
Commercial>

<day_type * Entertainment>

<day_type * Building Count>

« Adding additional features: R2 =0.580

(yearly average data: gdp, green gas emission from different sections )

Intuition; Young people may be
influenced by day type more

<day_type * Institutional>
<day_type * Recreational>
<day_type * O15_GreenArea_m2>
<day_type * O15_WalkableLength_m>
< day_type*O5_WalkableLength_m >
<day_type * B5_Accommodation_per>
<day_type * B5_Commercial_per>

< day_type *
B15_Accommodation_per >

< day_type *
15_Commercial_per >

< day_type * B15_
Religious_per >

< day_type * B5_
Religious_per >

<day_type * Youth>

<day_type * Men>
<day_type * Women>

<day_type * Elderly>

<day_type* Children>
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. Weather features:

cc, speed_u, speed_v, rh,
temp_K,ws

e Time features:

day_type, morning_peak,
lunch_peak, evening_peak

* Population features:

PopSum, Men, Women, Elderly,
Youth, Children

o Model

Residuals

Residuals

Residuals

Residuals
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Decomposition of the residuals

Weather Features
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Predicted Values

Weather + Time + Population + Urban Form Features

Predicted Values

- 30000
| 25000
| 20000 5
-
L 150005
5
| 10000 3
3
I 5000
Lo

- 30000

L 25000

L 20000 5
e

L 150005
5

| 10000 3
3

| s000

Lo

- 30000
L 25000
L 20000 5
c
L 15000 5
c
I 10000 3
3
F 5000
Lo

30000

H 25000

L 20000 5
c

L 15000 S
c

I 10000 3
8

F 5000

Lo

Residuals

Residuals

Residuals

Residuals

Urban Form Features

Predicted Values
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Model - Interpretation (with baseline model)

count in bin

count in bin

count in bin

count in bin

Residuals

Residuals

Residuals

Residuals

2]
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Time Features + Population
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Conrelation Coefficient

Information gain

Baseline model: R2=0.523

« Correlation analysis
Sorted Correlation Coefficients between Features and Pedestrian Count

109 —— abs correlation

T T T T T T
Hourly_Counts Entertainment Green View Stdev Footprint Mean Visual Complexity StdevCloseness Centrality
index

* Information gain

Model - Attempt to lower the feature dimension (baseline model)

Rule out the features with correlation coefficient < 0.01

®» R2=0509

cc, S5 _edge_length_avg, S5_street length_avg, S5_circuity_avg,
S15 self loop_proportion, Closeness Centrality, BS others_per,
B5_Accommodation_per, Institutional, speed_u, distance, Building

View Stdev, Clustering (Weighted): 13

Rule out the features with information gain <0.04
®» R2=0507
Helthcare, day _type, lunch_peak, Degree, Clustering(Weighted),

Institutional, Civic, evening_peak, Clustering, Eigenvector Centrality,
PageRank, Social, n: 14

[=Y
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=PFL Summary

B Summary

Explored and analyzed urban features from open datasets.

Developed mathematical models statistically explaining the
spatial-temporal relationship between pedestrian flow and

different groups of features.

Implemented traditional machine learning techniques, improving

the model R? up to 0.580, with Luis F. Miranda-Moreno et al.[!]
highest R?=0.60.

[1]. Luis F. Miranda-Moreno and David Femandes. Modeling of Pedestrian Activity at Signalized Intersections Land Use, Urban Form, Weather, and Spatiotemporal Pattems

Yihan Wang o
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