UNRAVELLING INSIGHTS
ABOUT PROPERTIES
AND PLACES WITH
COMPUTER VISION

Chanuki lllushka Seresinhe, Phd
Head of Data Science at Zoopla and Hometrack
Founder of beautifulplaces.ai

200PLO 1l hometrack


http://www.beautifulplaces.ai/

The Ambassadors

Hans Holbeiln

the Younger
1533




‘rotestant hymnal
g

Flute with missing
pipe

-




P
N
-

i3

We are jﬁst at the

e

g
?
L

“
&

- ‘ . T
a c* el
"
" o's .

imagery

de Ry ¥ S - .
- .

- "

4
"

&'

® &~
>
':

T
O
7)),
7
O,
-

i -

=

0,
-
e

oly
=

v O
=

(O
e

n

L O

0,
d

< aVO» &
|

D

® _. -

Q-+ C

Ccm@™
ST O

~
g




Using Computer Vision
to predict the
beauty of places
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Do beautiful environments
have a quantifiable
association with increased
wellbeing?




“Easy’ to measure:
- Greenspace
- Distances to parks
-Land cover

- Measures of biodiversity



http://www.beautifulplaces.ai/

I —

INKSTOCH




0!...~:~u~u~nuannnﬁus~
AL RN he
/.,/..-,1..‘.//:,, Eresrusnswe

aa y - -——

s i

.

B SR —

et =

L) . bamn o
A\ R Pt eseeec

+*y >-- e
/r.unnunuunn-nnu

| ~e |

-

,..nfﬂblnn”u

g . I IERERINTHEY

o e IRIWERTLETUWINS
.‘... . - - - " -> -

S—— e s RPN R ERPRERS

.. -

1T I NINERNTETTTREREN.

- ' »
_ w
. .til‘aﬂ“\"
.lv.w&'v».\‘ g’
n.lbwﬂono#v .
- Otdﬂl').,' ’
. s - P
‘vl L\O. 0. Sl -:-‘.'l
N R Lt et e
. SN :ol.’il"a‘.. P et -O-B-
St S AT L R s e 3
R e o T S e Sas - L
" *STa g ue 5 ~ T e i X
— oy Tresn T - 7 g
.¢x~“'0'0"'““"”""*'#14'41 .\n .
e b a9 : : : s ..L. < .
F1E3aiergene ST -
OCM" lllll ".‘l.l“”« -
- IR IR UL N T B
R -
e USwremgms s 83 N E :
‘l-".' - -——
1IR3
',"“-'- - ’f",“” . H-

- - - -

Dl B S —

IZ3urnineteERNeRnIN LR THEN

sSaY

-y —

S ————

.n...ur... 4 J
A e e o e e —————————
: - 0 - W e W

FUTIRIRIBL e R ERNEHEEE 11

- -
1TiStasgy g(
. -- - .‘..‘“ud

;tln

LITIRSatRen .-
R -

s - - ol S
_— « \.‘ hd - 3
. -~ y -
I‘. & e "t k) i
e lﬁ.'l s
.n‘.ﬂ /l”"u - -
. -

i e IR T S —

el A - . -

© Copyright Karen, Source Flickr.com

icence

iclL

ivs 2.0 Generi

NonCommercial-NoDer

This work is licensed under the Attribution-



Measuring Beauty with Al

217,000 images
1.5 million votes
1 image per 1 km2

myS::ciety
geograph
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Measuring Beauty with Al

Lake District

Pennines

Somerset

Devon
Isle of Scilly —

Average scenic rating

1 22 31 3.6 39 42 46 8

North York Moors
Yorkshire Dales

Peak District

Data Source: Scenic-Or-Not.
Contains National Statistics,
NISRA, NRS and Ordnance Survey
data © Crown copyright and
database right 2013.

© Beautiful Places Al Community Interest Company 2023

www.beautifulplaces.ai
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Is there a collective
understanding of beauty
that goes beyond what is
nhatural is beautiful?
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Kellert and Wilson’s
Biophilia hypothesis

We have an innate connection to nature.
We have evolved to find attractive those

things that aid survival, such as fruit-
bearing or climbable trees.

Kellert, S. R. & E. O. Wilson 1995 The
biophilia hypothesis. Island Press.
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Jay Appleton's
Prospect and Refuge
Theory

We have evolved to prefer outdoor
spaces where one can easily view

“prospects” as well as spaces that
might contain “refuge” where one

can easily hide and avoid potentia
dangers.

Appleton, J. 1996 The experience o
landscape. Wiley Chichester.
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Measuring Beauty with Al

217,000 images
1.5 million votes
1 image per 1 km2
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Convolutional
heural
networks to
the rescue...
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Kuala Lumpuf

Architecture

2 million images
21 cities
3 continents

Paper: Bolei Zhou, Liu Liu, Aude Oliva and
Antonio Torralba, Recognizing City Identity via
Attribute Analysis of Geo-tagged Images.
Proceedings of 13th European Conference on
Computer Vision (ECCV), 2014.
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MIT Places
for Scene
Recognition

Paper: Bolei Zhou, Agata Lapedriza,
Jianxiong Xiao, Antonio Torralba, and
Aude Oliva. Learning Deep Features for
Scene Recognition using Places
Database. Advances in Neural
Information Processing Systems 27/

(NIPS) spotlight, 2014.
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Place categories
skyscraper: 0.60
tower: 0.27
office_building: 0.09

Scene attributes

cloud
Mmost
meta

S, openarea, manmade, naturallight,
yverticalcomponents, far-awayhorizon,

, vacationingtouring, wire

Place categories
coast: 0.35
ocean: 0.30
boardwalk: 0.07

Scene attributes

far-awayhorizon, openarea, naturallight,
natural, directsunsunny, swimming,
sailingboating, ocean, vegetation, warm
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Scenic

Valley
Mountain

Forest
Trees

Coast
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Can we use a convolutional
neural network to help
oredict the beauty of novel
images?
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Pre-trained Places365 Convolutional Neural Network

= Places Categories
L and Probabilities
------- — - Tower 0.19
— Bridge 0.13
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O O EI London Eye, London SE1 Chanuki

< C 1 ® www.geograph.org.uk/photo/2492104 w @ P @ b > oM

You are not logged in login | register

photograph every grid square! Iondon eye .

ome -
- TQ3079 : London Eye, London SE1 [Mark]

View
Search taken 6 years ago, near to Lambeth, Great Britain
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Browser

Explore More sizes
Gallery

Collections

Interact
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Discussions
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Submit
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This photo is
linked from:

Automatic Clusters

London Eye, London SE1
- Eye Eve This is how you see the Eye when approaching from Waterloo Station.
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A sample of the top 5% predicted
scenic images in London



http://www.beautifulplaces.ai/

ROYAL SOCIETY
OPEN SCIENCE

rsos.royalsocietypublishing.org

L)

Research

upcates

Cite this article: Seresinhe (I, Preis T, Moat
HS. 2017 Using deep learning to quantify the
beauty of outdoor places. R. Soc. open sdi.
4:170170.
http://dx.doi.org/10.1098/rs0s.170170

Received: 23 February 2017
Accepted: 19 June 2017

Subject Category:
Computer science

Subject Areas:
environmental science/computer modelling
and simulation

Using deep learning to
quantify the beauty of
outdoor places

Chanuki lllushka Seresinhe', Tobias Preis' and
Helen Susannah Moat'+2

1Data Science Lab, Behavioural Science, Warwick Business School, University of

Warwick, Coventry CV4 7AL, UK
2The Alan Turing Institute, British Library, 96 Euston Road, London NW12DB, UK

= (S, 0000-0001-6599-1325; TP, 0000-0001-9185-0892;

H5M, 0000-0001-8974-9277

Beautiful outdoor locations are protected by governments
and have recently been shown to be associated with better
health. But what makes an outdoor space beautiful? Does a
beautiful outdoor location differ from an outdoor location that
is simply natural? Here, we explore whether ratings of over
200000 images of Great Britain from the online game Scenic-
Or-Not, combined with hundreds of image features extracted
using the Places Convolutional Neural Network, might help
us understand what beautiful outdoor spaces are composed of.
We discover that, as well as natural features such as ‘Coast’,
‘Mountain’ and ‘Canal Natural’, man-made structures such as
“Tower’, ‘Castle’ and ‘Viaduct’ lead to places being considered

mare eronic Imnartantlvy while ecronoe cemtainino “Trooe” tond

Our findings demonstrate how
online data combined with neural
networks can provide a deeper
understanding of what
environments we might find
beautiful, and offer quantitative
insights for policymakers
charged with the desigh and
protection of our built and
hatural environments.

Seresinhe, C. |., Preis, T., & Moat, H.
S. (2017) Royal Society Open
Science, 4(7),1/01/0.
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understand beauty

Artificial intelligence can translate languages and play games - now it's being tasked
with understanding human subjectivity
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Extracting insights about
properties using
Computer Vision

Houseful
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200PLO w O @

My Home Saved My Zoopla

For sale To rent House prices New homes News and guides Find agents I I

Currently off-market ~ This property is not for rent or sale on Zoopla.

MY HOME HOMEOWNER _
. Tracking

7 Connaught Gardens, London, »>_» ,/7 ‘Q

/ I'mthe homeowner

E3 Sbeds 3 3baths & 5receptions

Freehold Detached house

et
~<\\\(i',
3

, 4 y Property estimate Rental estimate
o 5 NS > 2 Sy Ln
?\) S = '
WOOD GREEN
5 Alkeg‘alr;dlra Estimated price
3o ar alace o )
=1 Ry MUSWELL HILL ¥ £2.28m £2,401,000 £2.52m
S @ HORNSEY © . Low High
- @ G,
: > € Rd /
Al > £ Priory Park & > ( High conﬁdencg
‘9//1/ df'f)p V'\ \.
47 B o
& +£151,000 (7%)
X " Since last sold - November 2020
?25 A50
3 Parkland Walk :
B519 V2
) 7, ~
450) = ©

How we calculate and rate our estimates >
e Hill Garden Wattrewhark ~ The Castle €
Google d Pergola P Climbintvap data ©2022



Automated Valuation Model (AVM)

Our AVM is the UK's industry-leading
valuation model. It generates accurate,
instant property valuations to drive
confident lending decisions.

Our AVM gives lenders lower costs and
faster time to yes, with no additional risk.
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Automated Valuation Model (AVM)

Comparables-based approach valuing a property based on known valuations in the neighbourhood

Input Vectors Network
A\ Subject ~ Producecompunnormalisod-weights ‘ |
":‘ij;-:_-“ ”

m@ Compl ‘ Produce comp price adjustments ‘ ‘ \
N\

Subject  Producecompunnormalisoc-welghts

::i"-I:,ii»-'. A __ .
Comp2 ‘ Produce comp price adjustments ‘ ‘ \ | s l

@ Normalization
: no . e Learned
) . - . - » “Weighted Average”
L e e 1 alll
CompN-1 ‘ Produce comp price adjustments ‘ ‘ | y )
CompN ‘ Produce comp price adjustments ‘ ‘ | -

Data taken into account include:

e Previous sdle prices and dates of the property
e Changes in market value of similar properties sold nearby; value trends
e Characteristics of the property, e.g. number of bedrooms
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() © 2]
My Home Saved My Zoopla
For sale To rent House prices New hom >< I I
How we calculate and rate our estimates
Currently off-market  ThIS PrOPErty i \ve |, ndate our estimates every month based on the info we get
from regulated data sources. Our computer algorithm then

generates an estimate based on your home and similar properties
nearby. Magic.

We include:
E3 5beds 3 3baths & 5rece

Freehold Detached house

v Official survey records from accredited surveyors

/2 I'mthe homeowner
v~ Sold house price data from HM Land Registry and Registers
i of Scotland
'\_ﬁ;@fﬁum

= ‘J‘ %
. T
_

" Energy performance certificates (EPCs)

v Live for sale and to rent property listings

" Address data from Royal Mail and Ordnance Survey

O
o .
3 ' We do not include:
3
e
S

. X Renovations and makeovers
7 | X Recent extensions and extra rooms orice
V//
< £
Enan MUSWELL ’ooo £2.52m
4 & For more information on our estimates, see our FAQs. e
—_———— A o fence
O Ny . .
R ) Our confidence ratings
N\ &
\\\\\ @ ] )(7%)
e HIGH CONFIDENCE ovember 2020
%
B519 There are a lot of homes like this in the area. The data is up
4505 P | to date and market conditions are steady. Thisis @
~ @ Jhe HillGarden Wateriow
R oogle d Pergola D

common property in the area.

ate our estimates »
LOW CONFIDENCE




Our Data

200PLA

e _ ~3 million listings

Avg. 14 images per
listing

Also: description of images,

— ~  listing descriptions,
£495,000
surveyor reports...

1bed flat for sale
() 18 Buckhold Road, London SW18

E51bed [ 1bath (4 1reception



Poor Condition Modelllng

200PLA 209

Determining the quality and condition of @
home is normally quite challenging with the
data readily available to AVMs

200PLA

Being able to leverage Zoopla Listings data
can help us identify whether or not a
property is in poor condition

& Share Q save

Data that can be extracted from imagery

and listings text could also help open up a £130,000

. See how much | could borrow

host of hew opportunities for identifying

() Brooke Avenue, Milford Haven SA73

property risks e.g. HMOSs, property types

including prefabricated houses forinreiono
£95,000

See how much | could borrow

2 bed semi-detached house for sale

Q Steynton Road, Milford Haven, Sir Benfro SA73

\ Call agent




Poor Condition Modelling
Example Images




Poor Condition Modelling
Modelling approach

Actual Label:
Poor Condition
(extracted
from survey
data)

| p )

Listing

Description

4

»
»

CV Model

Average

»
|

[
»

CV Model

A 4

95 Poor
.05 Good

* .80 Poor

.20 Good

AGGREGAT
OR

/

.77 Poor
19 Avg
.04 Good

/

» .30 Poor

CV Model

Property data

»
|

»
L

NLP Model

.70 Good

/

.85 Poor

Meta Data

[
|

11 Avg
.04 Good

/

| .60 Poor

-

| .20 Avg

.10 Good

Predicted Label
Poor Condition 0.85



Poor Condition Modelling
Convolutional Neural Networks

e A Convolutional Neural Network can be trained to identify these
poor condition images

e
™ —m
Weight Layer Identity (x)
Input Convolutional Neural Network Output [_i_)
Pre-Trained | n AYATA
CNN ImageNet | - 2 |32 ) B
labels /,/*“** g ’0 r': : % r%: % 2 g
? 2 ‘3 2 S (B2
Trained using Tensorflow with transfer
Poor » learning on ImageNet ResNetb0 to teach the
Condition g Condition : : "
Poor 77 model to detect images in poor condition.

CNN




Computer Vision Model

An initial exploration of the images attached to listings that surveyors have marked as poor indicate that a
Convolutional Neural Network could be trained to identify these poor condition images.
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NLP Model

Example Property Descriptions

**investment opportunity**large
detached annex**no chain** This
IS a truly rare opportunity and must
be viewed to appreciate the
accommodation on offer! This
property requires full
refurbishment. This end-terraced
Droperty offers some original
neriod features and has quirky

features. Situated in the popular
part of High Spen, Rowlands
Gill.The property comprises of
entrance hallway, sweeping
staircase and two large reception
rooms and a kitchen. To the first
floor, there are two large double
bedrooms and a single

Situated on a popular residential
turning is this three bedroom
terraced family home requiring
modernisation.he property
opens into a long entrance hall
leading to two separate reception
rooms with the rear allowing
access to the rear gardens and is
completed by having a fitted
Kitchen.The first floor benefits three
well proportioned bedrooms with
the master having a box bay
window.Externally is a rear garden
that measures over 118 ft and is
south facing. To the front of the
property is a driveway.Within a
short

Move Residential is pleased to offer
for sale this larger style four
bedroom mid terrace property,
ocated on Ashbourne Road in the

popular residential area of
Aigburth, L1/. Although the
property is in need of some
modernisation throughout, is
offers a profusion of potential
and is waiting ready for a lucky
buyer to move in and put their own
personal stamp upon - creating
their perfect future family home. In
brief, the property comprises; an
entrance hallway, a bay fronted
family lounge with wonderfully high
and decorative



NLP Model

BERT vs Logistic Regression w/ TF-IDF

e Estate agents may not always include accurate images of a property in bad condition (e.g. they may include
past images showcasing the property in its best light). In these cases the text description can be used to
infer if there is something about the property that should be further investigated.

e We explore two options to help predict poor properties: 1) a state-of-the-art NLP model — BERT transformer
architecture 2) a simple more explainable model - Logistic regression applied to TF-IDF vectorized text

Property Condition Prediction

Classifier { *

iacenstate { 1l IO EEER

Language Model {

Tokenisation {

Input{

1

1

1

1

1

!

!

!

!

CLS]

T2

T3

T4

15

T6

17

18

[SEP]

-

g Great investment opportunity for a three A

bedroom semi detached house, situated in a

popular residential location which is requiring
modernisation.

J

Transformer based NLP architectures like
Roberta have shown to outperform traditional
language models due to being pre-trained on
large datasets and the ability to take a greater
level of context of words into consideration via
bi-directional encoded representations. These
factors giving them a distinct advantage over
traditional methods.

ih hometrack



NLP Model
Analysis of text

y=Good top features y=Poor top features

e (Good conditions property listings often contains

Weight’ Feature Weight’ Feature

descriptions of ‘modern’ or ‘new home' properties

- . , o : : +2.542 modern +5.252 modernisation
which are’ well presented’ and ‘'maintained to a high B I . LE198  need
standard. +1.768 integrated +4.250 potential
Poor properties often contain phrases such as +1.710  landscaped +3.141  opportunity
‘ .. L, . ., +1.310 area +2.962 window

requiring updating’, ‘need modernisation’ or +1.303  presented +2.927 chain
‘investment opportunity. Other phrases such as +1.243 home +2.830 need modernisation
ST , - T TR +1.241 standard +2.608 dining room
dining room .are considered to be an ||.1dlcat|on that A o +2 E01 refurtg)ishment
the property is older, as newer properties tend to have +1.203 new +2.312 updating
integrated kitchen dining areas. ... 40557 more positive ... ... 32543 more positive ...
C L , . ... 57825 more negative ... ... 66839 more negative ...
Phrases such as ‘chain’ and ‘window’ are also included _0.951 room -2.668 apartment
as they often appear with phrases such as ‘no chain’ -0.953 investment -2.812  lovely
and ‘no upward chain’ or ‘double glazed windows' '1151;2 IR '_é’ggg L"etfvgrated
which are often used as key positive descriptions for 1178 L%av\r,er ooints -3.112  recently
poorer properties which often don’'t have much else -1.214  room kitchen -3.143  ensuite
to promote. -1.232  modernisation -3.155 area
-1.329 need -3.571 well presented
-1.720  potential -4.679 presented
-1.742 property -5.702 modern

ih hometrack
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Advanced condition analysis - In need of modernisation

G,

: . e
Iy I‘ealntlng J

Missing
carpets

Kitchen
upgrade
required

Replastering

* " Bathroom  —« |
required R |

| :FT upgrade




Create More Accurate Valuations — Property feature verification

Verify
extensions
have been
completed in

property

Total Area: 105.9 m? ... 1140 ft? (excluding porch, eaves storage, garage)

w
T Ki
A itchen °
/i — N v f f the accuracy of the floorplan contained here, measurements of doors, windows,
S \ L/ 2.63 x 6.04m e rl y OOta g e ite and no responsibility is taken for any error, omission or mis-statement.
T 8'8" x 19'10" oses only and should be used as such by any prospective purchaser.
E Area includes internal and external wall thickness
www.epcassessments.co.uk
o Eaves Storage
Dining Room Bedroom
Garage 3.17 x 3.59m 3.17 x 3.59m
10'5" x 11'9" 10'5" x 11'9"
4.09 x 4.82m o

13'6" x 15'10"
Verify property
attributes with
floor plan

Bedroom
5.09 x 3.25m
16'8" x 10'8"

Landing

Bedroom
3.20 x 3.73m

1 " ' n Study
10'6
e eas 2.1 x 2.55m

6'11" x 8'5"

Living Room
3.57 x 3.98m
179" x 131"

Eaves Storage

Second Floor
Area: 17.3 m? ... 186 ft?

Ground Floor First Floor
Area: 48.7 m? ... 524 ft2 Area: 40.0 m? ... 430 ft?

Check for

= i utbuildings
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ldentify features for our Climate products

~Solar p A
~ Panels: (g /&
N o, .=
: Energy (&P 1

=4 . | : )l_\ /
. & o ".,(,‘ AV Conservatory:

v Energy
=% Efficiency
| I

’

Raised
front door:
Flood risk

... o N
Skylights: Trfee I.’rOX|m|ty:
Greenhouse Wildfire/

Subsidence risk

effect
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Using Computer Vision
to Understand
Consumer Preferences




Airbnb found that along with price and location, the photos of a property
were the biggest influence when securing a booking.

Cabinin Cusco, Peru % 4.95(297) Chaletin Paraisépolis, Brazil % 4.9(139) Home in San Cayetanode... % 4.97(90)
Cuzco Stylish Getaway Cabin below... Brakiarias Havenna Home Quinta La Ceiba Modern Home with Poo...
Individual Host Individual Host Individual Host

10-15 May 14-19 May 17-22 May

£131 night - £651 total £169 £98 night - £489 total £196 night - £976 total

200PLA



Smart Property Tags

We are creating additional tags on property features (e.g. “kitchen island”, “bath”’garden”), lifestyle themes (e.g.
“Sea View”) and style (e.g. “Victorian”, “Cottage”). The ultimate goal would be to build a layer of 100+ labels to add to

our property data to serve various purposes across the business.

SPACIOUS LIVING
ROOM | s NATURAL LIGHT

’V]A . : —~——— ‘
: Y. : s W g
TERRACED | AT - — | Y i

= winDOows |

SR T T e A G i
s 5 N :r:*@‘_i;‘ s
% b 4 08

o g
:;;“ = R e -
= IR W, S 7

: 3 = - — -
. 1718 M [O1 &

? V‘ A\

T

Adding a layer of structure with “labels” on top of our data using
advanced Data Science capabilities e.g. computer vision and NLP



/' VICTORIAN OPEN PLAN "

Leasehold, Top floor Victorian conversion-ffat, Open-plan reception room, MODERN BATHROOM

Modern bathroom, Close to amenp#ies, Close to transport [inks.

- RECENTLY REFURBISHED
- NATURAL LIGHT

A stunning top-floor Victoriein conversion flat which has undergone full

refurbishment.

Boasting anabundance of natural light-thetiving room has ak excellent

MODERN KITCHEN

open-plan flow which is complemented by a chic modern kitchen with

integrated appliances, ample space for dining, and great storag oﬁl’mns.\ GOOD STORAGE
oathroom is stylish in design whilst the bedroom is well-proportio OPTIONS

penefits from integrated storage. —

Colvestone Crescent is perfectly located to enjoy the bustling amenitie's of

ELL CONNECTED

Kingsland High Street, Ridley Road and Hackney Downs which are all locgted
moments from the property. The East London hotspots of London Fields,
Broadway Market and Church Street Stoke Newington are also easily

ACCESS TO

: ST . GOOD SCHOOLS
earned the coveted Ofsted outstanding rating-Tronsport wise, access to 72

accessible as well as a host of primary and secondary schools which have

both Dalston Kingsland and Dalston Junction Overground Stations are a short



Property Architectural Property Style/ oroperty Tvbe oronerty Location
Attributes styles Condition perty 1yp perty

Bath e Art Deco e New build e Houseboat e Waterfront
e Gym e Victorian e Fixer-upper e Barn e SeaView
e Garden e Period e Cottage e Lake View
® Office - ® ®

e Driveway

e Garage
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Aesthetic appeal of interiors - style recogn
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Aesthetic appeal of interiors - historical features
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Aesthetic appeal — views
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Identify additional property features like swimming pools and island kitchens

meve..

Property Sales & Lettings
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Labelling with the help of ChatGPT

We are passing each property listing text to ChatGPT and asking it a number of questions:
- Is this property in need of modernisation/updating?

- yes - the listing states the property is 'in need of modernisation throughout.
- maybe - the property is described as a development opportunity, which may imply it needs
modernising.

- Is this a period property?
- yes - the property is described as an Edwardian property.
- maybe - the text mentions Marylebone's rich history and classic London mansion block style, but it
IS not clear if the property itself is a period property.

These results are not always perfect and still require manual checking. This technique has enabled us
to subset the data to more quickly identify examples for each tag.



Active Learning

Active Learning is a strategic approach that optimizes the labeling process by focusing on examples where
the model exhibits the highest uncertainty, thereby improving learning efficiency and effectiveness.

Enrich Train

Add newly labeled
sample to the
training dataset

Active
Learning

Label / \ Query

Label the selected Use learning
sample function to select

the next sample

Train model based
on available data

Query strategies in active
learning refer to methods
used to select informative
samples to be labeled by
a human annotator, with
the goal of improving

the model's accuracy.

2



2

Active Learning - identifying the correct samples to label

- Identify Uncertain Images: Use querying strategies to pinpoint images where the model shows prediction
uncertainty, typically indicated by probability scores between 0.40 and 0.60.

 Find Similar Samples: Apply embedding similarity techniques to locate and incorporate additional samples
that are similar to the uncertain images, thereby enhancing model accuracy in image recognition.

Selected

Similar

— "

Using image embeddings to identify similar images

to the ones that are failing and feeding this back to
the model training can vastly help improve results.



Getting started with
Computer Vision


http://www.beautifulplaces.ai/

You don't have to be a Data Scientist to create »
computer vision models

— Practical Deep Learning for Coders

Practical Deep Learning

Browse > Data Science > Machine Learning Offered By

On this page

Practical Deep Learning . his course s part of the Desp Learming S ERNRND @ DeepLearning.Al

A free course designed for people with some coding experience, who want to — .
edl resulis

learn how to apply deep learning and machine learning to practical problems, o Convo lu tiona IN eura I Networ kS

rour teacner

kkkkkx 49 41379ratings | & 95%

s this course for me?

) New!
The software you will be using
We just launched a new >30 hour video course for more experienced students: . _ ) 4
Why deep learning? 'E.u Andrew Ng +2 more instructors
Practical Deep Learning for Coders part 2: Deep Learning Foundations to Stable What you will learn
Diffusion How do | get started?
Enroll for Free : .- .
OR : Financial aid available
L) Report an issue Starts May 5

This free course is designed for people (and bunnies!)
with some coding experience who want to learn how

_ _ . 450,657 already enrolled
to apply deep learning and machine learning to

practical problems.

. Deep learning can do all kinds of amazing things. For

instance, all illustrations throughout this website are
made with deep learning, using DALL-E 2.

fast.ai

©@ DeeplLearning.Al
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Creating a high quality labelled dataset is critical - you can then get
away with fewer examples

Y Labelbox

() 2NCORD

| Label Studio
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Some more tips..

- Imbalanced datasets - the number of examples in one class greatly
outnumbers the examples in another
- Class weighting
- Oversampling

- Watch out for data leakage - ensure you don't let your test data “leak” into
your training data. This can happen if you keep optimising your model to
work well with your test data. This can give you a false sense of confidence
your model is doing well. Make sure you keep a test set completely separate
from your validation process. Most people will have three splits train/
validation and a completely different test set only looked at in the end.

- Let the model performance guide additional labelling you need. Start by
labelling a random 500 images. See what the model is failing to perform
well on and look for more images that show the examples the model is
failing on, label those and feed them back into the training set. This can
speed up model iteration massively.

- Use ChatGPT to help with your labelling!
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&) BEAUTIFUL PLACES

A COMMUNITY DRIVEN
Al APPROACH TO
CREATE MORE BEAUTY
IN OUR LIVES....



http://www.beautifulplaces.ai/

We intuitively grasp the
profound influence of
beautiful places. They
enhance our personal joy,
solidify community bonds,
and act as catalysts for
economic prosperity.



http://www.beautifulplaces.ai/

However, their quantifiable
value remains elusive.
pbridges this
gap, delivering vital data to
empower initiatives that help
safeguard and create more
beauty in the world.



http://www.beautifulplaces.ai/

Beautiful Places Al is a
Community Interest Company

— A Community Interest Company (CIC) is specifically structured for social
enterprises that aim to benefit the community rather than private interests.

— Our organisational foundation is "Limited by Guarantee,” which solidifies our
position as a nhon-profit entity.

— With a CIC we can still monetise curated data, for example, selling high level
Beautiful Places insights to entities such as property or travel companies. The
profits generated are purposefully directed towards various social good
projects and research initiatives that we choose.

— Fundamentally, being established as a CIC ensures the Beautiful Places Data
itself is securely protected with an asset lock. This allows the data to
continuously serve and empower global communities, reinforcing our
unwavering commitment to positive social impact.

© Beautiful Places Al Community Interest Company 2023 www.beautifulplaces.ai 88
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Using a combination of crowdsourced
data and machine learning, we want to
create large scale, high resolution
beautiful places data for every country
in the world in order to provide
objective information on beauty to
support decision making worldwide.

While we will start with data for the
United Kingdom, next year we plan to
launch our data for cities around the

world.

© Beautiful Places Al Community Interest Company 2023 www.beautifulplaces.ai 89
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We will use this data for
to understand the of
on human and
economic

Armed with
public good organisations and local
communities can make more

about the
creation and conservation of beauty
in neighbourhoods.

We aim to use the insights from our
algorithm to guide how to our
to be more and

spaces

I'IMES

Beautiful urban attractions such as St Paul's Cathedral were found to boost mood

Beautiful cities hold the key to
happiness

Papers already published:
Seresinhe, C. |., Preis, T., & Moat, H. S. (2015). Quantifying the Impact of Scenic
Environments on Health. Scientific Reports, 5, 16899.

Seresinhe, C. |., Preis, T., Mackerron, G. & Moat, H. S. (2019). Is Happiness
Greater in More Scenic Locations? Large Scale Evidence From Mobile Phone And
Online Data. Scientific Reports, 9, 4498.
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Current research

Using generative models to better understand intrinsic urban design
factors and combinations that contribute to Beautiful Places

Original Streetview Urban Counterfactuals Explain trees classifier Explain price classifier Explain scenicness classifier

Could include:

ornateness
greenery
Future work density
at BPAI activity

Related research:

Law, S., Hasegawa, R., Paige, B., Russell, C., & Elliott, A. (2023). Explaining
holistic image regressors and classifiers in urban analytics with plausible

counterfactuals. International Journal of Geographical Information
Science, 1-22.

Law, S.; Seresinhe, C.1., Yao, S. Upcoming. The intangible value of street-
level urban design using a machine learning approach: urban beauty,
active frontage and street greenery.

© Beautiful Places Al Community Interest Company 2023 www.beautifulplaces.ai 91
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We will collaborate with like-minded
researchers, organisations and
institutions that share our vision,
offering them insights into the
potential benefits of beautiful places.

In addition, we'll grant complimentary
access to curated datasets and
insights, to help amplify the positive
impact this information can have on
human and economic wellbeing.
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that encourages It connects
users to local walks, rich in green spaces, that are
lovingly curated by knowledgeable locals, enhancing
the walking experience through shared community
insights.
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We plan to harness our data on beautiful

places to that aim to bring
the world's beauty —
both

— Envision an guiding you to nearby

, anywhere in the world

— Picture yourself in
in the
comfort of your home, tailored to your
preferences.

— Imagine a mundane
street into an enchanting avenue
using on your daily

commute.
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Our ultimate vision is to
ensure everyone can access
and appreciate beauty,
regardless of where they are.
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& BEAUTIFUL PLACES
THANK YOU!

FIND OUT MORE AT
BEAUTIFULPLACES.AI
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