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Vacant Lots

What is a vacant lot?
An abandoned property
Caused by economic decline
Why are vacant lofs a problem®e
Criminal activities
Poorer standard of living
Depressed property value
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Reclaiming Vacant
Lots

O Convert infto community gardens

O Convert intfo urban farms

O Convert info Qualified Community
Managed Open Spaces (QCMOS)




O Urban planners and community leaders poNQF- wn
select vacant lots for conversion _QL
O Community programs provide support

with data
O Decision is made by analyzing the data GROU NDED
and selecting a vacant |of IN PHILLY

A project of the Garden
Justice Legal Initiative




O Decision is made by analyzing the data and selecting an optimal
vacant lof
O Community leaders need to "reinvent the wheel" each time



O A system that would:
O Learn from previous vacant lot conversions and,
O Provide recommendations on which lots should be converted



O Provide a decision support system for urban planners in fackling the
vacant lot problem

O Provide a recommendation tool for community members in a
vacant lot



O Build a generalized vacant lot model that can be applied to any
City

O Develop a machine learning model to predict vacant ot
conversions



f1 = Utility from public services
and infrasfructure

O We define a vacant lot as @

depende.ncy of its feature set F f3 = neighborhood property value
such that: indicator

F={f1,f2,f3,f4,f5, f6} ;g‘ - éﬁ%‘;ﬂé'eogsﬁim”y

f6 = zoning policies

f2 = Access to vacant lot



Baltimore Philadelphia

O Size: O Size
O 1907 O 1101
O Vacant: O Vacant:
O 1000 O 500
O Converted classes: O Converted class:
O ADOPTED - 517 O COMMUNITY GARDENS - 601

O URBAN FARM - 127
O QCMOS - 243
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O Random Forest

O Multilayer Perceptron
O K-NN

O Naive Bayes

O SVM



O For each city

O Build datasets in conformance O Split dataset info fraining, festing
with our vacant lot model O Splqg?c!ggg?r?sssr;ple of 60% of

o .o . 1Z o
O Build clqssmco’non models for the data for fraining and testing
each city O Utilize random sample of 40% of

the data for validation



ADOPTED QCMOS URBAN FARM Overall (Mean)

Classifier

Precision Recall F1  Precision Recall F1 Precision Recall F1  Precision Recall F1
Random Forest 0.90 0.94 0.92 0.84 0.77 0.80 1.00 098 0.99 0.91 0.90 0.90
k-NN 0.91 0.94 0.92 0.85 0.79 0.82 1.00 1.00 1.00 0.92 0.91 0.91
Naive Bayes 0.79 0.98 0.88 0.91 0.44 0.59 1.00 0.98 0.99 0.90 0.80 0.82
MLP 0.81 0.92 0.86 0.75 0.54 0.63 0.98 0.98 0.98 0.85 0.81 0.82
SVM 0.85 0.90 0.88 0.78 0.65 0.71 0.95 1.00 0.97 0.86 0.85 0.85

Results for Baltimore




Adopt

Classifier

Precision Recall F1
Random Forest 0.90 0.93 0.92
k-NN 0.85 0.84 0.84
SVM 0.67 0.72 0.69
MLP 0.63 0.79 0.70
Naive Bayes 0.76 0.72 0.74

Results for Philadelphia




C . i 3t 0.5 wheihral b : Ty A A "_r "1 s oy L
*'f?ﬂi’ LY N\ R g
. |'§M‘ “]"lﬁ\}/l P A. ,;\& Q%;‘# © ._,:‘ ,‘ !
iimj 1 i

o
=

'.; % ﬁ"‘uc s ;ri rﬁm%

ii ¥
NS

5
I

{“

AAREITI "-

i
) : ¢ “’1 r;'uﬁ‘-.wr:ﬁ a[ll—
=y TR q LN D o g B )
1o [ A e b S s ek o8 B
. " 3 A Hrrage (rnses o | 1 e B,
- DS T . AN A T a5 '

: i el
AT o

Ramaet kmams
o

4

=
ul
I's
o
(BRI a1

-3

15k

r—"’—l
LI

d bl

by

I

|

==
[
el

o
%

[
pll
*l
! o

3
_ l'i‘[

_I"
i

=1

=

4l
iR

i
|

I <

J‘ L -
.LSA)F.;—‘. m-' us ey o
T
v

-”f“"‘“ e 2 5 w2
n. . "lrlkbt ,V\_ ‘?ll',“ L"htaﬂ '

_._J} p:Li = Lrh ]&‘ JL"
m .

B J"J 05t

|—]’— Ill)

..‘ ‘idm '__1
i \"‘» Y 1 i
e g«.\:’(* B Y '\\ XN

e l-..vbo E z«"—
- ), nn' :'- 4 ,.,- (-
IM\NF‘II N




wi 'l b Ao Pralin— ool B FL S8 | | . | @& S8 (TR LY r e —— I B TR e W ’"!' L Ll Tk N O = k) — o AR O G ..
e F SN e i TR IS L S ol iy sy pRitee ‘ %%"{”\\\:\M\%ﬂg%r\ N NI | s T = €1 B
ol BN Tl g ISR 'ﬁ_ % ; 1% IR et AR e &
pro— — . - ’ ‘,- o ! . : — $ " ) ¢ b (. 3

£
T Py - .= =
™ [ - "\“i me R iy o we o | r{\m?‘fs’gﬁ g 'J'-'- 3

[ il <sanie
- 1 ) : L.‘t‘f m‘q
N 5\23 E‘:h -gr!m:n'lcu 4

NS T

Lsmn-.:z 'r;‘f'qv—t; ) nﬁf r'll
= aul m
fJ/A -t‘r'i . N I.q l

f
N
g
il

f
<

L] '\ | ‘ - “li. '.” " - f- EE:|
! B = R = = - A .l A o
W sar pans N DRt s oo W02 1%4 :
“:me;,’f;“%‘“ ‘3 ATYES, .. b BE

e

el
)
'u"-P:‘

_UEL'I '”'“ﬁa—gﬁ h
Wiy
- h:-‘h":f.}.!
7| 1] L beE
“?l""”l""":‘ 3] ':fl'

\ _Ll‘_‘i.' hua

3

K “ P 2 N
v b o - . @ ) .

3 ! B 5 ’ ’ LLle oF st
‘l' — = X g. . : ', . A ) ) -:"J FJ Fl —
i 1) ' . O LA N : e - e =

|
!

B
N

p— T

>
o
i

i

L b

A

-
LI

>

TP

wo[1

|

X
s

3 "———‘” g
e ¢ T AT e———

a
T

=
. L3

o Fon ol il oo o
(Efo= e

R 3 = e ”E- C-“;.-
ol I aLln
| e —=F s

N

S T p— —— % L -
1, "»f"-"f"b_,-a‘“m-—li‘"——n Tl uF 3 Laill & P -;Qm
.{. - - ' |_ ?%_'— e T AT P ti0 J N\ =
.; : El_ — Al E _':__“L? .r g H‘/L‘q ?{ r)

I
[ e

—‘M" 'J§- .Fl ’

4
i@
1t
—
=
=
i

4 2 % i |
2ne o LU \\ r @. | (1] B5H
| f o e —— - T .
il W —'J_—_{“j ' "‘-J' \k_(] i 2!'1:"5 ._\_;r‘:: T "'J.['ﬂ_ L-é:- l';
W o Tl| L ’Pf‘» e "-l‘ j-f:—

.'.‘ - j -y i E |

.
Farbor it
7 |'_l'

3t

L Gy - . - ¢ .'
,;gi Eaus Favl O .. S TR T = e ;S - L AT
2 o w e "W;'.’H‘.q b \ I~ LP‘-:C‘_: - v v ] Fl_?,-—;{-ﬁ-,.'.'*;m""'\“'::";’--“ ] El—'--'
o ) e g gy =1 = TR (o7 S e e S iy L‘.s""i—"_‘};ﬁ%‘,a- P
A= 2 2 ! 3 | Damersiy center e | E’UAF o o Cis Ca= .‘:;';"5' W BES
Sl = Bl 2 iy I3 o A e BB L Sl A e | Bt
PERL T e ool ME S his E- e e e L, RN R
€ ‘H’ 1 5 ' B | 5 Pl T RN \
N i m = "= -ﬂﬂ o — ¥
}d - Inner. At

peli el 5,
.—!.;."_ n}i\:ﬁtﬁ;ﬂ '3::"_ =

-y
L

3
™,
-
.
.
e

W

"- "' ‘ s 'I. 1= st ’ oo G ] 1 o :k'%-.\ A o g HE. 7 ol
i s, 5, e el B |- T e B s G el B (2
Iy == o R TS - - = Eap]

GANnnD2
R R
=7 .

h%
= .
o
o
w

- WL frm

— ‘J;
y S b, S
o] b 't
' e wum TR

v, L
-t




.

legeee

W Tt
¢ &oormee e
AT TN T O B
P TR Ea THE

Rochester Visual Predictions

CHTOC |1222)
NLRLE MG
ek
Faw
L



O Integrated in a decision support system for city planning
O Integrated intfo vacant lot toolkit, recommending vacant |ot
selections for community memtbers



O Further research on the field can focus on:
O Applications on more cities
O Optimize with the use of geospatial attributes such as:
OSatellite Imagery
OGeographically weighted regression model efc.



O The objectives of this research were:
O Design and development of a vacant lot model
O Building several prediction models for sample datasets
O Evaluating each prediction model and analyzing their results

O The findings were:
OMachine learning models are feasible for predicting vacant lots
OFor our experiments, Random Forest classifier provided the best
result
OFurther validation with expert urban planners will provide a better
evaluation



