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Spatial Analysis

HO|AL|Al £5} 24 MOl B2 HO|AO|e B2 Mo S 8™ SOlAM AEst= M7|713CH>
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2= HE 24 XSG HS2E=S g
o "*-4'_ A 'l_ Ex. Linear Regression Mode|
‘ .k s ‘-u’:.: b TR N p
- o . .:'Ll...o.o".': 2, "“ 1 . . .
“t PR, T ‘:"#‘:.;‘::":'_.:" ~n HE n IH mm o Emewe Gi (denSIty of ith grld) = ,80 + 2 :BiXi
AT "':\'. Ry B0 AT e TR - | ""-f' ol R =
O E e A IR R AR | "5 en Biulen -k EaE -
Canst * -'.',,‘r.-\’. ot .!,g.":'_j -.- I CEEE - i - _ -
AN | -r_-_A!_l g KDE= ot 2 A4t B 2 2525=
B <o W QR MORIS(QIRENSY SN, ARIAIM 0R S)5
o L Wi B e NN 7|80 2 0f|235H= 5|72 (Ex. Linear Model) 742
Point Pattern(Left)S B2 2 AR} £~29|
. . = = —_ —_— * v
Density(Right) & &&ot= 29
2t= Hz[o| Yh4ll 0|28 2|all Kernel Density Estimation SHEE(Q1EARH) S drF s 372t &4 25 4
7|82| Hotspot 4= Zldich ¢+ L A R2FE s Hlus Sot
£2 0|2 452 7 DjAl2)d 2% AN
- HE LU YA (Spot) 2 1245t Spatial KDE® 3 H2YE HIYLZ MS Ao Chst
o SHZ| 9 A|ZE7FA] 102{ Bt Spatiotemporal KDE* O 0| 2 H| W

*The Utility of Hotspot Mapping for Predicting Spatial Patterns of Crime, Spencer Chainey et al. (2008)
*x /A Spatio-Temporal Kernel Density Estimation Framework for Predictive Crime Hotspot Mapping and Evaluation, Yujie Hu et al. (2018)
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HlE=E AHO|E Lt 2| 2|08 = O| &35l EtAl H|O|EAlZ /g (preprocessing.ipynb)

HEME XS W 2o|Ax]d HEHEX S

O|0|E M 2|= PythonQ| Geopandas* 2& &850 7HHE 22| &
2|2 G|O|E 2} Hetoto geometryE oot S7HH|O|E{ e[ 4 , o
*DE SZHH|0|E{Q| ZtHA|(crs)= EPSG:5181 € 7|22 &t : 3 ’:'.
ELFY |1c1|0|E1 I (NPA2020, KP2020, KP2021) b
Heloto] Ol 20| Y= 4 112tH 4|08 25 (2EZ plot) |
. CHAF X[ B, MEEEA :
o Ofat YA:20219 %, B+ ERH(YE)E2E
oyt . AlA FC: 2O|AL|A (EVT_CL_CD == 215)
CHAH « SUAL A2 (SME_EVT_YN !=Y)
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AHl2=l ADH|0|E{2 |2 H|0|E{= O|&23H EFl H|O|E{AlS A Sk preprocessing.ipynb)
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« CF ADHAIY S HO Y2 ATME Sofl §1gQ 20| 7Hsottts HolM B2 mtet
=4 HO|Y ATME 2|5t $13Q1&0| 7hs$t 28, 3652 (ATM) &
CH - &% 3&52{(Selenium 0| &)E 7HLSIH 4| [tH A| Ol A 2 AIS_QI T2 =T (Crawler_ATM.ipynb)
G| O] E{ » A2FF(Geocoding) 2=2 geopyS O|E5IH 2 Ao ZHE 22
TEUSE A HAYRY AXEE 33U 0IH &8
2t A2t U ZotEl JR 4 count

A 37[(100m, Tkm)0f| Z= F+ SF2| HO[EH 2| d4-d
CHH 2|F HIO|E| S 7|te2 KRS0
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1=1

Parameter h(= hy)= bandwidthE, Zf A&}
He| Mo AtHE Zaeh 2| 4
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rol g

oM o= =
C}

o L2 bandwidth : Undersmoothing P8 point=gt BHH)

. = bandwidth : Oversmoothing
(Unimodal distribution HEfZ} E)

HY &4 (Kernel) K= 2212 27 CH| KDEOIA 22
2++5t= CHS Epanechnikov Kernel 4= 0|2

K(u) = 3(1 — ) for [u] < 1.

EEEE

9

RO| sparrIi7|A|& 0| &5t L 7Is=2
z|tHEksh= BandwidthS AlEH*
(Likelihood Cross Validation)

LIK(h|X) = n~" Y log | fa(e:l X(—g)]

1=1

O|&= leave-one-out data(X_;)E O|&EstE=

ME Co|EZRE 2 P 4 US

-

A}, Grid=100m #|0| A0 A
h=1179 (m) =
Spatial bandwidth 41&t

= Tutorial on kernel estimation of continuous spatial and spatiotemporal relative risk with accompanying instruction in R, T.M. Davies et al. (2017)

*x Hybrid Indexing for Parallel Analysis of Spatiotemporal Point Patterns, Alexander Hohl et al. (2016)



Kernel Density Estimation

(ST e WHoR MBI EYE
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Aol LY G|O|E{0] CHSH 100me| S7HE At
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NS}
Ul

Spatial KDEOJ| A2t Ot2E7ER| =,
Likelihood-CV 7|8t optimal bandwidth AEH
} (hy = 299(m), h, = 142(days))

2IIHOR, IH5=E A dtsA| g
A2 (rule of thumb) 22 oversmoothing
pandwidth(hy,) S AAKE 2 gl

" [ (d+8)(@+0)/2qd/2 p( ) | V(Y
os(d) = ¢ { 16nT[(d + 8)/2](d + 2) }

xTutorial on kernel estimation of continuous spatial and spatiotemporal relative risk with accompanying instruction in R, T.M. Davies et al. (2017)
*x Hybrid Indexing for Parallel Analysis of Spatiotemporal Point Patterns, Hohl Alexander et al. (2016), *** The maximal smoothing principle in density estimation, G. R. Terrell. (1990)



Kernel Density Estimation - Z1}

100m 27} Gl AIBUHLUEEMO 2 CIST 22 ZUE S
Grid = 100m2| Spatiotemporal KDE &1}
CH7 X% STKDE Result CHz X| = STKDE Result (@2 £=0| density > 02! HA[Z LIE}H)

c
Grid = 100m, Spatial bandwidth = 700.0m, Temporal Bandwidth = 25.0h Grid = 100m, Spatial bandwidth = 280.0m, Temporal Bandwidth = 149.0h

Likelihood CV bandwidth(22%)
: h, = 700,h, = 25
Oversmoothlng bandwidth (&%)
. hy = 280, h, = 149

v

Oversmoothing bandwidth= O| o= A4

AMHEZEES BtFoIR| Z2ot=4|, Ol EO|AL|

%*547#? 7 hotspotoﬂm *|7WO§ Cluster
COASS 2|0l (R &),

= Al

4

2021910 2412 Saff 27140l hotspot2
21915}t 12} St STKDES| 223} AS

*A Spatio-Temporal Kernel Density Estimation Framework for Predictive Crime Hotspot Mapping and Evaluation, Yujie Hu et al. (2018)



Kernel Density Estimation - Z1}

TKm 22} €9l AIBZAHEUERE SO O3 22 HUE 23

O ——
Grid = Tkm&| Spatiotemporal KDE 24} _ Temporal margin
CHZ x|} STKDE Result (_E'?'__I% —'f'——,b"_—O| density > 0(|)_| 741"% |__|_|__—_|_|_l___|.l|) Crime occurence in Daejeon

Spatial bandwidth = 3000.0m, Temporal Bandwidth = 72.0h

100M HZ} 2MZA1e} DRRIVIR| 2
} ZAl hotspotO| 5tL}2t E& &

0.0035
|

Ctat AZ}t 37|17+ A0 2t
E 21t9| sfjiat& (resolution) O] SHOHA
Z4d ==2 57} continuous otA| =gk

0.0030
|

Density

0.0025
|

O]

—

fol

: ZF AZI—HZ(0-365) A|ZHAQIol 22 E

J

0.0020
|

2S[O UA=E, O|2 sl STKDE 219
hOtSpOtO| Ol A|2|:-|IO'”A-|9‘| A|.|7_-|%EL|- Capture %EI- T T T T T 1

— Lo
7|—o/é‘>|0|3:“:l 0 50 150 250 350

T = 0~150 717+2| marginal distributionO| {

0.0015
|

N =2691 Bandwidth =25.29

* R2| Sparr Ij7|A|Z O| &3} Plottingst



Kernel Density Estimation - 21}
100m Z2} G| R HUCT LMo CISn} 22 ZNE U

Grid = 100m<| Spatial KDE Z1t
(PlotollM =2 £&0| density > 09! AHZ})

CHZA x| Spatial KDE Result CHZA X|d Spatial KDE Result
Grid = 100m, Spatial bandwidth = 636.0m Grid = 100m, Spatial bandwidth = 1179.0m

Likelihood CV bandwidth : hy = 636
Oversmoothing bandwidth : hps = 1179
(STKDERt &2 Y- Z hys AlLHTTS)

Likelihood CV bandwidth Af&st 2% hotspotO]
A M0l 2L S LIEHL Y| 2CH= 7Y hotspot=2
geto= LIEtY

* Qversmoothing bandwidth Af&st 3%
708 Hotspotl| YHO| HX|BA SHE= F=

SABHO] 2|20| HUHHOl HEE B

Oversmoothing bandwidth 0| 0|

Density Estimation0j| 2 gt5ICt 0 THEt



Kernel Density Estimation - Z1}

HZHOR TUHIUCLA LS T3 T} 22 2202 M

—

F

pol

CHZ X| <4 Spatial KDE Result
Grid = 100m, Spatial bandwidth = 1179.0m

2] dA} &2 L bandwidth £&=&9| &4
Z|Z2XHOZ 100m AR} £Z+0|A Spatlal KDE 2AM
(bandwidth Ay, = 1179m)

1% Y
H

*Tkm &Y AAH[0|E0f| B2 QltH = ool 2t L,
CISsME 242 A HeE AMESHA| 22 & oL 2}
HEZ37| N A&7t 27| W20 24 etotChal et
g
CHAR| O] HO|A DA HZ| BIA(2D-random variable) 2]

SEEIL f(x,y)= 212 2} 7+0| 2AE|H,
EFE ‘=‘E7f undersmoothingdtA| @t Q22| 9]
mulUmodanJ I Al & capture%*é = o ALY

(ploto] EZHA M2 AA| A1 H4 HHES LEH)




Regression - Spatial

Multicollinearity

2| 4H,0| SUA S 480t S|P EHS

CI22MA 24 : Variance Inflation Factor AAt
AZYE Ql4lH = = Q14 (to_in_001) =2 S S
(AXHE Qs B ZBHA| VIF>10002 2 2 CHe3 4 wdgh

Moran’s | Statistic A|4F: 2f 4 20| Z7HAEHY RITHE)

Autosc%?::ealgtion I— N X Z;Y: 1 wij (2 — 2)(@; — 2)
W Y (i — ®)
Variable 1 z-score p-value
density 0.998068 225.250569 0.001
ATM 0.006614 1.778677 0.046
Bus 0.068310 15.592823 0.001 E_&'I éﬂ.l-' Cll_‘ISter 7HL‘:='|2§ ﬁasl-f
Conv_Store 0.119085 28.371243 0.001 den5|ty(h 19 h |y_ clustered* *)%
LIRS 0.424673 98.177114 0.001 Zﬂ 9' EI-‘EE
ESI] 0.207225 58.468786 0.001 )
StE/mS 0.306272 69.516582 0.001 OL' A_E_E(to_ln_l_oollg é)l'ﬂ;éji(%&!ﬁ
=N 0.539817 127.205407 0.001 A7t 0.5 0|4e| =2 Clustering 2 ¢
/o 7t/ 8 0.329660 79.689763 0.001
s34t 0.200115 45.005985 0.001 9|g“ﬁ¢%0ﬂ _g_ |-M;—("(Spat'al |ag)§
ARX 0.183857 44.132306 0.001 *a“éﬁfé %ﬁ*lifEi 2= 9' “_I’ngl:-” ‘_I'L
=4} 0.348588 75.628954 0.001
to_in_001 0.531114 129.279179 0.001

* PysalQ| spreg 2

egression

Soff x| = o5 2= e

=2 Moran’s | value& LHEf
o (A=}

w_%}\ |

=2 0|85t 22&Et, »*xMoran’s 17t 10]| 7t7+24-5 Highly clustered, 00| 717245 Randomly dispered&= 2|0|, density2| &

=

REOM=

A|;(|-E A=

= T10

-

w_to_1n_0@1 AN

=17

2 KDE gfAl

o2 2ot HO[E{0|22



Regression - Spatial Regression

S E™ES

REGRESSION

SUMMARY OF OUTPUT: ORDINARY LEAST SQUARES

|AH |_TO1|

A2 E

2235}

Data set unknown
Weights matrix unknown
Dependent Variable log_density Number of Observations: 54910
Mean dependent var 0.0003 Number of Variables 15
S.D. dependent var 0.0006 Degrees of Freedom 54895
R-squared 0.4539
Adjusted R-squared : 0.4538
Sum squared residual: 0.011 F-statistic 3259.6863
Sigma-square 0.000 Prob(F-statistic) 0
S.E. of regression 0.000 Log likelihood 346120.861
Sigma-square ML 0.000 Akaike info criterion : -692211.722
S.E of regression ML: 0.0004 Schwarz criterion i —692078.020
Variable Coefficient Std.Error t-Statistic Probability
CONSTANT 0.0001855 0.0000020 92.2398134 0.0000000
ATM 0.0002801 0.0000198 14.1578755 0.0000000
Bus 0.0001299 0.0000067 19.4012750 0.0000000
Conv_Store 0.0001147 0.0000122 9.3701197 0.0000000
AMEMH|A 0.0000899 0.0000023 38.2689420 0.0000000
204 0.0000038 0.0000007 5.5362697 0.0000000
St/ -0.0000190 0.0000030 -6.4263840 0.0000000
24 0.0000193 0.0000014 14.1474526 0.0000000
oa/o47t/ 28t 0.0000059 0.0000079 0.7449783 0.4562880
s2at 0.0000247 0.0000064 3.8751215 0.0001067
AEX 0.0000278 0.0000127 2.1955878 0.0281256
e 0.0002077 0.0000109 19.0220853 0.0000000
to_in_001 0.0000013 0.0000000 56.5780892 0.0000000
w_S4 0.0000500 0.0000010 48.6246217 0.0000000
w_to_in_001 0.0000014 0.0000000 62.0804508 0.0000000

Prediction

P-valueZt {9
HESZ 3| HA 2 /4510
O|=CHMl MSAY
A2} H|OE{0f| CHoHl
SHA S AT

Sofl ‘g

17.5

15.0

12.5

'+ 10.0

- 7.5

5.0

2.5

0.0



Regression - ML Modeling

Gradient Boosting Machine= &&dfl Hz| LT 0= 292 7iget

Model MSE RMSE R2 RMSLE
gbr 0.4745 0.6885 0.5262 0.2710
Lightgbm 0.4779 0.6910 0.5228 0.2711
catboost 0.4853 0.6963 0.5155 0.2726
rf 0.4985 0.7057 0.5023 0.2770
xgboost 0.5018 0.7081 0.4989 0.2761
knn 0.5155 0.7177 0.4853 0.2829
lr 0.5190 0.7201 0.4818 0.2807
ridge 0.5190 0.7201 0.4818 0.2807
lar 0.5190 0.7201 0.4818 0.2807
br 0.5190 0.7201 0.4818 0.2807 Lo
et 0.5566 0.7457 0.4442 0.2897 Prediction
HAl{d 2ES9| Cross Validation Score Bl Z1} (Y2 A42F) ' .
TuningO| 2t= = Gradient
i i ) ) Boosting Machined|
Tree 7[8F2| Boosting Machine?! Gradient Boosting OIZCHAIOI MZA| 242}
Machine(Regressor)0| 714 =2 d= CO|E{E Ch

(2|4 o222} 2 2|C R-squared)2 £

v
Bayesian Optimization*= O| &3l GBR model2]

Hyperparameter Tuning
(Ir=0.024, max_depth=3-+")

* Scikit-Optimize I§7|Z| 0|2




k"% Z|°ﬂq9-| JL=!1-|| ':é:"ﬂ 3‘—|‘-E I:-'||0|E'|9|' H|jl_ (spatial regression.ipynb, caret.ipynb)

Spatial Regression Gradient Boosting Machine

20.0
10
17.5
15.0
12.5
10.0
3 - 7.5

5.0

5 r25

0.0

GBMOj| H|3sl Spatial Regression 2&!2| Z1}7t Outlying* st &
&2t Recall** 2f CiH| spatial regression2| 450| & 24

* 18H|0| 2| predicted density distribution 2F11, ** 18 T[O|Z| Recall 21, *** 19 H|O|Z| 2t11




Spatial Regression Model vs. Gradient Boosting Regressor (spatial regression.ipynb, caret.ipynb)

Predicted Density Distribution

3.0 1 3.0 TP
Recall = ———
2.5 1 “ 25 eca TP + FN
_52'0’ A od& (Recall)Ol2t A A| 20| True?l
%157 & 15 G|O|E{(TP + FN) &
1.0 - . Egol True= O:”%@' E||O|E'| (TP)9,|
H| 82 LIEHE A5 2| EO|C},
0.0 JUL Y T T T T T T L = [ -
" 00 25 50 75 100 125 150 175 200 00 =00 25 50 75 100 125 150 175 200 T'_‘-%E[.%_IMM-I $§ A"g'Elt 7‘|EO| L|',
s 2 0| HE AR 3| A 2
Spatial Regression@ 2 2%l A2} A& (normalized)Q| I (21Z)7} o= HE|[HHAZO| Eatk|= HE=
GBMeZ 2H&E Y20 H|5H ¢ 7l tail& 7t (Max = 20) RecallZ d2o|eh 4~ ULt
. O|2 2QI5}| PlotOf|A] UnderfittingO| 0|20 X|= Zdx{&H £
Ex. 90% Zlied= of|=0f E2st AR} £+ A4k
. : 90% Recallof]| st HZE| £~=1276
Spatial Regression 90% Recallo] TL3t Zaf 2 = 12220 (25.8%)
90% Recallof| 220t HE| 4~ = 1276

Gradient Boosting Machine SHS 2R} LY ZotEl 7] 2 = 28635 (60.4%)

» Olf GIO|E{HIO 2, Estimated Density?} £2 2ACIZ QIBAI2S 22|12 W5l Li7Hs AL 023



Spatial Regression Model vs. Gradient Boosting Regressor (model comparison.ipynb)

B, MSA| AAHE HE| & (LHERHE) 1. 54 "R Hg @ AF2E AZHH|g O 2 S YR HE @ 54 2=
AXHS I:H_JF_ A 1.0 1.0
e  #H Model Model
0 29763 56 — Spatial —— Spatial
— GBM — GBM
1 15604 41 —— Recall = 90% —— Recall = 90%
2 9080 36 ‘ |
3 31852 36
4 8647 28
o
. 5 1
K au
832 12500 1 o i
833 12619 1 " os
834 12620 1
835 12622 1
836 47293 1
MSA|Of| A EfAlst 20218
EOlﬁ]llkcl HD-I | = i 1 41 87H o'00,0 0.’2 014 0.‘6 0.’8 1.0 O'OO.O O,‘Z Oj4 D.’6 0,‘8 1.0
Ol ; 8 A‘”—%Al 7:11|_ 473777” 3 Recall Recall
837710 XL JAS(H) (70% O|&<e]) sYst ZH@%( call = 0.9, F2 AM)2 A7| 2|5l
] ] ] Spatial Regression Model2 ARl 2F 25% 2 0|27t BHH,
202 E2E(S 22| H 2, Gradient GBM Model2 dAH|X[H2] 60% /& & =4 2 HAUL 1.0 7tFHS2 AFESHOF 0|27
Boostmg Machine)O| 0| =35t density2|
FAEZIX(Cumulative Distribution)= = AR 2 Fitting2tA0M R-squared 2f2 GBM 20| G 20| 272
Bigoz & malo] M5 U A Qs AEES ST0|M B3 Z8H o) DU ZUSFRHo|HE 22 U 4 U
2t A 2 S MBI HEfZ H|WSH| Qlol, 2|4 2HERYUEIE00|1D MA| X[ L 2HYUE 80| 10| £/ =2 Scalingg **GBM=0.53, Spatial Regression=0.45



_|

e Z7BYUEEMOZ gyersmoothing bandwidthE 0|&3510] | L} && = =S
« QMHARIIAZRH (ES GBM BE)S 2510 25.8% (60%)2| HZ| SPATIO 2 90% 2| HZ| BIAMS 0| £5t=

B MEESRI|A| U] 20| AL|Al HZ| |5 A9l 57| 3132 = Ao g 20| SUUEEM A o[ 2YHS 0|Z5H0] Qelo| A[HOf| Cish

O|AI|Al HZ| o|BIHEZ 0|25+ A Ol

index EMD CD EMD NM SGG OID  GID n_grid 20|20 BE 0TS S = US

29 36110250 ZEX[Z 36110 5126 563 =

_ OHU 70 FREMO| U 22| HE D o/ GIO|E7F FO{RICHH HH REIS

23 36110340 T=H 36110 5120 347 312510] 5l T EO|AL|Al HZ|O|E AL 0|2 7}s

s o0 @A w0 sis W 0|3 HIEFCE H3 2| Chelv} OFCl T HAAM HRIME s X oS

24 36110350 HTH 36110 5121 333 Ao =2 £z = o|gtEts s dMs Ofde o~ Qs A

13 36110112 1253 36110 5110 23

Lot TAKDE*2t 20| HELEEA S AA|ZF A1 GO]E{0f| 4 EGHCHH real-time
HO|AI|A O] A|AE Ol of|HtH2HS 135S 4 912 Z1Ql

— 0O =

* TAKDE: Temporal Adaptive Kernel Density Estimator for Real-Time Dynamic Density Estimation, Yinsong Wang et al. (2022)
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« Hybrid Indexing for Parallel Analysis of Spatiotemporal Point Patterns, Alexander Hohl et al. (2016)
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Code(Github)
» https://github.com/ddangchani/LocalSecurity _competition
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