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( Podstata prediktivniho

% modelovani

e Doposud jsme se zabyvali problémem, jak pocitac
,vidi" geograficka data prostrednictvim popisnych
(deskriptivnich) technik a vytvari z nich oblasti s
urcitymi vlastnostmi.

e Dalsi logicky krok je pouziti ,prediktivnich -
predpoveédnich" technik k vytvoreni
extrapolacnich map predvidajicich budouci
podminky.

e Vyuziti v Fadé oblasti:

- Predikce kriminality.
- Zemédélstvi - odhady vynosu plodin

(samostudium).

— Archeologie - lokalizace nalezisté - ModelBuilder.
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e WHAT?

e ,Predictive policing in the context of place
Is the use of historical data to create a
spatiotemporal forecast of crime hot
spots.

e WHY?

e that will be the basis for police resource
allocation decisions with the expectation
that having officers at the proposed place
and time will deter or detect criminal
activity."
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The role of ‘place’ in crime

Two key considerations (Spencer Chainey)
e Crime has an inherent geographical quality
e Crime is not randomly distributed
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Crime has an inherent
geographical quality

The four dimensions of crime:
e Legal (a law must be broken).

e Victim (someone or something has to be
targeted).

e Offender (someone has to do the crime).

e Spatial (it has to happen at a place -
somewhere, in space and time).
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Crime is not randomly
distributed

If crimes were random:

e Equal chance of them happening anywhere at
anytime.

But crime i1s not randomly distributed
e Concentrated into places of activity
— Crime hotspots
e Series follow geographic patterns
— Serious and volume crime

Kartografické modelovani
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Risk terrain modeling (RTM)
Is an approach to risk
assessment in which
separate map layers
representing the influence
and intensity of a crime
risk factor at every place
throughout a geography is
created in a geographic
information system (GIS).

Map layers are combined to
produce a composite “risk
terrain” map with values
that account for all risk
factors at every place
throughout the geography.

Available in PDf - ask your
lecturer ©
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2 RTM steps

1. Select an outcome event of particular interest (crime).
2. Choose a study area.

3. Choose a time period.

4. Obtain base maps of your study area.

5. Identify aggravating and mitigating factors related to
the outcome event.

6. Select particular factors to include in the RTM.

7. Operationalize the spatial influence of factors to risk
map layers.

8. Weight risk map layers relative to one another.
9. Combine risk map layers to form a composite map.

10. Finalize the risk terrain map to communicate

meaningful and actionable information.
Kartografické modelovani



1ae Step 1 -2
1. Select an outcome event of particular interest
Gun shooting incidents.

2. Choose a study area on which risk terrain
maps will be created.

The Township of Irvington, NJ.
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L Step 3

STEP 3: Choose a time period to create risk
terrain maps for.

e Six month time period: January 1 to June 30.

o It is expected that this time period will
adequately assess the place-based risk of
shootings during the next 6-month time period
(July 1 to December 31).

e Data availability and comparability ?? Is it
really justifiable and valid for the Czech
Republic?
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o STEP 4: Obtain base
maps of your study
area.

e Two base maps were
obtained from Census
2000 TIGER/Line
Shapefiles:

— 1) Polygon shapefile of
the Township and

- 2) Street centerline
shapefile for the
Township.
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% Step 5
STEP 5: Identify aggravating and

mitigating risk factors that are related to
the outcome event.

e Three aggravating factors were identified based on
a review of empirical literature:

— dwellings of known gang members (habitual
offenders);

- locations of retail business infrastructure (bars,
strip clubs, bus stops, check cashing outlets, pawn
shops, fast food restaurants, and liquor stores);

— locations of drug arrests (places, where the police
action happened).
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Step 6

STEP 6: Select particular risk factors to
include in the risk terrain model.

All three risk factors identified in Step 5 will be
included.

Raw data in tabular form (i.e. Excel spreadsheets)
was provided by the Township police and the many
datasets they maintain, validate and update
regularly to support internal crime analysis
and police investigations.

Attributes + addresses (ocation) + time stamps + ??

State of the art of the investigation including
the punishment and legal procedure - ETR CZ.
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W Step 7 - Operationalize risk
(HE factors to risk map layers.

The tabular data was
geocoded to street
centerlines of Irvington to
create point features
representing:

- the locations of gang
members’ residences
(hiden on the map to
protect the gang
members),

— retail business outlets
— and drug arrests,

respectively as three
separate map layers.
Kartografické modelovani :-""-___
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Step 7a - gang member

residence

The spatial influence of the "gang members’ residences” risk factor
was operationalized as: “"Areas with greater concentrations of gang
members residing will increase the risk of those places having
shootings.” So, a density map was created from the points of gang
members’ residences. Jadrové vyhlazovani - proménné ?
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| Step 7b - infrastructure

e The spatial influence of the “infrastructure” risk
factor was operationalized as:

e "High concentrations of bars, strip clubs, bus
stops, check cashing outlets, pawn shops, fast
food restaurants, and liquor stores will increase
the risk of those dense places having shootings.”
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Step 7C - the drug arrest

the “drug arrest” risk factor was operationalized as:

e “Areas with high concentrations of drug arrests
will be at a greater risk for shootings
because these arrests create new ‘open turf’ that
other drug dealers fight over to control."

Kartografické modelov



Step 7 - map density method
= details

o Kernel density values were calculated for each of the
risk map layers so that points lying near the center of a
cell's search area would be weighted more heavily than
those lying near the edge, in effect smoothing the
distribution of values.

Original Badiuz=1 Radius=2 Badiuz=3

e Cells within each density map layer were classified
into four groups according to standard deviational
breaks. The dark blue colored cells had values in the
top five percent of the distribution and were

considered the “highest risk” places.
Kartograficke modelovani



| Step 7d - distance from
Tt infrastructure

e The spatial influence of the “infrastructure” risk
factor was also operationalized as:

e "The distance of one block, or about 350ft
(app. 100 m), from a facility poses the greatest
risk of shootings because victims are often
targeted when arriving at or leaving the
establishment.”
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7e - final operationalization

e We are only interested in knowing where places
are the most at risk for shootings, so we used a
binary-valued schema to designate the
“highest risk” places across all four risk map
layers.

e The highest risk places of each risk map layer,
respectively, will be given a value of “1”; all other
places will be given a value of “0”.

e All risk factors are operationalized as
aggravating factors, so these values will
remain positive.
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Step 7 - reclassification




e We now have four (final)
risk map layers,
operationalized from three
risk factors.

e Binary reclassification - 0 - 1

e The cells of different map
layers are the same size and
were classified in a standard
way, the risk map layers can
be summed together to
form a composite risk
terrain map.
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Step 7 - final comparison
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w Step 8 + 9 - Inter Risk Map
“’Gﬁc Layer Weighting and CRTM

IAI risk map layers will carry equal weights to produce an
un-weighted risk terrain model. It is assumed, for example,
that being in a place with a high concentration of drug arrests
poses the same risk of having a shooting as being in a place
with a high concentration of gang member residences. Unless we
know better © !!
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e Clip our risk terrain map
to the boundary of
Irvington.

e produce a final map with

shades of grey and layout.
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STEP 10 - Finalize the Risk Terrain
= Map to Communicate Meaningful

Information.

Risk Terrain for Shootings in Irvington, NJ

Data from: January through June

Composite Risk Value
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Step 10 - make the risk count

e convert the risk terrain map from raster to vector
we can (still using the regular structure
converted to square polygons):

e count the number of shootings that actually
occur in the high-risk areas during the
subsequent time period;

e calculate the square area of the highest risk
areas (i.e., places with a composite risk value of
3);

Kartografické modelovani



Step 10 - make the risk coun

o Select all street segments within these areas to
inform police commanders about where patrols
might be increased.

e Operationalise the command and controll on the
day by day basis.

Stepwise Example - ArcMap - ArcView
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cce Comparison with the

subsequent time
period (June 1 -
December 31) - high
risk RTM classes and
hot spot analysis of
actual shooting
accidents.

About 50% (15 out of
31) of the shootings
during the subsequent
time period (July 1 to
December 31)
happened in these
high-risk cluster areas.
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Things to remeber

e Remember, risk terrain modeling is only a tool
for spatial risk assessment; it is not the solution
to crime problems.

e You (the analyst) give value and meaning to
RTM, so be innovative in your thinking about risk
factors and how risk terrain maps can be applied
to police operations.

Kartografické modelovani



e Vyuziti prediktivniho
modelovani pro
precizni zemeédélstvi

(J. Berry).

e Vynosy kukurice - nizké
(39 - Cervenad) . Vysoké
(279 - zelend) - zavisla
promeénna identifikujici
takovy fenoméne (jev),
ktery chceme predikovat.

e Nezavislé promeénné
jsou pouzity pro to, aby
bylo mozné odhalit e s
prostorové vztahy a
vytvorit predikCni rovnici.

e Vyuzity data DPZ -
odrazivost povrchu
rostlin v Cervené a Casti
spektra (RED) a v Casti
blizici se infraCervené

Pripadova studie

2000_Yield_Volume)|

FAeea (acres)

100 150 200 250
2000_Yield_\blume (bu/ac)
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fee Pripadova studie II

eKorelacni diagram (Scatter plot) pro
vsechny existujici dvojice hodnot.
ePredikcni rovnice vytvorena pomoci
regresni analyzy - krivka nejlépe
charakterizujici datoveé rozlozeni.

15;

10

e ————

20 10 L i 30 qi 20 ]

eVyuziti predikcéni rovnice pro dalsi lokality.
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Lec Pripadova studie IV

e Problém?

e Predikcni krivka nevystihuje rozdeleni dat -
nizké hodnoty R2 (jaké hodnoty jsou
vyhovujici?)

e Moznosti vyuziti kombinovaného indexu -
NDVI

e Normalized Density Vegetation Index
(NDVI)

e« NDVI= ((NIR - Red) / (NIR + Red))

e Srovnani predikované a skutecné hodnoty
(kalibrace modelu) — mapa odchylek.

e Primérna chyba 2,26 q/ha.

Kartografické modelovani
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Pripadova studie IV

o Vysledky shlazuji skutecné vynosy.

e Nejedna se o skutecnou kalibraci modelu,
ale spise o prvni zjednoduseny nahled, jaké
by mohly vynosy byt.

e Jak mizeme vysledny model dale zlepsit?

Kartografické modelovani
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ecl Pripadova studie V

e Blizsi pohled
na malpu
odchylek

e Primérna —— =
chyba 2,62 - e
q/ha. - e

Predicted

e 67% odhadu | o
+- 20 q/ha. | .. e

° A‘I,_E — ) Gaddnd voa 109 acons
Pekktlere —
okality az i
+144 a -173 - :; "] 67% Actual
q/ha- — E'i

......
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Pripadova studie VI

e Reseni?

o Stratifikace datové sady - rozdeleni do
skupin ze stejnymi charakteristikami.
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Pripadova studie VII

¢ Predikcni rovnice bude lépe
vystihovat jednotlivé vrstvy,

Histogram l

nez jedna rovnice pro cela S e

data.
e Vice technik pro stratifikaci. g vl
e Vyuziti histogramu - Zews. 2w~ Zore

plus/minus smérodatna % '
odchylka déli histogram na 3 -+
~ 0

Zony. 50 0 5% 1
e Predikce funguje pro zénu 2. Error_Zones Distribution
e Pro zony 1 a 3 jsou vysledky

pod a nadhodnocené. ——— TR
* Specificka predikéni rovnice R e

pro kazdou zonu by mela dat
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Vypocet predikce pomoci
separovanych predikcénich
rovnic

e Vstupy - NDVI a vynosova mapa.

e Algoritmus nejdrive zkontroluje mapu
odchylek a urci, do které ze 3 zon dana
oblast patri.

e Nasledne jsou pouzity regresni rovnice pro
predikci po zonach.

e Slozena predik¢éni mapa vytvorena pomoci 3
rovnic a NDVI dat.

Kartografické modelovani



Ll

I

1
4

279 bu/ac
P - 211 buw/ac
204 buw/ac

Zone 1 mm Y=14540+110.79X (R?=.68) S Auue
.

145 buw/ac
39 bw/ac

Prediction
Equations

Zone 2 1 Y=32.93 +215.06 X (R?= .60) Prediction_composite|

Zone 3 M Y=.4.85+169.38X (R*= 42)

Kartografické modelovani



/

GC

e Vizualni srovnani :
— Skutecné vynosy

— Predikovana mapa pro celou oblast
- Predikovana stratifikovana mapa

e Mapa odchylek pro stratifikovanou predikci — 80%

odhadu je +- 20 q/ha.
e Primeérna chyba je pouze 4q/ha.
e Dobra predikce urody na zaklade DPZ vice jak mesic

pred sklizni ©

Kartografické mode

Pripadova studie VIII
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Na co davat pozor?

e Odlisné zplsoby stratifikace dat:

— Prostorové zony - blizkost Ci vzdalenost
od okraje pozemku.

— Z4vislé mapové zény — oblasti ruzné
. . Vs (o)
Intenzity vynosu.

- Datové zény - pudni druhy, zrnitost,
nutricni hodnoty.

— Korelacni mapové zony — mikroreliéf -
hrbety a deprese.

Kartografické modelovani



Na co davat pozor?

e Citlive uziti mapy odchylek - zejmeéna pro
dalsi extrapolaci v case a prostoru.

e Nutno vyuzit dalsich oblasti pro kalibraci
a validaci.

e V oblasti precizniho zemedeélstvi
napriklad moznost kombinace detailniho
mereni v relativneé dlouhé periode (DP2Z) s
castym meérenim s omezenym
prostorovym vyskytem (vzorky, senzory).

Kartografické modelovani



ﬁ Prediktivni modelovani v
e ArcGIS

Obvykle se jednotlivé procedury modelovani
spousti samostatné a opakované - moznost
vyuzit ModelBuilderu pro:

1) Zaznamenani vsech postupnych kroku v
modelovani;

2) Snadna opakovatelnost modelovani a sdileni s
dalsimi uzivateli;

3) Lepsi vizualni reprezentace, ktera vede k
v s 7 (o] v s 7
lepsimu pochopeni celeho prubehu modelovani.

Kartografické modelovani



ﬁ Prediktivni modelovani
8 archeologického nalezisté

e Prediktivni modelovani v archeologii - ,nastroj pro
vyjadreni pravdepodobnosti vyskytu 5
archeologickeho naleziste kdekoliv v krajine".

e Snaha urcit pravidla a preference pro vybeéer
lokality danou kulturou.

e Zahrnuje deskriptivni analyzu prirodnich
faktoru pro zname lokality a snahu najit
spolecne opakujici se kombinace - vzorec.

e Priklad: vybrana kultura gl)/layové) preferovala
historicky znama mista v blizkosti oceanu a
mokradu s vyskytem porostu endemita Salvia
apiana.

e Ktera mista ve zkoumané oblasti odpovidaji
podminkam??

Kartografické modelovani



1. Omezeni zkoumané oblasti

e Omezeni oblasti na severni Guatemalu a oriznuti
vybranych vodnich toktd pomoci funkce Clip.

e \/stupni a vystupni soubory + funkce.

- ST =)

Model Edit Insert View Windows Help
S S ABX 0> @ERN RO Rs VP

-
Td Model
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2. Zmeéreni vzdalenosti lokalit
od reky

e Ri¢ni sit nyni omezena na sledované Gzemi.

e Urceni vzdalenosti potencialnich archeologickych
nalezist od fi¢ni sité - Near.

e \Vyhledavaci vzdalenost nastaveno na 5 km
(=blizko).

e V/Sechny lokality blize nez 5 ks maji urcenou
presnou (vzdusnou) vzdalenost (NEAR_DIST).

e Ostatni lokality maji prirazenu hodnotu -1.

Kartografické modelovani



3. Kombinace prirodnich

podminek

o Zjisténi jaké prirodni podminky obklopuji nase
archeologicke lokality.

e Vegetace - pudy - orientace svahu.

e Nutna postupna analyza prirodnich podminek v
nekolika krocich a postupné rozsireni atributove
tabulky o prirodni ukazatele.

e Pouziti nastroje Identity.
e Vegetace +pudy= PP1
e PP1 + orientace=PP2

INPUT OUTPUT

o

- ’ s 7 IDENTITY
Kartograficke modelovani FEATURE




4. Prirodni podminky pro
archeologickeé lokality

e Spojeni dato ey 3 i
archeologickych Input Features S
IOkalltaCh a PP2 | arch_sites_training | é
pomoci nastroje oo e T B
I D E N TI TY Output Feature Class -

() N aSIed ny Vyber D:\John 176BL JohnLab4\Maya. mdb\arch_sites_ID E"
potfebnych atributy ||| zoweues otoss) .

z tabulky - nastrOJ J| XY Tolerance (optional)

Idnetity zachovava Meters 3
vsechny atributy a ST T I
vytvari dalsi. * ;

e Vyuziti nastroje (o J[ cancel |[  mppy || Showrep>>
Frequency. - — - _
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e _ - V?bér atribUtﬁ

Output Table
D:John 1766L YohnLab4\Maya.mdb\arch_sites_ID_Freguency
Freguency Field(s)
| shape_Area_1
"] shape_length_12
Shape_area_12
FID aspect
| ID
| asp_coDE
| shape_Length_12 13
7| Shape_Area_12 13 N |

OO

1

m

4 1 b

e Nutno zachovat: S,J;jjﬁl'd@-{lpﬁmjj"'“" [ sddred | ||
— NEAR_DIST - blizkost Ao E

| PERIMETER

- DESC_ vegetace | |okon
- R_FERT - puda ] rorco
— ASP_CODE - orientace || 3
| selectAl || Unselectal | | AddFied | ~
Kartografické modelovani o ] [Ccane ) [ ooy [[Showrepo>.]

M —
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6. RUN a prozkoumani vysledkt

e Uré&eni hlavnich shlukd pFirodnich podminek.
e Stanoveni pracovnich predikcni hypotézy pro vybrana mista.
e QOvéreni hypotézy.

arch_sites_ID_Frequency
OBJECTID * FREQUENCY | NEAR_DIST DESC_ R_FERT | ASP_CODE
b 1 1 -1 | Inland swamp forest 4 10
2 1 -1 | Lowland rain forest 1 2
3 2 -1 | Lowland rain forest 1 5
4 2 -1 | Lowland rain forest 1 9
5 1 -1 | Non forest 1 10
6 1 68.570929 2 10
T 1 177.66938 2 9
8 1 274989335 | Lowland rain forest 1 4
9 1 327.802407 | Non forest 1 8
10 1 427.268735 | Inland swamp forest 2 4
1 1 546.290435 | Non forest 1 T
12 1 593.566121 | Lowland rain forest 4 g




