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Abstract: The urban forest makes up an integral portion of the landcover of urban areas.
Currently 806 ofthe population inthe United States liwdn urban areagJnderstanding
landcovers within urban areas and specificallthis studythe urban forest is important
to a healthy living environmenthe urban tree canogy TC) provides oe way to assess
the urban foresfThere are multiple methodsed to map th&ITC with different levels of
accuracy.Two approache® estimate UTGncludeanalysis of remote sensing data
aerialimagey with computerbasedsystemsusing artificial intelligenc€Al) and human
based interpretations using human intelligeftig. This study compared these two
methodgAl and HJ). The Al and HI classifications fddTC did not differ significantly
(p=0.723)for Dane county, Wisconsin where the Al method was traifbdse two
methods had a significant difference (p<@Pid meanUTC overall for the state of
Wisconsin Thus, outside the training area thehald a mea6.0% UTCthatproduced a
lower UTC estinate (5.5% UTC) thathe HI (31.5% UTC)The change in UT®etween
2013 and 2018 404 Wisconsin communities was also domi¢h the HI systemThere
was a significant increagp<0.000)in tree canopy from 2013 to 201&oproximately
1.7%from 31.8%6to 33.26. The HI UTC estimates @reevaluatedor agreement
between two human assessioreach community estimatéhere waover 906

accuracy for UTC agreemefor both 2013 and 2018.
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Chapter 1

Premise of Study

The premise of this study is to understand different assessment methods to
guantify urban tree canogW TC) using aerial imagery. pilot studybetween two
communities using artificial intelligen¢@l) and human intelligenogHl) showed a
difference in asessedJTC in locationsbeyond the Al trainindpcation.Thereforewe
createl a comparison between both methéalscommunitieswithin and outside ofhe
training area. Thus, we tested if differences in Al and HI occur with locations outside the
trainingareaand how the two systems compare within the training localibis study
alsoinvestigated change tree canopy betweet013and 2018A humanassessor
accuracyvalidation of the HI systeralso occurred as a validation of the HI system

This thesis is comprised of three additional chapténapter 2rovidesa review
of relevantUTC literature Chapter 3 presents the results of this stbelsting differences
between the Aand HI systemsThis chapter is developed in a fornfiat submission for
peerreview.Chapter 4 summarizes our findinfyjem this studyAppendix A includes a
table with studies on Al and Hind UTCcomparisons. Appendix B shows the protocols
used to crea random point sampling mapsingArcMap 108.1 as well agemplate for
comparing two as s AmendxCerévidesldesadsomlandc at i ons.
classificationdor the HI methodas compared againtte Al system.

We created an assessmentadiC onlandcover magfor the state of Wisconsin
(Figure 11). We expected to find th#te Hlis more accurate in mapping urban tree

canopythan Al We also wanted to see if there was validation in the training location of




the Al method by testingpr differences focommunitieghroughout the stat®©ur
assessens also mapped UTC in 2013 and 2018 to study whether there was a ¢fange.
decide whetbr human assessors categorized land cover appropnaeetlid an

accuracy assessment of 10% of the randamplepoints.This research will aith

decisionmaking about assessment methosil for UTC.

[ sampled Locations
:’ Non-sampled Locations

50 25 0 50 Kilometers

Figure 1-1. Map of Wisconsin witlocations where urban tree canopy was sampled
compared tomonsampledocations




Chapter 2

Literature Review: Approaches and Importance of Quantifying the Urban Forest

1. Introduction

Managing the urban forest ideally occurs with accurate urban forest estimates
(Morgenroth& Ostberg, 2017). This allows city planners, land manageisurban
foresters in communities throughout the world to understand what they have and reach
goals through the plans they implement (Miller et al., 2015). A healthy urban forest can
provide social, environmental, and economic benefits that exceedstiséocmaintain
trees(Duinker et al., 2015; Vogt et al., 2015). Data to quantify the urban forest can be
collected through otthe-ground tree inventories or through rentpteensed information
(Figure 21).

The use of remote sensing information is ona@ggh to quantity and estimate
the urban forest anits status of change over time (e.g., increase, decrease, cohetant)
it grows, declines, or remains the sa@Qeantifyinga tree population through an Urban
Tree Canopy (UTC) assessment is a commontwdgterminenow much of an area is
covered by trees (Figu1). Aerial imagery and mapping software can be used to
estimate differentand coversncludingtree canopy throughout urbanized areas
(Blackman et al., 20930Aerial imagery and boundary data can be used to calculate UTC
in mapping software such as ArcGIS (McGee et al., 2012)UTlit@changes over time
Treeplanting naturalregeneratiorndtree growthincrease UTC, whiléactors such as
development, pests, lhation, and storms$end tonegatively impacUTC (Nowak 2020).

A UTC analyses can aid in a better understandindgT&® dynamicsand
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Figure 2-1. Imagerycomparison with thS Tre:*i;ﬂarsi n aerial image (a) and the
mapped system (bAdapted from Earth Define 2021
developnent ofeffective management strategisach asettingcanopy coverage goals
(HermanserBaez 2019. A UTC assessment can also help estimate where urban tree
populations exist andevelop and test moddis economically maximize ecosystem
services (e.g., reduce stormwater runoff, carbon sequestration, decrease air pollution) and
provide social benefit&.g., stress reduction, improved health, decreased crime) for
urban populationsTiurnerSkoff, 2019.

Developing healthier communitiéy incorporatinghaturesuch as urban green
spaces is importafior people in urban localeshfoughout the world, approximately
50% of the people live in urban locations (United Nations, 206&8he United States
alone, over 80% of population live in areas that are considered urban and these numbers
continue to stadily grow (Dolan, 2015). Urban areas are defined geographically and by
population (Miller et al., 2015). For example, in the United Stasfinition for urban
localeshas historically classifiethesdocations as places with 50,000 people or more, or
places with 2,500 people or more which are located outsidieintifiedurbanized areas
(Ratcliffe, 2016).A recent proposalefines urban areasésa mi ni mum t hr es hol
4, 000 housing units or 10,000 per R02f).s i nst

Regardless of definitionrdes in urbanized areas provide bendfithuman health, the




economy, and the environmetiterefore it is important to find ways teliably estimate
UTC. Thus, UTC measured via-dhe-ground assessments, aepghbtography, or
through mappingechnologies are a means touahan forest benefit end (Kirg Locke,
2013) This chapter discusses Wb C is important, factors that affetiTC, and lastly

methods to quantify theTC.

2. Urban Forest Benefits

Trees provide many benefits for people and the environrrenire2-2).
Benefitsvary bylocale, tree speciesjumber of treedreesize,treecondition, and
underlyingsite locationgMoody et al, 2021, Song et al2018. The urban forest can
decrease air pollution by removing particulate matter, for example in Atlanta, Georgia
USA trees remove 64.5 tons afborneparticulate matteannuallywhich translates to
$9.2 million valuewith avoided healtlcosts(Nowak et al., 2013). This can lowesks of
respiratory ailments such as asthma (Ulmer, 2016). In the United Gtibéestrees
remove approximately 17 million tons of air pollution annually with an estingated
billion value (Nowak, 2014)Trees can reduce noipellution and shade surfacéRoy et
al., 2012) Shade provided by trees moderate ambient temperature, resulting in reductions
in heating and cooling cosfBhis also allows for energy conservation and a reduction in
heating and cooling costs. The urban fa@sthe United States reduce energy costs by
approximately$7.8billion peryear (Nowak et al., 2017). Trees also provide habitat for
pollinators and wildlife, which can be more challenging to estimate a monetary benefit
(Rhodes et al., 2006). Trees can makiesimore desirable and create a more

comfortable living space (Payton et al., 2007). Urban forests also provide more recreation
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Figure 2-2. Infographic on the benefits that urban trees providéapted from The Nature Conservancy

2019

opportunitiesandthese can lead tecrease psychological distresand resulting
increasd mental wellbeing (Ulmer et al.026). Trees can also increase property values
due to peoplesd willingness to pay for
Some studies show that tree canopy decreases crimgaatiedly through

neighborhoods that lodke they arecared for(Troy et al., 2012).

3. Describing Urban Tree Canopy

Aerial and orthe-ground assessmerdgee common tools used to estimate UTC
An aerial map of the urban forest may provide an easy to view depiction gfHEGe
it is located and a means to see itgy-wide distribution (Figure2-1). This approach
requires aircraft or satellites to collect the imagedadvanced skills to evaluate these.

On the ground inventories allow for assessments of important information stneb as

-6-
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species, vigor, and hazbstatus that may be impossilbbeobtainwith aerial imagery

(Sreetheran et al., 202 owever, there afd@mitations to this type of assessment system

such as high staffing requiremeatrsdfunding (McGee et al., 2012). On the ground

assessments may also be limited to publicly owned trees, while aerial imagery offers a

bird-eye view of all trees including those on private property (McGee et al., 2012).
Urban tree canopgstimation by Hhas been employed for many yeaith more

recentapplication of human developed algorithms and machine learned estimates through

an Al approacifUSDA-FS, 2019; Walton, 2008; Erket019; Wang2021). Therefore, it

is important to decide which measurement approach is most appropriate based on the

circumstancesuch as time and fundifiiing & Locke, 2013. Studiesof Al andHI

UTC analyse$avedifferent levels ofeliability, both methods areften between 7$80%

or more acarate(AppendixA). However,Al estimates are often less accurate compared

to HI for landcoveroverlarger land area (Walton, 2008). Human interpretation is often

80-90% accurate, or higher. Whikd interpretation is often between-85% accurate

(Ellis & Matthews, 2019; ErkeR019). Regardless afpproachthese assessments can

provide local governmentaformation tosupport appropriate urban forest management

& planning(Hostetleretal., 2012.

3.1 Using Computer Technologies to Describe Urban Tree Canopy

A Geographic Information Syste(GIS) is a methodisedto map locations and
analyze features such as UTC derived famnal imageryfHostetler et al. 20)3A GIS
assessment of landcovanhelpurban foresters tplan tregpreserationandplanting to

increase the UTC (Paulét Duhme,2000). As technology becomes more advanced




products such as ArcMap, Google Earth, MapGuide, Q&18R statistical packages are
useful for mappinginventorying and analysisf trees in one database (Tasoulas et al.,
2013). Not only isa GIS useful forinventorying butit can also help city planners and
foresters understand the change in landcover, especially green space and trees, in
communities (Nowal& Greenfield, 2020).

A GIS relies on spatial data. For examplightresolution imagery can be
acquied from satellitesvhichincludeIKONOS and Quickbird sources aadrial images
usingvariousfixed-wingedaircraft (Parmehr et al2016; Toutinet al., 2002 The spatial
data is used testimate different landcover types using random point sampling on aerial
imagery.Points are randomly placed throughout a map at a specified distance and then
classified by landcover typeith leafon imagery(Figure 23). This can be done

manually on paper or on softwatteis also

N Legend
. . \wé;n [ eden Boundary
important to have a quality control procedu ¥ @ 1000 Rando o

such asnotherassessor cross referencing
10% of the randomly selected land cover
pointsto see if landcover designations are
aligned(McGee et al., 20)2Remote
sensing data may not be as accurate as
groundbased inventorying, but it can
provide estimatesf the urbarforests for

government, land managers and other

300 150 0 300 Meters
N

stakeholders more easily than grotbased

. Figure 2-3. ArcMap Image oEden,WI 2013
data (McGee et al., 2012). Ultimateny aerial imagery with random point overlay




UTC analysian help urban foresters measure and evaluate against reaching a canopy

target for their communitiesd needs.

3.2 Describing Urban Tree Canopy with Artificial Intelligence

An Al is whencomputingsystems are taught to mintiti through data
aggregation and algorithms and therefore perform thakedon information provided
(Helm et al., 2020). As technology performance becomes more ady#reeadility to
use Al for tasks such as mapping land cover, specifitalg, has becom more
common place (de Lima Araujo et al., 20€mputerbased estimation methods use
human developed algorithms to train a computer to calculate UTC within a location
(Azeez et al 2019). Programs such as ArcMapTaee Canopy may be used to classify
UTC on aerial or satellite imagery (Erker et al., 2019). Segmentation and computation of
attributes allows the computer to analyze and categorize landcover specifically urban
trees (Puissant et al., 2014).

A software analysis has benefits and limitatidrtse Al might misevaluate trees
as other landcover typear vice versdut may require less staffing than HI methods
(Erkeretal.,2019T herebés still a question on whethe
accurate asll due to limitations such as complexities of the urban landscape (Alonzo et
al., 2016). Thenigh variability inaccuracy of Al land cover assessmespecifically
UTC, is depedent onfactors such aal type, landcover typeandimagery quality(de
Lima Araujo et al., 2021)AlI methods are oftegfficient, andrequireless human labor

(Hwang & Wiseman, 2020




3.3 Describing Urban Tree Canopy with Human Intelligence

Human assessment of UTC through ground or remote sensing methods is the
standard way to enumerate land covered by tieasr(ehr et al., 20)6Both methods
have benefits and drawback3n the ground aessments can be costly and time
consuming, while canopy assessments using remote sensing software may require high
levels of training (McGee et al., 2012). The use of aerial imagery to interpret landcover
has been used since the 1920s (Wagh&aserryawashi, 2017). Methods to estimate
tree canopy has evolved with the first aerial image taken in a hot air balloon by
photographer Gaspaf#eklix Tournachon in 1858 (Waghma&eSuryawanshi, 2017).
More recently, this has evolved to multiple sources for s&aht aerial imagery
including IKONGCS, WorldView-2, andQuickbird satellites (McCarth& Halls 2014).
Aerial photography is used as a base map from which canopy estareatkesived. As
anexamplerandomly placed points aerialimages ar¢allied as UTC or other
landcover and then converted to a percentof all landcove(Walton et al., 2008)-or
example, 100 points out of 1000 points mar
is made up of 10% UTQhis is possible by using softweaprograms such aslree
canopy or ArcMaprogramswhich use aerial imagery and a random sample point
overlay to manually estimate UTC by determining treeeror not treecover(Parmehr

et al., 2016; Ucar et al., 2016).

4. Drivers of Urban Tree Cove
4.1 Sociedemographic Factors
Urban tree canopyaries in itsdistribution across the landscdpesed oneveral

factors sichincomelevel, homeownership, education levehdbuilding density

-10 -



(Cimburova& Berghauser 2021; Martinuzet al., 2021; Riley Gardiner, 2020). There
is typicaly a positive relationship between high income and higher educatidbTC
(Danford, 2014). For example, a studythe contiguous 48 United Statg#sowedareas
with low-income blocks had 15.2% lesse cover than higlncome areas (McDonald et
al., 2021). Less affluent neighborhoods often have fewer trees than affluent areas in cities
(Riley & Gardiner, 2020). Therefore, less affluent areas are less likely to benefit from the
ecosystem services that trees provide. Communities with individuals who have lower
education levels, as well as minority neighborhoods tend to have fewer trees (Conway et
a., 2011). A study in Milwaukee, WisconsiiSA showed that areas with ndtfispanic
white populations lhmore urban tree cover than areas with more Hispanic populations
(Heynen et al., 2006).

High population density is negatively associated with tree ppiiGrove et al.,
2014). Locatios with more rental housing and lower incosmmmunitiegendto have
fewer trees (Riley Gardiner, 2020). The dispariof UTC is often due to resource
availability for tree planting and maintenancedaypunicipality (McDmald et al., 2021).
Some cultural groups may have negative perceptions about trees and therefore may prefer
no trees on their property (Frageienney, 2000)A loss of tree canopy &lso
correlated with aighborhood declineasdefinedthroughlower property value@Conway

et al., 2011).

4.2 Legislation and Ordinances as Factors
Policy and management can influence urban forests and the distribution of UTC

(Miller et al., 2015). As an example, green initiatives that lead to tree planting, guiodin

-11 -



support urban forest management, and policy implementation such deewith
ordinances if done right can lead to increased UTCaandreequitabé distributionof

UTC (Danford, 2014)A literaturereviewon urban forest managememdlicatesthat
managemenplans, professional staffydinancesand advocacy hgsositively affected
urban foresprogramgRines et al., 2011). Local governments commonly use tree
ordinances as a governance mechanismriating and managing tiieban forest

(Miller et al., 2015; Haue& Peterson, 2016; Hilbert et al., 2019). Hilbert et al., (2019)
found communitiegn Floridawith ordinancegor large valuable trees known as heritage
treeshad an approximate 6% higher UTC compared to locations lacking this ordinance
type Figure 24). Locationswith higher local tax revenue often have managemengplan
derived froma tree inventory (Rinest al., 2011). Locations with urban and community
forestry planting programs are more likely to have healthy-lwegl treesdue to

appropriate managemefi®oman et al., 2014).

% A Riometers
*x "
Tallahassee
Gainesville Palm Coast
P
Urban Tree Canopy Orlando
Coverage
18% - 28% Kissimm ee
29% - 36%
- 37% - 63% Clearwater _§ gakoisd A
wi- Tampa
*S( Petersburg
Port St. Lucie
-
Sarasol ta
b Jupite:
Fort Myers
&~ Boca Raton
Miarn
Naples
Marco Island
Area Shown

Figure 2-4. Map of urban tree canopy coverage in 43
communities in Florida, USA. Adapted from Hilb2é19
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4.3 Forest Health Factors

Biotic factors such as invasive species including fungi and insect pests can
damage and kill trees and lead to a los§' BE. Example insects and diseases include
emerald ash boreAgrilus planipennis)soapy mothl{ymantria dispay, Dutch elm
disease@phiostoma nowalmi), and oak wilt Bretziella fagacearuin whichcan
negativelyimpacttree populations throughout the United States and abroad (Hauer et al.,
2020; Tubby& Webber, 2010). Milwaukee, WisconditSA lost between $8 to $80
milliond worth of Rutclhebngisebselauesat al.\2020)e,ls du e
survey in OhidJSA showed that the economic loss duestoerald ash boraevas
approximately $807 million dollars statewide (Sydor et al., 2007).

Natural disasters such as storms including hurricanes, tornadoes, and ice storms
often have a negative impact on urban tree health (Hauer et al., 2011). Ice storm damage
reduced UTC by over 6% mWorchester, Massachusetts storm (Hostetler et al., 2013).
Hurricanes in Florida decreased tree canopy by 7% (Salisbury et al., 2021). Drought
andor extreme weather events may also negatively imp&act (Nitschke et al., 2017).

Thus, in addition to biotic factors, abiotic factors influence UTCtarthanagemerf

urbantree populations.

5. Urban Forest Management

Urban anccommunity forestry programs and ordinaseee essential for a
healthy urban forest (Hilbert et al., 2019). The importance of urban forestry management
evolvedsince the 1960s because of Eluelm disease (DED) and elm tree mortality

throughout Canada and the United States (Johnston, 1996; Hauer et al., 2017). Proactive
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management and research in the urban forestry sector became more prominent due to
DED as well as increasing demand for grgpace witim cities (Johnston, 1996; Nowak

et al, 2002; Tajima2016). However, even as the United States continues to urbanize,
many areas are still underfunded or hktdle to no urban forest management whatsoever
(Hauer& Peterson, 2016). Federal and state funding through grants and other programs
are extremelymportant to help build capacity in a community to maintain a healthy and
safe urban landscape (Hauer et al., 2018). Funding is not limited to tree maintenance but
is also usedo educate people aboetosystem servisghat the urban forest provides
(Perkins, 2011)Tree planting initiatives and proper management are vital to limit
decreasing UTC and maintain a healthy UNowak& Greenfield, 2020; Eisenman et

al., 2021).

6. Conclusion
As described through this chapter, UTC assessmenitmpogtant. National,
regioral, and local assessments amgortantfor proper managemenA statewide
canopy analysis provides a regional sense of wiodnest develop therban forest and
guide funding that would be most beneficial for developing loaphcity to grow tree
canopy Unfortunately mapping theJTC can be costly and timeonsuming endeavor
which may | imit | ocal governmentdés ability
Accurate canopy data may help managers understand their local urban forest,
requesfunding, and maintain the urban forest based on present forest conditions and
requirementsAn UTC assessment may give managers a general idea of boundaries and

create aeasonableanopygoal(e.g., 27% UTC)pased on population, spaesad funding
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(Nowak & Greenfield, 2020). Mapping the urban forest through the United States can
also help create plans for a more equitable canopy distribution by helping managers

decide on priority tree planting locatgn
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Abstract

Urban tree canopy (UTC) as a metric to assess the urbantfagbnally used
human intelligence (HI) sampling to estimategalue Atrtificial intelligence (Al) models
to estimate UTC provides a less lalimensive method, once devetpHowever
studies orhow HI and Al compare in estimation is limited. Our objective was to
determine ithe accuracy of Bll UTC assessment compared toAdnassessmerdiffers
within and outsideegional Al training area. We found a statistically significant (p<
0.001) difference between the two interpretations for a statewide UTC esiin=3@7).
The tree and shrub estimation which formed the Wi&dric was higher for HI (31.5%,
0.72 SE) than the Al (26.0%, 0.51 SE) estimate. Within the Al training region, no
differene (p=0.723) occurred between the two systetitts UTC (~25%).We found a
significant increase (p<0.@pin UTC between the years 2013 and 20&8ture work
will explore the relationship betwe&hl C estimatedbetween the twestimaion
methods.
Keywords: Land Cover Analysis; Longitudinal Assessment; Tree Canopy Change;
Urban Forest
Highlights
1 Difference betweetwo urbantreecanopy assessments were found

1 Urban tree canopyicreasedetween two time periodsr human intelligence

=a

High level of agreemertetween two assessargh urban tree canopy assessment

1 Aurtificial intelligenceand humanntelligence were similawithin thetraining location
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1. Introduction

Urban tree populations offer a multitude of positive benefits through improved
human health, increased property value, removal of air pollutants, and stormwater
retention(Dwyer, 1992; Milleret al, 2015; Nowak, 2017). Several approaches exist to
estimateand model the ndtenefitsthattrees provid€Vogt etal., 2015). Models
likewiseexist for estimatinganopy covefrom trees in built environmengnd
associate@cosystem benefiffNowak, 2017; Lin et al., 2019Jree Canopy Coverage or
Urban Tree Canopy (UTC) is a metric to measure urban forests and is represented by the
percentage of the total land area directly covered by a tree crown comprised of leaves,
branches, and stems (KiggLocke, 2013; Locke, et al.025; USDAFS, 2019).
Examplemethodologiesnclude on the ground assessments, visual interpretation of aerial
imagery, androm artificial intelligence(Al) programs (Parmelat al, 2016; Nowalet
al., 2008; Timilsinaet al, 2020). Random point samplirg aerial imagery is a common
and potentiallya highly accurate method to measure landcover, including tree canopy in
cities (Nowaket al, 1996. The tree canopy iathreedimensional structureomprised of
the horizontal and verticalxis of the tree crowwisible from abovdJennings et al.,
1999). Quantifying UTC provides a mechanism for assessingtdhes of the UT@nd
how the percent of the total land area covered by UTC changes over time (Chaang, et
2017; Locke et al., 2017).

An UTC analysis is one of the most efficient ways to asbesgrban forest
resourcen multiple scales includingegional (e.g., statewida)ational (e.g.country)
and globdly (Walton, 2008). Thee analysescludemeasuring temporatffects due to

urbanization impacts on urban forests (Berland, 2012); mapping where urban forests exist
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(Nowaket al, 2008), determining howariousland development affects forests
(Hostetleret al, 2013), planning urban reforestation projects (McPheesah, 2010),
and testing the effectiveness of tree protection ordinances (Hi&lt2019). Tree
canopy cover can be a dependent variable to test the effect of having common municipal
forestly components such as professional arborist and urban forestry staff, strategic plans,
tree inventory, tree board, tree planting, pest management, ordinances, and inclusion of
community members in urban forest operations (Hauer et al., 2018; Hauer @2@y., 2
Romanet al, 2014, USDAFS, 2019). Thus,;raUTC assessment is a measurement
approach usetb understand factors that drive forest change in cities (Hiéeut
2019). This metric can also be used to estimate ecosystem services from trees (e.g.,
stormwater runoff management, carbon sequestration, shade, and energy conservation,
and physical and mental health benefits) and management &&ecterdinances and
inventoies) on urban tree populatiorislowak, 2017; Turnekoff, 2019).

An UTC assesnentbased on imagergonventionallyoccurs througthuman
intelligence(HI) with more recent applicatisrusehumandeveloped algorithmsoupled
with machinelearned estimatesf UTC through Al approaches (Nowak, 2017;
HermansefBaez 2019; Erkeret al, 2019; Wang2021). Both assessment methods will
have error, although HI methods tend to currently have a higher level of accuracy and
assessaagreement (USDA-orest Service2019).An Al approachuses human
developed estimates to train a computardeimagery and land classificatiots
calculate UTC within a location (Timilsiret al, 2020; Wanget al, 2021).Conceptually
computerbased algorithms for landcover classificatians moreefficient (e.g., less

costly) and effective (e.g., precisgtiemates)Canopy cover assessmettisough Almay
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employobjectbased image analysis (OBIA), deep learning mofilels U-nef or an
objectbased convolution neural network or @BN (Moskalet al, 2011; Erkeeet al,
2019). These methods create aldorns for calculating landcover types based on
variations inshape, height, and textupépixelsin images (Moskalet al, 2011).
Although there is a possibility that the landcover in the training location may differ from
locations outside the training locatjomhich can create error and discrepancies (Egker
al., 2019). Ultimately, understanding the limits of HI and Al as it igio UTC
estimates should lead to better predictions (Korteling, et al., 2021).

Much like HI methods, Al methods may usgagery (e.g.NAIP andSPOT)
andor remotely sensed dafa.g., light detection and rangingloiDAR) to classify
canopy cover (Erkeet al, 2019; Hansseet al, 2021; Pristeret al, 2021).Al canopy
estimatesre variablealthough current assessmentnge from ~60 to 90% accuracy
(Alonzoet al, 2014; AlKofahi et al, 2012; Cleveet al, 2008;MacFaderet al, 2012;
Walker and Brigg®t al, 2007; Zhou and Trogt al, 2008 Ellis and Mathews, 20)9A
study by Erker et al. (2019) interpreted UTC using Al and found 83.7% to 85.4%
accuracy foDane CountyWI, USA. A large portion of the erravasdue to shadows,
spatial misregistration, mixed pixebnd pixels on borders of different landcover types
(Erkeret al, 2019). The use of Al for tree canopy and landcover classification reduces
human labor and possibly expendgst there is a question of whether the rieks
misidentifying landcover typesutweigh the benefits if lower accuracy with Al
interpretations is the result (USBRorest Service2019).

Several scio-economic and sociodemographic factors are related ta Uhé€re

is a typical positive relationship betwediiC andincome and educatigniacesLowry
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Jr.et al, 2011). Places with lowncome and minority communities often have a lower

UTC and therefore may receive fewer ecosystem services (Dagifatd2014. A study

done in Baltimore, Maryland, USA found a strong negative association between UTC and
crime rates (Trowt al, 2012). Landuse change, including urbanization dhd resulting
increase inmpervious area, may negatively impact UTC (Dwgeal, 1992; Nowak and
Greenfield, 2012; Hilbert et al., 2019; Koeser et al., 2020).

Tree protection ordinances and implementation of tree protection in construction
areas led to healthier trees, which results in more UTC compared to locations lacking tree
ordinances and protection (Hill, 2010). A heritage tree ordinance resulted in ~ 6% greater
UTC compared to communities lacking one in Florida, USA (Hilbert et al., 2019). Pest
outbreaks such as Dutch elm dise&@phjostoma novallmi) and emerald ash borer
(Agrilus planipennishave negatively impacted urban forests. Dutch elm disease caused
the death of 50 to 100 million elms in 50 years throughout North America, and it took
approximately 40 years to recouvbe lostcanopycoveraggSoll, 2016; Hauer et al.
2020).Wind (e.qg., hurricanes, typhoons, tornadoes, microbursts) and ice storms can
reduce UTC (Hauer et al., 2011; Rahm20i5; Blackmaret al, 2020).Thus, nany
factors negatively impact UTC; therefoessessment of urban foreatsd developing
appopriatemaintenancés important formeetingUTC goals(Dwyer et al, 1999
Pregitzer et a] 2019.

Validating how Al systems perform with UTC estimation outside regions and
datasets where they were created is impottanalidate andmprove estimationsThis
study aims to assesgd and Hlvary inUTC estimation. Specifically, the objective was to

measure tree canopy using HI and test how it differs from values derived through an Al
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estimation system. We asked the following questidhBioes a UTC assessment
generatedhrough an Al systerdiffer from an Hlestimate in aredseyond theAl
training location, 2) DAI estimations diffefrom an HI estimat&vithin a region the Al
was developed, and 3) Was there a change in ldMZisconsin communigsbetween
2013 and 2018 for the HI estimation methddiWas there &igh-levelagreement
between assessors to validate the HI system by land use componelhtsaiopée

location®

2. Methods
2.1. Study Site

The study occurred in Wisconsin, USA (43.7844° N, 88.7879° W) and used
communities throughout the state as sample locations (Figure The state has

approximately 5.9 million inhabitants and

[ sampled Locations
[ Non-sampled Locations

17 million hectares of total landcover (U.S oo
Census, 2019). Ersampledcommunity
populations ranged from 75 to 584,00 ;

peoplein locations sampled in this study. A ,

sample of 48 communities were selectec

from a total of 685 cities (191), villages

(411), and towns (83) in the state (Hau Figure 3-1. Map of Wisconsin witlocations where

_ urban tree canopy was sampled comparegaoe
and Lorentz, 2018). The study locatior sampledocations

were selected based on communities that participated in a 2017 study that detailed what

urban forestry eivities they undertake as well as the availability of aerial imagery for
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creating a UTC assessment (Hauer and Lorentz, 2Cb&munitiesmainly townswhich

lackedaerial imagery were excludém the study

2.2. Tree Canopy Cover Estimation Process

Estimates of UC through HI usederial imagery acquired from the National
Agriculture Imagery Program (NAIPThe NAIP images were&fon for both2013 and
2018and 1-meter resolutionCommunity boundary dafar theselected sample
communitiesvere obtained from the Wisconsin Department of Natural Resources
(WIDNR) Forestry GIS repository (https://data-
dnr.opendata.arcgis.com/search?tags=foreaph ommuniy had1000randomly
placedsamplepoints which were usett estimate UTCusng the create random points
tool in the data management tools in ArcMap 10.8.1 (ESRI, Redlands, CA). Each point
wasidentified aditting within one of sevemassessed land classifications includiibp
agriculture 2) herbaceous & gras8) impervious4) soil, 5) tree and shrulg) water, and
7) wetland.The tree and shrub classificatioraisoreferred as UTC in the resul&s
team of eight evaluators was used to classifga@thmunitiesor both time periodand
anevaluator was randomly assigned to an im&ggaining session was used to calibrate
evaluators for a consensus of which land classification a sample point was located over.
To determine the landcover for the HI, an assessor would zoom into each randbpat po
a scale of 1:1,600 or greater magnification of up to 1:800 to classify the location. The
points for each land clagisation category were summed and converted to a percentage
of the overall landcover for than communifyhe process was donehbnth 2013 and

2018 to analyze the change in landcover between-yteabintervafor each community
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2.3. Tree Canopy CoverComparison Process

Results from 2013 HI estimates were compared against Al estimates fdio2013
communities throughout the stdterkeret al, 2019).To be consistent with the Al
approach,lte impervious and soil classification were summed togettiein an
impervious classificationnit. Agriculturewas alsaccombined with thénerbaceous &
grass This resultedn five categories (herbaceous & grass, impervi@isoil, tree&
shrub, water, and wetland) used in the Al system (Egkal, 2019). The Al generated
estimates for each community used data from the WIDNR Wisconsin Community
Canopy Covethttps://dnr.wisconsigov/topic/urbanforests/ufia/landcoyeterived from
Erkeret al.(2019).The Al system did not generate the water and wetland maps, they

were acquired from th&/IDNR website.

2.4. Accuracy Assessmenfor Human Intelligence Estimates

Two assessorsut of the eightlassifieda random 10% samp(&00 points per
map) of HI points foreach communitypoth 2013 and 201® test for assessment
accuracy Two accuracyapproaches were used, Assessors §reemenandLandClass
AgreementTheAssessa Agreemenexplains how manpoints within aland
classificationthatbothassessoragre@ upon relativeo pointsthey classified inaland
classification The Land ClasAgreement was based disagreemestbetween assessor
1 andassessa? interpretation ofa land class and threimber of disagreements between
assessa? and what assesstrthought was the casgéthin a land clasand treating a
land class as if it was the only feature of intereststudy Both approachesvere

calculated as follows:
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Assessors Agreement = ) * 100

Total Agreement was the number sample points thatSthesdessor and"? Assessor

agreed upon within a classification. Mean Sample Points was the mean number of sample
points that the 4 Assessor and"2 Assessoevaluatedwithin a classificationBy

examplethe Assessos had total agreement for 86 sample points in a laasisdication
andcombinedhad 180 point¢MeanSamplePoints = 90 88 for Assessor 1 and 92r

Assessor 2)
Vo zpmmwap

and

Land ClassAgreement (. ) * 100

CombinedLand Class Agreemerd the agreement for each landcover classificatias
derived from the Sample Poirit{1% Assessor Land Class Disagreement4Azsessor
Land Class Disagreem@nSamplePoints werehenumber of locations assessed dtir
land classificatioa By examplewithin a land classificatioassessot disagreed with 3
samplepointsof assessor and assessor 2 disagreed wittample points of assessor 1
for 7 combineddisagreementfl007 7 = 93 agreement$)r 100 sample pointhat were

evaluated

‘*)Gpnannnwﬁtb

2.5. Statistical Approach
Statistical analyses used SPSS Version 28 ((BiWp, Armonk, NY) A test for

significant difference between the Al and therh#an percergstimate for eachland
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classification ueda paired-test for the statewide comparisohall communities

(n=397). A t-test was also used to evaluatedidference between the HI and Al methods
in the location (Dane County, Wisconsin, USA) used to train the Al syste1)
Similarly, a ttest was used to test for difference between two time pgi20d8i 2013)
andpercentchange ireachland classificion (n=404) An ANOVA was used to test for
assessment accuracy by using the agreement between two agsesennean of each
cover type for the stat€or this study, a 0.05 was used for decision making to
interpret differencedA standard error of the mean (SEM) was furthecuaked for

interpretation of findings.

3. Results

This study found differenceas the UTC classificatiovetween Al and Hior
communities outside the training locatioHowever, no differenceras found between
the Al and the HI within the training locatidor UTC. This suggestghat theUTC using
the Al system should be validated usingependentiata outside the regions of the
training dataset The HI systenalso showeda changen landcover betweethe years of
2013and 2018with percent olUTC increasing Lastly, assessor agreements fortthe

were between 90%nd 95%for UTC.

3.1. Artificial Intelligence Training Location
No difference was found witih the training location between the HI and Al for
UTC estimates (p3723) Also, no difference was tod for bie herbaceous (p=0.332)

andimpervious (p=®18)land classification$or the training locatioriTable3-1).
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Differences were found with water (p803) and wetland (p=0.006). Both water and

wetland were uncommon and each below approximately 4% owétaltial land cover

for the communities studietierbaceous was most common with slightly more than 41%

of overallland cover Both impervious & soiand trees & shrubs each comprised

approximately onguarter of the overall land cover in Dane County, WI, USA&he21

communitiegFigure3-2). The Hlpercentfor each landcover type was outadf00%

total (Table 31). Thus, an important finding was a similar ability to estimaieC with

the HI and Al approaches within the margin of e{®EM) for the Al training location

Table 31. Land classificatiorareadifference between human intelligence and artificial intelligaraiaing

area Dane county, Wisconsin, Upfar 2013

Land HI Al Mean Std. 95% 95% t- p-
Classifications Mean Mean Difference Error Lower Upper value valuet
(%) (%) =HI - Al Mean Confidence Confidence

(%) (%) Interval Interval

Herbaceous 42.69 40.60 1.83 1.84 -2.03 5.69 1.00 0.332
Impervious & 27.26 29.04 -1.40 1.10 -3.70 0.90 -1.28 0.218
Soil

Trees & 25.17 2466 0.43 1.19 -2.07 2.92 0.36 0.723
Shrubs

Water 2.A 1.46 1.48 0.43 0.57 2.38 3.42 0.003
Wetland 1.94 4.24 -2.34 0.75 -3.91 -0.77 -3.13  0.006

! Differences used a paireddst, n=21
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Figure 3-2. Land classification difference between human intelligence and artificial intelligenc

Dane county, Wisconsin, US#x 2013 (n=21, bars are Standard Error of the Mean)

3.2. Statewide Comparison Between Human Intelligence and Artificial Intelligence

A difference was found between the HI and Al systarhen land classifications
wereconducted beyond the Al trainirsgea Four landcover classifications (Impervious
& Soil, Trees & Shrubs, Water, and Wetland) significantly differed (p<0.001) between
HI and Al systems (Tablg-2). No difference (p=0.743) occurred for the herbaceous
category.Theherbaceous land classification was most common for both systems (~42%).
The tree & shrub estimate was higher for therelécanopy cover (31.5%5E=0.72 than
in Al (26.0%,SE=0.72. In contrast, the impervious & soil classification was higher for
the Al (26.2% SE=0.53 than in HI 1.5 %, SE=0.51). Bothwetland and water

classifications each made up a small percent, below 4% overall (Fi@ure 3
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Table3-2. Mean knd classificatiorfor human intelligence and artificial intelligerand theirdifferencefor

communities itWisconsin, USAor 2013

Land HI Al Mean Std. 95% Lower 95% Upper t-value p-valuet
Classifications Mean Mean Difference Error Confidence Confidence

(%) (%) =HI - Al Mean Interval Interval

(%) (%)

Herbaceous 41.83 41.64 0.18 0.56 -0.92 1.29 0.3 0.743
Impervious & 21.46 26,5 -4.79 0.39 -5.56 -4.02 -12.29  <0.001
Soil
Trees & 31.5 26.8 5.48 0.48 4.5 6.41 11.%4 <0.001
Shrubs
Water 3.64 29 070 0.10 0.50 0.90 6.90 <0.001
Wetland 1.57 3.14 -1.57 0.18 -1.92 1.22 -8.83 <0.001

! Differences used paired ttest, n=397

50

Percent Land Cover

Herbaceous &
Grass

41.6 41.8

Soil

m Artifical Intelligence

Impervious & Trees & Shrubs

Land Classification Attribute

®Human Intelligence

Water Wetland

Figure 3-3. Land classification difference between human intelligence and artificial intelligence in
Wisconsin, USAn 2013 (n=397, bars are Standard Error of the Mean)
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3.3 Change Betwee2013 and 2018 Human Intelligence Assessment

Three of the seven land classifications significantly changed (p<0.001) between
2013 and 2018 (Tabl& 3, Figure3-43). Tree & shrub (UTC) area increased by an
absolute value of 1.73% (0.17 SEM) from 31.6% (20&233.3% (2018). While
decreases in land area occurred for soil (0.47%, 0.08 SEM) and agriculture (1.38%, 0.17
SEM). Water increased (p=0.043) by 0.11% (0.06 SEM).

The UTC varied between 4.4% to 84.0% for communities in 2013018 the
range was 6.8% to 86.3%. The UTC classification was the most common f@0i&th
(31.6%) and 2018 (33.3%herbaceous and grass were the next most common in 2013
(23.3%) and 2018 (23.2%). Impervioaikeawas unchanged (p=0.242) between the two
time periods, 2013 (19.8%) and 2018 (19.9%). Agricultieéereasedo<0.00) andwas
18.5% and 17.1 in 2013 and 2018, respectively. Soil, water, and wetland were all

relatively uncommoypeach below 5%.

Table 33. Land classificatiorareachange from 2013 and 2018 in Wisconsin, USA.

Land 2013 2018 Mean Std. Error  95% Lower 95% Upper t-value p-
Classifications Mean Mean Change Mean (%) Confidence Confidence value!
(%) (%) (%) Interval Interval
Herbaceous 23.28 23.20 -0.08 0.20 0.30 -0.46 -0.42 0.674
Impervious 19.78 19990 0.13 0.1 0.34 -0.09 1.17 0.242
Soil 1.69 1.2 -0.47 0.08 -0.31 -0.63 -5.78 <0.001
Trees & 31.58 33.31 1.73 0.16 2.06 1.4 10.73  <0.001
Shrubs
Water 3.64 3.75 0.11 0.06 0.22 0.00 2.8 0.043
Wetland 1.56 152 -004 0.06 0.09 -0.17 -0.62 0.539
Agriculture 18.47 17.04 -1.38 0.17 -1.05 -1.71 -8.17 <0.001

! Differences used a paireddst, n=404
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Figure 3-4. Land classification comparison between 2013 and 2018 in Wisconsin, USA.
(n=404, bars areStandard Error of the Mean)

3.4. Assessor and Lan€lass Agreement

Thea s s e s s 0 r 6showadgorsigréficant differace between 2013 and
2018for bothstatical analyses of the ldssesmen{p>0.70). However significant
differences(p<0.001)occurredfor landclass agreement foothassessment approaches
(Figure3-5, Figure 36). Thea s s e sagreemebhépproach showegoorability for two
assessors to agrea thewetland(<40% agreement) arsbil (<50%) classifcations
(Figure3-5). Agreement withimpervious and tree & shrub were best and exceeded 90%.
Overall,for all landclassifications duringpoth time perioden87.9%agreement
occurred(Figure3-5). Overall, thesecond analysis approalemd class agreement
between human assessors approximately94% overallfor both periodgFigure 36).
Thetree &shrub category had9%% agreement overafFigure3-6). Soil and wetland

classification performed well in the land claggeements approasince the area
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associated with these attributes was sanadl less than 2%6r each of the land

classificationgFigure 36).
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4. Discussion
4. 1.Human Intelligence Compared to Artificial Intelligence Within the Training
Location

Thestudyshowed no significardifference between Al and Hh the training
locationfor terrestrialland coversThis finding is consistent withesults of Erkeet al.
(2019) which found no difference betweenith estimates andstimatedJTC using a
random poinsample method. That approach is the same as we used for our HI method.
Thus, this providesvidencesupporing the Al estimatedrom the Erke(2019) method
in the training locationWaterand wetlandand classvere significantly different
between the Al and HI systems. Howeuwbese aquatic featureserederived from
vector layers and were independent of the imagery tasestimate land classifications in

the Al (Erker et al., 2019)

4.2. Human IntelligenceCompared to Artificial Intelligence Beyondthe Training
Location

The statewide comparison between HI and Al were significantly different for all
classifications except herbaceoQserall, the canopy assessments were significantly
different in their interpretation of UTC throughout the statee interpretation methods
may differ due to inconsistencies in the Al algoritiimage quality, shadowsjffering
tree heights as well @hange irtree community structure by locati¢@rker et al., 2019)
Common misclassifications with Al systems may also be relatpokéts ocurring on
the edge of vegetated and naggetated areas, and spectral similarities between certain

land classification types (Myeong et al., 2008))might misclassify UTC in areas that
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have mixeeuse landcover compared to urban and agricultural ardes&Bviathews,
2019). Trees in urban areas and residential areas are often similar heights as buildings
(Ellis & Mathews, 2019).

A change in forest structure from the training location may decrease the accuracy
of theAl used(Baines et al., 2dD. If the canopy structure changes due to different tree
species the Al might not be able to identify trees correlttly.important to train Al to
represent theariability present in landcover types that will be assessed (Brown et al.,
2020) This is espeially trueif the assessment is large and has differing landcover and
geography throughouklso, it is important to take into consideration that there are
different types of Al available to estimate UTC which differ in accur&wnu(ston et al.,
2012;Baines et al., 2020; Timilsina et al., 202T0he Al method of Erker et al. (2019)
used NAIP and SPOT imagenyjth theirconclusion thaNAIP imagery provided much

higher levels of accuracy for UTC estimations (Erker et. al., 2019)

4.3 Change Betweer2013 and 2018 Human Intelligence Assessment

While there is no specific canopy goal for Wisconsewerall,theUTC in 2018
from this study waapproximately 3.3% based on théll assessmentVhile Nowak and
Greenfield (201Bused a similar methodolodyg this studyandreporteda mean38.3 %
(1.5 SE)UTC from 2015 datan Wisconsin Differences between these two estimatas
be attributed to Nowak and Greenfield (2018) excludvater bodieg~4% in Wisconsin
communitiesland fewer sample points (100@rsus much greater&90,000) from this
study. The optimal canopyaver in a community was not ascertained in this stlikisly
would vary by community, and such goal settsmgnportant (Hauer and Peterson,

2016)
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TheUTC in Wisconsinincreasedaignificantly between 2013 and 2018. Unlike
locations inthe conterminous United States, which experienced a r2#alUTC loss,
Wi s ¢ o wJ$d hasdnereased glmost 26 in the fiveyear interval studied (Nowak
Greenfield, 2012)The UTC increasegwhile agriculturallandcover decreaslover the 5
yearperiod. Agricultureland aredas decreaslin someconterminous Unite&tates
regionswhile urbanized area bancreaseqHomer et al.2020. Althoughthere are
somelocationssuch as Detroit, Michigan where urbanized areas are in decline and
agricultural areas are increasiRpfideu, 2017).

Although the tree canopy increased ovesimecommunitiesexperienced a
local loss of UTGwvhich may be due tpestssuch as emerald ash borer (Hagteal.,
2016), storms (Blackmaet al, 2020),0r urbanization (Nowal& Greenfield, 2012).
Ordinances and local legislation are important procedures which canratdntion of
UTC relative to locations lacking such an ordinaftdbert et al, 2019).Heritagetree
ordinancesvereassociated with a higher level of UTiCFlorida, USA(Hilbert et. al.,

2019)

4.4 Assessor and LandClass Agreement

The Hl interpretation wagalidatedby another interpretelt is important to
assessagreementf the first assessor as a form of quality control (McGee et al., 2012).
Both the sil and wetlandtlassificationiad the highest level of inaccuragyhich might
bein partdue to the low percent of landcover overall that is made tipese two
landcover typesHowever, water also comprised a low overall percentage of sample

points and two assessors readily agreed on this land classifidsitre number of
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sample point$or a landcover increases error declines (Parraeal., 2016)Error in
assessments may also be related to aerial imagery quality (Nowak et al.,TH286j) is
more likely that estimating soil and wetland is currently a challengenamebved
methodsare needed for soil and wetland interpretation.

The overallagreementor UTC was between 90% to 95@&ing two statistical
analyses for 2013 and 20tichis consistent with otherurrent UTCstudies (Hilberet
al., 2019; Martinuzzet al, 2021).The agreement between assessors for the study in
Florida rangd from 94.9% to 99.5% (Hilbert et al., 2019he higher levels of accuracy
in Florida is most likely due to the classification system of tree or not tree compared to
seven different landcoveypes in this studyThese high levels of agreement reinforce the

accuracy of Hl assessmeimnghis studybetween twassessorgsing an HI approach

5. Conclusion

Our objectives were tanalyzewhether there was a difference between human
intelligence (HI) and artificial intelligence (Ayith urban tree canopy (UTC) assessment
methods, whether there was a change in UTC between two time parniddshether the
HI assessment were accuratée created a Hl assessment of landcover specificalligh
UTC to compare to Al. We found a significant differemcéJTC between the two
methodsas UTC estimatefor communities outside the training locatidttowever,we
found that there was no difference in UTC in the training location of thEiAdings
from this study coulcid in understanding how Al canopy assessment performs outside
of its training locatiosto improve Al developmenAppropriate sampling andatining in

multiple locations might aid in higher accuracy levels for the Al systéealso
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compared HI between 2013 and 2018 and found an increase inTi&@vailability of
high-resolution imagery and the implementation of UTC godisther statewide doy
municipality, have created an increase in research related to urbanlémesover
Research comparing canopy assessments AsitggHI methods is limited, especially on
a statewide scaling & Locke, 2013. These comparison analyses will providsight
into the most accurate and beneficial UTC assessmémierstanding the UTC and

therefore urban forest @ucial for appropriate management and improved policies.
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Chapter 4
Summary

Urban trees provide many benefitserefore assessing urban tree canop
coveragas important for appropriate management. Assessingrthen tree canopy
(UTC) via artificial intelligence (A) is a relatively new resource therefore research is
somewhat limited. The literature review for this study outlines tree benefits, factors that
affect UTC as well as different assessment methods and their advantages and
disadvantages. A aaprehensive literature review shows how UTC assessments have
evolved as technology has changéfith this evolution comes uncertainty with accuracy.
The ability to automate UTC assessments is useful but may not be the most accurate
method to understand orap landcover, specifically UT@.is important to consider
factors such as time constraints, workfoagailability, desied accuracyand funding
when considering what type of UTC assessment will be used. There are advantages and
disadvantages to ttsglectedUTC assessmenlystem

The primary objedtes of this study were to 1) Analyze the difference between an
Al and HI assessment of urban tree canopy (UTC) beyond the Al training location; 2)
Compare the estimation methods for the Al training methdldetdil method specifically
in the training location; and 3) Analyze the change in UTC between 2013 and 2018 for
the HI interpretation method) Lastly, we wanted to validate tlagreemenaccuracy of
the HI assessment by studying landcover classificaiipaement between two assessors.
This thesis accomplished all objectives, by mapping the urban forest and comparing

training methods as well as the 2013 and 2018 assessments.
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A main finding of this resear@howed canopy comparison between the HI and
Al for the training location was similgbut this was not the case for the overall state
comparisorusing communities outside the training locatidhe tree and shrub category
for Al and HI differed (p<0.00D) with HI categorizing iby 5.8% higheroveral. We
cannot say with céainty if onemethodwassignificantly less accurate in predicting
landcoverHowever, the high level of agreement (>90%) between assessors and the
ability to predict landcovewithin the training locatiorsuggestshe Himethod as a
standard to compare against

This study also suggests that UTC increased between, 2013 and 2al8obly
2%. This may be due to multiple factors including appropriate management strategies,
funding, and change imtherlandcover typsin communitiesThe HI landcover
assessments for both time periods were assessed for accuracy by an assessor who did not
create the first assessment. The overall accuracy for UTC between two assessors was
higher than 90% which is standdaoit human accuracy assessmeiitsis alsoprovides
evidence for thaccuracy of the HWith the estimated land classificatiofature work

should occur to understand which factors might explain the limitatioflfor

Future Work

The creation of a comprehensive urban forest assessment and comparing it to the
Al method is the first step. The next step would be to consider factors that Afteat
different locations. Tree canopy can be compared to socommic factorssuch as
income, education level and homeownersRipmparisons between UTC adifferent

land usdypes such as urban areaslagricultue can be madeAnother step would
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include amasseswent d factors, such as management strategies, relatesit@nd why
the UTC increased in theyear time frame sampled. Lastly, UTC should be sampled

again in 2023 to determine if canopy has remained stable, increased, or decreased.
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Appendix A

TableA-1. Urban Tree Canopy Assessments

Canopy Producers
Author Date Location Type (%) SE Accuracy
Blackman and Yuan 2020 St. Peter, MN Computer 34.0
Fan et al. 2019 Cook County, IL, USA Computer 23.5
Guo et al. 2019 Christchurch, NZ Computer 11.0
Guo et al. 2019 Christchurch, NZ Computer 10.0
Iverson et al. 2000 Chicago, IL, USA Computer 21.0
Kolosna and Spurlock 2019 Old East Durham, NC Computer 51.0
Kolosna and Spurlock 2019 Crest Street, NC Computer 46.0
Kolosna and Spurlock 2019 Walltown, NC Computer 49.0 92.9
Kolosna and Spurlock 2019 Duke Park, NC Computer 74.0 85.6
Kolosna and Spurlock 2019 Forest Hills, NC Computer 76.0 96.7
Kolosna and Spurlock 2019 Trinity Park, NC Computer 66.0
Kolosna and Spurlock 2019 Pine Knolls, NC Computer 68.0
Kolosna and Spurlock 2019 Northside, NC Computer 72.0
Kolosna and Spurlock 2019 Roger-Eubanks, NC Computer 89.0
Kolosna and Spurlock 2019 Kings Mills/Morgan, NC Computer 88.0
Kolosna and Spurlock 2019 Coker Hills, NC Computer 91.0
Kolosna and Spurlock 2019 Gimghoul, NC Computer 71.0
Landry and Pu 2010 Tampa, USA Computer 29.0
Landry et al. 2020 Toronto, Canada Computer 27.0
Landry et al. 2020 Gatineau-Ottawa, Canada Computer 27.0
Landry et al. 2020 Montreal, Canada Computer 27.0
Landry et al. 2020 Quebec City, Canada Computer 27.0
Lanza et al. 2019 USA Computer 19.2
Lanza et al. 2019 USA Computer 10.0
Lanza et al. 2019 USA Computer 20.1
Locke et al. 2017 Los Angeles, California Computer 14.5
Lowry et al. 2011 Lake County, Utah Computer 20-50
Martinuzzi et al. 2021 Santo Domingo, DR Computer 27.0
McGee et al 2012 Winchester, VA Computer 27.0
McPherson et al. 2010 Los Angeles, CA Computer 21.0
Morgenroth et al. 2017 Christchurch, NZ Computer 17.8 1.15
Morgenroth et al. 2017 Christchurch, NZ Computer 14.3 1.09
Namin et al. 2020 USA Computer 27.0
Namin et al. 2020 USA Computer 17.0
Namin et al. 2020 USA Computer 10.0 95.0
Namin et al. 2020 USA Computer 8.0 95.6
Namin et al. 2020 USA Computer 29.6
Namin et al. 2020 USA Computer 20.9 92.1
Namin et al. 2020 USA Computer 15.1
Namin et al. 2020 USA Computer 134
Sorrensen et al. 2015 Lubbock, TX Computer 16.0 2.64
Sung 2012 Lakeway, TX, USA Computer 40.6
Sung 2012 Lakeway, TX, USA Computer 42.4
Sung 2012 Lakeway, TX, USA Computer 28.6
Sung 2012 Lakeway, TX, USA Computer 33.2
Sung 2012 Lakeway, TX, USA Computer 71.0
Sung 2012 Lakeway, TX, USA Computer 66.7
Sung 2012 Lakeway, TX, USA Computer 59.2
Sung 2012 Lakeway, TX, USA Computer 71.1
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TableA-1. (cont.)

Canopy Producers
Author Date Location Type (%) SE Accuracy
Walton et al. 2008 Syracuse, NY Computer 26.6 3.5
Atasoy 2020 Osmaniye, Turkey Human 6.4 0.97 86.7
Berland 2012 Minneapolis, MN Human 17.0
Berland 2012 Minneapolis, MN Human 33.0
Bigsby et al. 2014 Baltimore, MD Human 24.0
Bigsby et al. 2014 Raleigh, NC Human 55.0
Bowman et al. 2012 Ames, IA, USA Human 10.6
Bowman et al. 2012 Cedar Rapids, IA, USA Human 15.9
Bowman et al. 2012 Council Bluffs, 1A, USA Human 9.5
Bowman et al. 2012 Davenport, IA, USA Human 12.2
Bowman et al. 2012 Ames, IA, USA Human 12.0
Bowman et al. 2012 Cedar Rapids, IA, USA Human 18.8
Bowman et al. 2012 Council Bluffs, 1A, USA Human 13.9
Bowman et al. 2012 Davenport, 1A, USA Human 9.7
Briber et al. 2015 Massachusetts Human 394
Doick et al. 2020 Great Britain Human 22.0 1.3
Ersoy and Atak 2021 Aydin, Turkey Human 26.7 0.43
Ersoy and Atak 2021 Aydin, Turkey Human 23.2 0.41
Hansford et al. 2020 Torbay, UK Human 24.0
Hansford et al. 2020 Torbay, UK Human 24.6
Hilbert et al. 2019 Florida Human 34.4
Hostetler et al. 2013 Central Massachusetts Human 58.0
Hwang and Wiseman 2020 Blacksburg, VA, USA Human 15.9 10
Hwang and Wiseman 2020 Blacksburg, VA, USA Human 14.5 10
Nakhornratchasima,
Jantakat and Juntakut 2020 Thailand Human 34.3
Nakhornratchasima,
Jantakat and Juntakut 2020 Thailand Human 17.1
Krafft and Fryd 2016 Maribyrnong, Australia Human 12.2
Krafft and Fryd 2016 Melbourne, Australia Human 12.3
Krafft and Fryd 2016 Port Phillip, Australia Human 151
Krafft and Fryd 2016 Stonnington, Australia Human 22.1 93.0
Krafft and Fryd 2016 Yarra, Australia Human 17.1
McGovern and Pasher 2016 Canada Human 27.6 0.21
McGovern and Pasher 2016 Canada Human 26.1
Mills et al. 2016 Oregon & Washington Human 17.0
Nowak and Greenfield 2020 Urban-Globally Human 26.7 1.6
Nowak and Greenfield 2020 Urban-Globally Human 26.5 1.6
Nowak and Greenfield 2012 USA Human 27.8
Nowak and Greenfield 2018 USA Human 40.4 0.4
Nowak and Greenfield 2018 USA Human 39.4 0.4
Pauleit and Duhme 2000 Munich, Germany Human 18.0
Riley and Gardiner 2020 NYC, USA Human 16.8
Riley and Gardiner 2020 Philadelphia, PA, USA Human 17.7
Riley and Gardiner 2020 Washington. D.C. Human 26.9
Riley and Gardiner 2020 Chicago Human 19.8
Riley and Gardiner 2020 Cleveland Human 214
Riley and Gardiner 2020 Pittsburgh Human 37.7
Riley and Gardiner 2020 Los Angeles Human 11.4
Riley and Gardiner 2020 Sacramento Human 18.0
Riley and Gardiner 2020 San Diego Human 12.4
Roman et al. 2021 Philadelphia, PA, USA Human 18.7
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TableA-1. (cont.)

Canopy Producers
Author Date Location Type (%) SE Accuracy
Roman et al. 2021 Philadelphia, PA, USA Human 21.3
Roman et al. 2021 Philadelphia, PA, USA Human 23.5
Roman et al. 2021 Philadelphia, PA, USA Human 24.8
Roman et al. 2021 Philadelphia, PA, USA Human 23.0
Schmitt-Harsh et al. 2020 Bloomington, Indiana Human 43.4
Shields and Slater 2017 Shrewsbury, England Human 14.0
Varuzoo and Harvey 2017 Worchester, MA, USA Human 34.7
Zipperer et al. 2012 Gwynns Falls, MD Human 28.0 98.0
Human and
Mincey et al. 2013 Bloomington, IN Computer 30.4
Human and
Parmehr et al. 2016 Williamstown, Australia Computer 0-30
Escobedo et al. 2006 Santiago, Chile Human 16.5 0.6

-63-



Appendix B

WI Urban Landcover Assessment ProtocoMethods

To Get Connected to Data

1 Click on file explorer
Click onthis PC
Click on computer tab at top of screen next to file
Click on map a network drive
Make sure the drive is z drive, if not click on dropdown and select z drive
Highlight and paste this extension into the file bar below the drive bar, and click
finish
o \\uwsp.edtfiles\cniproject§TreeCanopy

= =4 -4 A A

To Get Data onto ArcMap

T After Opening ArcMapé
New Blank Map
Click on add data button
Click on connect to folder
o Click on this PC
o Scroll down to TreeCanopy and select it
1 Click on connect to folder
1 Click home Z ad all county imagery and municipal shapefiles should be there
0 Municipal Boundaries are under DNR_MUNI_BOUNDARIES
1 Select whabrthoimageyou need within each county
To Conduct Random Sampling
9 Click onArc Toolboxup by the Windows and Help tabs
Click onData Management Tools
Click on Sampling
Click Create Random Points
Click on folder at end of Output Location bar
o Click on county doing work in (or majority of work in county)
o Hit Add
o Name the Outpoint Feature Cl44900 RP_Municipality Year)
o Click on folder for Constraining Feature Class and choose whichever
Municipal Boundary Shapefilg o u warkimg in
Scroll down, and at number of points for long, input 1000
o For under Minimum Allowed Distance, in tlhéear Unit Bar, input 5 and
make sure dropgown menu to the right of it says Meters
o Click OK

= =4 =4

= =4 A A

o
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= =4 -4 A

=

= =4 =4 -4 -4 4 12

=

Right click on sampling layer made in the Table of Contents and Click Zoom to
Layer (this will put all the sampling dots for your Muni into one screen)
Click on he Plus sign on the sampling layer made so you can see the symbol for
the dots
Click on the dot
Select Circle 12, Size 11, and whatever color is easiest to see for you
Right click on sampling layer just made, and select open attribute table
Right click onShape for the second column and select turn field off, do that for
any other columns so there is just the Land_Cover_Class column left
Click on the table options button below Table and select add field
Make the Name Land_Class and make sure drop doww!ikat is on short
integer and select OK
Right click at top of Land_Class column and select field calculator, then click yes
atthepopup (note this is a permanent change
mess up then create a new column and do it again)
Double click on FID in the fields box, and hit ok
Right click and turn FID off
Click on editor to start editing and select your layer for the Random Points
Click on editor drop down on toolbar
Select start editing
Select current layer editing
Right click inattribute table of layer file working on, and click on the little box
left of the number 0, and click Zoom To
Zoom in or out in the imagery to a scale of 1,250
Click in Land_Cover column at number 0 and enter in Land Cover value for that
point

o Land CoveNalues

1. Herbaceous
Impervious
Soll
Trees/Shrubs
Water
Wetland
7. Agriculture

Once it is inputtedpressand hold the control button on the keyboard and then
select the N key, this will automatically take you to the next point in the attribute
table at the selected zoom and you can just click and change the value
Do this for all 1000 points
Select at top ofolumn and click on sort and count the number of each land cover
classes
Divide the total number of each LCC by 1000 (or total number of points) and that
is the percentage of that landcover for each municipality

o gk wWwN
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Cross-validation of 10% subsampk Method

1. Open ACI TY_AQgr eem@awetas TEMPLATE. O
CITYNAME_Agreement_YOURINITIALS to the appropriate folder.

2. Open the cityds map document (. mxd). Ra
single community (e.g., 100 points out of 1000). To do this:

a. Openattribute table for random points layer

Add new field

Select fAfl oat o

Name 10_Percent

Start editing

Choose the | ayseerl eficrtanodhodom poi nt s
Right click on 10_percent and select field calculator

Switch Parser from VB Script t8ython

Check the Show Codeblock check box.

Copy the following code as is, and paste to thelldggc Script Code text
box

Se~ooo0wT

— —

import randomthendefrand {: returnrandom. randoif)

k. Typerand {) in the F10_Percent text box.
[. Click OK. Random numbers are generatethe new field.
m. Click the Table Options button and click Select By Attributes
n. Type iiPericteht o <
0. Click apply
p. 10% of points should be selected (100 points)
g Create a new | ayer from selected poi
r. Change symbol to cross 3 and gdhtue size 18 (or something to
differentiate from original 1000 random points)
s. Add new field called ATree 020
t Del ete the | ayerseleced| ed Arandom poin

3. Crossvalidate the points chosen above by classifying the landcover based on the
interpretation same methods. Fill in the attribute table accordingly.

4. Use the conversion tool to export the new attribute table to an excel file that has
the crossvalidated 10% sample. Save the excel file in the city folder and name it
10_percent. Open drcopy the FID, Tree_01 and Tree_02 columns into the
appropriate columns of the AAgreemento

5. The AAgreement 0 c ol upopulatea Noiv we reavela kevelsoh o u | d
agreement we can report. 90% agreement is ideal.

6. Save your workn both ArcMap and Excel.
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Appendix C

Table G1. Artificial Intelligence (Al) and Human Intelligence (HI) Land classificatiocomparisons

Herbaceous Impervious Tree&Shrub Water Wetland

w/in w/in w/in
Name HI Al Diff  wl/in SD HI Al Diff  wl/in SD HI Al Diff SD HI Al Diff SD HI Al Diff SD
Albany 452 466 -14 YES 157 200 -43 YES 343 287 5.6 YES 4.8 3.9 0.9 YES 0.0 08 -0.8 YES
Algoma 373 502 -12.9 NO 338 423 -85 NO 219 32 187 NO 31 24 07 YES 39 19 20 YES
Allouez 20.1 1838 13 YES 334 317 1.7 YES 344 379 -35 YES 10.0 10.0 0.0 YES 21 1.6 0.5 YES
Alma 171 209 -38 YES 55 93 -38 YES 454 364 9.0 YES 235 237 -02 YES 85 97 -12 YES
Alma Center 64.7 469 17.8 NO 131 348 -21.7 NO 194 75 11.9 NO 0.3 0.0 0.3 YES 2.5 10.8 -83 NO
Almena 50.0 554 -54 YES 164 30.8 -14.4 NO 31.4 108 206 NO 05 00 05 YES 17 30 -13 YES
Almond 559 389 17.0 NO 19.1 475 -28.4 NO 215 136 7.9 YES 0.0 0.0 0.0 YES 3.5 0.0 3.5 YES
Amery 240 347 -10.7 YES 204 277 -7.3 YES 287 154 133 NO 194 119 75 NO 75 103 -28 YES
Amherst 519 355 164 NO 19.8 37.7 -17.9 NO 243 232 1.1 YES 34 05 2.9 NO 06 31 -25 YES
Ambherst
Junction 51.7 423 9.4 YES 16.3 26.9 -10.6 NO 32.0 304 1.6 YES 0.0 0.0 0.0 YES 0.0 05 -05 YES
Antigo 408 449 41 YES 289 305 -16 YES 279 227 5.2 YES 04 0.4 0.0 YES 2.0 15 0.5 YES
Arcadia 33.6 477 -141 NO 306 325 -19 YES 224 88 13.6 NO 8.3 2.4 5.9 NO 5.1 87 -36 NO
Argyle 55.2 421 131 NO 240 328 -88 NO 189 200 -11 YES 15 15 0.0 YES 0.4 36 -3.2 YES
Arlington 777 681 96 YES 175 249 -74 YES 46 44 02 YES 02 25 -23 NO 00 02 -02 YES
Arpin 428 60.7 -17.9 NO 133 138 -05 YES 39.8 206 19.2 NO 0.6 0.4 0.2 YES 3.5 45 -1.0 YES
Ashwaubenon 33.0 294 36 YES 39.7 441 44 YES 219 220 -0.1 YES 438 4.2 0.6 YES 0.6 0.3 0.3 YES
Athens 425 430 -05 YES 123 181 -58 YES 443 36.7 7.6 YES 08 09 01 YES 01 13 -12 VYES
Auburndale 75.7 36.6 39.1 NO 147 53.6 -38.9 NO 8.7 6.8 1.9 YES 0.8 0.1 0.7 YES 0.1 29 -28 YES
Augusta 589 545 44 YES 20.0 399 -199 NO 196 2.6 17.0 NO 0.6 0.0 0.6 YES 0.9 30 -21 YES
Avoca 252 432 -18.0 NO 51 111 -6.0 YES 446 295 151 NO 113 71 42 NO 138 91 47 NO
Baldwin 52.0 436 84 YES 31.0 443 -133 NO 159 111 4.8 YES 08 00 08 YES 03 10 -07 VYES
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Table CG1. Attificial Intelligence (Al) and Human Intelligence (HI) Land classificatioomparisons

Herbaceous Impervious Tree&Shrub Water Wetland

wiin wiin wiin
Name HI Al Diff  wl/in SD Hi Al Diff  wl/in SD Hi Al Diff SD HI Al Diff SD Hi Al Diff SD
Baraboo 41.3 552 -13.9 NO 23.7 30.2 -65 YES 342 125 2138 NO 0.8 1.0 -0.2 YES 0.0 11 11 YES
Barneveld 572 540 33 YES 16.1 20.0 -3.9 YES 26.7 26.1 0.6 YES 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Bayfield 144 298 -154 NO 215 242 -27 YES 63.3 46.0 17.3 NO 0.8 0.0 0.8 YES 0.0 0.0 0.0 YES
Bayside 156 13.9 1.7 YES 252 19.2 6.0 YES 58.3 66.4 -8.1 YES 0.6 0.1 0.5 YES 0.3 04 -0.1 YES
Beaver Dam 299 311 -12 YES 349 317 3.2 YES 16.6 170 -0.4 YES 172 16.9 0.3 YES 1.4 34 20 YES
Belgium 60.7 58.5 2.2 YES 219 137 8.2 NO 13.7 26.2 -125 NO 0.8 0.0 0.8 YES 2.9 1.6 1.3 YES
Bell Center 316 326 -1.0 YES 13 5.5 -4.2 YES 626 549 7.8 YES 15 0.8 0.7 YES 3.0 6.4 -34 YES
Belleville 416 35.8 5.8 YES 229 268 -39 YES 25.8 25.8 0.0 YES 6.6 11 5.5 NO 3.1 105 -7.4 NO
Bellevue 535 427 10.8 YES 224 300 -7.6 YES 21.0 242 -3.2 YES 21 0.6 15 YES 1.0 2.7 -1.7 YES
Belmont 60.4 636 -3.2 YES 26.7 334 -6.7 YES 129 25 10.4 NO 0.0 0.0 0.0 YES 0.0 06 -0.6 YES
Beloit 389 385 04 YES 29.2 378 -86 NO 299 215 84 YES 15 1.9 -0.4 YES 05 0.4 0.2 YES
Berlin 425 38.6 3.9 YES 179 199 -20 YES 29.7 300 -03 YES 55 2.9 2.6 NO 4.4 8.5 -4.1 NO
Big Falls 211 243 -32 YES 7.0 6.5 0.5 YES 64.7 63.7 1.0 YES 6.9 5.5 1.4 YES 0.3 0.0 0.3 YES
Birnamwood 46.6 528 -6.2 YES 10.7 122 -15 YES 41.3 331 8.2 YES 0.7 0.1 0.6 YES 0.7 1.7 -1.0 YES
Biron 236 258 -2.2 YES 88 155 -6.7 YES 39.3 26.0 133 NO 283 312 -29 NO 0.0 15 -15 YES
Blair 426 53.1 -10.5 YES 258 261 -03 YES 194 118 7.6 YES 5.4 7.3 -1.9 YES 6.8 1.6 5.2 NO
Blanchardville 345 394 49 YES 26.1 30.1 4.0 YES 288 286 0.2 YES 1.0 1.6 -0.6 YES 9.6 0.3 9.3 NO
Bloomfield 55.4 299 255 NO 87 272 -185 NO 26.7 26.0 0.7 YES 15 0.1 14 YES 7.7 16.8 -9.1 NO
Bloomington 725 720 05 YES 13.2 16.8 -3.6 YES 136 108 2.8 YES 0.7 0.0 0.7 YES 0.0 04 -04 YES
Blue River 611 649 -3.8 YES 177 213 -36 YES 209 120 89 YES 03 0.4 -0.1 YES 0.0 14 -14 YES
Boaz 62.6 535 9.1 YES 11.8 232 -114 NO 23.0 219 1.2 YES 21 0.1 2.0 YES 0.5 1.3 -0.8 YES
Bonduel 524 524 00 YES 186 192 -0.6 YES 289 276 14 YES 0.0 0.1 -0.1 YES 0.1 08 -0.7 YES
Boyd 80.4 29.2 512 NO 11.2 67.1 -55.9 NO 8.4 1.2 7.2 YES 0.0 0.0 0.0 YES 0.0 24 24 YES
Brillion 46.1 46.7 -0.6 YES 26.0 315 55 YES 21.7 17.2 4.5 YES 1.1 1.5 -0.4 YES 5.1 3.2 1.9 YES
Bristol 629 46.0 169 NO 72 174 -10.2 NO 250 268 -1.8 YES 1.7 0.9 0.8 YES 3.2 8.8 -5.6 NO
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Brodhead 299 356 57 YES 39.0 46.0 -7.0 YES 28.8 16.0 128 NO 1.5 1.2 0.3 YES 0.8 1.3 -0.5 YES
Brokaw 255 258 -03 YES 154 147 0.8 YES 49.7 466 3.1 YES 88 124 -3.6 NO 0.6 0.6 0.0 YES
Brookfield 260 273 -13 YES 283 21.2 7.1 YES 381 449 -6.8 YES 13 0.3 1.0 YES 6.3 6.4 -0.1 YES
Brooklyn 63.9 503 13.6 NO 144 269 -125 NO 159 165 -0.6 YES 3.7 0.0 3.7 NO 2.1 6.3 -4.2 NO
Brown Deer 265 309 -44 YES 364 356 0.8 YES 36.0 326 34 YES 0.9 0.4 0.5 YES 0.2 05 -03 YES
Brownsville 458 391 6.7 YES 425 491 -6.6 YES 11.7 105 1.2 YES 0.0 0.0 0.0 YES 0.0 1.3 -13 YES
Browntown 585 36.6 219 NO 173 176 -03 YES 226 148 7.8 YES 05 0.7 -0.2 YES 11 30.2 29.1 NO
Bruce 511 46.6 4.5 YES 8.7 203 -116 NO 355 258 9.7 NO 4.1 2.8 1.4 YES 0.6 45 -3.9 NO
Buffalo City 185 194 -0.9 YES 4.2 8.3 -4.1 YES 143 5.2 9.1 YES 56.4 607 -43 NO 6.6 6.5 0.1 YES
Burlington 348 271 7.7 YES 296 358 -6.2 YES 31.0 304 0.6 YES 34 3.0 0.4 YES 12 36 -24 YES
Butler 174 192 -18 YES 54.4 53.8 0.6 YES 273 264 0.9 YES 0.9 0.4 0.5 YES 0.0 0.2 -0.2 YES
Butternut 326 47.7 -151 NO 123 131 -0.8 YES 535 374 16.1 NO 1.2 0.4 0.8 YES 0.4 1.4 -1.0 YES
Cadott 454 592 -13.8 NO 138 299 -161 NO 334 27 30.7 NO 2.5 1.9 0.6 YES 4.9 6.3 -1.4 YES
Cambridge 478 464 1.4 YES 205 225 -20 YES 30.3 265 338 YES 13 3.0 -1.7 YES 0.1 16 -15 YES
Cameron 473 37.0 103 YES 174 312 -138 NO 28.6 21.0 7.6 YES 4.7 2.5 2.2 NO 2.0 84 -64 NO
Camp Douglas 22.7 400 -17.3 NO 199 288 -89 NO 574 308 26.6 NO 0.0 0.0 0.0 YES 0.0 04 -04 YES
Cashton 546 493 5.3 YES 30.0 484 -184 NO 129 2.2 10.7 NO 0.2 0.1 0.2 YES 2.3 0.0 2.3 YES
Cecil 68.7 59.0 9.7 YES 99 122 -23 YES 188 246 -58 YES 2.0 0.6 14 YES 0.6 36 -3.0 YES
Cedar Grove 60.9 53.7 7.2 YES 17.2 142 3.0 YES 170 28.1 -111 NO 1.3 0.5 0.8 YES 3.6 3.6 0.0 YES
Chaseburg 248 245 0.3 YES 77 102 -25 YES 65.1 61.1 4.0 YES 05 0.6 -0.1 YES 1.9 3.7 -1.8 YES
Chenequa 175 175 0.0 YES 5.7 4.6 11 YES 49.1 518 -2.7 YES 274 1.2 26.2 NO 0.3 249 246 NO
Chippewa Falls 28.3 410 -12.7 NO 271 36.1 -9.0 NO 39.1 168 224 NO 5.3 5.6 -0.3 YES 0.2 0.6 -0.4 YES
Cleveland 471 397 7.4 YES 179 236 -57 YES 345 358 -13 YES 05 0.1 0.4 YES 0.0 09 -09 YES
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Clyman 544 232 312 NO 277 585 -30.8 NO 159 183 -24 YES 0.0 0.0 0.0 YES 2.0 0.0 2.0 YES
Cobb 730 773 -43 YES 174 212 -38 YES 8.1 15 6.6 YES 14 0.0 14 YES 0.1 0.0 0.1 YES
Cochrane 50.1 518 -17 YES 224 259 -35 YES 251 9.0 16.1 NO 1.9 0.1 1.8 YES 0.5 13.2 127 NO
Colby 539 510 29 YES 23.7 36.1 -124 NO 20.2 103 9.9 NO 0.1 0.3 -0.2 YES 21 22 01 YES
Coloma 46.7 59.9 -13.2 NO 159 174 -15 YES 36.8 227 141 NO 0.0 0.0 0.0 YES 0.6 0.0 0.6 YES
Combined
Locks 219 214 05 YES 321 317 0.4 YES 371 372 -0.1 YES 85 9.7 -1.2 YES 0.4 0.0 0.4 YES
Cornell 26.7 574 -30.7 NO 111 159 -438 YES 48.1 132 34.9 NO 13.3 117 1.6 YES 0.8 1.9 -1.1 YES
Cottage Grove 50.3 41.9 8.4 YES 252 300 -48 YES 231 246 -15 YES 1.1 0.1 1.0 YES 0.3 3.5 -3.2 YES
Couderay 343 674 -331 NO 4.4 7.4 -3.0 YES 58.0 215 365 NO 1.3 3.6 -2.3 NO 2.0 0.1 1.9 YES
Crandon 17.7 16.0 1.7 YES 104 10.0 0.4 YES 56.2 58.0 -1.8 YES 15.3 136 1.7 YES 0.4 2.5 2.1 YES
Crivitz 2811 325 44 YES 233 240 -0.7 YES 46.4 400 6.5 YES 2.0 3.3 -1.3 YES 0.2 0.2 0.0 YES
Cross Plains 309 43.0 -121 NO 285 324 -39 YES 395 241 154 NO 0.3 0.0 0.3 YES 0.8 0.5 0.3 YES
Cuba City 50.6 54.0 -34 YES 39.2 394 -0.2 YES 10.2 6.6 3.6 YES 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Cumberland 279 375 -96 YES 139 241 -10.2 NO 409 19.7 212 NO 15.7 128 2.9 NO 1.6 6.0 -4.4 NO
Curtiss 55.7 47.8 7.9 YES 176 36.1 -185 NO 26.6 11.7 149 NO 0.0 0.1 -0.1 YES 0.1 4.3 -4.2 NO
Dallas 48.6 38.1 105 YES 6.7 277 -21.0 NO 38.6 264 122 NO 3.7 1.6 2.1 NO 2.4 6.3 -3.9 NO
Dane 731 776 -45 YES 182 17.0 1.2 YES 8.7 4.7 4.0 YES 0.0 0.2 -0.2 YES 0.0 0.5 -0.5 YES
Darien 589 394 195 NO 23.8 353 -115 NO 16.3 236 -7.3 YES 0.4 0.0 0.4 YES 0.6 1.8 -1.2 YES
Darlington 328 620 -29.2 NO 369 309 6.0 YES 296 6.2 234 NO 0.2 0.9 -0.7 YES 05 0.0 0.5 YES
De Pere 40.2 30.0 103 YES 325 423 -98 NO 200 205 -05 YES 6.9 6.0 0.9 YES 0.4 1.1 -0.7 YES
De Soto 13.3 238 -105 YES 10.3 9.9 0.4 YES 746 64.7 9.9 NO 1.7 0.3 1.4 YES 0.1 1.3 -1.2 YES
Deer Park 56.6 53.3 3.3 YES 71 173 -10.2 NO 29.1 229 6.2 YES 23 0.2 2.1 NO 4.9 6.4 -15 YES
Deerfield 546 452 94 YES 210 21.0 0.0 YES 23.0 259 -29 YES 0.8 0.1 0.7 YES 0.6 78 -1.2 NO
DeForest 505 46.0 45 YES 244 304 -6.0 YES 18.0 17.9 0.1 YES 13 0.2 11 YES 5.8 5.5 0.3 YES
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Delavan 46.1 499 -3.8 YES 221 26.0 -3.9 YES 208 144 6.4 YES 7.6 0.3 7.3 NO 34 94 -6.0 NO
Denmark 60.0 475 125 NO 245 314 -6.9 YES 150 203 -53 YES 01 0.0 0.1 YES 04 08 -04 YES
Dickeyville 69.0 66.7 23 YES 199 280 -81 NO 111 53 5.8 YES 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Dodgeville 56.2 538 24 YES 296 334 -38 YES 141 128 1.3 YES 0.0 0.0 0.0 YES 0.1 0.0 0.1 YES
Downing 71.3 419 294 NO 46 320 -274 NO 239 18.6 5.3 YES 0.1 0.0 0.1 YES 0.1 7.6 -7.5 NO
Dresser 343 452 -10.9 YES 271 319 48 YES 359 210 149 NO 1.2 15 -0.3 YES 1.5 0.5 1.0 YES
Eagle River 379 434 55 YES 205 253 48 YES 36.2 255 108 NO 5.2 5.6 -0.4 YES 0.2 04 -0.2 YES
Eastman 67.2 639 34 YES 6.2 104 -42 YES 260 258 0.3 YES 0.0 0.0 0.0 YES 0.6 0.0 0.6 YES
Eau Claire 344 348 -04 YES 28,6 355 -6.9 YES 307 236 7.1 YES 5.7 5.6 0.1 YES 0.6 0.6 0.0 YES
Eden 378 438 -6.0 YES 331 295 36 YES 228 186 4.2 YES 26 17 1.0 YES 37 65 -2.8 YES
Egg Harbor 345 480 -135 NO 134 169 -35 YES 51.3 346 16.7 NO 0.8 0.0 0.8 YES 0.0 04 -04 YES
Eland 379 394 -15 YES 51 3.4 1.7 YES 528 559 -31 YES 0.0 0.1 -0.1 YES 4.2 1.2 3.0 YES
Elderon 51.7 683 -16.6 NO 8.8 6.0 2.8 YES 36.2 243 119 NO 1.0 0.4 0.6 YES 2.3 1.0 13 YES
Eleva 455 56.1 -10.6 YES 234 252 -1.8 YES 27.0 128 142 NO 1.8 2.9 -1.1 YES 23 3.0 -07 YES
Elk Mound 57.7 400 17.7 NO 9.1 314 -223 NO 32.7 263 6.4 YES 0.0 0.1 -0.1 YES 0.5 2.2 -1.7 YES
Ellsworth 446 476 -3.0 YES 181 17.7 0.5 YES 371 343 28 YES 0.0 0.1 -0.1 YES 0.2 03 -0.1 YES
Elm Grove 154 193 -39 YES 262 213 49 YES 572 586 -1.4 YES 12 0.1 11 YES 0.0 08 -0.8 YES
Elmwood Park 28.0 20.8 7.2 YES 315 214 10.2 NO 39.0 56.6 -17.6 NO 15 0.2 13 YES 0.0 1.1 -1.1 YES
Embarrass 518 428 9.0 YES 104 242 -13.8 NO 366 289 7.7 YES 1.0 18 -0.8 YES 0.2 24 2.2 YES
Endeavor 475 475 0.0 YES 182 185 -03 YES 276 223 5.3 YES 6.3 0.2 6.1 NO 0.4 115 111 NO
Ephraim 19.2 512 -320 NO 74 103 -29 YES 734 385 349 NO 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Ettrick 629 57.7 5.3 YES 157 253 -96 NO 20.2 149 5.4 YES 05 0.0 0.5 YES 0.7 2.2 -1.5 YES
Evansville 49.7 582 -85 YES 252 299 47 YES 209 96 11.3 NO 15 0.8 0.7 YES 27 15 1.2 YES
Exeland 274 450 -17.6 NO 69 107 -38 YES 64.2 423 219 NO 15 0.2 1.3 YES 0.0 1.9 -1.9 YES
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Fall River 60.3 439 164 NO 18.2 28.1 -99 NO 18.3 18.1 0.2 YES 21 15 0.6 YES 1.1 84 -73 NO
Fennimore 593 604 -11 YES 296 284 12 YES 109 112 -03 YES 0.2 0.0 0.2 YES 0.0 0.0 0.0 YES
Ferryville 16.3 16.8 -05 YES 5.3 8.6 -3.3 YES 723 713 1.0 YES 43 0.3 4.0 NO 1.8 3.0 -1.2 YES
Fitchburg 62.1 55.7 6.4 YES 148 16.7 -1.9 YES 188 224 -36 YES 0.7 0.1 0.7 YES 3.6 5.2 -1.6 YES
Fond du Lac 325 416 9.1 YES 419 37.3 4.6 YES 225 169 5.6 YES 1.8 11 0.7 YES 1.3 3.2 -1.9 YES
Fontana 146 227 -81 YES 104 134 -30 YES 515 378 137 NO 231 253 -22 NO 0.4 0.9 -0.5 YES
Footville 695 76.2 -6.7 YES 135 16.2 -2.7 YES 170 75 9.5 NO 0.0 0.0 0.0 YES 0.0 0.1 -0.1 YES
Fort Atkinson 364 319 45 YES 322 334 -12 YES 265 298 -33 YES 138 2.1 -0.3 YES 31 2.8 0.3 YES
Fox Lake 58.7 354 233 NO 19.7 28.7 -9.0 NO 134 216 -82 YES 2.8 2.9 0.0 YES 5.4 114 -6.0 NO
Fox Point 131 144 -13 YES 232 214 138 YES 63.3 64.1 -0.8 YES 0.3 0.0 0.3 YES 0.1 02 -0.1 YES
Francis Creek 60.8 53.3 7.5 YES 17.2 135 3.7 YES 215 322 -10.7 NO 0.3 0.0 0.3 YES 0.2 1.0 -0.8 YES
Franklin 504 325 179 NO 208 25.7 49 YES 265 36.7 -10.2 NO 1.4 0.4 1.0 YES 0.9 47 -3.8 NO
Frederic 306 414 -10.8 YES 159 284 -125 NO 48.1 240 241 NO 4.7 4.0 0.7 YES 0.7 2.2 -1.5 YES
Fredonia 574 375 199 NO 17.3 30.6 -13.3 NO 237 295 58 YES 13 0.1 1.2 YES 0.3 22  -1.9 YES
Fremont 36.1 33.7 2.4 YES 148 170 -22 YES 359 351 0.8 YES 119 94 2.5 NO 13 4.7 -3.4 YES
Friesland 774 728 4.6 YES 13.0 182 -52 YES 8.5 8.9 -0.4 YES 11 0.1 1.0 YES 0.0 0.0 0.0 YES
Gays Mills 225 311 -86 YES 7.2 6.9 0.3 YES 675 554 121 NO 2.0 1.2 0.8 YES 0.8 54 -46 NO
Genoa 214 340 -126 NO 21.0 299 -89 NO 542 335 207 NO 1.3 13 0.0 YES 21 1.3 0.8 YES
Germantown 48.7 450 3.7 YES 134 173 -39 YES 349 322 2.8 YES 0.8 0.3 0.5 YES 2.2 5.2 -3.0 YES
Gillett 26.8 304 -36 YES 236 231 05 YES 48.9 449 40 YES 04 0.6 -0.2 YES 0.3 1.0 -0.7 YES
Gilman 66.2 54.7 115 NO 6.3 28.8 -225 NO 259 93 16.6 NO 1.3 2.3 -1.0 YES 03 50 47 NO
Glendale 16.4 19.7 -3.3 YES 375 383 -08 YES 418 371 47 YES 3.7 35 0.2 YES 0.6 14 -08 YES
Grafton 36.1 304 5.7 YES 345 379 -34 YES 272 287 -15 YES 1.8 11 0.7 YES 0.4 1.9 -1.5 YES
Granton 48.3 547 -6.4 YES 199 265 -6.6 YES 30.2 147 155 NO 1.1 0.3 0.9 YES 05 38 -33 YES
Grantsburg 372 470 -9.8 YES 16.2 28.0 -11.8 NO 453 223 231 NO 0.8 18 -1.0 YES 05 1.0 -05 YES

-72-



Table CG1. Attificial Intelligence (Al) and Human Intelligence (HI) Land classificatioomparisons

Herbaceous Impervious Tree&Shrub Water Wetland

wiin wiin wiin
Name HI Al Diff  wl/in SD Hi Al Diff  wl/in SD Hi Al Diff SD HI Al Diff SD Hi Al Diff SD
Gratiot 61.4 52.8 8.6 YES 129 359 -23.0 NO 251 111 140 NO 0.3 0.2 0.1 YES 0.3 0.0 0.3 YES
Green Bay 332 281 51 YES 30.2 354 52 YES 339 329 10 YES 22 2.0 0.2 YES 05 1.7  -1.2 YES
Green Lake 382 29.1 9.2 YES 16.1 225 -6.4 YES 327 352 -25 YES 117 128 -11 YES 1.3 0.4 0.9 YES
Greendale 176 201 -25 YES 353 270 83 NO 46.2 518 -5.6 YES 0.3 0.3 0.0 YES 0.6 09 -03 YES
Greenwood 43.0 554 -124 NO 11.8 285 -16.7 NO 428 111 317 NO 2.3 2.7 -0.4 YES 0.1 2.3 -2.2 YES
Hales Corners 212 202 10 YES 334 267 6.7 YES 443 524 81 YES 0.7 0.2 0.5 YES 04 06 -0.2 YES
Hammond 62.8 494 134 NO 20.7 36.3 -15.6 NO 14.7 13.8 0.9 YES 0.4 0.1 0.3 YES 1.4 0.4 1.0 YES
Harrison 67.2 61.8 5.4 YES 105 157 52 YES 212 210 0.2 YES 05 0.1 0.4 YES 0.6 1.3 -0.7 YES
Hartland 321 38,0 -59 YES 32.7 28.1 4.6 YES 30.1 29.1 1.0 YES 0.8 0.2 0.6 YES 4.3 4.6 -0.3 YES
Hatley 40.6 514 -10.8 YES 16.1 116 4.5 YES 423 34.9 7.4 YES 0.9 1.7 -0.8 YES 0.1 0.5 -0.4 YES
Hawkins 36.1 524 -16.3 NO 10.5 255 -15.0 NO 496 178 318 NO 2.1 0.6 15 YES 1.7 3.7 -2.0 YES
Hazel Green 62.1 63.0 -0.9 YES 202 211 -0.9 YES 17.7 158 1.9 YES 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Hilbert 70.3 570 133 NO 188 284 -96 NO 104 122 -18 YES 0.3 0.0 0.3 YES 0.2 2.3 2.1 YES
Hillsboro 511 547 -3.6 YES 214 317 -103 NO 215 74 14.1 NO 4.6 25 21 NO 1.4 3.7 -2.3 YES
Hixton 469 513 -44 YES 157 247 -9.0 NO 348 227 121 NO 0.5 0.1 0.4 YES 2.1 1.2 0.9 YES
Horicon 38.6 413 -2.7 YES 249 276 -2.7 YES 239 163 7.6 YES 57 4.7 1.0 YES 6.9 102 -33 YES
Hortonville 52.7 427 101 YES 159 259 -10.0 NO 265 281 -16 YES 4.0 2.0 2.0 YES 0.9 1.4 05 YES
Howard 387 329 58 YES 206 246 -4.0 YES 36.3 364 -0.1 YES 16 0.8 0.8 YES 238 53 -25 YES
Hudson 243 347 -104 YES 43.1 422 0.9 YES 30.8 213 9.5 NO 1.3 1.2 0.1 YES 0.5 0.6 -0.1 YES
Hustisford 426 458 -3.2 YES 247 287 -4.0 YES 205 121 8.4 YES 11.7 11.7 0.0 YES 0.5 1.7 -1.2 YES
Hustler 709 623 8.6 YES 144 338 -19.4 NO 133 2.2 111 NO 0.0 0.0 0.0 YES 1.4 1.6 -0.2 YES
Independence 38.0 593 -21.3 NO 299 266 3.3 YES 255 75 18.0 NO 2.3 4.9 -2.6 NO 4.3 1.6 2.7 YES
Ingram 37.1 476 -105 YES 71 147 -7.6 YES 541 37.2 169 NO 0.7 0.0 0.7 YES 1.0 0.6 0.4 YES
Jackson 38.0 435 55 YES 36.2 342 20 YES 243 189 54 YES 11 0.3 0.9 YES 04 3.1 -27 YES
Janesville 394 352 43 YES 330 39.1 -6.1 YES 256 233 23 YES 138 21 -0.3 YES 0.2 03 -0.1 YES
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Jefferson 54.6 408 139 NO 238 311 -7.3 YES 16.3 229 -6.6 YES 3.7 3.1 0.6 YES 1.6 2.2 -0.6 YES
Johnson Creek 52.0 445 7.5 YES 2717 288 -11 YES 17.3 19.7 -24 YES 03 0.3 0.0 YES 2.7 6.7 -4.0 NO
Juneau 512 332 180 NO 30.5 43.0 -125 NO 175 220 -45 YES 0.1 0.1 0.0 YES 0.7 1.8 -1.1 YES
Kellnersville 733 385 3438 NO 141 479 -33.8 NO 126 133 -0.7 YES 0.0 0.1 -0.1 YES 0.0 0.3 -0.3 YES
Kendall 61.3 60.7 0.6 YES 151 305 -154 NO 23.0 87 14.3 NO 0.0 0.1 -0.1 YES 0.6 0.0 0.6 YES
Kennan 47.2 57.7 -10.5 YES 6.4 102 -3.8 YES 43.1 277 154 NO 0.2 0.0 0.2 YES 3.1 44 -1.3 YES
Kenosha 265 340 -75 YES 46.1 373 838 NO 252 26.1 -09 YES 14 0.3 11 YES 0.8 23 -15 YES
Kewaskum 36.9 34.9 2.0 YES 278 310 -3.2 YES 32.0 28.0 4.0 YES 21 1.3 0.8 YES 1.2 4.9 -3.7 NO
Kewaunee 43.7 414 2.3 YES 246 36.1 -115 NO 231 122 109 NO 6.5 7.0 -0.5 YES 21 34 -13 YES
Kimberly 31.0 232 7.8 YES 451 50.7 -5.6 YES 19.0 215 -25 YES 4.7 4.5 0.2 YES 0.2 0.1 0.1 YES
Kohler 442 357 8.6 YES 18.1 241 -6.0 YES 335 36.6 -31 YES 4.1 2.8 13 YES 0.1 09 -0.8 YES
Kronenwetter 219 239 -20 YES 7.3 5.5 1.8 YES 67.5 66.9 0.6 YES 1.6 0.5 11 YES 1.7 3.2 -1.5 YES
La Crosse 20.2 280 -7.8 YES 36.0 39.8 -3.8 YES 289 16.6 123 NO 10.7 95 1.2 YES 4.2 6.2 -2.0 YES
La Farge 543 56.8 -25 YES 16.1 205 -44 YES 271 16.2 109 NO 1.6 2.4 -0.8 YES 0.9 4.2 -3.3 YES
Ladysmith 282 330 -48 YES 205 266 -6.1 YES 429 30.7 122 NO 8.0 7.4 0.6 YES 04 24 -20 YES
Lake Geneva 299 350 51 YES 193 224 -31 YES 38.0 283 9.7 NO 12.3 11.0 13 YES 0.5 3.3 -2.8 YES
Lake Mills 511 413 938 YES 243 241 02 YES 206 29.7 91 YES 0.7 1.2 -0.5 YES 33 37 -04 YES
Lancaster 55.7 622 -6.5 YES 25,8 224 3.4 YES 17.8 153 2.5 YES 0.4 0.0 0.4 YES 0.3 0.1 0.2 YES
Lena 65.2 58.7 6.5 YES 165 21.0 -45 YES 159 164 -05 YES 0.7 0.0 0.7 YES 1.7 3.8 2.1 YES
Linden 66.3 64.2 2.2 YES 143 20.1 -58 YES 189 141 4.8 YES 0.0 0.0 0.0 YES 0.5 1.7 -1.2 YES
Little Chute 358 338 20 YES 38.1 422 41 YES 19.7 188 0.9 YES 54 51 0.3 YES 1.0 0.1 0.9 YES
Livingston 804 818 -14 YES 134 13.0 0.4 YES 6.0 4.6 1.4 YES 0.1 0.0 0.1 YES 0.1 0.6 -0.5 YES
Loganville 542 399 14.3 NO 235 406 -17.1 NO 208 145 6.3 YES 0.9 0.0 0.9 YES 0.6 50 -4.4 NO
Lohrville 369 261 108 YES 89 110 -21 YES 527 529 -0.1 YES 15 0.6 0.9 YES 0.0 9.5 -9.5 NO
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Lone Rock 89 369 -28.0 NO 445 231 214 NO 441 38.7 5.4 YES 1.0 0.1 0.9 YES 1.5 1.2 0.3 YES
Lublin 356 55.6 -20.0 NO 5.3 8.5 -3.2 YES 58.0 23.1 349 NO 0.5 0.1 0.4 YES 06 128 122 NO
Luxemburg 543 544 0.1 YES 257 291 -34 YES 18.7 16.0 2.7 YES 1.1 0.0 11 YES 0.2 0.5 -0.3 YES
Lyndon Station 216 216 00 YES 151 189 -3.8 YES 509 565 34 YES 0.3 0.6 -0.3 YES 31 2.4 0.7 YES
Lynxville 226 265 -39 YES 5.6 9.2 -3.6 YES 68.1 61.8 6.3 YES 31 1.0 2.2 NO 0.6 15 -0.9 YES
Madison 2710 277 -07 YES 32.6 285 4.1 YES 170 231 -61 YES 194 164 3.0 NO 4.0 4.3 -0.3 YES
Maiden Rock 313 26.9 4.4 YES 7.8 6.5 13 YES 60.7 658 5.1 YES 0.1 0.2 -0.1 YES 0.1 0.6 -0.5 YES
Manawa 48.1 276 205 NO 219 429 -21.0 NO 225 214 1.2 YES 6.9 7.3 -0.3 YES 0.6 0.9 -0.3 YES
Manitowoc 41.3 355 5.8 YES 324 355 -31 YES 227 256 -29 YES 1.9 1.6 0.3 YES 1.7 1.8 -0.1 YES
Maple Bluff 240 257 -17 YES 247 239 0.8 YES 470 495 -25 YES 35 0.3 3.2 NO 0.8 0.7 0.1 YES
Marathon City 388 406 -1.8 YES 240 319 -7.9 NO 31.2 232 80 YES 6.0 3.3 2.7 NO 0.0 1.1 -11 YES
Maribel 779 441 338 NO 9.0 435 -345 NO 12.8 11.9 1.0 YES 0.0 0.2 -0.2 YES 0.3 04 -01 YES
Marinette 265 312 -47 YES 330 39.7 -6.7 YES 321 193 1238 NO 6.7 6.4 0.3 YES 17 34 -17 YES
Marquette 52.4 431 9.3 YES 125 149 -24 YES 348 327 2.1 YES 0.2 0.0 0.2 YES 0.1 9.3 -9.2 NO
Marshall 516 340 17.7 NO 23.0 337 -10.7 NO 194 193 0.1 YES 54 0.7 4.8 NO 0.6 124 118 NO
Marshfield 394 460 -6.6 YES 36.1 371 -0.9 YES 222 142 8.0 YES 0.6 0.3 0.3 YES 1.7 24 07 YES
Mason 55.9 625 -6.6 YES 6.6 8.3 -1.7 YES 364 276 838 YES 01 1.6 -1.5 YES 1.0 0.0 1.0 YES
Mauston 348 436 -8.8 YES 275 333 58 YES 26.0 94 16.6 NO 9.0 2.4 6.6 NO 2.7 114 -87 NO
McFarland 312 306 0.6 YES 371 354 17 YES 26.7 306 -39 YES 0.9 0.3 0.6 YES 41 3.2 0.9 YES
Medford 290 352 -6.2 YES 332 338 -06 YES 295 266 29 YES 1.6 11 0.6 YES 6.7 3.4 3.3 YES
Melrose 622 528 94 YES 128 194 -6.6 YES 232 210 22 YES 0.3 0.3 0.0 YES 15 6.5 -5.0 NO
Menasha 216 256 -4.0 YES 372 386 -14 YES 25.0 18.5 6.5 YES 159 159 0.0 YES 0.3 14 -1.1 YES
Menomonee
Falls 342 383 41 YES 26.9 20.8 6.1 YES 36.1 35.7 0.4 YES 0.9 0.2 0.7 YES 1.9 4.9 -3.0 YES
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Menomonie 36.7 384 -17 YES 209 278 -6.9 YES 205 21.0 8.5 YES 113 11.3 0.1 YES 1.6 1.6 0.1 YES
Mequon 447 356 9.1 YES 98 169 -71 YES 40.6 426 -2.0 YES 3.6 13 2.3 NO 13 35 22 YES
Merrill 321 421 -10.0 YES 255 26.7 -1.2 YES 36.0 228 132 NO 5.5 7.1 -1.6 YES 0.9 1.4 -05 YES
Merrimac 216 299 -83 YES 9.7 115 -18 YES 2511 152 99 NO 43.6 433 03 YES 0.0 02 -0.2 YES
Merton 53.6 514 2.2 YES 169 14.4 2.6 YES 26.8 312 -44 YES 1.8 0.3 15 YES 0.9 2.8 -1.9 YES
Middleton 416 37.0 46 YES 285 336 51 YES 19.0 19.7 -0.7 YES 7.8 4.3 3.5 NO 3.1 54 -23 YES
Milltown 495 578 -83 YES 159 219 -6.0 YES 311 164 147 NO 1.5 0.6 1.0 YES 2.0 34 -14 YES
Milton 42.2 382 4.0 YES 295 343 48 YES 257 26.7 -1.0 YES 15 0.1 1.4 YES 11 0.7 0.4 YES
Milwaukee 203 220 -17 YES 519 512 0.7 YES 260 256 04 YES 0.8 0.8 0.0 YES 1.0 0.6 0.4 YES
Mishicot 59.7 489 10.8 YES 159 304 -145 NO 217 174 4.3 YES 1.7 15 0.2 YES 1.0 1.8 -0.8 YES
Mondovi 555 494 6.1 YES 152 232 -80 NO 266 238 28 YES 138 1.6 0.2 YES 09 20 -11 YES
Monroe 439 3838 51 YES 40.1 51.0 -109 NO 154 10.0 5.4 YES 0.4 0.0 0.4 YES 0.2 0.2 0.0 YES
Montello 255 229 27 YES 17.7 18.0 -0.3 YES 421 419 03 YES 135 93 4.2 NO 1.2 80 -6.8 NO
Montfort 62.2 650 -2.8 YES 249 263 -14 YES 129 8.7 4.2 YES 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Monticello 635 438 198 NO 198 275 -7.7 YES 156 124 3.2 YES 0.8 0.9 -0.1 YES 0.3 155 15.2 NO
Mosinee 335 373 -38 YES 16.8 19.7 -29 YES 40.1 319 8.2 YES 94 8.6 0.8 YES 0.2 2.6 -2.4 YES
Mount Calvary 55,9 559 0.0 YES 145 11.0 35 YES 225 202 23 YES 04 0.3 0.1 YES 6.7 126 -59 NO
Mount Hope 69.0 741 51 YES 144 160 -16 YES 16.3 9.9 6.5 YES 0.0 0.0 0.0 YES 03 0.0 0.3 YES
Mount Horeb 38.2 483 -10.1 YES 332 304 28 YES 286 212 74 YES 0.0 0.0 0.0 YES 0.0 01 -0.1 YES
Mount Pleasant 66.5 51.5 15.0 NO 16.3 195 -3.2 YES 156 264 -10.8 NO 1.4 0.3 1.1 YES 0.2 2.3 2.1 YES
Mukwonago 529 379 150 NO 217 36.1 -144 NO 20.3 19.6 0.7 YES 238 1.4 15 YES 2.3 5.1 -2.8 YES
Muscoda 28.2 434 -15.2 NO 352 341 11 YES 358 21.0 1438 NO 0.8 15 -0.7 YES 0.0 0.0 0.0 YES
Muskego 39.0 321 6.9 YES 165 170 -05 YES 244 275 -31 YES 115 15 10.0 NO 8.6 220 134 NO
Nashotah 340 400 -6.0 YES 179 142 3.7 YES 423 432 -09 YES 13 1.2 0.1 YES 4.5 1.5 3.1 YES
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Neenah 249 30.7 58 YES 440 46.6 -2.6 YES 26.3 16.5 9.8 NO 3.8 3.7 0.1 YES 1.0 2.5 -1.5 YES
Neillsville 355 611 -256 NO 185 263 -7.8 NO 442 98 344 NO 15 18 -0.3 YES 03 11 -08 YES
Nekoosa 352 412 -6.0 YES 175 239 -64 YES 36.8 227 141 NO 7.4 8.0 -0.6 YES 3.1 44 -1.3 YES
Nelson 38.2 470 -87 YES 85 113 -28 YES 48.6 376 11.0 NO 0.0 0.6 -0.6 YES 47 3.5 1.2 YES
Nelsonville 379 36.6 13 YES 89 125 -36 YES 515 449 6.6 YES 1.6 2.3 -0.7 YES 0.1 3.7 -3.6 NO
Neshkoro 439 310 129 NO 6.5 8.2 -1.7 YES 416 495 -7.9 YES 6.6 2.8 3.8 NO 14 85 7.1 NO
New Berlin 41.3 350 6.3 YES 20.1 18.8 1.3 YES 373 418 -45 YES 0.9 0.2 0.7 YES 0.4 4.2 -3.8 NO
New Glarus 478 512 -34 YES 242 297 55 YES 273 176 938 NO 0.2 0.0 0.2 YES 05 15 -1.0 YES
New Holstein 523 552 -29 YES 30.7 30.2 0.5 YES 16.7 13.6 3.1 YES 0.2 0.1 0.2 YES 0.1 0.9 -0.8 YES
New London 380 295 85 YES 243 403 -16.0 NO 334 243 91 YES 33 3.6 -0.3 YES 1.0 24 -14 YES
New Richmond 58.1 57.1 1.0 YES 186 255 -6.9 YES 19.0 1238 6.2 YES 2.7 1.6 1.1 YES 1.6 3.1 -1.5 YES
Niagara 177 259 -82 YES 150 211 -61 YES 590.3 451 14.2 NO 7.7 6.8 0.9 YES 0.3 1.0 -0.7 YES
Nichols 511 439 7.2 YES 7.7 165 -88 NO 412 395 17 YES 0.0 0.0 0.0 YES 0.0 01 -0.1 YES
North Bay 19.3 15.8 3.5 YES 29.7 274 2.3 YES 50.7 56.7 -6.0 YES 0.1 0.1 0.0 YES 0.2 0.0 0.2 YES
North Freedom 48.8 252 236 NO 119 36.2 -243 NO 324 278 4.6 YES 5.7 5.5 0.2 YES 1.2 5.3 -4.1 NO
North Hudson 145 312 -16.7 NO 233 216 1.7 YES 49.0 355 135 NO 13.2 108 2.4 NO 0.0 1.0 -1.0 YES
North Prairie 615 544 7.1 YES 144 152 -0.7 YES 229 286 57 YES 0.6 0.0 0.6 YES 0.6 1.8 -1.2 YES
Norwalk 62.6 600 2.6 YES 11.0 247 -137 NO 252 114 138 NO 0.0 0.0 0.0 YES 12 40 -28 YES
Oak Creek 40.3 36.1 4.2 YES 225 226 -0.1 YES 211 36.1 -15.0 NO 15 0.2 13 YES 146 5.0 9.6 NO
Oakdale 343 60.0 -25.7 NO 212 275 -6.3 YES 440 119 321 NO 0.5 0.5 0.0 YES 0.0 0.2 -0.2 YES
Oakfield 58.8 645 57 YES 227 232 -05 YES 155 7.1 8.4 YES 0.3 0.1 0.2 YES 2.7 5.2 -2.5 YES
Oconomowoc 426 496 -7.0 YES 23.7 254 -17 YES 247 164 8.3 YES 65 2.7 3.9 NO 25 6.0 -35 YES
Oconto 447 30.0 147 NO 20.3 18.1 2.2 YES 293 334 41 YES 4.2 4.4 -0.2 YES 15 141 126 NO
Ogdensburg 379 36.2 17 YES 9.1 153 -6.2 YES 43.7 428 0.9 YES 138 3.2 -1.4 YES 75 24 5.1 NO
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Oliver 8.3 438 -355 NO 5.4 8.7 -3.3 YES 840 46.0 38.0 NO 2.0 1.2 0.8 YES 0.3 04 -01 YES
omro 446 412 34 YES 249 244 05 YES 249 260 -11 YES 47 4.8 -0.1 YES 0.9 36 -27 YES
Onalaska 28.3 39.0 -10.7 YES 29.6 289 0.7 YES 359 219 140 NO 5.0 5.4 -0.4 YES 1.2 4.8 -3.6 NO
Oostburg 58.0 418 16.2 NO 26.2 352 -9.0 NO 149 225 -7.6 YES 05 0.0 0.5 YES 04 06 -0.2 YES
Oregon 452 453 -0.1 YES 34.0 335 0.5 YES 18.8 17.7 11 YES 13 0.0 1.3 YES 0.7 3.6 -2.9 YES
Orfordville 645 708 -6.3 YES 205 242 -37 YES 150 5.0 10.0 NO 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Oshkosh 41.3 395 1.8 YES 372 456 -84 NO 154 9.2 6.2 YES 5.6 3.5 2.1 NO 0.5 2.2 -1.7 YES
Osseo 39.3 578 -185 NO 250 322 -7.2 YES 325 64 261 NO 0.8 12 -0.4 YES 24 25 -01 YES
Owen 52.3 443 8.0 YES 16.1 36.2 -20.1 NO 27.0 139 131 NO 2.7 1.7 1.0 YES 1.9 3.9 -2.0 YES
Oxford 29.0 495 -205 NO 18.2 237 55 YES 395 19.2 203 NO 3.8 25 13 YES 95 5.1 4.4 NO
Paddock Lake 42.8 40.0 2.8 YES 141 150 -0.9 YES 296 314 -18 YES 8.9 7.6 1.3 YES 4.6 6.0 -1.4 YES
Palmyra 248 381 -133 NO 19.2 242 50 YES 47.0 30.2 16.8 NO 4.7 2.6 2.1 NO 4.3 49 -0.6 YES
Pardeeville 46.2 413 4.9 YES 145 151 -0.6 YES 246 264 -1.8 YES 132 115 1.7 YES 15 5.8 -4.3 NO
Pepin 28.7 36.0 -7.3 YES 333 305 28 YES 36.0 316 44 YES 2.0 1.9 0.1 YES 0.0 0.0 0.0 YES
Peshtigo 252 36.6 -11.4 NO 313 28.1 3.2 YES 36.8 28.7 8.1 YES 5.1 4.8 0.4 YES 1.6 1.8 -0.2 YES
Pewaukee 420 325 95 YES 316 29.7 19 YES 154 216 -6.2 YES 6.8 0.1 6.7 NO 42 16.1 119 NO
Pewaukee 29.3 338 45 YES 339 204 135 NO 242 314 -7.2 YES 83 0.4 7.9 NO 4.3 140 -9.7 NO
Phillips 276 426 -15.0 NO 209 254 45 YES 310 83 227 NO 19.8 18.9 0.9 YES 0.7 49 4.2 NO
Pigeon Falls 56.2 651 -89 YES 193 244 51 YES 194 4.4 15.0 NO 4.3 4.3 0.0 YES 0.8 1.8 -1.0 YES
Pittsville 411 60.9 -19.8 NO 145 161 -1.6 YES 43.0 193 237 NO 1.2 1.9 -0.7 YES 0.2 1.9 -1.7 YES
Plainfield 528 531 -03 YES 16.7 279 -11.2 NO 29.2 180 112 NO 0.0 0.0 0.0 YES 13 1.1 0.2 YES
Platteville 42.8 50.7 -7.9 YES 326 318 0.8 YES 232 173 59 YES 0.1 0.1 0.0 YES 13 0.1 1.3 YES
Pleasant Prairie  46.6 40.3 6.3 YES 19.8 149 4.9 YES 249 36.0 -11.1 NO 3.3 0.8 2.6 NO 5.4 81 -27 YES
Plum City 40.8 431 -23 YES 111 144 -33 YES 47.0 417 5.3 YES 0.9 0.1 0.9 YES 0.2 0.7 -0.5 YES
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Port Edwards 153 224 -71 YES 95 138 -43 YES 55.1 45.6 9.5 NO 189 16.6 2.3 NO 1.2 1.6 -0.4 YES
Port
Washington 38,5 383 0.2 YES 314 25.6 5.9 YES 268 340 -7.2 YES 13 0.0 1.3 YES 2.0 2.1 -0.1 YES
Portage 354 337 17 YES 233 238 -05 YES 335 276 59 YES 7.3 7.8 -0.5 YES 05 71 -6.6 NO
Potter 68.3 531 153 NO 147 234 -87 NO 124 7.1 5.3 YES 25 1.8 0.7 YES 2.1 147 12.6 NO
Pound 584 49.2 9.2 YES 11.0 19.7 -87 NO 296 270 26 YES 04 0.1 0.3 YES 0.6 39 33 YES
Poynette 377 414 -37 YES 19.3 183 1.0 YES 39.1 348 4.3 YES 0.7 0.1 0.6 YES 3.2 5.3 2.1 YES
Prairie du Chien 33.1 408 -7.7 YES 245 288 43 YES 245 171 7.4 YES 175 120 5.5 NO 0.4 1.3 -0.9 YES
Prairie du Sac 325 457 -132 NO 384 418 -34 YES 214 6.2 15.2 NO 7.6 6.3 13 YES 0.1 0.0 0.1 YES
Prairie Farm 49.6 43.9 5.7 YES 120 226 -10.6 NO 33.9 246 9.3 YES 4.4 5.5 -1.1 YES 0.1 3.3 -3.2 YES
Prescott 342 382 -4.0 YES 220 256 -36 YES 365 290 75 YES 7.3 7.2 0.1 YES 0.0 01 -01 YES
Princeton 409 342 6.8 YES 144 203 -59 YES 384 323 6.2 YES 3.8 3.3 0.5 YES 25 100 -75 NO
Pulaski 48.3 413 7.0 YES 253 358 -105 NO 232 212 20 YES 31 15 1.6 YES 0.1 03 -0.2 YES
Racine 27.0 231 3.9 YES 50.0 46.4 3.7 YES 220 288 -6.8 YES 0.7 13 -0.6 YES 0.3 0.5 -0.2 YES
Radisson 417 418 -0.1 YES 227 271 44 YES 344 218 126 NO 0.6 7.0 -6.4 NO 0.6 23 -1.7 YES
Randolph 60.1 51.1 9.0 YES 248 330 -82 NO 147 157 -1.0 YES 0.4 0.0 0.4 YES 0.0 0.2 -0.2 YES
Random Lake 353 328 25 YES 263 243 20 YES 165 225 -6.0 YES 197 196 0.1 YES 22 0.9 13 YES
Reedsburg 355 434 -79 YES 354 420 -6.6 YES 252 98 15.4 NO 0.8 0.8 0.0 YES 31 40 -09 YES
Reedsville 36.8 421 53 YES 42.4 33.9 8.5 NO 19.7 217 -2.0 YES 1.1 0.4 0.7 YES 0.0 1.9 -1.9 YES
Reeseville 60.8 333 275 NO 224 359 -135 NO 16.8 26.1 -93 YES 0.0 0.0 0.0 YES 0.0 47 47 NO
Rewey 788 788 0.0 YES 13.7 168 -31 YES 7.5 4.3 3.2 YES 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Rhinelander 242 296 54 YES 26.0 313 -53 YES 437 359 7.8 YES 2.9 2.6 0.3 YES 3.2 0.6 2.6 YES
Rice Lake 451 293 1538 NO 247 38.8 -14.1 NO 179 185 -0.6 YES 110 9.8 1.2 YES 13 36 -23 YES
Richfield 58.0 478 10.2 YES 7.5 9.3 -1.8 YES 31.0 383 -7.3 YES 26 15 11 YES 0.9 3.1 -2.2 YES
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Richland Center 26.5 316 -5.1 YES 250 276 -26 YES 427 36.2 6.6 YES 1.2 13 -0.1 YES 4.6 3.4 1.2 YES
Ridgeland 53.8 50.3 3.5 YES 224 319 95 NO 229 12.0 10.9 NO 0.2 0.0 0.2 YES 0.7 5.8 5.1 NO
Ripon 419 459 -4.0 YES 29.7 279 138 YES 26.7 244 23 YES 0.8 0.6 0.3 YES 09 1.2 -03 YES
River Falls 375 435 -6.0 YES 248 289 41 YES 35,9 25.7 10.2 NO 15 1.0 0.5 YES 0.3 1.0 -0.7 YES
River Hills 237 203 34 YES 124 94 3.0 YES 60.5 66.2 -5.7 YES 31 3.1 0.0 YES 0.3 11 -0.8 YES
Roberts 66.0 58.9 7.1 YES 240 300 -6.0 YES 8.6 9.3 -0.7 YES 0.4 0.0 0.4 YES 1.0 1.7 -0.7 YES
Rochester 58.0 34.2 2338 NO 70 203 -13.3 NO 314 359 45 YES 23 0.9 14 YES 13 8.7 -74 NO
Rock Springs 405 353 5.2 YES 133 199 -6.6 YES 449 434 15 YES 0.4 1.3 -0.9 YES 0.9 0.1 0.8 YES
Rockdale 46.6 305 16.1 NO 12.1 240 -119 NO 36.2 374 -12 YES 15 2.2 -0.7 YES 3.6 6.0 -24 YES
Rockland 445 412 3.3 YES 26.3 388 -125 NO 275 173 10.2 NO 0.9 1.9 -1.0 YES 0.8 0.7 0.1 YES
Rosholt 594 512 82 YES 123 235 -11.2 NO 249 218 31 YES 31 2.7 0.4 YES 0.3 08 -05 YES
Rothschild 158 238 -8.0 YES 245 229 1.6 YES 50.5 46.1 4.5 YES 6.4 5.7 0.7 YES 2.8 1.6 1.2 YES
Saint Francis 261 283 -22 YES 43.1 340 91 NO 269 37.2 -103 NO 0.2 0.1 0.1 YES 37 0.4 3.3 YES
Saint Nazianz 485 36.9 116 NO 274 298 -24 YES 217 300 -83 YES 1.8 2.8 -1.0 YES 0.6 0.6 0.0 YES
Saukville 421 34.3 7.8 YES 271 254 1.7 YES 23.0 347 -11.7 NO 1.4 1.2 0.2 YES 6.4 4.4 2.0 YES
Scandinavia 426 322 104 YES 11.0 145 -35 YES 326 365 -39 YES 115 122 -0.7 YES 2.3 4.6 -2.3 YES
Schofield 122 139 -17 YES 248 294 46 YES 282 169 114 NO 30.7 334 -27 NO 4.1 65 -24 YES
Seymour 46.5 41.9 4.7 YES 276 315 -39 YES 256 265 -0.9 YES 0.2 0.0 0.2 YES 0.1 0.2 -0.1 YES
Shawano 272 300 -2.8 YES 268 357 -89 NO 43.8 309 129 NO 1.6 2.0 -0.4 YES 0.6 1.3 -07 YES
Sheboygan 35.7 26.5 9.2 YES 440 413 2.7 YES 18.3 30.2 -11.9 NO 1.8 1.2 0.7 YES 0.2 0.8 -0.6 YES
Sheboygan
Falls 43.0 354 7.6 YES 28.7 226 6.1 YES 190 37.8 -18.8 NO 3.0 2.1 0.9 YES 6.3 2.1 4.2 NO
Sherwood 50.1 540 -3.9 YES 170 204 -34 YES 244 233 1.1 YES 3.1 0.4 2.7 NO 5.4 1.9 3.5 YES
Shiocton 46.3 40.0 6.3 YES 136 28.1 -145 NO 351 199 152 NO 3.4 4.8 -1.4 YES 1.6 7.2 -5.6 NO
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Shorewood
Hills 136 237 -10.1 YES 337 304 33 YES 52.7 459 6.9 YES 0.0 0.0 0.0 YES 0.0 0.0 0.0 YES
Shullsburg 574 711 -13.7 NO 25.2 234 1.8 YES 171 5.6 115 NO 0.3 0.0 0.3 YES 0.0 0.0 0.0 YES
Sister Bay 331 498 -16.7 NO 165 258 -93 NO 50.3 24.2 261 NO 0.1 0.3 -0.2 YES 0.0 0.0 0.0 YES
Slinger 45.7 38.0 7.7 YES 211 20.2 0.9 YES 2908 352 54 YES 1.1 0.2 0.9 YES 2.3 6.4 4.1 NO
Soldiers Grove 324 306 19 YES 71 150 -79 NO 585 509 7.6 YES 1.0 15 -0.5 YES 1.0 20 -1.0 YES
Solon Springs 10.2 303 -20.1 NO 136 188 -52 YES 419 193 226 NO 337 315 22 NO 0.6 0.2 0.4 YES
South
Milwaukee 186 230 -44 YES 458 328 13.0 NO 340 437 -97 NO 0.5 0.2 0.3 YES 11 0.3 0.8 YES
Sparta 424 492 -6.8 YES 26.0 401 -14.1 NO 29.3 85 20.8 NO 2.3 1.3 1.0 YES 0.0 0.8 -0.8 YES
Spring Green 57.0 474 9.6 YES 278 374 -96 NO 146 148 -0.2 YES 04 0.3 0.1 YES 0.2 0.0 0.2 YES
Spring Valley 29.7 36.6 -6.9 YES 6.5 8.3 -1.8 YES 579 493 86 YES 5.1 4.8 0.3 YES 0.8 1.0 -0.2 YES
Stanley 59.8 454 144 NO 186 39.7 -211 NO 181 54 12.7 NO 2.7 1.8 0.9 YES 0.8 7.8 -7.0 NO
Stetsonville 416 56.7 -15.1 NO 386 321 6.5 YES 16.2 5.8 10.4 NO 0.9 0.0 0.9 YES 27 54 27 YES
Stevens Point 221 247 -26 YES 257 36.2 -105 NO 452 312 14.0 NO 6.6 5.5 1.1 YES 0.4 25 2.1 YES
Stockholm 138 279 -141 NO 8.3 7.2 11 YES 71.7 56.2 155 NO 3.1 2.2 0.9 YES 3.1 6.5 -3.4 YES
Stoddard 275 403 -12.8 NO 256 235 21 YES 329 215 114 NO 136 136 0.0 YES 04 1.1 -07 YES
Stoughton 34.4 315 2.9 YES 318 326 -08 YES 245 278 -33 YES 3.9 1.0 2.9 NO 5.4 7.2 -1.8 YES
Stratford 47.3 480 -0.7 YES 11.8 202 -84 NO 389 278 111 NO 1.6 0.8 0.8 YES 04 31 27 YES
Sturgeon Bay 451 494 -43 YES 225 329 -104 NO 304 150 154 NO 1.7 0.5 1.2 YES 0.3 2.2 -1.9 YES
Suamico 264 259 05 YES 93 104 -11 YES 541 56.7 -2.6 YES 13 0.4 0.9 YES 8.9 6.6 2.3 YES
Sullivan 515 46.8 4.7 YES 136 151 -15 YES 338 312 26 YES 0.9 0.2 0.8 YES 0.2 6.8 -6.6 NO
Sun Prairie 36.7 381 -14 YES 41.2 33.9 7.3 YES 196 241 -45 YES 1.7 0.1 1.6 YES 0.8 3.9 -3.1 YES
Superior 340 369 -2.9 YES 129 222 -93 NO 489 36.1 12.8 NO 4.0 2.4 1.6 YES 0.2 24 2.2 YES
Suring 248 30.2 54 YES 18.0 18.0 0.0 YES 56.2 50.1 6.1 YES 0.9 0.6 0.4 YES 0.1 12 11 YES
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