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Abstract

Managing water resources is one of the main challenges for water resousgensian
This thesiguses geospatial technologies to assist in monitoring water resources through two case
studies that are of concern to both state and national agehugestst case study attempts to
improve the isolated wetland classificatimnintrodudng LIDAR data.Jones (2013) applied
GeOBIA methods to classify and catalog the isolated wetlands of Northern Alabama using high
resolution aerial imagemyhere errorsn rooftops, asphalt and shadowsre observedrhis
research attempted improve the lassificdion methods for wetlands anelsed methods to
removerooftopsand asphaltistakenly classified as wetlandsing the LIDAR datand
GeOBIA. The accuracy percentage achieved for the isolated wetlands classification was 90.4%,

an improvement of % from the initial classification analysis where LIDAR data were not.used

The second case study focuses on consumption of watgribyltural land and golf
coursesCalculatingevapotranspiration (ET) with Landsat Thematic Mapper satellite imagery
through the use ahe Mapping Evapbranspiration at high Resolution with Internalized
Calibration (METRIC) modelit is shown to bean effective toofor estimaing water
consumptioronirrigatedlands. Thecasestudydevelopednethods to estimate Eif the
irrigated agriculturalandsand golf courses in twenty HUC 12 watershedthe Wiregrass
region of Alabamaising remote sensing methods and METRIC moldet modelvas able to
estimate seasonal ET for year 2005 and 2010e studyshowng there wasnincrease in water

consumption for both agricultural land and golf coussih the latter being more substantial
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Chapter 1: Introduction

Remote sensing (RS) is the art and science of acquiring information about an object or
phenomenon without being in direct physical contact with the body. Using RS¢chegsaran
guantify and observe i mportant biological and
addition to human activities that impact the environment (Jensen, 2006). RS can also be
described as a science of acquiring, processing and interpraaggry traditionally based on
the principle of electromagnetic radiation and how incident energy from the sun interacts with
the surface of earth. Radiation detected by sensors are reflected and emitted energy from the
earth with the reflected energy bgim the form of reflected solar while the emitted energy
being the thermal infrared (TIR) and microwave portion of the electromagnetic spectrum
(Schmuggeet al, 2002). The technology associated with RS has been used widely in many
applications related wh hydrology,forestry,agriculture, cartography, geology and meteorology
among others.

Remote sensing has been used quite extensively in research and applications related to
hydrology. Many studies have been conducted to develop different remote feokirigues
and methods to obtain quantitative and spatial measurements of important hydrologic parameters
(Gregg and Casey, 2004; Karashaal, 2004). For example, it has been used to catalog and
monitor the spatial extent, organic and inorganic carestis, depths and temperature of water
bodies (Jensen, 2006). Schultz (1988) suggested that a problem in hydrological studies is that
there are not enough observations to accurately describe hydrological processes. Remote sensing

has been more promisingatithe traditional way in collecting extensive field data. Importantly,



he also notes that remote sensing offers the following advantages over traditional field based
methods (1) it gives area measurements instead of point measurements; (2) iecaarabll

store vast information about a place; (3) it provides high resolution in space with a time
stamp; (4) it creates and stores data in digital form; (5) there is no interference between data
acquisition and the process being observél;it(generates information about remote areas

of the earth where taking measurements in situ is difficult; and (7) it is cost effective
compared to traditional observation of hydrological quantities (Schultz, E8&)cting
information from aremotely sensed dataset can be achieved by trained image analysts by
implementing the knowledge about the fundamental elements of image interpretation which are
shape, size, tone, shadow, pattern, texture, site, association, and resolution in thesland cov

mapping Qlson, 196).

This research thesis focused on two case studies using remote sensing in water related
applications in the state of Alabama. The case studies will employ Geographic Object Based
Image Analysis (GeOBIA) in classification of wafeatures and golf courses and remote
sensing models will be developed to help estimate water usage. The first case study will focus on
the classification of isolated wetlands in Lee County ublational Agriculture Imagery
Program(NAIP) imagery and.ight Detection and Rangind.{DAR) data. The second case
study will focus on estimating evapotranspiration in the irrigated areas for agricultural lands and
Golf Courses of twenty Hydrological Unit Code (HUC) 12 watersheds in the Wiregrass region of

Alabama umg Landsat images and employing METRIC model.



Case Study 1: Eliminatng the errors of rooftops from isolated vetlands classification of
Lee County using LIDAR data
1.1 Study background of case study 1
Wetlands are areas of land that satisfy one orenodithe following conditions: 1) land
that supports the growth dfydrophytes(aquatic vegetation 2) most portion of the substrate
have an urdrained hydric soil; and 3) areas without soil and without hydrophytes that are
saturated with water (Cowardiet al, 1979. The United States Department of the Interior
(USDI) Fish and Wildlife Service initiated the National Wetland Inventory (NWI) project in
1975 to catalog the natiemide wetlands of the United States so that it can provide information
to biologists and other people concerned with conservation of wetlands (USFWS, 2013).
Geographically isolated wetlands can be defined as wetlands that are surrounded by dry

lands and have no direct surfagater connection with rivers, ponds, streams, estuaries o
oceans (Tiner, 2003). However, they can still be connected to underground water (Winter and
LaBaugh, 2003) and have as equal importance assotated wetlands. NWI data for Alabama
reveals that there are several areas with gaps in digital wetlanddatiastantial part of
Al abamads anal og maps have stildl not been dig
coastal and large water bodies rather than isolated and transient waters (Jones, 2013). The need
for an inventory of information on isolategetlands is important to monitor and assess the
changes in wetlands and guide the policy makers in making good decisions for conservation.
Jones (2013) applied GeOBIA to classify the isolated wetlands of Northern Alabama from NAIP
imagery yieldng an accuadesof 83.7% and 87.7% for aerial imagery inspection and field
verificationrespectively The errors in classification were mostly of rooftops, asphalt and

shadows (Jones, 2013). This research will test whether the errors in wetland classification can be



eliminated by classifying buildingpoftopsfrom LIiDAR point clouds and eliminating those

misclassified wetlands from the classification.

1.1.1 Studyarea

The study area for the cagedy covers Lee County in Alabama, United States.
According the Unitedtates Census Bureau of 2010, the population of the coul¥ 847
The total area of the county is approximately 615 sq. miles, with 608 sq. miles of land and 76 sq.
miles of water J.S. Census Bureau, 2019 here are total of seven urbaeas in tle county
with AuburnOpelika being the largest. Figure 1 below shows the border of Lee County which is
the study area for this case study. Lee County is chosen for the study area because LIDAR data
are readily available from a partnership between Aubuirddsity, Lee County, and the Cities

of Auburn and Opelika.

Legend

0 30 60 120 180 240 Lee County

Figure 11: Lee County, AL



1.1.2 Objectives
Theoverallobjective of this case study is to develop methodgassifythe isolated
wetlands of the Lee County ugileOBIA methods by integrating multispectral images and
LiDAR data.The method developed can be further applied to classify wetlands in other parts of
Alabama. This project will be accomplished with the following objectives:
U Identify and delineate isolatevetlands in the study area using hirgsolution NAIP images.
U Removal of identified rooftop errors in initial wetland mapping classification.
i Comparison between buildimgoftopsclassification results from GeOBIA and
Point Cloud Task method in LP360 seére to see which method can be used for
the classification of building rooftops Lee County.
U Eliminate the errors of building rooftops in wetland classification by erasing those
errors by introducing the building rooftoptassified from LIDAR point @ud in
GIS environment.
U Accuracy Assessment of the classified isolated wetlands by visual inspection with NAIP
imagery.
1.1.3 Researclguestions
U What is the spatial extent of isolated wetlands in Lee County?
U Which method was better ttassify buildingrooftops: GeOBIA or Point Cloud Task method
in LP360 software?

U How has the introductioaf the LIDAR improve the wetlands classification?



Case Study2: Estimating evapotranspiration as a proxy for water usage in the irrigated
areas and golf courses in th&Viregrass region of Alabama
1.2 Sudy background of casestudy 2
Water is one of the most important elements for the existence of living organisms on
Earth. Managing water resources wisely and sustainably is one of the main challenges for water
resourcananagers. Although abundantly available, water is certainly not free. It is important to
understand the natural systems and physical laws that control the hydrological cycle and how
each process relates to water usage. According to a World Health Ornigan(?&tO) (2003)
report, 1.2 billion people lacked access to safe and affordable Rgsrefman, 2006 The
WHO/UNICEF Joint Monitoring Program (JMP) (2013) report found that estimated 768 million
people still did not have access to improved drinkingewavhich included 185 million people
who relied on surface water. With the increasing water scarcity in tHd,was very important
that peopleconsume water efficiently and preserve the natural sources of water. To accomplish
this, it is very impornt to have knowledge about how much water is being consumed.

Irrigation of cropland is one of the major consumers of water throughout the world. In
part, because of excessive irrigation, freshwater has become scarce in most part of Asia and
Africa whichmight escalate in coming decades (Rijsberman, 2@iBgrent irrigation systems
have been used to irrigate agricultural lands in this world. One of the commonly used irrigation
systemss sprinklers such as Central Pivot Irrigation Systems (CPIS) tvatleen used in
many areas to increase crop production. There are different types of CPIS but commonly used
CPI'S normally Aconsists of one single sprayer
composed of high tensile galvanized light steedlaminum pipes supported above ground by

towers that move on wheels, | ong spans, steel



which one end of the pipeline is connected. The pipeline moves in circular pattern about the
pivot irrigating theplants with frequently spaced sprayers (Phocaides, 2007, p. 10.1).

According to United States Geological Survey (USGS) data for 2005, total irrigation
withdrawals for the United States were about 128,000 million gallons per day (Mgal/d) which
comprised oB7 percent of total freshwater withdrawals and 62 percent of total freshwater
withdrawals for all categories, when thermoelectric power was not taken into consideration
Irrigation from surface water was accountable for 58 percent of the total irrigatiarawals.

The data also revealed that a total of 61.1 million acres were irrigated of 3thicmillion
acres used sprinkler system such as CPIS.

Large volumes of water are also consumed for the irrigation of recreational golf courses.
Golf is a sporthat has experienced a huge growth and success in recent decades. The total
number of golfers since 2003 exceeds more than 61 million around the world with United States
comprising over half of that figure. According teetNational Golf Foundation (20Ldatg there
has been remarkable increase in the number of golfers in United States from 11.2 million in 1970
to nearly 38 million in 2004: among which 13 million are regular participants. In 2003, there
were a total 25,000 golf courses worldwide with Ushi&ates alone having 15,827 golf courses
which covered more than 1.7 million acr&¢heeler and Nauright, 20Q6)\ccording to the
NGF6s (2012) report, there were a total of 15
percent are privately owned. Taamtain the turf of the golf courses, a huge volume of water is
required. It was estimated that anlide golf course requires 3,000 to 5,000 cubic meters per
day, which is equivalent to the daily consumption requirement for 2,000 families or 15,000
individual Americans\(Vheeler and Nauright, 2006). According to the Worldwatch Institute data

from 2001, 9.5 million cubic meters of water



courses which is tantamount to the amount of water used per day totsuigdmolion people at
United Nations daily minimum requirement (Brownal, 2001).

Since both agricultural land and golf courses consume very large amounts of water, it is
important for regional water resource managers to have an accurate invemtoggteid lands

and golf course areas and to also have ways to estimate the water consumption in these areas.

Part of this study is funded by the Alabama Office of Water Resources whose resource managers

are seeking methods to help the monitor the wateswoed by these two land uses. It is posited
that golf courses and irrigated agricultural land can be accurately classified from NAIP images
using GeOBIA methods. But due to the lack of NAIP images on monthly basis which is
important for the classificatioof agricultural land, the case study will only focus on developing
classification methods in GeOBIA for the golf courses. While secondary datdNfibonal
Land Cover Dataset (NLCD) amational Agricultural Statistics Servi¢BlASS)will be used to
cakegorize agricultural areas. In addition, by estimating evapotranspiration (ET) with Landsat
Thematic Mapper satelliienagery using the Mapping Evap@hspiration at high Resolution
with Internalized Calibration (METRIC) model, it is thought that wategesan be estimated
(Bastiaansseat al.,2009. The thermal bands of Landsat can be used to déreveandSurface
Temperature (LST) to give estimates of evaporative flux patterns which serves as a proxy of the
surface moisture over a range of differgpatial scaledarzenet al, 2003; Hainet al.,2009;
Hainet al.,2011).
1.2.1 Study area

The study area fdhe identificationof golf courses and agricultural lands, and estimating
evapotranspiratiors twenty HUC 12 watersheds in the Wiregrass regibAlabama. liis an

area that encompasses the southeastern part

(0]



nativeAristidastricta, known as fAwiregrasso dusamglydoundt s t e
in the regions longleaf pine forest (Byrdd®). This name was originated during the earliest

days of European inhabitation in this region.
claims the agricultural tTheWlregrass ifegion Ras mamyugolf c a p i
courses andecreation center3.he regions boundary can vary depending on who defines it. For

the purpose of this thesis, the focus will be on Houston County, Alabama.

Study Area - Twenty HUC 12 Watersheds in South Eastern Alabama

Counties of Alabama

Newton Creek

- StudyArea

Legend

N 120 180 240 [ 20 Huc-12 watersheds
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Figure 12: Study area delineating Twenty HUC Watersheds in SE Alabama
1.2.2 Objectives
The goal of this case study is to develop methods to estimate evapotranspiration in the

irrigated agricultural areas and golf courses of the study area using remote sensing methods and



theMETRIC model. The study will also focus on ttlassification of the golf courses using

GeOBIA methods. This project will be accomplished with the following objectives:

U To classify golf courses in twenty HUC 12 watershedfie Wiregrass region of Alabama
using NAIP imagery by implementing GeOBIA rhetls and develop a ruleset that best
classifies golicourses

U Assess the validity METRIC) model for estimating evapotranspiration (ET) by comparing
it with the ET data from USGS ET stations in Florida.

U Estimate evapotranspiration of irrigated agricdtdands and golf courses in twenty HUC
12 watersheds the Wiregrass region of Alabanmaplementing METRIC model and using
Landsat 5 Thematic Mapper imageries for the year 2005 and 2010.

1.2.3. Research gestions
U What is the spatial extent of Golf ases in the study area?

U Can the ruleset developed for the classification of golf courses be applied to other places
in Alabama to identify golf courses?

U Can METRIC model be used with remotely sensed data to provide a reliable estimate of
evapotranspiratich

U How has the trend in water consumption changed from 2005 to 2010 in both agricultural

land and golf courses?
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Chapter 2: Literature R eview

The literature review reveals background information required for this thesis research and
analysis. It commencesith the background of geographically isolated wetlands and their
functionality to the environment. It explains how isolated wetlands are different from other
wetlands but serve the same purpose to the environment as other types of wetlands. The next
secton describes traditional pixel based classification and Geographic Object Based Image
Analysis (GeOBIA). This section also covers different processes involved in GeOBIA. Next, a
section describes LIDAR technology and how it has been applied to improclash#ication of
land cover mapping. The next section describes how remote sensing has been used to classify
wetlands. It focuses on how others have used different methods to classify the wetlands and what
results they achieved from the classificatiohehext section describes how remote sensing has
been used to classify building rooftapsing LIDAR andis related to this study to help remove
rooftop errors in wetlands mapping. An emphasis is placed on the different methods and
software that have beesed to map buildings or rooftops. The next section describes LP360
softwareand itsuse to classify LIDAR point clouds using the Point Cloud Tasks (PCT) methods.

This is followed by a description of irrigation systems and how they have been used in
United States for irrigation of agricultural lands and golf courses. It also focuses on how
irrigation has impacted surface water and ground water and how the trend of water use has
changed since 1950. The next section describes how much water golf courseseconslaily

basis to maintain the turf. A section is also included on evapotranspiratiorwiiiy is
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animportantindicatorof water usageand descries different methods that have been used to
measure ET. Finally, there is a section intradgthe METRIC and SEBAL models used to
estimate ET.

2.1 Geographicallyisolated wetlands:

Geographically isolated wetlands are disconnected with other water bodies and do not
have a downstream surface outlet. Formed in a depression, these wetlands are iswlated fr
water bodies because of the higher elevation of surrounding lands (Leibowitz, 2003; Tiner, 2003;
Snodgraset al.,1996). These types of wetlands are connected to the surface water occasionally
during flood stages. Twensight percent of wetlands in b Dakota, for example, were
connected to intermittent surface water during the flood stages (Leibowitz, 2003). Although
isolated wetlands are often not connected to other water bodies, they can still be connected
through ground water depending on thelggical structure of a place (Winter and LaBaugh,
2003; Sutter and Kral, 1994).

In terms of functionality to the local environment, both isolated wetlands anrd non
isolated wetlands serve similar benefit to the environment. The role of wetlands cannot be
underestimated as they play an important role by providing vital services such as recharging
ground water supplies, providing habitat for wildlife, reducing floods, transforming nutrients,
maintaining water quality, protecting shorelines, sudaeger stoage, flood water protection,
aguatic productivity and shorelintabilization (Tiner, 2008 Neely and Baker (1989) mentioned
that wetland depressions act as storage and prevent run off from being connected to regional
riverine systems which helps prevéiobding. Wetlands also provide habitat for many living
creatures such as waterfowl and native fishes and serve as a water source for doeststk, liv

and humans (Tiner, 2003
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2.2 Geographic Object Based Image Analysis. (GeOBIA)

Extracting of informabn from remotely sensed datasets has been achieved in different
methods such as manual interpretation, automated pixel based classification and GeOBIA. While
manual interpretation are very accurate and are mostly done by trained human image analysts, it
IS very timeconsuming to produce larmbver mapping over large arg&6 N-®unheet al.,
2009)Before the advent of GeOBIA, the classification of remotely sensed imagery was done
mostly using pixel based methods. The pixated classification is an aatated method where
each pixel is classified to a larwdver class on the basis of its spectral properties. This technique
does not take into consideration other elements of image interpretation such as shape, size, tone,
shadow, pattern, texture, site, @gation, and resolutio© 6 N-®unheet al.,2009) Supervised
and unsupervised classification methods are the two most commonly used methods in the pixel
based classification which produce thematic layers most commonly related to land cover. Pixel
basel classification gives satisfactory results for moderaselution datasets with spectral
information. However this technique does not perform as well fortagblution datasets that
contains a combination of spatial, spectral and contextual inform{&leaveet al.,2008).

With advancement of technology in the acquisition of aerial and satellite imagery, the
spatial resolution of images increased producing higher resolution images. The traditional pixel
classifier usage is limited however due to thaeasing number of pixels which can often be too
complex for classification (Baatz and Schape, 2000). The increasing availability of high
resolution imagery and realization of the limitation of pixel based classifications, in part, led to
the developmenif GeOBIA, which overcomes the limitation of pixel based analysis by
grouping the pixels into primitive image objects (Blaschke, 2010). GeOBIA uses attributes such

as the objectds col or (spectr al I caldtionr mat i
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an increased uncorrelated feature space using diogop&gical features (neighbor, supsject,
etc.),close relation between reabrld objects and image objects and occurrence to other
image objects to interpret and analyze imagesmanner that closely resembles what human
analysts can seith their eyes (Lillesand ell., 2004; Benet al.,2004). In other words, this
method groups pixels into meaningful objects which can be analyzed and interpreted in a way
that very closelyesembles human visual experience (Blaschke, 2008; Lillextaaddd2004) and

is arguably more suitable for medium to high resolution imagery compared to the traditional
pixel based methods (Bert al, 2004). Many studies have shown that GeOBIA mehare
superior to pixebased methods for land cover classification from {negolution imagery
(Blaschke, 2010) and can perform powerful automatic and semiautomatic analysis in many
remote sensing applications often in a more efficient and repeatabkspr(Benet al., 2004).

The first step in GeOBIA involves segmentation. The image segmentation algorithm
groups pixels into objects which are generally based on one of the two basic properties of the
pi x el -teeelvglues giscontinuity ansimilaity (Gonzalez 1987, Haralick and Shapiro,

1985). While in the first approach, segmentation of the image is based on the abrupt changes in
the pixel level; the second approach adopts methods like threshholding, region growing and
splitting, and merging tesegment the imagdéddink et al.,2012. The initial segmentation is
dependent on the information of pixel values and features of the intermediate image objects and
provides image objects with certain values for spectral behavior, shape and context @enz
2004). Image objects are clusters of pixels that have similar spectral and spatial (i.e., texture)
information. The key distinction that can be made on objects are from topology since each image
object will have contextual relationship with its gigboring objects and this information can

help improve the classification process (Blaschikal, 2008).
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The objects that are segmented can be related to a classification scheme including classes
such as water bodies, buildings, individual tree crowreanopy, agricultural fields and
impervious surfaces. After the segmentation of the image, the image objects formed will have
properties like spectral reflectance, shape, size and neighbor relations that can be further
processed and classified. Differgmbperties have been used for different classifications, such as
shape and size of water bodies, to classify streams, lakes, reservoirs and seas (Navulur, 2007).
Similarly, shape properties like compactness, roundness and convexity have been usefyto class
rivers and lakes (Van der Werff and Van der Meer, 2008). The image analyst must employ an
Aiterative approach that mimics the human ana
segmentation, claggiation and refine untilhe desired outpus adieved(O 6 N-®unheet al,
2009, p.2) In addition, the image analyst should also have a very good knowledge of the place
that is being classified which is imperative in image interpretation. Moreover the analyst should
try to integrate the ancillary deget such as LIDAR data, vector GIS datasets with multispectral
imagery so as to gather more information about the study area which will help improve the
efficiency of the classification process.

GeOBIAis used here to create meaningful objects thataétageographically isolated
wetl ands including a context Daihienglnc) e. Tri mbl e
eCognition is the first object oriented image analysis software and also the most commonly used

for GeOBIA software (UseGuide eCognition2014).
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2.3 LIDAR and its importance for land uséland cover mapping
Light Detection and Rangind.iDAR) is an optical remote sensing technology that
produces highly accurate x, y and z coordinates by measuring difference in time between the
emission ofaser pulses and reception of reflected signal from the ground to the aPoraa(
and Udeechya,20)3 1t i s an active remote sensing tech
neari nf rared region of t @Zeou 2003 x93 giegimanation s pec
about elevation at the xyz locations. The sensor in the LIDAR measure the time it takes for the
emitted laser pulse of the electromagnetic spectrum to be reflected back after hitting the surface
it strikes from which distance can balculated and subsequently the height of the feature. The
sensor and a Global Positioning System (GPS) receiver are mounted together in the aircraft
which records the location of the pulses. Moreover, the aircraft is also equipped with an
inertial measurement unit (IMU) which records the orientation of the aircraft during the
flight. The LIDAR sensor can give very accurate geographic position of the objects the laser
pulse is striking (Hippenstiel and Brownson, 2012)e advantage of LIBR data is that it can
be captured at both day and night. However it is usually flown in combination with optical
imagery so the missions are mostly flown during the daylight hours during periods when there

are minimal shadows.

With the introduction of abrorne LIDAR technology in remote sensing, there has
increasing interest in implementing LIDAR data in the laisd/land cover mapping. LIDAR
point clouds have been used to extract features in the urban settiaggét al, 2009. The
point clouds haveden used to identify buildings, tree canopy, water bodies and ground surfaces.
Most of the times the LIDAR point clouds are interpolated into raster layers such as Digital

Elevation Model (DEM) and Digital Surface Model (DSM) and are fused with the high
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resolution satellite images for detalléand usdandcover classificatioriZhou, 2013) DEM
and DSM raster images are produced from the last return and first return of LIDAR point clouds.
It is often used either as primary datéagcFaderet al, 2012;0 6 é\l-Dunneet al, 2013 or as
ancillary dataZhou and Troy, 20080 aid land uséindcover classification. LIDAR data are
also used to provide the intensity information of the land cover features which can help
differentiate different features on theognd O 6 N-®unheet al, 2012; Imet al, 2008) The
intensity maps are produced by triangulating
(Bergeret al, 2013) and have been used in forégte classificationsAntonarakis, 2008and
also in urbardand cover mapping datdMécFaderet al, 2012;0 6 N-®unheet al, 2013.
There have been many studies where both height and intensity data from LIDAR have been used
for land cover classification especially in developed urban settings (Shaker-Asthidwy,
2012;Im et al, 200§. The surface model such as nDSM is not affected by shadows, which can
introduce many errors during the classification in urban a#easuet al, 2009. To summarize,
LIiDAR point cloud can be used to generate raster susfaueh aa DEM and aDSM, and
from these surfacesrees and building featuresan be extracted

In addition, LIDAR data also been used in different hydrology related applicatichs
as mapping of wetlands and shallow water (Irish and Lillycrop, 1&38dletermining depths of
water (Lillesand and Kiefer, 2000; Lee, 200B)e accuracy of LIDAR generated DEMs can be
high enough to detect subtle topographic patterns in relatively flat wetland regions with a Root
Mean Square Error (RMSE) of 0.24m (Toyré& &heltroniro, 2005). The DEM and DSM data
obtained from LIDAR data can be used in image based wetland mapping as it can outline local
depressions and hydrological patterns. LIDAR points can give elevation data with high

resolution and accuracy (Toyra an@troniro, 2005). The problem of separating similarities
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between upland and lowland vegetation while classifying wetlands from satellite imagery can be
overcome by introducing elevation data from LiDAR (Ozesmi and Bauer,2002; McCauley and
Jenkins, 2005; Land Chen, 2005; Baket al, 2006). With the use of airborne LIDAR, the
classification of land cover improved to greater extent as it was observed in Lee and Shan (2003)
classification of six land classes over coastal area, using airborne LIDAR elelatBosand
multispectral IKONOS images, where the overall classification error were reduced by up to 50

percent (Lee and Shan, 2003).

Although LiDAR incorporated with multispectral image gives good classification, it does
bring errors in the classificatioWwhile processing the LIDAR point clouds in raster layer such as
nDSM through interpolation, it introduces some inherent errors and uncertainty which does
affect the land cover classificatiddawaket al, 2014. It is highly likely that a feature may be
wrongly classified into another class. For example buildings being classified as trees since both

are above ground.

2.4 Use of remote sensing in classification and mapping of wetlands

As wetlands play an important role in nature, it was necessary serv@nand wisely use
them, which led to the signing of the Ramsar Convention on Wetlands in 1971 (Matthews,
1993). It is an intergovernmental treaty which aims to conserve and use wetlands sustainably by
providing foundations for national actions and intgional cooperation (The Ramsar
Convention on Wetlands, 2014). It is necessary to know the locations of wetlands to protect and
sustain it which is why the mapping of wetlands plays an important role. Wetland mapping over

a large area can be very costhddime consuming.
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The use of remote sensing and a Geographic Information Systems (GIS) in wetland
mapping dates back to the 197006s, si-lhce the |
(Wickware, 1978). Aerial photographs and manual visual inspeateye commonly used for
decades to map wetlands (Blasckkal,2008;Lyon, 1993; Tiner, 1999 Raster images that are
taken from satellites and airplanes are analy
(DN) value in multiple bands of ed'omagnetic spectrum. The introduction of Geographic
Object Based Image Analysis (GeOBIA) in remote sensing methods has made identification and
classification of wetlands more efficient compared to taditional pixel based methods.

GeOBIA being a relately new method has not been used widely for the mapping of isolated
wetlands but has produced good results when employed. Isolated wetlands were mapped using
Landsat 7 imagery in the study of St. Johns River Water Management District of Alachua

County,Florida which produced and accuracy of 88 percent (Feblah, 2009).

Classification of wetlands using remote sensing introduces errors of commission and
errors of omission. Errors of commission are those errors that are erroneously included for
consideation as wetlands when it should have been excluded. For instance, the image might
have classified rooftops and shadowsvaiands, whictareerrors of commissionSimilarly,
errors of omission are those errors where the classification method faittudeithe wetlands
that exist in reality. Tiner (1999) suggest that errors of omission are common in wetland
mapping. The IKONOS/LIDAR based classification of wetlands at Chequamegon National
Forest in northern Wisconsin had an overall accuracy of 75% ugirg the Wisconsin Wetland
Inventory (WWI) types, with omission error of 10% and commission error of 30% (Maxa and

Bolstad, 2009).
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Jones (2013) applied GeOBIA to classify the isolated wetlands of the Northern Alabama
from NAIP imagery which yielded arceuracy of 83.7% and 87.7% for aerial imagery
inspection and field verification with errors mostly of rooftops, asphalt and shadows. This
research sty will attempt to eliminate therrors of rooftopn isolated wetlandlassification by
classifying buildng rooftops of Lee County using LIDAR data and tryrtask out the classified

rooftopsfrom the wrongly classified wetlands which are shown as rooftops in aerial imagery.

2.5 Use of remote sensing in classification of buildimgoftops

The importance foaccurate and detailed information about kaisé/land cover has been
felt more than ever with the growing demand of knowledge about our surrounding environment
in urban land management, city planning, disaster management, environmental planning and
landscae pattern analysis (Zhou, 2013), urban tree canopy goals (Maryland Department of
Natural Resources, 2015) and to establish a storm water utility based on impervious surface area
(City of Durham Public Works Department, 2015). Since information on larithndeover
plays a vital role in many aspects of environmental planning and pokéyng, it is important
to have accurate maps which give the best realistic representation of the landscape. GeOBIA
methods have been commonly used for producing accurdtemaaningful langtover datasets
in an effectie manner. Land udahdcover mapping has been done extensively for decades to
locate different heterogeneous areas in different environmental settings. To classify the urban
environment, which are highly cqiex and heterogeneous, requires remotely sensed images
with high resolution and the process can be aided by the addition of LIDAR data to adequately
distinguish the different heterogeneous features of the landscape. The manual digitization for
building rooftopsusing raw imagery is labentensive, time consuming and expensive and is not

preferred if the study area is considerably ladgavaket al, 2019.
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With the advent of LIDAR technology and powerful computers which aids in performing
analysis, diffeent surface models (DSMs) derived from LIiDAR have been increasingly
incorporated with higiresolution multispectral satellite/aerial imagery for larsé/land cover
classifications in urban settings. Zhou (2013) performed cbgstd image classificatiéo
examine if a combination of the LIDAR height and intensity data with multispectral imagery can
accurately map urban land cover. The point cloud data were processed to produce three separate
raster layers of normalized digital surface model (nDSM)temadntensity image layers. Zhou
(2013) used two methods to do land cover classification which both used GeOBIA methods in
eCognition software. A normalized digital surface model (hnDSM), also known in vegetated areas
as a canopy height model (CHM), is edited from the LIDAR data by subtracting the Digital
Elevation Model (DEM) from the Digital Surface Model (DSM).It represents the absolute height
of all above ground features relative to the ground and can be used to extract trees and buildings
(Jawaketal., 2014 In the first method Zhou (2013) used only LiDAR data, without the
multispectral imagery, to classify the land cover such as buildings, pavement, trees and shrubs,
and grass. A ruleset was made in the eCognition software which segmented thancage
classified them into land cover classes. The second method integmat®@®M generated from
LiDAR with aerial imagery. Comparing both the methadisou (2013) found that the overall
accuracy of the classification based on Method two was slightlghtban that from the first
method. However, botimethods that used LiDABroduced much better results than of those
using multispectral imagery alone.

Jawaket al (2014) used a LiDAR point cloud for 3D feature extraction trees and
buildings. LIDAR Analys$ 4.2 for ArcGIS workflow for building extraction was employed to

identify buildings from nosbuildings (mainly vegetation). Jawak al (2014) was able to
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extract 6,370 buildingahere6,117 buildings were correctly classified. Overestimation of trees
and buildings were observed in the reseantd was identified & limiting factor in theSD
feature extraction process.

Similarly many studies have been done by different approaches in GeOBIA in the
classification of the buildings, however, there were ajpegps found comparing methods.
Hofmannet al (2002) implemented OBIA in eCognition by segmenting Airborne Laser
Scanning (ALS), another term used for LIDAR, height data instead of multispectral imagery
which were later exported into GIS for further anedyewards the creation of objects and to
obtain the final building classification. The ALS data were also implemented by Tovari and
Vogtle (2004) in eCognition for classification of bare earth, vegetation and buildings. Automated
buildings detection in @nt research has been divided into three groups depending on the input
data type which are 1) gridded ALS data and derivatives, 2) point cloud segmentation and 3)
combined dataset of GIS layers and aerial imagery (Rutzeigér 2006). Similarly by
andyzing invariant moments in the ALS raw data point clouds, Maas and Vosselman (1999)
used two methods to detect buildings and derive planar faces by triangulation. Moreover,
Rottensteineetal (2009 cl assi fi ed bui |l di ngs assificationmpl| emen't
approach of Dempst&hafer depending on various combinations of first pulse and last pulse
DSM (Digital Surface Model), DTM (Digital Terrain Model) derived from raw ALS points and
NDVI (Normalised Difference Vegetation Index) derived frothotp hot os 0. Vozi ki s
used nDSM derived from ALS points and higher resolution epthatos to classify buildings.

Since LIDAR is a relatively new technology, there are only few software that are tailored
to meet only specific purposes and can hamilikons of point cloudsHippenstiel and

Brownson, 2012)The past three decadewvbavitnessed many studies in photogrammetry,
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remote sensing and computer science fiogusn the study and development of automatic and
semtautomatic approaches for thetr@ction and reconstruction of building (Mayer, 1999).
Software packages such as Overwatch systemods
software, and Qcoherent software LP360 for ArcGIS have been in the market which are used to
resample LIDAR point clads into 2D grids and advanced processing of the point clouds
(Jawaketal, 2019 . There are many products that functi
Extensions for the software such as LP360 by QCohdri®R Analyst, Feature Analyst and
LiD AR Explorer which can be used for LIDAR visualization and classificatthppenstiel and
Brownson, 2012; K &ungdz and Mabnez 2003 k', 2010
2.6 QCoherentLP360 software for LIDAR
LP360 is an extension plug for the ArcGIS software from which the users can
manipulate LIDAR data like any other layers in GIS fotnitais specifically designed for
ArcMap data layers and has the functionality to visualize points directly from LAS files in
ArcMap. The Li DAR | atp-many rglaionghip with €ASb filesaasdth2 a o n e
relationship is very similartothatefn i mage or raster catalogo ( Q¢
LiDAR layers generated from the extension can be displayed on the basis of the attributes such
as elevation, classification, intensity and return. The LIDAR layer pieperovide the
functionalityto control the color display of the points for each attribute. The vendor who
produced P360argues that the extensioma k es t he Ar cMap Basic editi
power f ul GI'S environment for LIDAR point clou
The LAS files of the LIDAR data are imported into the ArcGIS using the LP360 toolbar
anddisplays the point clouds much faster and efficiently than the tools in 3D Analyst toolbar

extension. The advantage of the LP360 toolbar is that the LAS files do not haveotorbeed
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into multi-points before working with the point clouds isthe case for 3[Analyst.It is noted

that the most recent version of ArcGIS 10.x has LAS tools that can work directly with LAS
datasets.There are different ofins in LP360 toolbar &m whichviewing of point cloudscan

be doneaccording to the elevation, classification, number of returns, point density and color
bands Moreover the points clouds could be viewed in TIN and profile view with just a click of a
button. These functionaiits and others make the LP360 extension more flexible and dynamic in
terms of analyzing and deriving new informatioonfrthe LIiDAR pointclouds (QCoherent,

2012).

2.7 Irrigation systens
Irrigation of agricultural crops follows drinking water, as the sdamost important use
of water (USGS, 2005) . It is estimated that i
water, and in United States, irrigation use accounts for more than 70 percent of freshwater
(Weibe and Gollehon, 2006). About 90 peroainthe water consumed by households and
industry is returned to environmenkatreplenishes the water sources. However, the reusable
water rate for agriculture is only half of what is consumed, since it is lost by evapotranspiration

(USGS, 2005).

A central pivot irrigation system (CPIS) is the most common irrigation system in United
Statesfirst nt roduced in the | ate 195006s in Nebraska
commercially feasible until 1%i€MorsthanOhi s syst
million acres of land worldwide of which 75 percent of that land lies in United States. Half of all
sprinkle irrigation and one fourth of all irrigation in United States employ central pivot systems.

This irrigation system gained populstias it required less labor and fixed cost, in addition to its

simplicity, flexibility and reliability (Bleisner and Spare, 2001). The crops that are watered with
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CPIS often can be distinguished in aerial imagery due to its circular patterns whenfveawed
above.

CPIS has been instrumental in helping achieve substantial yield in crop production.
According to the Ground Wat&oundation2014) the center pivot fitted with low pressure,
dropped nozzles and pressure regulator is arourgb§ercent ef€ient and have been used to
irrigate corn, sorghum, cotton, onions, wheat, coffee, fruits, flowers, and many more. In order to
achieve cost advantage of CPIS, relatively large acreage must be irrigated. However, this system
has some disadvantage as it cagate only the circular area inside which is about 80 percent of
the square area and it depends on irrigation coverage beyond the end of the machine (Bleisner
and Spare, 2001).

Humans dominantly use surface water for the irrigation but there hasnceegising
trend in the use of groundwater. In 1950, the surface water withdrawals accounted for 77 percent
of all irrigation and this has decreased to 59 percent in 2005. The trend in groundwater use is
increasing and is three times more than whatitwas 19506s (USGS, 2005) .
provides more than 50 billion gallons of water per day for agricultural needs in United States
(USGS, 2014a). Excessive pumping before the ground water is replenished has led to decrease in
the volume of groundwater most parts of the United States. Pumping groundwater at a faster
rate before it is recharged can lead to environmental problems such as 1) lowering of water table,
2) reduction of water in streams and lakes, 3) land subsidence, and 4) deterioratiom of wate

quality.

2.8 Irrigation for agriculture in Alabama
The state of Alabama is water rialith plenty of precipitation averaging 55 inches

(1,400 mm) of rainfall per yegMarcus and Kiebzak, 2008; Srivastaataal, 2010).The average
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annual precipitationan vary from a minimum 50 inches in the southeast Alabama to a
maximum 68 inches in the southwest (Doughettgl, 2007). In addition, the state also consists

of 77,000 miles (124,000 km) of perennial and intermittent streams and rivers, and has more tha
560,000 acres(226,600 ha) of ponds, lakes, and reseMarsy(s and Kiebzak, 2008The state

is also blessed with 13 major river basins such as Coosa, Mobile, Chattahoochee, Tallapoosa,
Tombigbee and Tennessee. Although the state is blessed withsapiunt of water resources
and precipitation, the U.S. Geological Survey (USGS) reported that in year 2000 the
consumption of water for irrigation was only 28.7million gallons (0.11 mcm) of surface water
per day (mgd). This amount equivalents roughlydhe 1,530 million gallons (5.79 mcm) of
surface water withdrawn per day in the state which ignores the 8,020 mgd (30.36 mcm) used in
oncethrough cooling for thermoelectric power generation, most of which is returned (Hutson,
2004). The data reveals thldabama has been using smaller percentage of its surface
withdrawals, ignoring thermoelectric power, in contrast to California where agriculture uses
approximately 82% of their surface watev&afcus and Kiebzak, 20D8The rainfall in this state

is veryvital as it serves irrigation for ninegix percent of farms which uses rded systems

(Marcus and Kiebzak, 2008; Srivastataal, 2010).The water withdrawn for agricultural use is
less than 2 percent. The southeastern part of Alabama has beeaffewiesl in terms of

agricultural production due to intannual and intr@nnual variability in rainfall. However, the
situation is very contrasting in comparison to the western part of United States where 70% of
farms are irrigated even if only 30% oikeir agricultural lands are rafied. For example,

California uses 97% of its water withdrawal for agricultiMaicus and Kiebzak, 2008

Although being considered one of the wettest states in the country, Alabama is suffering

from inefficiencies in thegricultural practices. Wounded by lack of irrigation infrastructure,
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investment, governance, constraints on water access, and lack of knowledge of irrigation
techniques, the farmers of Alabama are not able to compete well with Western United States

where rrigated farms are often subsidized. This limitation has resulted in the decline of
approximately three million acres to approximately ten million acres of row crops in the past

fifty years which has cost the state a loss of minimum US$2 billion per yael wccurs mostly

within the poorest parts of Alabamddrcus and Kiebzak, 20p8~or example feed corn yields

are only 119 bushels per acre (7.47 mtuha, in
per acre and an average in California of 172
yields are 1.56 bales peracre{136 3 kguha) compared with 1.73 n
2.48(218. 80 Kk gMartews and Kiebzalk, 20D80¥epthe pastafew (decades, there

has also been significant decrease in row crop production because most of it&e rain

(Srivastaveet al, 2010).

Another reason for low productivity in agriculture is because most of the precipitation
happens during the winteronths, whichs off season for growing crops. Doughestyal
(2007) cites an example of Belle Mina in Northé&iabama thareceived only 560 mm (22 in)
of rain during the growing season (M&ctober) of the annual 1,350 mm (53 inch) of rain. In
addition, Alabama is also plagued by drought resulting in significant crop production loss.
Although being very rich in water resags, the annual farm crop receipts in Alabama is only
US$484 million which is very similarbuthas t hat
westerndry landagriculture. However, McNideat al (2005) states that the productivity in
cotton can be iereased from 6@0 to 200250 bushelsgr acre (616.48 22 . 35 kguha t o
2569. 84 kguha) through irrigation: moreover p

contracts can also be assured.
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According to the law in Alabama, the rightusesurface watexflowing in the property
areafforded only to the riparian ownenglércus and Kiebzak, 20D8This ruling has led to the
increase in consumption of groundwater by the-nparian farmers predominantly in the
southern part of Alabama which is tantamount to approximately 14.5 mgadn§@rah (Hutson
2004). However, most of the farmers were not able to obtain the ground water because of the
exceeding cost for the drilling wells and pumping water and low interest loans. Only wealthy
farmers and those who received lower interest loans al@ecto afford and enjoy the benefits of
ground water. In total, only 3.8% of Alabama croplands were irrigated and the reason behind the
low percentage being irrigated were due to riparian legal restrictions, cost restrictions, lack of
groundwater develpment and geographic limitationglércus and Kiebzak, 20D8ACES
(1994) points that most of the groundwater sources in Alabama are either insufficient or
unfeasible for irrigation. In contrast, California has 94% of its cropland irrigated and the whole
of United States has 17% of its agricuétucrops irrigatedNlarcus and Kiebzak, 2008
Moreover, irrigation determines the size of the farm in this state. Although there are some small
farms that are irrigated, if the farm is larger than the probabilityt®fing irrigated is higher
This situation is illustrated by recognizing tlheatge farms over 1,000 acres (405 ha) constitute
only 3% of farms in Alabama, but they account for 58% of irrigagMarcus and Kiebzak,

2008.

Most of the farm sizein Alabama are small with an average area of 197 acres (80 ha)
(Marcus and Kiebzak, 20D8However, the cause for agricultural inefficiency in Alabama is not
attributed to the farm size but rather due to mitigation of rainfall variability. There are two ways
to mitigate rainfall deficit. The first approach can be by utilizing and having information about

the climate, seasonal weather forecasts and climate produtgmfélmation can help farmers
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plant favorable crops, alter planting schedules or tiling pextic that they can evade crop
losses during unfavorable years. While the second approach is confronting environmental,
economic, and political challenges that can hinder the irrigation practices in thé/stateq

and Kiebzak, 2008 The riparian modeh Alabama states that in order to have a sustainable
increases in investment of agricultural water, the water management must by trumped by
individual rights: howeveMarcus and Kiebzak (2008oncluded that the state of Alabama
would benefit if it had aegulated riparianism which is consistent with American Society of
Civil Engineers (ASCE) Regulated Riparian Water Code (2004) in a variable water supply
condition. Srivastaveet al (2010) asserts that a practical way of dealing with water supply is
Awat harvesting. o0 During the winter months wh
withdrawal and storage of surface water can be done-strefm reservoirs and that water can
be utilized during the crop growing season when that water is sGae@verage amount of
water required for irrigation of the crops, even though water consumption for different crops
varies, is around57 mm (about18 in.) for 0.4 ha (1 ac) irrigated area. This amount of water
would be sufficient for most crop irrigati@xcept during droughts suggesting that water
harvesting might be a good alternative to irrigate plants during crop growing $8asastava

et al, 2010).

2.9 Golf oourses

A golf course constitutes of series of holes that normally consi§itseedalifferent areas
namelyteeing groungdfairways, green (with a flagstick and hole) and rough. A typical golf
course consists of 18 holes but can also be any multiple ofDiaeet al, 2007) It is very
important to irrigate the golf course to control the growth and quality of turf in order to

maximize playability and to increase the aesthetic condition that is suitable for golf players
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(Weatherheaet al, 2006). The rising demand iofigation for golf courses can be a problem to
a place where there is limited water resources.

The turf grasses of the golf courses are different from the normal vegetation. Kenna
(1995) describes that the management practice, surface mats, plant@atial@nse root system
of turf of the golf courses are different from the agricultural crops which makes it inappropriate
to extrapolate agricultural monitoring studies to golf courses. Compared to the row crop
agriculture, golf courses have low volume wifHoff water and reduced eroded sediments in the
turf (Welterlenet al, 1989). Moreover, golf courses have high evapotranspiration and good
drainage compared to other crops (Ward and Elliot, 1995). As it is different from the native
vegetation and needs be maintained properly for playability, golf courses are irrigated often
which consumes | ot of water. Because of poten
most of the golf courses in United States are required to monitor groundwater ace stafer
in order to fulfill the permit condition.

Duringthel 9 9 BndX 0 0 Pedpdebecameawareof the environmentalmpactof golf
coursegiueto excessiseof chemicalon turfs, deforestationhealthrisk to humansandwildlife,
andhigh watercorsumption(Wheeler and Nauright, 20Q@jor examplethere are more than
100 golf courses in the Greater Palm Springs, California which consumes more than 3780
m>/day: most of the golf courses draw water from Colorado River Qaieeler and Nauright,
20006. Platt (1994) stated that there were three municipal golf courses in Tampa in the 1990s that
consumed approximately 212C/dry, which is tantamount to the daily water needs of 5,000
citizens. There have not been much research and studies done fdf doeiges in Alabama.
However, it is very important for the concerned authority to estimate how much water is being

consumed by both agricultural land and golf courses. By estimating evapotranspiration (ET)
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from remotely sensed images, a rough estimakt®wfmuch water is being consumed by
agricultural land and golf courses can produced.
2.10 Evapotranspirationas an indicator of water wsage

ET is a combined process of evaporation and transpiration. Evaporation is the process of
liquid converting into wadr vapormresultingin water vapor being removed from a surface on
rivers, lakes, healthy vegetation and moist soils. Transpiration is the process where moisture is
transported to the plant leaf stomata from the roots where it evaporates into vapoeasesir
in the atmosphere. Therefore, evapotranspiration is the combined process where water is lost by
evaporation from soil surface and transpiration from the plants (&tlaly 1998). It is the
consumption of water by agricultural platiisit consist of water that is transpired and
evaporated from plant and soil surfagass water retained within plant tissyadich amounts
to less than 1% of the total evaporated during a normal growing season (Jensen, 1969). In the
process of evapotranspiratidarge quantities of water are transferred to the atmosphere as a

result of soil evaporation and vegetation transpiration.

It is very important to have a good understanding in the spatial and temporal distribution
of evaporative depletion because it carubed tchelpmanage river basins and water supply
systems where evapotranspiration takes place.
consumption of water are often made based upon limited available information related to the
evaporative depletioof water reources and the land ulseld cover digital maps (Bastiaanssen
et al, 2005). People involved with agriculture, water resources, and national security are
interested in the difference between actual and potential ET at high spatial resdutisarves
as an indicator of crop water defic{isllen et al, 2005) In addition,spatial estimates of ET

have been used in a hydrolegggetation modsli mp|l ement ed t o represent
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in hydrologyvegetation systesin a physically relistic mannergconsistent with the types of
dat a i kel y t o be avail abdtal, 1994,0.1666). mo d e |
Allen et al (2005) also used ET estimation to calculate soil moistsa® important parameter

for weather andlood forecast models.

2.11 Remote sensing methods for estimating ET

Remote sensing methods using satellite and airborne images is becoming more common
to estimate spatigiemporal distribution of evapotranspiratiadbourault, 2005Bastiaansseat
al., 2005; Bhattarai, 209)0The data measured from satellites in association with surface energy
balance models can provide information about spatial distribution of ET and help better
comprehend evaporative depletion. It also describes how to establistbatiden land use,
water allocation and water use. 't is an indi
of equations in a strict hierarchical sequence to convert the spectral radiances measured by
satellites or airplanes into estimates ofiaat | ETO0O which does not requir
soil, crop, and manageealR005p. 86) Satelltbaset &0 ( Bast i
maps can be used to derive spatial information about daily or seasonal ET at pixel scale that can
aid in many weger resource management applications. This indirect method of measuring ET has
given us more possibilities to do studies in the area of water resources management
(Bastiaanssen and Bos, 1999; Bastiaanesah 2000; Menenti, 2000). Currently there are
different satellitebased approaches of different spatial coverage and temporal resolution for

routine monitoring of ET.

Thermal infrared (TIR) bands from the satellites have been used to deriwSugade
Temperature (LST orgJ to give estimates of eparative flux patternandserves as a proxy of

the surface moisture over a range of different spatial sdd&s €t al, 2009; Hainet al, 201).
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TIR datacan be obtaineftom different satellite sensoridowever at present, the only satellite
that gves routine, global thermal imagery at scales to analyze wsagepatterrs over
heterogeneous agricultural areas are the Landsat satdéiitdsréonet al, 20123. These
moderate resolution Landssgnsorsvith thermal bands are useful to map the Elbeal scales
andcan identify and quantify individual agricultural crops (Kraméieal, 2008). The temporal
resolution of recent Landsat satellites is1Bdays Thisis not optimal for ET estimation;
because moisture conditions on the ground catybhamic depending on the rainfall, irrigation
and heterogeneous dryingryingwith soil, vegetation, topography, and local climate. To
overcome thigimited temporal resolutiorobust methods have bedaveloged to interpolate
between infrequent satellitezerpasses to give us daily or seasonal information on the ET
(Andersoret al, 2012b).Therefore, remote sensing can be an effective tool to estimate ET to
assist in monitoring water usage from agricultural land and golf courses.
2.12 SEBAL and METRIC model to calculate ET

The Surface Energy Balance Algorithm for La(BEBAL) is an energy balance model
that was developed by Bastiaanssen and his associates (Basti@aaéstd98a; Bastiaanssen
et al, 1998b; Bastiaanssen 2000; Bastiaanssah, 2002 2005) and modified by Alleat al
(2002). It is an operational tool that can be used to target, monitor, and evaluate irrigation and
drainage systems. Spatial variation of ET at local and regional scatess different land
uselandcover can be mapgeausing the SEBAL model which uses red, green, blue, near infra
red and thermal data of Landsat images (Bhattarai, 2010). The SEBAL model is advantageous
compared to other methods because it can accurately quantify seasonal or annual ET with
minimal grounddata. The accuracies obtained from previous studies were found to be 85% on a

daily basis and 95% on a seasonal basis (Bastiaamts#n2005). Because of the good
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accuracy resultassociated with SEBALthis model has been commonly used to estimatanE
many countries such as China, Niger, Sri Lanka, Spain, US, Kenya, Morocco, the Netherlands
and Turkey (Bhattarai, 2010). The SEBAL model also eliminates the need to correct complex
and time consuming atmospheric errors.

Mapping EvapoTanspiration ahigh Resolution and with Internalized Calibration
(METRIC) is the modified version of SEBAL and both have similar foundation, techniques and
principles (Allenet al, 2007).ME T RI C i s -peoceessiig nmodebwdich is used for
measuring evapotranspirath as a r esi dual of Altehetal,2005, pace en
251). Both METRIC and SEBAL models use data from thermal infrared radiation in addition to
near infrared and visible bands of the remotely sensed image of Landsat images or otker remot
sensing satellites like MODIS. Allegt al (2005) suggests that ET is measured based on pixel
by pixel for the instantaneous time of the satellite image and it depends on complete energy
balance for each pixel. ET can be described as:

ET =netradiaton heat to the soil T heat t

Being an energy balance model, SEBAL and METRIC use near surface temperature
gradient (dTxhatis indexed to radiometric surface temperature. Use of dT has excluded the need
to use absolute surface temperature cdldmavhich was a major hurdle in operation satellite
ET. METRIC also uses the same technique applied by SEBAL to estimate ET efigiihat
need to measure accurate aerodynamic surface temperature and air temperature which are
required to compute sensiliieat flux at the surface (Allest al, 2007).

The implementation of weathéased reference ET to formulate energy balance ET
separates METRIC from SEBAL model. This is achieved by establishing energy balance at

Acol do pixel s whi c ionaohthekerising teahrologyydetails df thd i z a t
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workflow are provided in Append)x It also creates ground reference for satellite based actual

ET estimates and effectively serves the purpo
METRIC model ha satellitebased energy balance model internally calibrated at dry and wet
conditions which are two extreme points. The calibration is done using local weather data.

Similarly by using an alfalfa based reference ET {EWhich is computed from hourly va¢her

data, each image can be aasdibrated (Alleret al, 2007).The reason alfalfa (Ed) is favored
overtheclippedgrass(Rf i1 s that it gives good representa
wellwat er ed vWateesdt &, 2002, p.BR Tiie accuracy and reliability of the Efare

established on the basis of lysimetric measurements and other studies having high confidence
(ASCEEWRI, 2005. The need for refined atmospheric correction of the surface temperature

(Ty and reflectance aflulo measurements using radiative transfer models are eliminated with the

use of internal calibration of the sensible heat computation in SEBAL and METRIC, and the

indexed temperature gradigiiasumiet al, 2005. Similarly, the impacts of biases in the

estimation of aerodynamics stability correction and surface roughness are reduced with the use

of internal calibration (Alleret al, 2007).

High quality accurate maps of ET can be obtained from METRIC with emphasis on
regions that have high resolution aaré less than few a hundred kilometers in scale. METRIC
focuses only on narrow regions at relatively high resolution of t80mnovide detailed and
accurate estimates of ET. The modlsb takes into consideration the impacts of regional
advection. Howewe trained experts who have experience in energy balance, radiation physics
and acceptable familiarity with vegetation characteristics and short period weather data are
required to deal with this narrowed focus (Alktmal, 2007). Compared to other tréidnal

applications of satellite based energy balance, METRIC has substantial advantages over them as
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reference ET is used for calibration instead of evaporative fraction (Bastiaehsseh998a;
Bastiaanssen, 200@y using reference ET to extrapa@ahe instantaneous ET for periods of 24
hours and longer, regional advection effects can be compensated by not tying the evaporative
fraction to the net radiation as ET can exceed daily net radiation in many arid argkareas
(Allen et al, 2007) The model is also advantageous in the sense that it is not necessary to know
information about the development stage and specific type of crop while computing ET from
crop coefficient curves. Moreover, reduced ET caused by shortage of water can alsotbd dete
from energy balance (Alleet al, 2007).
2.13 Theoretical lasis of METRIC

Bastiaansseat al (1998a, 2005) and Bastiaanssen (2000) have explained the theoretical
and computational basis of SEBAL and METRIC. While satellites regularly collect data of
surface reflectance and surface temperature,
content. Satellite imagery is used to determine ET by employing energy balance at the surface
(Allenetal,2007).SEBAL and METRI C systrgymhalanc basediem@es r at i
sensing model so that have been commonly wused
satellite. The energy consumption of ET from
residual of the sAlenttalc2005p.285)r gy equati ono (

LE=R1 G 1 H

where LE = latent energy consumed by ETs=Ret radiation which is the sum of all incoming
and outgoing shonvave and longvave radiatio at the surface; G = sensible heat flux
conducted into the ground; and H = sensible heat flux convected to the air. The parameters in
equation (1) are generally expressed in WrRotential ET is the measure of the ability of the

atmosphere to remove wafeom the surfaces by evapotranspiration assuming that there is no
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control on water supply whereas actual ET is water removal from surface due to the ET process
(Pidwirny and Jones, 2009sing the energy balance model is effective as actual ET is estimat
instead of potential ET (based on amount of vegetation) so as to capture the reduction of ET
caused by a lack of soil moisturgllien et al, 2005) A limitation in the energy balance

approach is that the computation of LE is dependent on the acairswynmed estimates of,R

G and H. However, METRIC overcomes this drawback by emphasizing internal calibration of H
instead of LE, to absorb all the intermediary errors and biases. In the METRIC Ryadel,
calculated from narrosand reflectance measuar from the satellite and surface temperature; G

is calculated from R Normalized Difference Vegetation Index (ND\dhd surface temperature;

and H is computed from surface temperature ranges, surface roughness, and wind speed using
buoyancy correction@llen et al, 2007) The algorithms applied in METRIC to determine
parameters Rand G has its roots from algorithms used in early SEBAL applications by
Bastiaansseat al (1998a). To improve the accuracy in a large area of surface of surface
condition,albedo in METRIC was updated (Allent al, 2007).

The algorithm used for both METRIC and SEBAL are similar however they differ in
terms of how the AH functiono i s calelateddfrorat ed f
an aerodynamic functiorof both METRIC and SEBAL,

H=} o« /ran (2)
where | i s gsespesific heat ofair at @onstant pré&Ssure, ands faer ody nami
resistance between two mesaurface heights (generally 0.1 and 2 m) which is computed as a
function of estimated aerodynamic roughness of the particular pixel and using wind speed
extrapolated to some blending height above the ground surface (typically 100 to 200 m), with an

iteraive stability correction scheme based onthe M@dibp h u k ov f u n ettal, 2006s 0 ( Al |
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p.255). The near surface temperature difference between the two near surface heights are
represented by dT parameter. As it is challenging to estimate surfacedemp€E) precisely
from a satellite because of uncertainties in atmospheric attenuation and contamination and
radiometric calibration of the sensor, dT is estimated as a relatively simple linear function of T
(Allen et al, 2007).

dT=a+ [ 3)

The validation and empirical substantiation for using the linear relation between dT and
Ts have been provided by Bastiaanssen (1995) and Bastiaatsdgi2005). By assuming
theoretically that constant tgarature at height well above the surface to be independent of H
and with the incorporation of all instability effects i Tsis proportional to H for fixed
aerodynamic condition in equation (2). A segment of temperature profile, which is represented
by dT, is proportional to both H and.TThe equation (3) depends on the range of surface
roughness. With the increase in roughness and reductigyviitin the same given H, dT
reduces as a result of more efficient transfer of H and Ts also reducesebetthe same reason
(Allen et al, 2005).

In the SEBAL model of Bastiaanssen (1998), the parameters a and b in equation (3) are
calculated by setting dT = 0 whegiJ at the surface temperature of a local water body and
where H is expected to be zeram8arly, dT= (Hp) /patTs©orafhot 0 pi xel t hat
wherean LE=0 assumption is made. From,@)= (R G) ra) / p)( }iICs comput ed at
calibration pixel. METRIC model employs the same method and assumptions made in SEBAL
for the hot pixel. Howeverpf the lower calibration point of dT, a welégetated pixel having

relatively cool temperature is seleci{@dlen et al, 2005).Here dT is calculated as:
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dT=((Ri GKET)ra) [/, 4 C (4)

For equation (3), a and b coefficients are caledaising two values of dT matched with
related values of JJ The Landsat images can be implemented to identify the fields of alfalfa or
other high leaf area. The value of ET from these fields is estimated to be very similar to the value
of fArefeTHOceomputEd f or(Alametah 2005 IThedMETRESF er enc e
model implements standardized ASCE Perirvonteith equation for alfalfa reference (ASCE
EWRI, 2004). This value is normally greater than grass reference EYI{#£20 to 30 percent
The k factor in equation (4) is set to 1.05 w
vegetation and colder than average temperature, as compared to other high vegetation fields, will
have ET that is about 5% greater than.Fdue to higher stisce wetness or merely due to its
rank within the population of alfalfa fields
reduced in proportion to a vegetation index during the winter and early season periods. Similarly,
LE is assigned to hot piken the basis of daily soil evaporatiorodel(Allen et al, 2005, p.
256).

The stability correctedgisused o0 compute new dT oV aloues xfedrs,
and new values for correlation coef fteacnewent s,
corrected H at each pixel level. A new stability correction is done using the corrected H image.
Until successive values for gfand gha t o fi @ pud n) &d stalfiliced, these processes are
repeated. When the changejpat toh exeliiptess than 5%, the process is stopped and the
corrected value of H is determined (Allehal, 2002a). The corrected value of H at each pixel is
derived by using the corrected final dT and stability corregigoshageL at ent heat f | ux

canke defined as fithe rate of | atent h(&atdrs | os s
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et al, 2002, p.3% Latent heat flux for the instantaneous time of the satellite overpass is

computed at each pixel using equation 5 below:

>ET ,=GimR (5)
where; &ET i s an instantaneous value oftt ET f o
al., 2002).
The instantaneous ET () i s defined as the ET @t the i

ti meo ¢twa008,p.84)andiscomputed as:
ETnse 3600 I &ET/ &
wherejti SARERe i nstantaneous ET (mm/ hr) , & is t
absorbed when akilogrm o f  wat er e v ap etalp200R,9.35). Jdtfiskachlaied ( Wa t e
from the surface temperature image by
o= [ [120.082861 x F)] x 107] 7)
where; T, is surface temperature in degree Celsius (Wateas, 2002).
Reference ET Fracton(BH) or Evaporative fraction is d
computed instantaneous ET (f) for each pixel to the reference ET (E¢omputed from
we at h e (Watersettala 2002, p.3h ET.F at each pixel level is corafed using reference
ET at the image time as:
ET.F= ETnst/ ETret (8)
where; ETeris the ASCE PenmaNlonteith standardized form of reference ET (mil)hat the
image time derived from REET sofivare (Allenet al, 2000b; Waterst al, 2002).
A Daily ET (ET,4) map is derived using the evaporative fraction, /i &nd cumulative

24-hour ET for the day of the image. It is more important and useful than the instantaneous ET.
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It is calculated assumirthat the EJF computed in equation (8) is constant for 24 hour average.
It can be expressed as:

ETos= ETiF X ETref 24 9)
ET for a period (monthly or tweonth) is calculatedy computing cumulative reference ET for
the period represented by the image processed as:

ETperiod= ETiF 1" BTret 24i (10)
where; ETer 24iis the cumulative reference ET for the time pefioth REFET software, and n
is the number of days used for ET extrapolation (Wateas, 2002).
2.14Validation of the METRIC model

Bhattarai (2010) did the validation for the METRIC model by comparing ET values from

model with ET values from the USGT stations in in Florida. The daily, monthly and two
month ET validation was done using regression analysis by plotting estimated model ET versus
observed ET values at USGS stations. It performed well in terms of estimating daily, monthly
and twemonthET at USGS. The study reflected that the error in daily METRIC ET differed
from-1.64 mm to 0.72 mm and had a mean bias error (MBE) of 0.05 mm. It had a root mean
square error (RMSE) of 0.48 mm/day (% RMSE =10%). The study found that there was a strong
linear relationship between estimated and measured daily ET fth.83 and NasiSutcliffe
Coefficient (ENS) of 0.82. Similarly in terms of monthly ET, it varied fref@ mm to 28 mm
with MBE of -2 mm and RMSE of 16 mm (% RMSE = 16%). Furthermore, the stadyalso
conducted to estimate two month Biidvaried from-68 mm to 43 mm with a MBE eb mm,
RMSE of 30 mm (% RMSE = 16%). The study found good linear relationship between estimated

and measured monthly and tmwonth ET. The Rand ENS for monthly EWas 0.77 and
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0.7745 respectively and for two months it was 0.73 and 0.71 respe¢BVeitarai, 2010)The

study supported that model performed well in estimating the daily, monthly, anddwih ET.
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Chapter 3: Improving isolated wetlands classificaion using LIDAR data in Lee County,
Alabama
3.1 Introduction
Isolated wetlands are wetlands that are surrounded by dry lands and have no direct
surfacewater connection with rivers, ponds, streams, estuaries or oceans (Tiner, 2003). Formed
in depressiongsolated wetlands are cut off from traditional waters due to higher elevation of the
surrounding lad (Leibowitz, 2003; Tiner, 20Q3As illustrated by the existing National Wetland
Inventory (NWI), there are many areas in Alabama that do not have tked gigentory for the
wetl and data. A substanti al part of Al abamads
and majority of what has been done are coastal and large water bodies rather than isolated and
transient waters (Jones, 2013). The reedn inventory of information on isolated wetlands is
important to monitor and assess the changes in wetlands and guide the policy makers in making
good decisions for its conservation. Jones (2013) applied GeOBIA to classify the isolated
wetlands of Nottern Alabama from NAIP imagery which yielded an accuracy of 83.7% for
aerial imagery inspection with classification errors mostly comprising of building rooftops,
asphalt and shadows (Jones, 2013). This research attempts to improve the classificatos metho

for wetlands and will test methods to remove rooftops mistakenly classified as wetlands.

3.1.1 Study aea
The study area for the cagedy covers Lee County in Alabama, United States.

According the United States Census Bureau of 2010, the popul&tioa county isl40,247
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The total area of the county is approximately 615 sq. miles, with 608 sqg. miles of land and 76 sq.
miles of water J.S. Census Bureau, 2019 here are total of seven urbaeas in the county

with AuburnOpelika being the largedtigure 3.1 below shows the boundary of Gerinty,

whichis the study area for this case study. Lee County is chosen for the study area because
LiDAR data are readily available from a partnership between Auburn University, Lee County,

and the Cities of Aburn and Opelika.

Study Area - Lee County

Counties of Alabama

0 30 60 120 180 240 Lee County

[ files

Figure 31: Lee County, AL
3.1.2 Objectives
The goal of this study is to improve classification methods to identify isolated wetlands

by integrating multispectral images and LIiDAR data. frtezhod develogd can be further
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applied to classify wetlands in other parts of Alabama. This project will be accomplished with
the following objectives:

U Identify and delineate isolated wetlands in the study area usingédsglution NAIP images.

U Removal of identifiedaoftop errors in initial wetland mapping classification.

i Comparison between building rooftop classification results from GeOBIA and
Point Cloud Task method in LP360 software to see which method performs
better.

U Eliminate the errors of building rooftopswvetland classification by erasing those
errors by introducing the rooftops classified from LiDAR point cloud in GIS
environment.

U Accuracy Assessment of the classified isolated wetlands by visual inspection with NAIP
imagery.

3.1.3 Research gestions

U What s the spatial extent of isolated wetlands in Lee County?

U Which method was better ttassify building rooftopsGeOBIA or Point Cloud Task method
in LP360 software?

U How has the introductioaf the LIDAR improve the wetlands classification?

3.2 Data wsed

The data used for the classification of wetlands are as follows:

3.2.1 NAIP imagery
The National Agriculture Imagery program (NAIP) acquires digital aerial imagery of the
United States during the agricultural growing season (USDA, 2013). It is funded Uyitbd

States Department of Agricultureds (USDA)
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Photography Field Office (APFO) in Salt Lake City. The program was initiated in 2003 and
initially had a goal to acquire imagery on a 5 year cycle but now aeimpollect imagery on a

3 year cycle beginning from 2009 (USDA, 2013). The spatial resolution of the imagery is one
meter and has three to four bands including red, green, blue and more recently many states have
begun to collect neanfrared as the fath band. The distribution and organization of the NAIP
imagery is in accordance to the existing United States Geological Survey (USGS) 7.5 minute
topographic quadrangles grid system with each NAIP image conforming to one quarter
guadrangle or 3.75x3.75 mite having a buffer of 300m on all four sides. The standard

projection of the tiled images is in the Universal Transverse Mercator (UTM) coordinate system

using the North American Datum (NAD) of 1983 (USDA, 2013; Jones, 2013).

3.2.2 Airborne LIiDAR

Airborne Light Detection and RangingiDAR) is an optical remote sensing technology
that produces highly accurate x, y and z coordinates by measuring the difference in time between
the emission of laser pulses and reception of reflected signal from the groomtthé aircraft
(Porwal and Udeechya, 2013 he LIDAR dataset used in the study was a part of the Lee
County LIDAR survey acquired during winter 2011. The data consisteae$ point cloud
datasets in LASer (LAS) format that can be managed, visualizddirealyzed in a Geographic
Information System (GIS). The average point spacing of the LIDAR for Lee County is 3.54 feet.
The projection of the LIDAR data is the State Plane Coordinate System (SPCS) Alabama east
zone with horizontal datum of North Ameain Datum of 1983 (NAD83(HARN)) and vertical
datum- North American Vertical Datum of 1988 (NAVD88(GOEOIDO03) for converting

ellipsoidal heights to orthmetric heights.

46



3.2.3 National Hydrography Datasei{NHD)

The National Hydrography Dataset which is pdad by USGS consists of digital vector
datasets of theurface watecomponents such atreams, lakes, ponds, rivers, canals, dams and
stream gages which are used for general purpose mapping and in the analysis efvsieface
systemsThe NHD alongwit Wat er shed Boundary Dataset (WBD)
system based on reach codes and |inear refere
water discharge rate and fish population about the d@®GS, 2013 The NHD data are used

to helpdetermine which classified wetlands are considered to be isolated.

3.2.4 FEMA DFIRM

To determine the isolation of the wetland from floodwater, a floodplain dataset from
Feder al Emergency Management Agencyds (FEMA)
(DFIRM) wasused The DFIRM dataset provides the spatial extent of Special Flood Hazard
Areas (SFHA), which are areas that have a one percent chance of flooding on any given year.
The SFHA gives the national standard for floodplain data and are used in thi$ frajefine

geographic isolation by having 40 meter buffers on these floodplains (Jones, 2013).

3.3 Classification of isolated wetlands using NAIP imagery
3.3.1 Methodsused
3.3.1.1 Data preparation of NAIP magery

The NAIP imageries for the Lee Countyarganized and distributed with the existing
USGS 7.5 minute topographic quadrangles grid system. Each NAIP image corresponds to one
guarter quadrangle or 3.75x3.75 minute with an overlap of 300 meter buffer on all sides (Jones,
2013). The study area okk County consists of 32igital orthophoto quarter quadrangles

(DOQQ), which is a very large dataset. Although there are many studies in the literature about
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GeOBIA processes, most of these deal only with small dat&3eds (et al., 2009 Since image
segmentation is a complex and resource intensive operation, it is advisable to have powerful
personal computers with higher capabilities in terms of speed and storage perfori@andeés 1 |
Dunneet al, 2009) Since the study area might contain billions xdeps even in an area of 1000
km?, the best approach to deal with this limitation is to tile the images. While doing this, the
input datasets are partitioned into separate tiles and are individually analyzed. After analyzing

each tile the resulting prodwscare recombined in the final datagetd N-®unheet al, 2009)

3.3.1.2 GeOBIA nethods
3.3.1.2.1 Segmentation

Image segmentation is the most essential step in eigsetd image analysis where
digital images are subdivided into less complex partitiaegions known as image object
primitives. This process of GeOBIA is defined by the shift from spectral information of
individual pixel to more meaningful objects that enables the user to implementianeed
image analysis based on spatial and spleatirdbutes, and image object relationships (Hay and
Castilla, 2006). The image object primitives gives us meaningful information on spectral values,
shape, extent, statistics, texture calculation, topological features (neighbotokjgotetc.) and
hdps better understand the relationship between real world objects and image objecet (Benz
al., 2004). Based on this meaningful information, image objects caadsfied into land
uselandcover classification. Figure 3.2 shows a NAIP image beforeaitedmultiresolution

segmentation is executed.
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() (ii)

Figure 32: Images before (i) and after (ii) ti-Resolution Segmentation.

Segmentation of pixels into objects make it possible for dectsganbaed image
analysis where rulesetin be developed based on the information about object relationships as
well as spatial and spectral attributes. Theeedifferent segmentation methods but the most
commonly used algorithm is multesolution segmentation (MRS) (Beeizal, 2004). MRS is a
bottom up regiommerging technique which starts with a small-pnes| object and merges into a
bigger one in severaubsequent steps, MRS segments the image pixels based on the scale,
weight of the spectral reflectance, shape and compactness. Pixels having similar spectral
reflectance are grouped into a single object while also considering shape and compactness of the
polygon. The scale parameter determines the scale or size of the image object primitive and the
value for itdepends on what the analystrigng to classify which is mostly based on trial and
error approach. This parameter plays an important role iodtigrence or absence of certain
object classes and the same object in different scales can appear differentlgt(@eB204).

There can be hierarchical dependency between different scales. As scale is very important for
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reshaping objects into meagiunl features such as wetlands or building rooftops, the analyst can

perform segmentation at different scales.

The parameters for MRS were chosen based on trial and error process. The scale
parameter for this project was 35 with shape and compactnessasdu2and 0.7 respectively.
The weights values for the regheen, and blue (RGB) bands weet to one while NIR is given
the value of 2. The NIR band was given the value of 2, which is a double weight to account for
water having a relatively low refleance in the NIR portion of the electromagnetic radiation

spectrum. Figure 3.3 shows the parameters for fregblution segmentation.

= -
Name Algorithm Description
: ] Apply an optimization procedure which locally minimizes the average
[viiomec D heterogeneity of image objects for a given resolution.
|35 [shape:0.2 compct:0.7] creating 'Level-1' Algorithm parameters
Algarithm Parameter Value
|multiresolution segmentation L| B Level Settings
Level Name Level-1
Image Object Domain Level Usage Use current (merge only)
lpiXEI level :—] £ Segmentation Se.tungs
# Image Layer weights 1.1,0.0.0.2.1

Parameter Value # Thematic Layer usage
Map From Parent Scale parameter 35
Threshold conditon = Composition of homogeneity criterion

Shape 02

Compactness 07
Loops & Cycles
[V Loop while something changes only Image Layer weights

Image Layer weights
Number of cycles |1 _vJ
Execute | Ok l Cancel | Help

Figure 33: Parameters for MuliResolution Segmentation.

3.3.1.2.2 Classification
The clasification method is the process of assigning a class category to object primitives
(polygon formed from a group of pixels) based on spectral attributes and hierarchical

relationships. Different featurdsave diffeent spectral responsasd this informabn canbe

50



usedclassify the image into digrent land us&ndcoverclasses. A ruleset, consisting of a
sequace of processing algorithms, wadavelopedo classify water bodies amkporedinto GIS
layers in eCognition software. It is mostly based angughe trial and erroapproach, whiclhas
become common ithis sort of analysis (Myint et al., 2011)h& ruleset for this projecisel
information such as mean spectral reflectance ofinéarred (NIR), open water ggtral
signature, homogeneity,tra green, standard deviation of NIR, ZABUD, and texture to classify

the water bodies.

= = Auburn_Wetland_Ruleset
=- = Segmentation
3% delete 'Level-1'

= = Classification
M at Level-1: remove classification
%L unclassified with NDWI >= -0.009 at Level-1: Water
-kl Water with Mean NIR >= 175 at Level-1: unclassified
2L Water with GLCM Homogeneity (all dir.) <= 0.15 at Level-1: unclassified
YL Water with RatioGreene < 0.25 at Level-1: unciassified
-kl Water with Standard deviation NIR > 12 at Level-1: unclassified
%L Water with ZABUD < 30 at Level-1: unclassified
~- Water at Level-1: merge region
2L Water with Number of pixels <= 450 at Level-1: unclassified
= = Export
: Water at Level-1: export object shapes to WaterBodies

« <« » » “Main 4 Customized Algorithms /

Figure 34: Ruleset used for the classification of wetlands

Open water spectralgnature isanalyzed by

([Mean Green{Mean NIR])/ ((MeanGreen] + [Mean NIR])

which defined open water bodies while excluding vegetation. Ratio Greene is the defined by

[Mean Green]/ ([Mean Blue] + [Mean Green] + [Mean Red] + [Mean NIR])

51



Ratio geen helps to eliminate some of #teadows thaare wrongly claséed as wetlands.

However it does not completely eliminate all the errors of shadow. ZABUD is the rule
developed to identify discontinuous built up area (Lewinsky, 2007) and it helped to eliminate the
impervioussurfaces thatvere wrongly classified asetlands. The formula for ZABUD can be

defined as

((([Mean Blue}[Mean Green]) 72) + (([Mean GreefiJlean Red]) *2) + (([Mean RedMean

NIR]) £2))%0.5

It is an index used to identify built up area from the Land&A M+ in the original
ZABUD derived by Levinsky (2007) but has been modified for four band spectral images such
as the NAIP images in this study. This index is efficient in extracting asphalt features such as
roads Kokje and Gao, 20)3Figure 3.5 shows the classification of water bothidsduecolor

from the ruleset developed in Figure 3.4.

Figure 35: Classification of water bodies delineated in blue color

52



3.3.1.2.3 Export to ector layer

After the class¥ing the water bodies, they were exported into amgéerenced vector
polygon layer using appropriate naming schemes. The eCognition software allows the user to
add attributes to the exported water b@i$ layersbased on their object attributédter the
ruleset wasleveloped, it waapplied to individual pr@ct tiles as a batch process using the
Analyze tool in eCognition resulting in the outpayers with appropriate naming schemes. The
GIS layersof all the individual project tiles wenmerged in the GIS producing a single water

body layer.

3.3.2 Resultsaand discussion
Classification of wetlands using GeOBIA methods resulted in 2,195 water bodies being
initially classifiedthatincluded rivers, lakes, wetlands, streams etc. The water bodies classified

are shown in the Figure 3i6 light blue color

53



T Ml Lee County
0 175 35 7 105 14 I | Water bodies

Figure 36: Classified water bodies from the ruleset developed in GeOBIA

To validate the geographic isolation, the resulting water body layer was buffered with
NHD dataset and existirp0-yearfloodplain data in accordance withet Tiner Methodology
(Tiner, 2003). Although, hydric soils were used as a data source for mapping wetland in Jones
(2013), these data for Lee County do not exist and were not used. Isolation was defined by
selecting only those water bodies that did notlaypewith the 40 meter buffer with NHD dataset
and FEMA DFIRM floodplain data. A buffer of 40 meter NHD dataset was done in GIS

produdng the output as shown in the Figure 3.7 and Figure 3.8.
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— Miles - NHD Buffer 40m
0 175 35 7 105 14 Lee Catinty

Figure 37: 40 meter buffer of NB datasetepresented in blue color

: SN ! d
FEMA 100 year floodplain
0 175 35 7 105 1 Lee County

Figure 38: FEMA DFIRM 100 yearffloodplain dataepresented in light blue color
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A nSelect by Locationo query function was
that did not interseche 40m buffer NHD layer and floodplain were selected and exported into a
new layer for isolated wetlands. A total of 976 isolated wetlands were classified in Lee County

asshown in the Figure 3.9.

| LeeCounty
Isolated wetlands

Figure 39: Wetlands classigéd after definingsolaion before eliminating rooftopsrrors

3.3.3 Accuracy asessment

The classification of isolated wetlands using GeOBIA resulted in total of 976 polygons.
The accuracy assessment was done for the isolated wetlands for the whoteihBet&see if
there were errors of building rooftops, asphalts and shadows as it was detected in Jones (2013)
results. TheAlaskaPakv3.0for ArcGIS 10.xwas used to randomBelect 250 polygons from

the isolated wetland classification and exported into new ks/ehown in Figure 3.10. The
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accuracy was assessed on these 250 points by visually inspecting the polygon with the NAIP

imagery.

—— Miles 250 random isolated wetlands

0o 2 4 8 12 16 ] e county

Figure 310: 250 randomlyselected isolated wetlands for accurassegssment in Lee County

The errors considered for this project were of commission rather than omission which
means it was assessed for only those isolated wetlands that were classified. oy accu

assessment of isolated wetlands from the GeOBIA meashsigdbwn in the Table 3.1.
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- Correctly classifiedsolated wetlands

Errors of lilding rooftops 19
Errors of shadows sphalt 30
Total 250

Table 31: Accuracy assessment results of isolated wetlands classification
Accuracy percent was measured as the percentage ratio of correctly classified isolated
wetlands by total wetland polygons selectBage accuracy percent for the initaeOBIA

approach is 80.4% which is shown in the Table 3.2.

Method Accuracy Percent

Correctly dassified isolated wetlands (201/250)*100% = 80.4%

Table 32: Accuracy percent of isolated wetland classification

Figure 311: Classification errors where building rooftops were classified as wetlands
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The accuracy assessment of the 250 isolated wetlands showed that there were errors of
building rooftops, asphalts and shado®@sit of the250 selected for the accuracy assessment,
there were 19 errors of building rooftops as shown in Figure 3.11 and 30 errors of asphalt and
shadows. Similarly, some of the correctly classified wetland polygons were incomplete in shape
and did not cover thehwole area of wetland as in NAIP images.

3.4 Improving the isolated wetlands classification through the removal of rooftops
3.4.1 Comparison of two methods foclassification of building rooftopsin pilot study

Jones (2013) applied GeOBIA to classify th@lased wetlands of Northern Alabama
from NAIP imagery resulting in an accuracy of 83.7% for aerial imagery inspection. The
classification of the wetlands in the previous study had errors most commonly where wetlands
were wrongly classified as building raops.Similarly, the classification of isolated wetlands
done above in Section 3.3 had errors of rooftops, shadows and agpisalesearch study
attempts taclassify the building rooftops in Lee County and use that rooftop layer to eliminate
the rooftoperrors in initial isolated wetland classification. This research studyditsrmins
the best methods to classify building rooftops by testing on a small section of Lee County in
Figure 3.12 using LIDAR data with two different methods described ihténature. For the first
case, building rooftopsereclassified using GeOBIA methods in eCognition software through a
combination of imagery and LIDAR. For the second method building rooftepsclassified
using the Point Cloud Tasks (PCT) method ir8&@ software, which is an extension for ArcGIS
and relies only on the LiDAR data. The results of the rooftogsifieation from both methods
werecompared to see which gives better classification results by visually comparing the results
with the high reslution NAIP imagery. The method that produces better results in terms of

accuracy in presence and shape wsed to classify the rooftops for the whole of Gminty.
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After delineating the rooftop polygons fortivhole Lee County, the data wasedto mask out
the wetlands that were wrongly classified.
3.4.1.1 Study &ea

The study area for the project covers the southeastern part of Lee County in Alabama,
United StatesThe total area of the study area is 37.4 sq. miles, which consists of both urban and
rural areas. Figure 3.12 below shows the border of the study area inside the border of Lee
County. Thesoutheastern part of Auburn was chosen becauseatieishas both buildings and

vegetation to compare the results for the two methods.

Study Area for Building Classification

. ; N
: ' Counties OfAIabamaA

|:] Lee County

Lee County
i Study Area

0 40 80 160 240 320

[ — Miles

Figure 312 Study area which is within the blue boundary of Lee County, AL
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3.4.2 Methodsused
3.4.2.1 Data peparation of National Agriculture Imagery Program (NAIP) imagery for
rooftop removal

The NAIP imagey for the Lee County are orgaeid and distributed with the existing
USGS 7.5 minute topographic quadrangles grid system incorporated. Each NAIP image
corresponds to one quarter quadrangle or 3.75x3.75 minute with an overlap of 300 meter buffer
on all sides (Jones, 2013).The study acedHis project consists ofigital Ortho-photo
Quarter Quadrangl®®0©QQ) NAIP images which were mosaicked into a single image. The
mosaicked image was then tiled into 5000 feet x 5000 feet with an overlap of 500 feet (10

percent) between those tilesnggithe dice image command in ERDAS Imagine 2013.

3.4.2.2 Dategpreparation of LIDAR

The LIiDAR data of the study area, which are in LAS format, were prepared differently
for the two methodtested. For classifying rooftspwith eCognition and GeOBIA methethe
LAS data were converted into multipoint feature classes for both bare earth aghand
features in ESRIO&s ArcMap. Bare earth multipo
data while nonground multipoint wasreated from first return. Thaultipoint featureproduced
from the LAS files weraised to create a terrain dataset using the New Terrain wizard tool in the
Arc Catalog window. The terrain dataset can be usedouce rastebased digital elevation
models for modeling and analysis.DAgital Elevation Model (DEM) and a Digital Suda
Model (DSM) raster images wepeoduced from the bare earth and 1gyvound terrain dataset
respectively using 3D Analyst tools in ArcGBgure 3.13 shows the images of DEM and DSM
of one section of thstudy areaFigure 3.13 (i.) only shows ground whereas (ii.) shows where

there are nomground discrete features.
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Figure 313: (i) DEM (ii) DSM of study area

A new raster image, called the Normalized Digital Surface Model (nDSM), represents the
height of the fatures above ground level and vaasived by subtracting the DEM from the
DSM using the raster calculat@imilarly, an inénsity map wasreated from the LiDAR point
cloud using the intensity attribute of the point clouds. The nDSM and inteasigr werehen
tiled into 5000 feet x 5000 feet with an overlap of 500 feet (10 percent) between those tiles using
the dice imageommand in ERDAS Imagine 2013. Figure 3.14 below shows the images of

nDSM and intensity.
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Figure 314: (i) nDSM (ii) Intensity Rater of study area
After the project based tiling of NAIP imagery, intensity and nDSM ratter,
customized import routine waxecuted within eCognition environment which creates a series of
individual project files. The fauband layers of NAIP images veentegrated with the intensity

and nDSM layer resulting in a six band layer with the same spatial extent.

3.4.2.3 GeOBIA nethods
3.4.2.3.1 Segmentation

Multi-Resolution Segmentation (MRS), as kexped in section (3.3.1.2.1) wased in
this task whichs a bottom up regiemerging technique which starts with small guieel
objects and merge into a bigger one in several subsequent steps (Ber2084al Through a
trial and error process, the scale paramealue MRS for this project waet to 20 wth shape
and compactness value set to 0.5 and 0.7 respectivelydipbkt of all spectral bands wast to

0 except for NIR whilo wasset to 2 since buildingpoftopshave low reflectance in the NIR
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portion of the electromagnetic radiation. Figure Zéws an example of multesolution

segmentation of an area tlsltows building rooftopas multiple object primitives.

Figure 315: Images after MultResolution Segmentation.

3.4.2.3.2 Classification

A ruleset was developéd classify rooftops and to export them as GIS layers in
eCognition software. The ruleset for this project used information such as mean spectral
reflectance of NIRNormalized Difference Vegetation IndeMDV1), Normalized Digital
Surface Model (hnDSM),tandard deviation of nDSM, relative boarder to buildiogftops and
ratio of Length to Width and texture to classify the building areas. Figure 3.16 shows the ruleset

developed for the classification of rooftops.
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= = Building Classification
=8 Segmentation
2% delete 'Level-1'
== 20 [shape:0.5 compct.:0.7] creating 'Level-1'
= = Classification
------ P at Level-1: remove classification
------ %L unclassified with Mean NDSM > 1 at Level-1: Building
------ %L Building with NDVI > 0.15 at Level-1: unclassified
------ %L Building with Mean intensity > 90 at Level-1: unclassified
------ %L Building with Standard deviation NDSM == 13 at Level-1: unclassified
------ %L Building with Mean NIR > 190 at Level-1: unclassified
------ %L Building with Mean Blue = 0 at Level-1: unclassified
%L Building with Rel. border to Building > 0.3 at Level-1: Building
------ ~~ Building at Level-1: merge region
------ %L Building with Area < 65 Pxl at Level-1: unclassified
------ %L Building with Length\Width > 3 at Level-1: unclassified
=- = Export to Vector Layer
Building at Level-1: export object shapes to Buildings

« <« » » “Main /

Figure 316. Ruleset developed for classification of rooftops
Figure 3.17 below shows the classification of rooftopgréen color ofwo separate

areas using the ruleset.

Figure 317: Classification of building rooftops the study area
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3.4.2.3.3 Export to vector ayer

After the classiftation of the rooftops, they weegported into geoeferenced vector
polygon layer using appropriate naming schemes. The eCognition software allows the user to
add attributes tthe exportd buildingrooftopslayerbased on the object attributes. As with the
wetlands classification, the ruleset wapplied to individual project tiles as a batch process using
the Analyze tool in eCognition resulting the buildingrooftopsoutput layemwith appropriate

naming schemes.

3.4.2.4 LP360 rethods

A second method was used to test an approach that relied only on the LIDAR data to
classify rooftops. One advantage of using LP360 is that the software extension works directly
with the LAS datasets and$ithe capability to work very rapidly with very large datasets at a
regional or countywide scale QCoherent, 2012)Advanced point cloud tasks (PCT) in the
LP360 extension were used to filter and extract rooftdplse study area. The filter wased to
classify or change the classification values for LIDAR pointidi After the classification was
implemented, the extractor wased to pull information from the point cloud data into GIS
layers. The LIDAR data provided by vendor was only classifiethteoground and neground
features. Therefore to refine the classification, thegranind features such as vegetation,

buildings and water bodies were classified using PCT.

3.4.2.4.1 Heightilter

First, a height filter was made which classified allféegtures above the ground (Ron
ground points) into Low, Medium and High Vegetation. The height filter uses the terms Low,
Medium and High Vegetation but this is misleading as all features are classified including man

made features such as buildings. Imptatng the height filter uses the minimum and maximum
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object height parameters to classify and eliminate points above a ground surface according to the
classification requirement. Different ranges of height were useldssify point clouds into the

featues as shown in the Figure 3.18.

Paint Cloud Tasks [+

| Height Filter v
Propetties

[ource Paints ] [round Paoints ]

Range To Classification

>0.000 - <3.000 3 Low Vegetation
>3.000 - <6.000 4 Medium VYegetation
>6.000 - <100.000 5 High Vegetation

»100.000 - <1000000.000 7 Low Point [noise)

Add Range Insert Range

lemave Range

Figure 318 Height filter defining classes for different height range including both vegetated and
nonvegetated features.

The ranges of height values were followed according to the tutagatise of LP360
software from QCoherent (QCoherent, 2014). Figure 3.19 shows the points clouds being

classified as ground in a brown color and Low, Medium, High features in different shades of

green colors. There are strips of tile overlap where morggwiere collected
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+ Ground

+ Low Vegetation

+ Medium Vegetation

« High Vegetation
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+ Low Point (noise)

+ Reserved (Model keypoint)

+ Water
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+ Road Surface

+ Reserved (Overlap Points)
Wire-Guard (Shield)

- Wire-Conductor (Phase)

+ Transmission Tower
Wire-Structure Connector

+ Bridge Deck

+ High Noise

Figure 319: Point clouds being classified after running height filter

3.4.2.42 Planar Point Rlter

After the implementation dhe height filter, a new task waseated called Planar Point
Filter that diferentiates points into useéefined planes and classifies those points to classes as
specified by the user. This filter is commonly used for the classification of building footprints
and in this case rooftops as the surfaces are planar. Minimum and mmakerghts of the
buildings must be defined so that features are correctly classified by satisfying local conditions.
Minimum and maximum height changes from place to place. Since Lee County does not have

very tall buildings, a maximum height of 600 feebad ground was used. In addition to this, the
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parameters for the Minimum Plane Edges, Maximum Grow Window Arddyriishold, Plane

Fit, Minimum Slope and Maximum Slope as followed in the LP360 tutaeatentered based

on trial and erromethod to see wth values gavéetter results.

Minimum Plane Edge is an important setting in which the algorithm moves the window

around t he

Mi n. Pl ane

dat a

Edgeo

and

extracts

( Q C dehs enusebe thpserRirOsich & way that ie

a

Apl anar

patch

param

should be large enough that at least 8 points are included in the planar patches. Moreover, it

should also be small enough to find multiple patches in the planes that are being extracted from

the point cloud. Thedst approach to the Planar Point Filter is to experiment with different

values in the parameters mentioned above and see which values gives a better result of the

building rooftopsclassification. Theralues set for the parameters to classify buildingtopsf

areshown in the Figure 3.20
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Figure 320: Parameter used féfanar Point Filter
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After running the Planar Point Filtafgorithm, the point clouds weodassified into
building rooftopclass. Figure 3.21 below shows ttassification of the point clouds into
building class in point and Triangular Irregular Network (TIN). TIN is an efficient way to
represent the terraloy forming dense raster grids and is made up of set ofavenlapping
contiguous triangular facets, iofegular size and shape. TIN structure has been used in many

applications such as shading, cataloging and visibility as it overcompsotiiems caused by

nonstationary property of the terrain surfa@hén and Guevara, 1987

(i) (ii)

Figure 321: (i) Point clouds classifiedsgpoint (ii) Classified rooftopdisplayed in TINin red
color

3.4.2.4.3 Point Group Tracing and Squaring

The Point Group Tracing and Squaring Poitdud Tasktool was used to extract traced
outlines around points of a particular classification category such as buildings. In addition, the
traced outlines can be squared producing an approximation of objects such as the roof outlines of

buildings and exgrted into GIS. If squaring is performed, t¥ayers will be generated; orfer

70



the traced outlines, and other containing a "_sqr" suffix representing the squared outlines. The

value for Boundary Trace Class to buildiwwgsset in order to define outlindésr the building

rooftops

In addition, the values for other parameters such as Grow Window, Trace Window,
Minimum Area and Squaring Angle weaiso entered whictvereall based on trial and error
method. The values should be experimented with to sedwghies better results of building
outlines. The Perform Squaring option should be checked if the building outlines polygons are to
have corners in 9@egreesas is the case with many buildings. Figure 3.22 below shows the

parameters entered for the Pddroup Tracing and Squaring algorithm.

Table Of Contents 3 x

[ Point Cloud Tasks ]E]

[Lee Building Outiine v
Properties
Boundary Trace Class: -
(6 Building v ]
Units: [Mekel B i
Grow Window: 20.00 2
Trace Window: 40.00
Minimum Area: 600

[V] Reclassify Min Paints

[¥] Should Undo Minimum Area

Min Class |1 Unclassified Y

[7] Classify Interior Points

@) Perform Squaring:
Squaring Angle [Deg): 15
") Dissolve Overlapping Polygor
Maximum Grow Window 5000

Output Dataset
Output File:

CiUsers\szs0098\DesktopiAdvanced Final ProjectiLeebuildingo D

-

@p Preview | | Apply | | Cance

Figure 322 Parameter used fétoint Group Tracing and Squaring Point Cloud Task
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After implementing thalgorithm, polygon outlines weteaced on the classified building

rooftopspoint clouds automaticallgs shown in the Figure 3.23 below.
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Figure 323: (i) Classified rooftop in TIN (ii) traed polygons showing the rooftopstlines

3.4.2.4Accuracy assessment

The classification of building rooftops using both GeOBIA and PCT method resulted in
total of 3125 and 540 polygons in the pilot study area. The PCT method was able to extract
morerooftops compared to the GeOBIA method. Howewthere weralso some errors where
building rooftopspolygons appeared in the forest and grassland. This might be one of the reasons
for very high difference in buildingpoftop classification between two methods. The errors were

mostly in forest and inpen space where there weoeftop polygonsas shownn Figure 3.24
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Figure 324. Errorsof wrongly classified building rooftoga forest

TheAlaskaPak/3.0for ArcGIS 10.xwas used to randomly select 250 polygons from the

5,540 and 3125 classified polygons and the accuracy was assessed on those 250 points by

visually inspecting the polygon with the NAIP image. The errors considered for dfestpwere
of commission rather than omission meaning it veaessed for only those building rooftapat

were classified. The accuracy assessment for both methods is shown in the Table 3.3

I N

- Correctly dassified bilding rooftopspolygons

Correctly d¢assified buincompletepolygon 4 49

Incorrectly classified plygons 23 47
Total polygon 250 250

Table 33: Accuracy ssessment result for PCT and GeOBIA

Accuracy percemtgefor both the methods was meest as the percentage ratio of
correctly classified plygons (which includes incomplete polygpiy total plygon. The

accuracy perceagefor both methods is shown in the Table.3.4
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Methods Accuracy Percent

PCT (2271250 * 100 )% =90.8%
GeOBIA (203/250 * 100 )% 81.2%
Table 34: Accuracy percent for PCT and GeOBIA
While comparing the shape of the buildimgpftopspolygons classified from both
methods, thehapes of polygons from GeOBl#ereless accurate than the rooftagpenerated in
LP360. The Figure 3.25 shows an example of the buildiafjop classification results from

both methods for the same area. In addition to the less accurate shape, it also shows that

GeOBIA method missedassifying many of the building rooftoghat PCT was able to map

(i) (ii)
Figure 325. Classified rooftop from (i) PCT method (ii) GeOBIA method

OverallPCT was better at classifying building rooftops in both number and shape than

GeOBIA. However, PCT also had a problem with classifying parts of the forest and grasslands
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as building rooftops so in general the number of building rooftops classified bisR@T

overestimate while GeOBIA underestimates the number of building rooftops.

3.4.3 Applying PCT method to classify buildingooftops of the Lee County

Assessing botthe PCT method anthe GeOBIA method forooftopclassification in a
small section of.ee County, it was found th#te PCT method performed better for the
application of removinduilding rooftopswvrongly classifiecaswetlands. Thereforehe PCT
method was implemented to extract building rooftops of the Lee Countyalnttere were
49,341 building rooftopextracted for the whole of Lee Couraty shown in Figure 3.26 in red

color.

Extracted Buildings of Lee County using LP360
A,

f2901d 57,3
[ Miles - Buildings Lee County
0 175 35 7 105 14 fos County

Figure 326. Classifiedrooftops from PCT method
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There were a minimal amount of errors encountered during the extrathaiding
rooftops. The errors were mostly in forest and in open space where there were polygons of
rooftops classifiedhowever these errors were ignored because they did not overlap with any of
the wetland errorOverall, this method was able to cl&gsnost of the buildingooftops of Lee
County to help improve the overall isolated wetlands classification.
3.4.4 Removal of rooftops from isolated wetland classification

The classified isolated wetlands had errors of rooftops and shadows in thecatassi
Therefore to correct the error of rooftops, the isolated wetlands layer and buddftapslayer
extracted from LP360 software were overl aid
guery function was performed . Only those isolatedamelt were selected which did not
intersect with the building layer and were exported into a new layer which is the corrected
isolated wetlands of Lee County. There were a total of 871 isolated wetlands shown in the Figure

3.27in yellow color
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lated wetlands minus building

Figure 327. Isolated Wetlands classified after eliminating buildiagftoperrors

3.4.5 Accuracy Assessment of classified isolated wetlands

The classification of isolated wetlands after removing the rooftop errors in GIS
environment reulted in total of 871 polygons. ThdaskaPakv3.0for ArcGIS 10.xwas used to
randomly select 250 polygons from the 871 classified polygons and the accuracy was assessed
on those 250 points by visually inspecting the polygon with the NAIP image. The errors
considered for this project were of commission rather than omission which means it was assessed
for only those isolated wetlands that were classified. The accuracy assestiseated
wetlands from the GeOBIA method after removing the errors of rooftop is shown in the Table

3.5.
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- Correctly classifiedsolated wetlands

Errors of ilding rooftops 0
Errors ofshadowsasphalt 24
Total 250

Table 35: Classification results for isolated wetlands

There were no errors in the isolated wetlands dataset due to building rooftops because of
the LIDAR removal process. The errors were due to asphalitemtbwshatwere not
detectable with the LIDAR analysis. Accuracy percent was measured as the percentage ratio of
correctly classified isolated wetlands by total wetland polygons selected. The accuracy percent

for the classified wetlands is 90.4% as shown inTiiale 3.6.

Method Accuracy Percent

Correctly classifiedsolated wetlands (226/250)*100% =90.4%
Table 36: Accuracy percent for isolated wetlands
3.5 Results and discussion
The isolated wetlands of Lee County werstfizlassified using the GeOBIA methods.
Multi-resolution segmentation was performed and classification of the images was based on the
ruleset developed to classify water bodies. The ruleset developed used information such as mean
spectral reflectance of Rl open water gxtral signature, homogeneity, rati@gn, standard
deviation of NIR, ZABUD, and texture to classify the water bodies. After classification, the
water body polygons were exported into GIS layers and isolation for the wetlands was defined
using the 40 m buffer of NHD dataset and FEMA DFIRM floodplain data in accordance with the

Tiner Methodology (Tiner, 2003). In total 976 isolated wetlands were classified in the Lee
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County. The accuracy of the classification was assessed to see thefdyuidirgy rooftops.

Accuracy assessment for the wetlands was done by randomly selecting 250 polygons of isolated
wetlands in Lee County using tAdéaskaPakv3.0for ArcGIS 10.xandwasassesseldy

inspectingthe selectecolygonswith NAIP images.The accuracy percent of the classification

was 80.4 % in which there were 19 errors of rooftops.

To deal with the errors of building rooftops in wetland classification, two methes w
adopted to classify the building rooftops in a small section of Lee County as a pilot project. The
two methods were compared to see which one performed better. The Point Cloud Tasks (PCT)
method was determined to perform better and was used to clsify building rooftops of
Lee Caunty. In total, 49,341 building rooftopgere extracted for the Lee County and although
that is an overestimation, the errors were not due to any water bodies. The dataset was used to

mask the errors in the isolated veeitls product.

After producingthe rooftops GIS layer, it was overlaid with the isolated wetlands layer
and ASelect by Locationodo query function was
selected which did not intersect with the buildimgftopslayer and were exported into a new
layerrepresentinghe correatdisolated wetlands in Lee County. In total there were 871 isolated
wetlands. The accuracy of the isolated wetland classification was assessed in the study area.
Accuracy assessment for theleted wetlands was done by randomly selecting 250 polygons in
the study area using tiAdaskaPakv3.0for ArcGIS 10.xandwasassesselly inspectinghe
selectegpolygonswith NAIP images.The accuracy percent of the classification was 90.4% in
which there were no errors of rooftops. However, there were still some errors mostly associated
with shadow and asphalthe percentage accuracy for the isolated wetlands classification

improved to 90.4% from 80.4% after using LIDAR to remove rooftop errors. This study shows

79


https://irma.nps.gov/App/Reference/Profile/2176910
https://irma.nps.gov/App/Reference/Profile/2176910

that integrating LIDAR data into wetlands classification can improve the overall accuracy of the

classification using an efficient automated process.
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Chapter 4: Estimating evapotranspiration as a proxy for water usage in the irrigated areas
and golf courses in twenty (HUC) 12 watersheds in the Wiregrass region of Alabama
4.1 Introduction

Managing water resources wisely and sustainably is one of the main challengater
resource managers. Although abundantly available, water is certainly not free. It is important to
understand the natural systems and physical laws that control the hydrological cycle and how
each process relates to water usage. Informatiom alaier usage supplements the study of
surface water and ground water availability, which can be vital in understandingiseder
demand and in managing water consumption for the future. Moreover, it can also be important in
maintaininganadequate wateguality and quantity that is desired by humans and needed to
sustain ecosystems. There different factors that affe¢che water supply and its usage such as
Afdemographics, economic trends, Kdnregygtall]20®, eci si o
p. 2. In many cases, agricultural lands should be irrigated to strengthen plant growth and water
i's appl i-irightioh, vost prdtectioa, application of chemicals, weed control, field
preparation, crop cooling, harvesting, dust suppressiachileg salts from the root zone, and

water | ost Kemnyetal2008,p.&nceo (

The common irrigation methods are sprinklers, miangation and surface flood
systems which all withdraw frestater.One of the commonly used sprinkler systesns
Central Pivot Irrigation Systems (CPIS). CPIS have been used in many areas to increase crop

production.According to United States Geological Survey (USGS) data for 2005, total irrigation
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withdrawals for the United States were about 128,000 milladloigs per day (Mgal/d) which
comprised oB7 percent of total freshwater withdrawals and 62 percent of total freshwater
withdrawals for all categories, when thermoelectric power was not taken into consideration
Irrigation from surface water was accounéator 58 percent of the total irrigation withdrawals.

The data also revealed that a total of 61.1 million acres were irrigated of 3th&million

acres used sprinkler system such as CPIS. There was an incneagatad acreage from 25

million acresin 1950 to 58 million acres in 1980. After that it was static for a while and again
increased in 2000 to 2005 to more than 60 million acres. Similarly, there has been increase in the
acreagehatuses sprinkler and miciiorigation systems accounting f66 percent of total

irrigated acreage in 20qKennyet al, 2009.

Large volumes of water are also consumed for the irrigation of recreational golf courses.
Golf is asport thahas experienced a huge growth and success in recent decades. The total
numberof golfers since 2003 exceeds more than 61 million around the world with United States
comprising over half of that figure. In 2003, there were a total 25,000 golf courses worldwide
with United States alone having 15,827 golf courses covering more thamlllon acres
(Wheeler and Nauright, 2006) Accor di ng to the NGFo6s (2012)
15,619 golf courses in United States with 25 percent being privately owned. To maintain the turf
of the golf courses, a huge volume of water is reglilt was estimated that an-t8le golf
course requires 3,000 to 5,000 cubic meters per day, nearly equivalent to the daily consumption
requirement for 2,000 families or 15,000 individual Americalibéeler and Nauright, 2006).

According to the Worldwatct Institute data from 2001, 9.5 million cubic meters of water is used

per day to irrigate al/l the worldés golf cour
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per day to support 4.7 billion people at United Nations daily minimum requirement (Btown
al., 2001).

Since both agricultural land and golf courses consume very large amounts of water, it is
important for regional water resource managers to have an accurate inventory of irrigated lands
and golf course areas and to also have ways to estineaweater consumption in these areas.
Part of this study was funded by the Alabama Office of Water Resources whose resource
managers are seeking methods to help the monitor the water consumed by these two land uses.
Estimating evapotranspiration (ET) wihtelliteimagery using the Mapping
EvapoTanspiration at high Resolution with Internalized Calibration (METRIC) model can be an
effective tool for water resource managergamknowledge about the water consumption
irrigation practices and make betflicies to sustaiand managevater distribution.
4.2 Study area

The study area for the ident&tion of golf courses and agricultutahds and estimation
of ET includesthetwenty HUC 12 watersheds in the Wiregrass region of Alabama shown in
Figure4 . 1. 1t is an area that encompasses the sol
based on the nativristidastricta,alsok nown as Awiregrasso dise to i
amply found in the regions longleaf pine forest (Byrd, 200Bjs iame was originated during
the earliest days of European inhabitation in
city and claims the agricul t urWirkgrassiragibnehasof i Pe
many golf coursesandrecreath cent ers. The regionds boundary

defines it. For the purpose of this thesis, the focus withbstlyon Houston County, Alabama.
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dy Area - Twenty HUC 12 Watersheds in South Eastern Alabama
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Figure 41: Study area delineating Twenty HUC Watersheds in SE Alabam

4.3 Objectives
One goal of this study is to develop methods to estimate evapotranspiration in the irrigated
agricultural areaand golf coursesf the study area using remote sensing wdttand METRIC
model. The studglsofocuseson the classificationf the golf courses using GeOBIA methods
since golf courses are not a separate class in any of the secondary land use/land cover datasets
used to identify agricultural area3his projecivasaccomplished with the following objectives:
U To classify golf carses in twenty HUC 12 watershdadghe Wiregrass region of Alabama
using NAIP imagery by implementing GeOBIA methods and develop a ruleset that best
classifies golicourses
U Assess the validity (iMETRIC) model for estimating evapotranspiration (ET)doynparing

it with the ET data from USGS ET stations in Florida.
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U Estimate evapotranspiration of irrigated agricultural lands and golf courses in twenty HUC
12 watersheds the Wiregrass region of Alabanmaplementing METRIC model and using
Landsat 5 Themadic Mapper imageries for the year 2005 and 2010.

4.4 Research gestions
U What is the spatial extent of golf courses in the study area?

U Can the ruleset developed for the classification of golf courses be applied to other places
in Alabama to identify golf aurses?

i Can METRIC model be used with remotely sensed data to provide a reliable estimate of
evapotranspiration?

U How has the trend in water consumption changed from 2005 to 2010 in both agricultural
land and golf courses?

4.5 Data wsed

The data requiretbr the estimation of evapotranspiration (ET) and classification of golf

courses are as follows:

4.5.1 Imagery

Landsat 5 Thematic mapper (TM) satellite images were used to determine the
evapotranspiration of the agricultural land and golf courses inubg atea. Landsat 5 Thematic
mapper (TM) was launched in 1984 by NASA and collected data nearly twice per month
consistently untiNovember of 2011 (USGS, 2015 he Landsat TM satellite has seven bands
consising of three visible bands (RGB), two nearrafed bands, a thermal band and mid infra
red band. The repeat cycle for the satellite is 16 daystemporal resolution of recent Landsat
satellites is 168 days which is not optimal for ET estimatitm@cause moisture conditions on

the ground can béynamic depending on the rainfall, irrigation and heterogeneouggargiies
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with soil, vegetation, topography, and local climate. To overcomésimporal limitation robust
methods have been implemented to interpolate between infrequent satelligsssger give us
daily or seasonal information on the ET (Anderson et al., 20TRle)Landsat images for
Houston County covering tistudy area for the year 2005 and 20d#e downloaded from the
USGS Glovis website. The year 2005 and 2010 was chosles @quesby the lead
investigators of the Office of Water Resources funded prdjéet.downloaded images were
cloud free or had less than 10 percent of cloud cdwadle 4.1 and 4.@rovideinformation

about the downloaded Landsat images, cloud comeept andET mapping period for year

2005 and 2010.

- Landsat image date| Cloud cover percent ET mapping period

04/27/2005 0 percent April 2005

05/13/2005 4 percent May i June 2005
08/17/2005 0 percent July-August 2005
09/02/2005 0 percent September 2005

Table 41: Landsat 5 images used for METRIC analysis for the year 2005 (Source: USGS)

- Landsat image date| Cloud cover percent ET mapping period

04/09/2010 0 percent April 2010
05/27/2010 0 percent May 2010
06/12/2010 1 percent June 2010
07/30/2010 8 percent July-August 2010
09/16/2010 2 percent September 2010

Table 42: Landsat 5 images used for METRIC analysis for the year 2010 (Source: USGS)
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National Agriculture Imagg Program (NAIP) images from 2011 were used to classify
the golf courses using Geographic Object Based Image Analysis (GeOBIA) metinedslAIP
captures digital aerial imagery of the United States during the agricultural growing season
(USDA, 2013). Thgr ogram i s funded by the United State
(USDA) Farm Service Agency (FSA) through the Aerial Photography Field Office (APFO) in
Salt Lake City. The program was initiated in 2@0®linitially attempted to collegtnagery on a
5 year cycle but novaims for a3 year cycle beginning from 2009(USDA, 2013). The spatial
resolution of the imagery is one meter and has three to four bandsngaied, green, blue and
more recently many states have begun to collectindared(NIR) asthefourth band. The
distribution and organization of the NAIP imagery is in accordance to the existing United States
Geological Survey (USGS) 7.5 minute topographic quadrangles grid system with each NAIP
image conforming to one quarter quadrangle or 378xminute having a buffer of 300m on all
four sides. The projection of the tiled images is in the Universal Transverse Mercator (UTM)

coordinate system using the North American Datum (NAD) of 1983 (USDA, 2013; Jones, 2013).

4.5.2 Secondary data fordnd uséland cover

Secondary data foahd usdandcover and crop data layer were used to identify irrigated
areas so that ET can be estimated only for the irrigated agricultural areas only. The source of
secondary data of agricultural areas were providea dymbination of the National Land Cover
Dataset (NLCD) for 2006 andational Agricultural Statistics Servi¢BlASS) data for 2010.
NLCD consists of 16class land cover classification scheme that encompasses the whole of
United States. It is produced umdecooperative project directed by the MiEesolution Land
Characteristics (MRLC) Consortiurtt is made on the basis of a decision tree classification of

circa2006 Landsat satellite data asgroduced from analyzing the spectral characteristics of
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Landsat images from 2001 to 200%.e main purpose NLCD project is togmuce a consistent
land usdandcover data layer of the country from the 30m resolution Landsat Thematic Mapper

satellite data. The NLCD map has a 30m spatial resolution.

The NASS dat collected by the United States Department of Agricultui®is a
program which prepaseeports covering almost every aspect of US agriculture by conducting
surveys every yedtJSDA, 2014) TheNASS Crop Data Layer (CDL) is the classification of
different crops and land ussid cover which has a spatial resolution of 30 m. It is produced
from Landsat 5TM sensor and thelian Remote Sensing RESOURCESATIRSP6)
Advanced Wide Field Sensor (AWIiFS) which is collected during the current crop growing
seasn (USDA, 2014)The NASS provides timely, accurate, and useful statistics in service to
U.S. agriculture and National CDL provides classification maps based on different crops. Crops
that are grown from April ttheend of September wetaken into consieration for calculation

of seasonal ETn this thesis

4.5.3 Weather data from weather stations

Weather data from reference weather stations were required for the processing of the
METRIC model. The weather parameters for the Houston County are availaieweather
and climate websites suchAagricultural Weather Information ServicAWIS) Weather
Services and the Center for Hurricane Intensity and Landfall Investigation (CHILI) where
weather data can be obtained for the present and past years. &fwlidgily data for solar
radiation, precipitation, temperature, tela humidity and wind speedlererequired to compute

reference ET (EZ) in the RefET software.
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4.6 Methods
4.6.1 Extraction ofgolf courses and agricultural land in Wiregrass Region
4.6.1.1Segmentation of NAIP image for gIf courses

The Multispectral Resolution Segmentation (MRS) algorithm was used to segment NAIP
images. Te setting of rule parameters wime in a repetitive trial and error process. The scale
parameter value waetsto 40 with shape and compactness value set to 0.2 and 0.7 respectively.
The weight of spectral band for near infed (NIR) was set to 2 while all other bands (red,
green, blue) was set to 1 because the NIR band plays a significant role in sepagstated
areas from nowvegetated areas. The segmented image objects obtained were subjieed to
spectral difference segmentatialgorithm, whichcombines smaller image objects into bigger
image objects that have similar spectral values. This segmoentaiped create large objects
and separatgolf courses from other land usid cover classes. The value of spectral difference
segmentation was set to 8. The weights of the bands were set similar to that of multispectral
resolution algorithm. Figure.2 shows an example where the NAIP imagery was used to

classify a golf course before and after segmentation.
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