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Abstract

A Digital Terrain Model (DTM) is an important topographic product, required in many
applications. Data needed to create a DTM was traditionally obtained diguaveying,
however this method can be costly and time consuming depending on the size of the
geographic area. Over time, the land surveying was partially replaced by photogrammetry.
Today, airborne Light Detection and Ranging (LIDAR) has become anotivezrful
alternative that collect 3D point clouds for digital surface models (DSM) acquisition.
LiDAR is especially useful when dealing with heavily vegetated areas using a canopy
penetration feature of laser pulse. Nowadays, LIDAR plays an importantnr@éd M

generation.

This thesis presents a hierarchical recovery method to generate DTMs from a cloud of 3D
points composed of fisingle returnso and Amul
of layering. The proposed method will begin by registgtine last return points, then

layering them. The layering is done by dividing the points into different height layers and
assigning layer numbers to each point. The layer numbers are used as a comparison feature

in a later identification proceshena sries of rasterized pyramid levels, which consists

of the lowest points in eadell, are generated. After layering, outliers are removed; cells



in the top level arassumeds terrain points and used as refeesrfor identifying cells in

the secondevel. The identification process will identify the cells of the second level into
terrain cells and ofterrain cells, anén interpolation willthenoccur in the cells which
identified as offterrain The interpolated level will be used as references fonéxe level

and the same process is then repeated for each level that comes after. Once this process has
been completed for the bottom level, the proposed method adjusts the results based on the
first return feedback, followed by another interpolation. Aesult, the final DTM s

produced.

The developed method is data driven, and doesisgime a prior knowledge about the
scene complexity. The proposed method was tested with three airborne LIDAR datasets,
covering different terrain types and filteringffaiulties. Results illustrated that the
proposed method can perform well for areas of flat terrain or gentle slope A comparative
study was conducted over existing filters and showed that results of the proposed method
has similar accuracy in above mengdnarea and faster speed than two comparing

algorithms.
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Chapter 1.Introduction

In this chapterthe definition and generationof the Digital Terrain Model (DTM)are
introduced inSectionsl.1l, as well as the advantages of generating DTM from
airborne light detection and ranging (LIiDARpiInt clouds Section1.2 addresseshe
current difficulties in developing DTM from airborne LIiDAR datlm Sectionl.3, the
objectives and scope of this thesis are presented, and the structure of this thesis is

outlined in Sectionl..4.

1.1 Background

In this section, the definition, application and significance of BEvediscussed. Then
DTM generation methods are introduced, includingpmparisorbetweerthe tralitional
way and remote sensinglso, a compari®n betweerthe photogrammetrianethod and

laser scanning methasl further discussed
1.1.1 DTM Definition

AA digital terrain model is a continuous fun
terrain elevatiorz=f(x,y)o0 ( Pf ei f er and R)abEssertidiya DTges a, 2008,
digital 3D representation dhet e r r ai n drssonwe wscehadoshds.term can be

interchangeable with Digital Elevation Model (DEM). The difference isdiatM may
1



include some other topographic features such as brieak (Pfeifer, 2008) The digital
surface model (DSM, also knovas digital canopy model, DCM) is the same adXh#
in open areas. In contrast @I'M, DSM includes off-terrain objects such asegetation

buildings etc. (Pfeifer, 2008)

DTM is one of tle most critical topography products. It plays an important rofeelitis
such asmapping, civi engineering, hydrology, hydfgeography natural resource
managementand disaster managemerits widespread applications hawanged from
traditional usageo newer and moreinnovative tilizations such as measuremeaitthe
forest depth and density, flood mapping, avalanches and landsl@és, mapping,
national defense arakrial surveying (Pike,9B8 Toutin, 2008; Korupet al., 2010)As a
result it is clear that DTM has a wide range of usamegeosciences and engineeriitg,
applications are now considered as tioem of geographical information systems (GIS)

industry(Li et al, 20035.

1.1.2 DTM Generation

A DTM wastraditionally produced by direct lansurveying.lt wasthenmainly replacd
by analytical photogrammetry, which requires manual surface feature observation and
interpolation methods to generate the DTM. In the last decade, high resolution and

automatic remote sensing methods such as autonmasege matching, Interferometric



Synthetic Aperture Radar (InSAR), and Light Detection and Ranging (LiDA&)e

becomeavailable (Briese, 2010)

AutomaticDTM generationalgorithmshave partially replaced human interpolation and
becaneapostprocessingtepafterthedata acquisition frortheseremote sensingystems.
According to Bries€2010), this phase is usually divided into two steglassification and
interpolation. The classification step extratiks bare earth informatiqsuch aslevation,
intensity, multiplereturns, or some calculated features like normal vector, segnremts
the acquired data, whiclautomatically classifiegshe gathered da into terrain and
off-terrain. This process is also known dfilteringo in the airborne laser scaing
community. Subsequently, the DTM can be generated by some interpolatithre of

extracted terrain da{@riese, 201Q)

1.1.3 DTM Generation from LIDAR Data

LiDAR (Light Detection and Ranging) is also known as Laser Ranging, Laser Altimetry,
Laser Scanningyr Laser Detection and Rangirigiang et al., 2005LiDAR technology

was developed in the late 196048antis, 201(. The first commercial LIDAR mapping
system was developed in 1993, and was us¢apographianapping(Liadsky, 2007) In

1994, aiscussiorabout the new method to generate the DTM by using laser scanning was

introducedby Surveying and Mapping Agend¢$MA) of the Federal States of Germany



(Petzold et al., 1999). After 1996, more companies began to develop commercial LIDAR
systems, and offed many kinds of mapping servicglang et al., 2005)n the last decade,
there are increasing requiremeaisl researcfor this technologyvhich enabled the rapid

development of the LIDAR technology

GPS Satellites

" Differential GPS
Navigation

GPS Ground” -
Stations. -~

Mapping ", Xm
Frame

Figure 1-1 Principle demonstteon of LIDAR system Guan et al., 20)1

According to the difference of installation platforms, LIDAR systems can be divided into
Airborne LIDAR System(ALS), Terrestrial LIDAR Systen{TLS) and Mobile LIiDAR
System(MLS). As shownin Figure 1-1, an airborne LIDAR system consists a laser

4



scanneraGlobal Positioning System (GPS) aalinertial Measurement Unit (IMU) he

laser scanner usually is installedderthe bottom of the aircrafit dischargesaser pulses

andidet er mi nes the di st anhesnsbréymegaswingthgtin,eund ob

a pulse of transmitted energy takes to
833).Based on thdistancerom thelaser scaner, theplatformpositionrecorded byGPS
and theaircraftattitudeinformation fromlMU, the coordinates of the measured objeats
be calculatedLiu, 2008). Though a couple of coordinate transformations, theraysan

acquire highaccuracyWorld Geodctic System1984 WWGS84 coordinategGuan, 2011

Airborne LIDAR technology has its applicatioms topographicmapping, vegetation
mappingin forest and wéands, mapping of roasl power lina, and coast ling 3D city
modelng, disaster assessmeandmore (Liu, 2008).For DTM generationthe airborne
LIDAR system has many advantagasmparedo traditional photogrammetrisurves.
LiDAR is an activesensor, whichs not affectedby the sunlight oshadowghuscanbe
used duringhe day and nightPhotogrammetryis limited in gatheringandanalyzingthe
target objects, such densairban area, i@st, coast lines, wend, deert, and ice surface.
On the other handjraorne LIDAR systera canefficiently handlesurveys and mapping
(Baltsavias, 1999)Sincethe LIDAR data is embeddedvith the elevationvalue of the
objectsbeing measuredt is conveniento generate DSM or even DTM from the LIDAR
data As previously mentionedhelaser has the ability to partially penetrate vegetation and

5
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reach the grund under the canopthereforeairborne LIDAR systemcan perform very
well in generatinghe DTM/DSM in foresed area. Likewise, the high resolution of the
LiDAR datamakes ita better fitfor the significantly increasing demand of high quality

DTMs from the GIS community for 3D virtuakality environmentslL{u, 20(8B).

1.2 ProblemsAddressed

As a preliminary task of DTM generatiaising airborne LiDARpoint cloud datgfiltering
terrain and offterrain points is critical and fundamental to featurextracton and
classification (Briese, 2010).The identifi@l terrain points areused asinput for
interpolationprocesss in many developed algorithm$he inappropriatédentification
will cause deviation in theterpolationprocess which could potentially leado further
error andless precision irDTM products(Guo et al., 2010)Filtering is often very
challenging and time consumibgcause of theecessary foprocessindarge amourgof

data. Therefore, an efficient and effective filter algorithimisortant for DTM generation.

Currentfiltering algorithms are facing difficulties in handling complex circumstances such
as outlies (points lie far above or below the most pointxmplex objects, steep slopes,
attached objects, uncertainty of the terrain rdéfin (such as the ramp @ bridge),
vegetation(such as shrud), discontinuitiesof the terrain, lowelevationobjects likeroad

curbs and railwaytracks as well ashe combined complex sce8itholeand Vosselman



2004; Meng et al., 2010%o0me of tlese problems are critical. The outliers, especially low
outliers, can affect the selection of reference points in algorithms that adopt the lowest
points as reference terrain points. Scenarios with different building sizes will face a
dilemma in choosing fltering window size. Applying a small window size will mislead

the algorithm in identifying a point on a large building as a terrain feature whereas applying
a large window size will overlook small terrain relief variations. Objects of low elevation
are hard to remove because their heights are very close to that of the terrain. A lot of
research has been dedicated to DTM generation, especially to filtering, during the last
decade (Meng, et al., 2010). However the problems mentioned above have alwhgs acte

a barrier in developing a fast, robust, and reliable automatic filter, creating a major obstacle

in DTM generation from airborne LIDAR data (Meng, et al., 2010).

1.3 Thesis Objectives and Scope

Developing a fastaccurateand reliable method for terrairoint identification and DTM
generationusing airborne LIDAR datas challenging(Sithole and Vosselman, 2004;
Meng et al., 2010)In this thesis, such challenges are revieaed the main objective is
to develop a improvedcomprehensive automated iderd#tion algorithm to generate
DTMs from airborne LIDAR point cloud data. This study also attempts to tackiee of
the aforementionedpbroblems including those problems related toutliers, urban

complexityand vegetation. Ais thesis investigates the fdabty of the proposed method
7



on DTM generation in urban agaesidential aresand forest aresa Specific objectives

of the thesis arthose according tthe following:

(1) To study and understartide three problems stated the terrain poinfiltering and
DTM generation usingirborneLiDAR point clouddata.

(2) To developa comprehensive identification method that can separate terrain points
from off-terrain pointdo solve the aforementioned problems

(3) To perform a quantitativeaccuracy assessmeahd qualitdve visual analysis
based on the three types of study sites to assess the performance of the developed
method andather existing approachesnd therto determire the superiority of the

developed method.

1.4 Thesis Structure

The rest of this thesis is orgaaizas follows:

Chapter 2reviews previous studies on filtering techniques of separating terrain and
off-terrainpoints as well as the difficulties in developing filteesnd some characteristics

of the LIiDAR data

Chapter Presents the framework aadietailed explanation of the developed method.

Chapter 4 demonstrates experimental results obtained using different datasets
8



different types of study areas. This chapter also inclagesformance assessment and

comparison of the proposed method artepexisting method.

Chapter 5 gives the conclusions including the summary of the proposed method and

recommendations for future research.



Chapter 2.Reviewof Ground Filter ing Algorithm s

Extraction and interpolation are vital steps in the generation of a [Flnd filters,
which are used talassify the point cloud intterrainpoints and offterrain pointshave
becomea challengingissuefor researchershroughout the yearsSeveraltypesof filter
algorithms havebeen developedHowever the majority ofthesedeveloped algorithms
still encounterproblems when processirgycomplicatel topography.This chaptefirst
introducedy the characteristics of LIDAR data in Sectihd, and therprovides a review
of previous sudies orthese filtersn Section2.2 Thedifficulties of developingfilter are

discussedn Section2.3, followedby the conclusion in Sectiaa4.

2.1 Characteristics of LIDAR Data

Before discussingalgorithmsdesigred for processingLiDAR point clouds features of

LiDAR data, such as density, accuracy, data distribution and noise should be considered.

1 Density of data

The density of the IDAR datadepend®n the flight altitude, the atmospheric refraction,
the transmit frequency othe laser pulseandthe scanning angle (Axelsson, 199%he
density of data variewith the type ofapplication. For example, 3D city modeling and

power line detection requires higher density, while density requirement of DTM

10



generation is relatively lower. Currently, airborne LIDAR systeran obtain very high
density point clousl(1 point/nf or more), whichcanprovide verydetailed information of

the groundn addition to processing difficulties.

1 Accuracy of data

When the flight altitude is less than 1000 attjtudinal accuracy can be as high as 15 to

20 cm, and planimetric accuracy can be around 30 to 100 cm (Baltsavias, 1999). The
altitude accuracy can ladfected by system error, surface slope, surface roughness, flight
altitude and scanning angle. The highehe flight altitude is the lowerthe altitude
accuracy will be.

1 Data distribution

The LIiDAR point cloud data is usuallynevenlydistributed.Datacan becombined with
several scanning strips. patent strips usually overlap wittach other in order to avoid
empty spots.Therefore, in the overlap aretata densitywill be higher as shown in

Figure 2-1.

11



Figure 2-1 Uneven distribution of LIDAR point clouds (Liu, 2008)

In Figure2-1, t he scanning router f or (hawhverthlsi DAR sy
can vary, a group of linedy distributed distance measures are scannedanftbquency
higher tha 5 kHz.Currentlysome systems can even reach 100 @Pfeifer, 201). As a

result, this feature will lead to a result that the distancedmatypoints will be smaller in

a strips overlgpped areaMoreover, the sample method adopted can make the planimetric
distribution uneven. For example, in flat terrain, flight speed can be higher or pulse
frequency can be lower to achieve fewer ground points; while in the mountain areas or
urban areasvhich are more complicated require lower flight speed or higher pulse
frequency.

1 Disturbances

Systemerrorsin arborne LIDAR systems mare mainigue to thdimitation of the laser
scanning devicesandmodeling the system error isveay to improve the masurenent

12



accuracy(Baltsavias 1999).Beside system error, there may be empty spots and outliers.
High outliers are generated because the pulse reflected from birds or aircraft, and these
points are obviously higher than the points surround them. The mayg be reflected on

the ground multiple times and then received by the sensor, and in this case low outliers
can be generated, these points are lower than the points surrounding themsiertspof

the datamay happen in some situations, such as coggetimitation of scanning route,

and resolution limitation of the sensors.

Aside from generatinghe 3D coordinatesf the ground surface, many airborne LiDAR
systems can collect intensity, multiple return signals, and offer optical image information
from digital cameras (Axelsson, 1999). As the reflection rate varies according to the
surface and théargetmaterial, the intensity information of the points from vegetation,
bareearth, or even water surface are different. Therefore, intensity can helg in th
classification of point cloud data (Hu, 2003). As the laser impulse can penetrate
vegetation (typically the reflection rate is 60% on deciduous trees and 30% on coniferous
trees Pfeifer, 201}, in summer time the reft&ion rate on deciduous treedlsao 25%

(Kilian et al, 1996)), sensors can collect multiple returns in a canopy covered area. This
feature can be used in helping to classify vegetation points and ground points, and to
estimate the forest volum@feifer, 2011) Furthermore, as the radio$ the laser beam
footprint on the ground can be larger than 1 meter, multiple returns can be collected on
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the edge of buildings as welbome LIDAR systems can simultaneously obtain optical

images which offer extra reference for filtering and classibogburposePfeifer, 2011)

2.2 Ground Filtering Algorithms

Data of @borne LIiDAR are point clouddistributedin 3D space. In the point closdome
points are terrain points and otharemanmadeobjects, such as buildings, bridges, cars
andnatural objets, includingtrees or bushes. To separateidentify theseterrain points
from off-terrain points (includingnanmadeobjects and natural object® known as
groundfiltering. Although there are many differekinds of algorithmsthat process and
interpret LIDAR data based on all kinds of applications, filtering is usually the first step of

the procesgGuanet al., 201}

To separate terrain and défrrain points is always challengibgcause of the complexities
of the problem This is especially truevhen filtering in places with complicate
geographic and geomorphic conditiodMany algorithms have been developtdsolve
this problem According to Briese (2010)heseexisting ground filtering algorithmsay

be classifiednto four categoriesmorphdogical filters, progressive densification filters,
surfacebased filtersand segmeation-based filters. In the following section, these four

types of filters will bebriefly introduced and discussed.
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2.2.1 Morphological Filtering

This groupof ground filterirg method is based @omemorphologicabperatorsn digital

image processinguch aslilation, erosion and their combinationgpeningandclosingas
shown inFigure 2-2. A dilation operator will make the original image longedahicker,

while images shrink aftegrosionoperations An openingoperator isa combination of
erosion and dilation operations in sequence, while a closing is a combination of dilation
and erosior{Gonzdez et al., 2004)By adopting a certain structusdement,also called
window or kernelin different papersthe opening operator can be used for minimum
determination of the points, which leadsan approximation of the DTKBriese, 201Q)Iin

1993, Lindenberger first appligkis methoased on a rolstitime series analys{Briese,

201Q Petzold et al., 1999

Erosion Dilation Opening Closing

Figure 2-2 The cyan pds arethe resuls of thedisk operationon the blue squase

Basedon Li ndenb e, thg@mpasy TopSctatioptetthe following technique
in 1999 First, a large size moving window usedo selecthelowest pointsn every grid

andgeneratea rough terrain modelhenthe generatedoughterrain models usedas a
15



referenceo filter all the points The pointswith height values ovea given thresholdre
identified as offterrain points. Ad a more accurate DEMas built by identified terrain
points The firal DEM is consequently generdtafter repeaing this process few times
with asmaller and smaller size thfe window(Petzold et al., 1999Y he different window
size and the given threshold will change the result. If the window size largeor the
threshold is too small, some thie small relief and discontinuedea will be smoothed or
removed.As well, if the final threshold is too high, many vegetation points will be
identified as terrain points. These parameters shdaétlybe differentiatedaccording to

the topographienvironment of the study area.

In order to overcome the limitation of windasize, Kilian(1996)operated the opening
process several times based on different windowsskach timedifferent weights are
assignedo thelaser points withirthe band widtlwith the weight valuelepending on the
size of the window (Kilian et. al., 196). A large weightwould be assigne@hena big
window is adoptedAfter all the opening processes, the points with high weighlikaaly
to beterrain pointsandthe points with low weight atléely to beoff-terrain.Once this has

been completedhe DEM can be generatlby interpolatng the weighéd points.

The algorithm developed by Masaharu and Ohtsubo in 200&st ottwo steps. The first
stepissimilatoKi | i an 6s a lsglectthe towest poirgirhaiwmdow. Since the

window size igelatively small, the whole window might be ins@eoff-terrain object. In
16



this case, the lowest point in a windaswmnot a terrain point. Therefore, the second step
desigred to eliminate thee pointsThe algorithm creates a buffdras a sizdigge than

the window) to each selected point, and calculated the average value of all the selected
points inside the buffer. If the elevation difference between the point aaddrege value

is overa usergiven threshold, the point will be removed. To r&pine removal process

three to four times, the algorithms can reach a stable group of terrain points which is used

to generate the DTM (MasahaandOhtsubo, 2002).

A filter algorithm proposed by Vosselman in 208@nother type of morphological filter
which is closely relatedto the erosion operatan mathematical morphology. This
algorithm identifiesa pointby the height value differensbetweerthis point and all other
points (implementedscomparingthe altimetry value witlits neighbor pointsAs shown

in Figure 2-3, if any of these differences over the threshold, the point will be identified as
an offterrain point(Mosselman, 2000)The threshold of thelifference pha(d) is a
function ofthe distancdetweerntwo points, whichs calledthefilter kernel functionand
usuallyis a nondecreasing functionThree nethodsfor determiring the kernel function
were introduced by Vosselman, and these methtvasys try to keep topography features
in a DEM. Asa resultjt may lbosen the filtering restriction and lead to some commission
errors (migdentifying off-terrain points as terrapointg. As named by Vosselman (2000),
this algorithm is also classified aslopebased filter by some researchers (LilQ&DIt is
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based on an assumption thetrainslopes do not rise over a certain thresh@githole,

2001) Thereforeit performswell on flat terrairoutmaymisidentify somesteedandforns

as offterrain objects.

Terrain
surface

Figure 2-3 The cone surface is determined by the kernel function. If there is no point
under the cone surface, the poinisRdentified as terrain poirSithole, 2001)

In order to improve the applicabilitg steep landform Sithole (2001 madified the kernel
function by addng a factorm representing the gradient of the terrain slope. This factor
varies along with the local tein, and has different formats fooncave surfacse convex
surface and flat groundA slope mapyenerated byhe local lowest points is algwiori
required to determine the factax This localized kernel function reduces thipe | error
(omission error, misidentifying terrain points as-t&frain points) Similarly, Roggero
(2001) applied local linear estimaiti to estimate the terrain slope.
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Wack and Wimmer (2002) utilizealhierarchicalweightingmorphological filter method.
They first interpolated a low resolution DEM from the original LIDAR point clouds, and
filltered most of the building and thickegetatio by height difference threshold and
Laplacian of Gaussiafiog) operator, and then calculated the weight functionsidering

the standard deviation of each eleméritenthe algorithmgenerates a low resolution
DEM based on the weight of the point, dnerarchicallygenerategigh resolution DEM

by interpolatingow resolutionDEMSs.

Zhang (2003) gradually increased the window size and apgiedtheight difference
limitation in his algorithm in order teliminatepoints from carsyegetatiorand buildngs,

while keepng the terrain points. The interpolation from unregulated points to rasterized
grids will causehe removal osometerrain points. Théow outliersmayleadto big errors

for this algorithm and the consuming time will increéisearly along with increasing of
data.Z h a n g 6 s effectvehhremmved most of the etiérrain points, but iis based on

an assumption that the slope gradient is constant. The method devel@jiezhagpd Peng

(2007)thenovercame thisloperestriction

Silva -Cadenas and Wang (2006) generated D&Y usinga multi-resolution approach
based on mukscale Hermite transform (MHTThis methocdeliminated theoutliersfirst
and then interpolatetie LIDAR point clouds ino multi-scale rasterized grids. Once this is

completed the algorithmselfadapting eliminated the oférrain objects byan erosion
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operator and mukscale thresholdalculated byMHT. This method can effectively extract
the edge and keep a high positioning accui@ugrall, he size of the striigre element has

a big influencan filters based on mathemadianorphology(Guan et al., 2091

2.2.2 Progressive Densification

This group of filtering algorithm usesa smallnumberof pre-classifiedpointsin the
beginning and thencontinuedby adding quaified points iteratively The DTMs are
typically being reconstructed together with the filtering, and no further interpolation

(required in most morphological filters) is needed (Briese, 2010)

Axelsson 2000 introduced a filtering algorithm based thretriangular irregular network
(TIN). This algorithm generated a TIN subset of the data with a big cell size aTfiest
subsets condensed by iteratively adding additional identified terrain points. The TIN is
initially under other points, and its cutuae is restricted by given parametéixelsson,
2000) This dgorithm performs well in handlingliscontinuoussurfaces and can be

applied indenseurban ares(Sithole and Vosselman, 2003b

Krzystek(2003) proposed anethod thatonstructeda rough TN convex hullat first and
continuously adjusted the grid accuracy by applyhefinite element method (FEM) to
generatea DTM. It wassuccessively applied iaforest area with various kinds fdrest

structure.
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In order to identify more points intthe TIN, Sohn and Dowman (2002) developed a
further step offThAselasgomds hmetsod. vi ded i nt
an Aiupwardo step. After the initial TIN buil
data, the fAdownaddinmgiwestpaintsn edkcleteapgie to the TIN until
no more point®ccurunder it Afterwards a buffer is applieditheA u pwar do densi fi c

step to identify higher points.

Another method similar tthe TIN progressive densification wantroduce by Kobler
(2007) A preprocessing of eliminating most -®éfrrain objects by slope thresholhs
carried out first.The points within the selecting threshold are used to generate an initial
DTM. The TIN is then generated by the seed points choosingtfranDTM. The height
differences between the TIN and rest points are calculatadifference is no larger than

the thresholdthe pointwill be identified asa terrain pointand vice vers@obler et al.,

2007)

Algorithms based otheTIN progressivalensificatiorusuallyhavean assumption that the
surface is continuous dilat; thereforethis type of algorithms haselatively poor
performancan keeping the topagphic discontinuity and religSithole and Vosselman,
2003b) FurthermoreTIN modelsstore data points and their topology relationshipose
consistency is time consuming and difficult to maintain. Therefore, the adopting of the TIN

model also increases the required storage spaderocessing time of theaggorithms
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(Jiang et al., 2005

2.2.3 Surface-based Filtering

Same as progressive densification filters, a sufesed filter uses a surface to represent
the DTM and the procesgeneratesntermediate DTMs. Howevgeinstead of using a
region growing from a group of seed points in progikes densification filters,
surfacebased filtering methods itatively adjustthe weight of pmts above or under the
surfaceuntil reaching a stable situation (the result does not change signific@rilg3e,

2010).

|
0 g 0
> h -

Y

Figure 2-4 The weight function: the horizontal axis r represents the residuals and the
vertical axisw represents the weight assigned, g represents the ground. The weight
assigned is getting lower when the residual getting higher, and wkethevgiven

threshold h, the weight will be assigned as zero.

This type of filterwasfirst designed by Kraus and Pfeifer (1998). In their algorithm, the
robust interpolatiormethod combineghe processes oDEM interpolation and filtering
First, an aveage surface betwedine real DTM andhe DSM iscalculatedbased on thall

the pointsare assignetb thesame weightThentheresiduals (distance between the points
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and generated surfaca)e calculated to determine the new weigAts shown inFigure

2-4, the big negative residual poiraseassigned to a larger weigbecaus¢hey arecloser

to the real terrain. The smailegativeresidualpointsareassigned to a smaller weight for
the same reason. For they Ipositive residuapoints they should be eliminated because
they probably are not terrain poinfchenthe algorithm can dthe next round o$urface
interpolationwith the new assigned weightEhe interpolations anaveight assignments
arecarried outiteratively until the difference between two contiguous surfaces meets the
given thresholdThis algorithm can perform very wel the situationwell mixed with
terrain and offterrain points, e.g. wooded areas, and it has been implemented on the SCOP
dewelop packagda remote sensing tool developed by Institute of Photogrammetry and
Remote Sensing (I.P.F.), Vienna, and INPHO GmbH, Stugt§@®OP++, 2007%)for DEM

and DTM generation in a sparse forest df@aan et al., 2091 Although it can correctly
detect steep topography in above mentioned amghen it comes with only a cluster of
off-terrain points, e.g. large building areasdense forest areas, the algorithm fails to
eliminate the commission errors (misidentifying-td#frain points as terrairopits) (Briese,

2010)

Some improvemerf this algorithmhavebeendevelopedafterwards Kraus and Rieger
(1999) added first and lastturn(laser echoeshformation.To overcome the limitatioof
the mixture of terrain and ofterrain points,Pfeifer (2001) further applied hierarchical
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pyramid layers to the method of Kraus and Pfeifer (199B¢ modified algorithnfirst
built a rough surface model on the top level, aehtivelyusal the surface built in higher
level toalower level(with higher resolution, and finally reacésthe bottom level which
has the best resolution. This algorithm can eliminate large buildings and othemnaiff
objects even idensdorestarea. In order to geaneven higher quality of the DTM, Kraus
ard Pfeifer (200) analyzedverticesof the landform by simulating the rain flow on the

ground By eliminatedthesevertices a smootlrterraincan be generated

Elmqvist (2002) adpted the active shape model (ASM) from the digital image
processing to estimate the surfawedel.In his methodan ASM is a surface under the
LiDAR dataset The surface iteratively changes towards the points under the control of
the stiffness of the surfageestrict the change of the surfaee)d the energy function (a
connection between thsurface and the points) value. The surface connected to the
terrain points has the least energy function value. By minimizing the energy function it
matches the ASM to tHeTM. The shape of thASM decides the shape of the bare earth.

Any point in the bufér of thesurfacewill be identified as terrain point.

2.2.4 Segmenation-based Filtering

Different fromthe previous three kinds of filters, segmatndn-basedfil tering methods

classify a segmerijroups oieighboringpoints with similar propertieshsteadof asingle
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point. For example,fia segment is higher thats neighborsegmentsall points fromthis

segment will be classified as d@#rrain poins (Guan et al., 20)1Usually aggregating the

points into segments and classifying the segments arsteps of this type ahethod

Different algorithms can be chosen for both stéps exampletegion growing techniques
(detect the segment anddetecinglusies [greup dfmiatevdth poi nt s 0
the similar feature valuegre two optiondor the data segmentatiostep. Gometrical

propertiessuch as heighthormal vector,gradient, curvaturend other criteria can be

adopted in botllatasegmentatiomndsegmentglassification steps (Briese, 2010)

One representative sample thie segmerdtion-based filtering method is presented by
Sithole (2005) andSithole and Vosselman (2005). They partitioned the data into
continuous profiles with different orientations. Basedertain criteriapointson a profile

are connected as line segments. Apdomparing the common points of the line segments

from all profiles, the whole segments of the dza begenerated.

Roggero (2002) proposed the segmentation method by region growing and major elements
analysisbasedon the laser scanning datakel (2003) interpolated the raw LIDAR data

into rasterized grisland constituté a TIN model. Thenhe carried out the region growing
based on the threshold of normal vestof neighbomg trianglesin the TIN model
Subse@uently the algorithm calculatéise nomal vectors, edges and height differenoés

segments and extragtsads fronthedata At last,the methodteratively constituted DTM
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based on the seed points froine extractedroads(Akel and Zilberstein, 2003; Akel and

Zilberstein, 2004; Akel and Kreaike, 2005)

Tai and Pfeifer (2005) developed another representative approach basétke oegion
growing. Theapproach selects a random seed point, and cheesesalpoints from its
neighborhood. Then it calculates three parameters: the normal wéther plane constituted
by thesepoints, the distance between the points and the péamithe distance between the
seed point and its neighbor poirBased on these parameters, the metomdinueghe region
growing processuntil no more points canebadded inAfter the segmentation, iteratively

weighted interpolation and groupiagecarried outo produce a DTM.

Forlani and Nardinocchi (2007) rasterized the raw data and set the lowestvadigts the
cell value.Then therasteris separated intsegments by a sefidaptingregion growing method.
Subsequently theaster isclassified intooutliers, vegetation, building and terraoased orthe
geometrical propertieand topological relation of segmeni&hen the approximate terrain
surfaceis catulatedby theseclassifiedterraincells andthe algorithm calculatethe distance
betweeroriginal point clouds to this surface. dfdistance is undehe user definedhreshold,

the according poinwill be classified as terrain point

Many sgmentabn-based filtering methods are implemenited rasterdata format which
is easy tdorrowimage processing algorithmshese methodare usuallynot based on
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geometrical hypothesig s u c h as it er 103to mesclibstopograpit i nuous

information They are using geometry, optics, mathematical statistics and other features to
identify point cloud data as larger entities rather than single padimsefore, heyare not
influencedsignificantlyby noiseandcan overcome the problem that wgbnclassfies an

individual pointinto a different class thats neighbordrom the same segment

Includingtheabove mentioned methods, there are many mett®ddopedBriese, 2010;
Sithole and Vosselman, 2004; Pfeifamd Mandlburger, 2008; Meng et al., 2010y,
2008). Meng et al. (2009) concluded that these filtering algorithms developleellast
decade couldalso be classified into more subsets including directional scanning,

contourbased filters, TINoased filters, and interpolatidrased filters.

2.3 Difficulties in Ground Filtering Algorithms

The filtering of airborne LIDAR dat#s usually based othe height, gradient, regional
similarity of the point clouds or breaklines of the landform. For example, pointsawith
large height value on the local scakeveonly a small possibilityof beng terrain points,
and vice versa. e pointswith big height differencefrom their neighbas could probably
be offterrain objects. However the diversity amsdmplexity of the terrain and the
off-terrain objects wil cause difficulty in filtering. These problems inclusieep slope,

sharp ridgessuper large or irregular buildisggross error, vgetation and characters of
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laser scanning data.

According to the report by Sithole and Vosselman (2004), the filterinigudtf can be
cataloged asutlier, object complexity, attached objects, vegetation, and discontinuity as

shown inFigure 2-5.

e o
(e) Discontinuities (f) Vegetation on slope: (g) Railway: low (h)O
bareearth count complexity
Figure 2-5 Data sample ofhe filtering difficulty (Sithole and Vosselman, 2004

(1) Ouitlier

Many algorithms initially adapted the lowest points in an area as the teoiatr{$ithole

and Vosselman, 2004 This makes the algorithms easily affected by low outlier and
multi-storage buildings, and makes unreliable identification of terrain panth as
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shown inFigure 2-5 (a).

(2) Object complexity

In some complex scenarios, there are very large objects, very small objects, very low
objects, etc. If very large objects, such as conjoined buildings as sHegune 2-5 (b)

and (h), have a larger size than the given window, it cannot be removed automatically,
and the low objects, such as cars, low vegetation, is difficult to be separated from the bare
earth as shown ifigure 2-5 (g). Platforms with stairs connected to the terrain are also
easily classified as terrain. Objects with complex shape, such as multistoried building,
buildings with court yard, are also hard to remove as shoWwigure 2-5 (b).

(3) Attached objects

Attached objects such as buildings on the slope, bridges, and ramps at least have one end
of the structure seamlessly connected to the bare earth. Therefore it is hard to find the
border between the objects and the terrain consequently leads to the problem of
separating theras shown irFigure 2-5 (d).

(4) Vegetation

Vegetationusually can be eliminated by the height differerwhencomparing to the

terran points. However, if thgegetationis on a slope, or very close to the bare earth or
buildings, they are hard ®iminateas shown irFigure 2-5 (f).

(5) Discontinuity

The offterrain objects in LIDAR point cloudare usually discontinuous to the terrain
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which is an importanfieatureto filtering them. However, this rule will also apply to some
naturalpiecewise continuous basarth (e.g. steep slopes and sharp ridgeshown in
Figure 2-5 (c) and (€); consequently i process will cause the deficiency of

discontinuity feature iIDTM.

According to the review by Ment et al. (2010), specific objects or features are
summarizedas a barrier of ground filtering algorithms: shrs, short walls along
walkways, bridges, complex buildings, hill cliff, mixéand cover low and high relief
terrain, and not reliable assessment. The list has some common objectategibry of

Sitholeand Vosselman (2004but is morespecific.

2.4 Chapter Summary

Although more criteria are utilized to separateteffain points from terrain points, such as
breaklines (Dragos, 2004), intensities and-fudlveform ALS data (Doneus and Briese,
2006), most methods are based on the position informatioe f/AR point clouds data.
These point clouds filtering algorithms are developed by different concepts and
understanding of terrain points and-t#frain points. Some of the algorithms can be
directly applied inanirregular distributed point cloudatasg while some othameed to
rasterizethe data first andise well developed digal image processing technologies

Some of the algorithms compare one point to another point, while others coomgare
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point to a group of points, or eveataset todatased Thesefiltering algorithms measure
various discontinuous parameters such as height difference, gradient, or the minimum
distance from a point to a surface éibey are under different hypotheses such as slope
surface, morphology, segmermt. Furthermre, some algorithms finish their processing

in one step; others may iteratively carry out the process. (Sithole and Voss20©4n

Sithole and Vosselman (2004) compared and analyzed the results, mechanism and
features of eight different filtering algtiims in various scenarios based on the urban and
forest dataset from International Society for Photogrammetry and Remote Sensing
(ISPRS). They listed major problems tbese algorithms: the reliable filtering in
complicated environment, processing buigginon a hillside, handling unconnected
landfoms, and keeping the discontinuitie$ the ground surface etc. The research result
concluded that the tested algorithms generally have a good result in processing not too
complicated scenarios, which have gengradient, includenly small buildings, have
sparse vegetation, and include large an®ohtterrain points. However inther cases

such as large building, steep gradient, and discontinuous landform, the reliability

becomes lower.

Thereforgmanual works still required imprementioned areas even though the algorithms
are very well automated nowork flows of combining different algorithms have been

researched as well, but so,fao method can perfectly handle all scenarios automatically.
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One reason auld bethat previous research hdscused only on the point position
information and the relationship with its local neighborhoods (Briese, 2010). Therefore, a
globalized view of the data could be a direction to expéoré is the motivation of this

thess.
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Chapter 3.DTM Generation by Iterative Recovery

In this chapteranoverview of the proposed method will be introduce®attion3.1 The
framework anddevelopment of the proposedethod aredetailedin three sectios The
pre-processings discussedn Section3.2, followed by detaiked information about the
iteration terrain recovery method in Secti®8. The efinement of DTMis addresseth
Section3.4. A qualitative and quantitative evaluation method is presented in SdcHon

At last the conclusiorns in Section3.5.

3.1 Overview of Iterative Recovery Method

This chaptemresents #Multi-scale Terrain Filteringnethod for automated generation of
DTMs from single and multireturn LIDAR point cloudsThe proposed muklscale terrain
filtering (MTF) method identifiegerrain points by iteratively recovag terrain models
from rasterized pyramid levelsdarseto-fine multi-scale pseudgrid image$. As shown
in Figure 3-1, the methoaonsists othreesteps:point cloudpre-processingmulti-scale

terrain fltering, and DTMrefinement

In the point clougre-processingtep,all laser scanning points must be jprecessed to
retain lastreturn points of multiplereturns (laser echogs and then are layedtewith

regard tothe statistical height histograwf the wholedataset Two objectives of height
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histagrambased layering are to assign the layer numbers to each point for the following

MTF implementation, and to remove lower outliers and noises.

PreProcessing

Non Last Return Points

Removing Point Layering Outlier and Noise Removal

Multi-scale Terrain Filtering

Rasterized Pyramid Level  Terrain and Offerrain Off-terrain point
Generation point Identification Interpolation

DTM Refining

nDSM feedback Raw data Classification by
Adjustment refined DTM

Interpolation

Figure 3-1 Flowchartof Multi-scale Terrain Filteringylethod

The second step the Multi-scale Terrain Filteringvhichincludesthe rasterized pyramid
level generation, iterative poiittentification and interpot@n. Several rasterized pyramid
levels aregeneratedat first, and lowest points ieverygrid at every levelare marked as
represerdtive points The highest level is referred to an initial digital terrain model, from
which the proposed MTF is employest a referenceThen the identification and
interpolationis iteratively processed in every level fraime second highest level tihe
lowest levelin the pyramid The identification is based @omparing two features: one

the layer numbergenerated iayering another one is the slope gradient between the

reference point and identifying poirithis isfollowed by the interpolatiorof identified
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off-terrainpoints. The points from a processed letheln becomeeference points ithe
identification of rext level.lteratively, digital terrain models are recovered and densified

from coarse scales to fine scales.

Input Lidar_Image;
/[Pre - processing
points.SelectLastReturns();
points.HistogramGeneration();
points.Layering();
points.NoiseElimination();
/[Point identification and interpolation
level[n] = points.PyramidLevelsGeneration();
for(level j=n -1to 01
if(= =n){ pointsin level j = reference}
for(pointsli] in level j){
if(points[i].layernum==reference){
points[i]=terrain point;}

else{
points[i]=off _terrain point;}}
for(points]i] in level j){
if(points[i]==off _terrain point){

points[i].z=points][i].interpolation();

points[i].layernumRenew();}}}
/[DTM Refi  nement
Rough_DTM = RasterGeneration(pointsi]);
Refined_DTM = nDSM_Adjustment(Lidarimage.First_Returns, Rough_DTM);
Terrain_Points = Fitering(Refined_DTM, Lidar_Image.Last_Return);
FinalDTM = TerrainPoints.IDW_Interpolation();
Output DTM;

Figure 3-2 Pseudecode of the proposed method in a C# language format

Thenthemethod adjusts thterran results based on themnalized Digital Surface Model
(nDSM). After that, all original laser scanning points are selected based oefiied
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digital terrain model.As a result, this produces the final and complete DTte

pseudecode of the pposed method shown inFigure 3-2.

3.2 Pre-Processing

The first stepn handling the LIDAR data is pxerocessing. In ils proposed method, three
parts are involved: the removalmdnlast returnsthe layering of data, and théneination
of outliers andnoises. In this section, the motivation and the detail of these processes will

be discussed.

3.2.1 Non-last Return Points Removal

Many airborne LIDAR systems can record multiple returns while scanning the ground

surface. Some featured multiple returns are applied in the proposed methasl
aforementioned, &iDAR deviceiidet er mi nes the distance betw
sensor by measuring the time a pulse of transmitted energy takes to return to the LIDAR
sensor 0 ( Me p.gB33kSinceathe.airplarie0sifilging in a high elevation, the

laser beam becomes a larger spot when shootirnfpe ground surface. Therefore, the

laser beam may be partially reflected during the traveling. For this rehH2AR

systems can record a diete number oéchoesn the return signahs shown irFigure

3-3. Whentwo or moreechoesaredetected by iDAR systemsthe first and laseéchoare

referredto the first and last return in literature Rfeifer,2011). SomeLiDAR systems
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like the Leica ALS5@I are ableo record up to five returns.

Distance (m)

Due to the fact that the laser pulse can penetratecanopy of trees, the laser pulse
shooting on the trees can be sporadically reflected by leaves or branches in different
elevation. And if the laser pulse shooting on the edge of the buildings, the laser pulse can
be partially reflected by the buildirrgof and partially reflected by the connected ground

Furthermore,n most cases the availability of multiple returns can lead to a conclusion
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Figure 3-3 Multiple Returns PrincipléSchuckmarandKing, 2011

that there is vegetation pmpoint the edge of buildin(Beraldin et al., 2010).
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Since the last returns arenalys thefinal onereceived bythe sensor, it can represent the
lowestelevationa laser pulseeachedamongthe multiple returnsof the pulseThus, the
nortlast return points arie points reflected by vegetation and the edge of buildifilgs
removal @& these nontlast returnLiDAR points help to eliminate these vegetation or
building edge points which are not used in DTM generattassocanhelp to partially
decrease the processing tiniderefore, the proposed algorithm vally uselastreturns
to extract D'Ms. It should be noted that a laser pugéh only one returrwill be treated

as a last return in the proposed method.

3.2.2 Height Histogram Based Layering

The second part of the ppeocessing is height histogram based layeririge purpose of
layering isto assignalayer number to each point for MTF implementatibmthe context

of digital image processing, histogran(a graph of pixel intensity valugs a significant

tool for image enhancement, segmentatimatchingetc. The histogram cabe viewed as

a discrete probability distribution since the relative height of a particulariyntersecting

bar is normalized by the total number of pixdls.the most cases of threshdldsed
segmentation, constructing histogranmarseasy way to indiually select each specific
histogram mode, and then select the corresponding area by proper thresholds. Since
histogramrelated methodsvere first introduced in the field of laser scanning data

processing in 1994, thénavebeen widely used in navigatiplocalization, recognition and
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mapping. Histogramgivea fast and applicable solution for position estimation. Other than
extracting geometric primitives from the laser scanning data, the histogram combines the
geometric position information into tliescrete probability distributiobased graph (Qiu

and Han, 2008). Similarly, by finding proper thresholds based on height histogram, range

images of laser scanning points can be segmented into several areas of interest.
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Figure 3-4 Height histogram of Site A
(Moreinformation of this study site can be found in Sectdah?

As shown inFigure 3-4 and accordinglyn Figure 3-5, it can beobserved that buildgs

and terrairwithin a small areaan bewell separated, which can be reflected from a height
histogram, where terrain points are aggregated in the lower height sections, and buildings
and otler highrise object points are plagén the higher height sectiarfsor examplethe

two waves A and Bon Figure 3-4, whose values are from 330 to 335 and from 335 to
338, represent the terrain with a slopbe tree bars C, D and E which look like pulses

are the roofs of the buildings, which can be saeRigure 3-5.
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(c) Height:342343m (d) Height: 343344m (e) Height: 348349n

Figure 3-5 Points in the differentheight rangesin Site A

According to the height histogram, theightvalue range of the terrain points is relatively
larger tharof building roofpoints.This is becausthe buildingsarebuilt in a regular shape,
and the terrairslope is randomCompared to the vegetation, fh@nt density oterrainis
higher This can be interpreted as a higher numifepointsin the height histogramn
otherwords, the different regions in the height histogram correspond to distinct terrain and
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object featuresAs a result, if proper separation valwas be foundh the height histogram,
terrainpoints can be separated from other object poirtiserefore,an automatic way of

calculatinga separation valuer layering the histogram will be discussed.

A peakon theheighthistogranmay correspond ta group of terrain points or buildingof
points The separation values should be the values of wave troBghed on a given
width of a height unitthe height axidgs divided into severalinits. By counting the

number of points in eaamit, the height histograrman be obtained.
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Figure 3-6 Height histogram (mofied from histogram of site A) to demonstréhe
proposed layering algorithm

To detect peaks from a histogram, there are some algorithms available. Gonzalez and
Woods (2002) described an iterative algorithm to automatically detect the separation
values It assumeshat there are two peaks in the histogram. A shtigleshold selection

method is applied to find the best separation value. The algorithm is described as follows:
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1) Select an initial estimate thresholf § regarding the heighistogram;

2) Calculate the mean grey valuegandm of the two separations of ground and object

points (G and O) and partition them accordingly;

3) Calculate a new threshold; (= (/mp+ m)/ 2) to partition the range image;

4) Repeat the step3 until T, =T_,

In reality, there are many objects over the ground. In other words, more than two peaks
exist in the histogram generated from laser scanning pdiherefae, this algorithm

which can only separate the histogram into two peaks igergthelpfulin this study.

Other algorithms likékernal desnity estimatiowhich using Gaussian kernsmoothing
the histogram to detect peaf¥and and Jones, 1995). Howewewill smooth the pulse
barlike rectangleC in Figure 3-6, and those bar usually represents a big flat surface such
as the roof of a buildingvhich should be assigned into separate layeerefore, the

proposed method applielde following algorithm.

offset= |[Nis1 - Ni| QQ P> ®d (3-1)

WhereN; represents the number of poimsa histogram bin. As shown inFigure 3-6,
Offsetis the diference between two adjacdmibs Delta% is a usemassigneparameter,
which defines the acceptableatio betweerOffsetandN;. If offsetis smaller thardelta%
of N; (e.g. inside the green bar Figure 3-6), the two bins will le assigned to the same

layer. If the relation betweemN; and Ni;1 does notmeet the requiremeras shown in
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Equation (3-1), histogram bini+1 will be assigned ta different layer tharmistogram
bin i. The border btweenhistogram bini+1 and histogram bini will then becomea
separation value of the layetsayers are thegenerated by dividing the data using these
separation height valueShe number of layers is determined the width of height

histogram birandparametedelta% which will be discussed in Sectidm.1

3.2.3 Outlier and Noise Removal

In Sithole (2004), outliers are categorized into two types: low and high outliers. High
outliers originate from the hits off objects likerds, low flying aircrafts or errors in the
laser scanner, which generally have not much influence to the algorithm. Low outliers
originate from multipath errors or the hits in the wall. They have great impact on the
generation of DTM because the propoakgbrithm assumes that the lowest point in a local
neighborhood is a ground point. If low outliers cannot be removed from point clouds

beforeapplyingMTF, they will cause the erosion tifeterrain.

To remove those outliers, which is also known aspleng, can be finished in different
ways. Examination of the frequency distribution of the elevation values is a common
method to detect those outliers, which is applied in the proposed method. Using Delaunay
Triangulation to comparing each point to a loglalvation reference and then identified the

outlier is another way (Meng et al., 2010). Since the proposed method is applying raster to
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maintain the data, this method is not applicable. Other than these two, manual examination

is another approach to detemd remove the outliers.

In the proposed methpdhe height histogramgn estimation of the probability density

distribution ofLIDAR poi nt s®6 hei ght s, I's used. As a fac
verysmall amount of points or single points ilbeal area, they can be discardedbirmof

the height histogram is lower than a specified thresfjpddameterMinimum Layey.

Meanwhi | e, some finoiseso also <can be remov
Theoretically, a terrain surface is a contos and intensive distributed area. Sparsely

scattered points in layers have a high possibility of representing other objects that can be
eliminated as noises. Those noises might not be real noises, but they are little relevant to in

the case of separatitgrrain from object points.

After removing lower outliers and noises, layer nurskae assigneid each point which

belongs to. Those assigned points will used as a riN&réffor DTM generation.

3.3 Multi -scaleTerrain Filtering

Based on the prprocessegointswith the assignethyer numbes, the multi-scale terrain
filtering methodis going to produce a rough DTRn intermediate resulths shown in
Figure 3-7, this partincludes three steps: generation ofraserized pyramid levels,

identification oftopographic cells anisterpolation of theoff-terraincells.
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The rasteried pyramid levels are the framerk for the following process, and the levels
are divided into regular cells(grids) with a represetative height value. The method
identifies the cells in a levels eithetterrainor off-terrainusingthe reference points from

the previous level. Then the cells which are identified aseoffin will be interpolated.

The identification and interpolation wiletprocessed from the second highest level (Level
N-1) to the lowest level (Level 0). This method will generate a rough terrain model for the

further processing in the end.
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Figure 3-7 Flowchartof Multi-scale Terrain FilteringVITF)
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3.3.1 Multi -scaleRasterized Pyramid LevelGeneration

Consideringthat objectsare present¢d in various ways depending on the scale of
observation, a theory for mukicale representation called segpace lteory had been
originally developed by computer vision community for automatically analyzing and
deriving information from signals that are the results of -waald measurements.
Specifically, he scalespace theory is a framework for representing sigmal imagery

data at different scales through theseanpling of the original data model (Ali, 2010).
Besides machine vision (object recognition and manimuiatiisual guided navigation}, i

has been widelyused in typically visualrelated tasks, includg image processing
(enhancement, visualization), signal processing, industrial inspection, remote sensing,
automated cartography, data compressfanoriginal model at coarse scale should have
details fewer and simpler than that at fine s@althe multiscale representation the

fields of image processing and remote sensing, the most common usegcalelti
representation is pyramid, which describes desel data in combination with the
subsampling operation with a smoothing st&el{er andAverbuch, 2006; Bunting et al.,
2010. Since the structure of raster digital surface models (DSMs) or digital terrain models
(DTMs) directly generated from airborne LIDAR data is similar to that of imagery, it is
applicabé to LIDAR range imagesA range image ormally is a singldoand image

composed by a grid of c el | slevatwrs.ocCorevertmga | u e s
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threedimensional (3D) point data to 2D grid format is a major topic in the laser scanning
data processing world, and there are a pletlddrapproaches are based on the format of
range image for final LiDARJriven products, in terms of processing speed, memory,
accuracy for particular purposes. As a continuous model, DSM or DTM can be represented
by a continuous function= f (x,y), where z is the elevation in terms of the location
(x,y). The Gaussian (linear) scadpace representation df(x,y)=f™® is a family of
derived continuous representatiohs the proposed method, a madd version of this
model is applied, and seriouspyramid levels (resampled imagéds) the presentation of

digital surface terrain is employed to avoid a loss in data accuracy.

Figure 3-8 lllustration of the data pyramid (images are resampled from Site A)
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First, the bottom level® is a raster resampled from the original LIDAR point clode

size of the cell (grid) is a user assigned parant€temit cell size) which should larger
than the point ensity of the LIDAR data. Since there may be more than one point in a cell,
the lowest point in the cell represents the cell, which meanththaalue of each cell is the

elevation value (z) of the lowest point in the cell.

Then,any levelf ® from thesecond level to the top levateresampled from the bottom

k+1)

level f @, the cell sizgy® and the value of the celf “?(x,y) are defined in Equations

(3.2) and(3.3).

g Lo (3.2)
Where K is the aforementioned unit cell sjze is the variance of the Gaussian function,
which indicates the scale level being defiriHte more thévalue inceases, the further the
resolution of the original continuous terrain modeldscreasedIn other words, a
coarseiresolution modef **V is basically a resampled representation created at a lower
resolution than théner-resolution modef % . In this studyjt assumsthat the scalet is 2;

which means that theell size of f**? is half of that off ©, as can be seenfigure 3-8.

FED (% y) =D(x, y;1) =G (x,y) F © (33

“Dand is @fined by he convolution of f @ (x,,y,)

Where D represents one cell irf ¢
and thebivariateGaussiamprobability densityfunction G, (X, y) (Ali, 2010). Although the
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definition of D works for scales? 0, only a finite number of levels the scalespace
representation would be considerélthere are two considerations in the determination of
the nunber of imagesn the data pyramidthe point density ¢ ) and the maximum
estimation of building size§B,). To guarantee the lowest point in a grid cell as terrain
point, the todevel of pyramid should have thedl size (g,,,) equal to or larger thas,.
Meanwhile, to minimize the loss of accuracy, the bottewel should keep theell size
(9,,,) close to the point density. Like it, a seies of multiscale imageglevel) are
generatedn this way, most of small unwanted objects are gradually excluded from bottom

to toplevelsin the pyramid.

3.3.2 Identification of Terrain and Off-terrain Points

According to the given maximum building si¢B,) and the point densityd ), N levelsof
adatapyramid are generated from bottom to top (fromrfioecoarsein scale, 0, 1,2 N).
Thetop level ( fV), also called as the coarsest sdale, is considered an initial DTM
reference by reason that the condition@f, > B, theoretically guaranteethatits cells
have higher possibility of being a terrgaintthancellsin finer scalelevels. Starting from
the initial DTM referencejt iteratively search terrain points and recover DTM from

coarseto-fine scalalevels
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Figure 3-9 Cells in two levels

Assuming that.evel N is aterrain reference, the identifitan of terrain points starts from
LevelN-1, as shown ifrigure 3-9. Due to the scale of 2, ogellin LevelN corresponds to
four cells of Level N-1. According to theidentified terrain point P 6in Level N,

un-identified points pg-p3 in Level N-1 will be labeledusing two criterion: layering

information and slope calculation between the known terrain po@utd unknown points

Po-P3. The identification of terrain points is stated in the following two steps:

1) Compardayer nunberbetweerP @ndp; (i=0-3):

Labelp; as terrain poinif they have the samayer number

Otherwise, go to the next step;

2) Calcul ate tédmndp:by(34pe bet ween PO

Labelp; as terrain point If the slope is smaltean a given slope threshdlda n d
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Else, labep; as offterrain point, and remove it;

ORI
® g 0 g

Yoo € (3.4)

Where, K 0Y, &, pand (oo ar e t he camdpredpecinely.es of PO

The algorithnrepeatsStep 1 2 for each point in the terrain reference to find terrain points
in the processed image until no point is left. After thainterpolation is used to fill holes

where offterrain points exist.

The previousidentification works well ina flat area, butthis is not the casevith
topographiareas Since the value of each cdlalways from the lowest point in that cell,
the four layer numbers ithe lower level arethe same as the reference levet higher
than reference levelf there is a relief inthe area, the higher layer number may still
representheterrain points, but the cell will berongly identified into offterrain points.

Therefore, a tolerance threshold is rembid identification especial athigh levels.

T = INT ( layer Number / Identification Tolerange (3-5)

Where T representshe biggest tolerable differenteresholdbetween the layer numbers
of the identifying cell and the refemce cell.And Identification Tolerances a user

assignegarametefsee Sectiod.4.5.
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3.3.3 Interpolation at Off-terrain Points

As discussed above, the terrain identificatiohemel N-1 is based on the terrain reference

of Leve N. ForLevelN-1, there are holes due to the removal ofteffain pointsand there

are some cells with no representative point as.wellbe a terrain reference for the next
scalarlevel, those holes must be inp®lated. Commonly used interpolationsiclude
Inverse Distance Weighted (IDW), spline, Kriging, etc. (Liu, 2008). Among ttreriDW
interpolation is intuitive and efficien(Anderson, 201)) it works best with evenly
distributed points which can be suppliedtbg multiscale levelsThus t was applied in

this thesis study. IDW assumes that each point has an influence to the prediction point
which diminishes with distance. In other words, the closer the point to the estimated

location, the more weight it will hoJdasshownin Equations (3-6) and(3-7).

"0Gft 00 (3-6)

0 — (3-7)

where F(x,y) is the interpolated value of the target poirit,is the heightvalue ofa
neighbornear to the targetv isthen e i g hweight andn is the number oheighbors
Equations (3-6) and(3-7) gives the way of calculating weight, andh is the distance

from eachneighborto the target pointThis process is effective for dense and evenly
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distributed sample points. However, the uneven distribution odensity of the points
will lead to a not continuous interpolated surfatherefore it is difficult to predidhese
areas. It is not possible for the weighted average methadinoegeoutside the data range
(Liu et al, 2007). However, if there are a lot of data points and comptesain his is a
very effective methodConsidering LIDAR points being denser and relatively even

distributed patterrhis IDW methodis effective

Figure 3-10 shows the terrain filtering result is from coarse ldoefine level. After the

interpolation in Level 0, the generated imagarfisugh DTM.

Level 2 E—rrg Level 1 s Level 0

Figure 3-10A level with interpolationcan be used asreference irthenext level

3.4 DTM Refining

All terrainfiltering from ImageN-1 to Image0 is carried outo finally obtain the terrain

reference. Asaresult of that those pseudpiddedlevelsare generated from the lowest
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points, there are nelowest points that belong to terrain points are missed. Meanwhile,
mary terrain points in the final terrain reference are interpolated, which generate
differencer errorsbetween real laser pointBhereforejn order to improve the accuracy

and generate a high resolution resaltefinement of the rough DTM rsquired

As shown inFigure 3-11, in the developed method the refinement of the rough DTM is
done by three steps: adjusting the result frddsM, filtering theoriginal LIDAR point
cloud data based otthe refined DTM, and pplying the separated terrain points to

generate the final DTM througinothedDW interpolation.
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Figure 3-11 Flowchartof DTM Refining

During the interpolationfeatures like p#, curbandhill peaks may be wrongly removed
and interpolated. This will maksomecells in the generatedough DTM have higher
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elevationvalues than the real terrain, aride numbercan beeven higher thabSM in the

according locationA normalized Digial Surface Mode(nDSM) is introduced here for
this problem(Hu andTao, 2005) ThenDSM is generated bgubtrading the DSM from
the DTM, and represents the net height of the-t#frain objects such as buildings,

vegetation, a shown inFigure 3-12.

e DSM
DTM
—— nDSM

Terrain

Figure 3-12nDSM= DSM-DTM

In this method, DSM is represented by the original LIDAR first return paiatg and
the DTM is the product generated by the Masltak Terrain Filtering. As the
representation of offerrain objects, theDSM usually has a positive valu€hereforethe
negative values ahDSM show where the errors ar&nd the method will replace these

errors by the according value of the original datgenerate the refined DTM.

Finally, the refined DTM generated fronDSM feedbackadjustments used as reference
to separate theriginal last return points into ground points and fgyound pointdased

on their layer numberdhen a final IDW interpol@on of these separated ground points
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will generate the final DTM.

3.5 Chapter Summary

In this chapter, a new DTM generation method from airborne LIDAR point clouds has been
proposed. This method has threepst data preprocessingMulti-scale Terrain Filtéing
(MTF), and refinement athe rough DTM. In preprocessingstep the layering panrtvas
usedto generate layer numbers which are used as a criterithre identification ofthe

MTF, and also used to remove noise and outliershe MTF step,identification and
interpolationwere carried ouin a group of rasterized pyramid levetd coarse to fine
DTMs are generatedn the refining step,he generated rough DTM is refined bpSM
adjustment and used to filter the data into terrain points. An IDWpioiition carries out

by thesepoints and produces the final DTM.
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Chapter 4.Experiments andResults

In this chapter,ite dataset featuredin this thesis are listed in Sectidinl The accuracy
evaluation methods aretinduced in Sectiod.2 Theresultevaluation and comparison of
the proposed method and other existed methosl discussed in Sectidi3. And Section
4.4 describes the parameters applied in the experiments semsaivity analysi®f these

parameterdpllowed by the conclusion in Sectidnb.

4.1 Data Sources

Threedataset areincluded in the experiments to verify the proposed filtering algorithm.
The firstdatasebbtained fronStuttgart, Germanwas releaselly ISPRS working group

WG |Il/3, have been made available through the society's web site (www.
commission3.isprs.org/v@g). The secondet required from Toposys GmbH, Germany, is
located in Mannheim, Germany. The ldatasegenerated by Optedovers Waterloo area,
southern Ontario in Canaddhe frst 15 sites from ISPRS are selecte test the
performance of the MTRlgorithm and compare thiesultswith other methods evaluated

by ISPRS(Sithole and Vosselman, 20040 extend the tests for further verification, two
extensive experiments are added to further verify the robustness and stability of the MTF
algorithm. Eror computation foDTM generations made, for the accuracy assessment,

using several complex terrain samples with dense vegetation.
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4.1.1 ISPRS Data

The ISPRS working group WG IlI/Bas tested a number of algorithms developed in the
past (Sithole and VosselmaB004). ISPRS collected the data ttepd by an Optech
ALTM scanner.The reference data wawanually generated from the data with the
reference of the aerial imaged landscapé& hese data are located along seven study sites
over the Vaihingen test fieldnd Stuttgart city center. The study cites have varied terrain
characteristics and diverse feature content (e.g., open fields, vegetation, buildings, road,
railroads, rivers, bridges, power lines, water surface, among othai$d.4-1 contains a

list of the study siteAn aerialimage of Forest Site 5 is shownHigure 4-1.

Figure 4-1 Aerial image of ISPR8ata Site 5
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Table 4-1 Features of the ISPRS dataset (Sithole and Vosselman, 2003)

Test Site| Reference| Number | Terrain| Off-te | Width | Length| Density

Sample | of Points| Points| rrain (m) (m) | (points/nf)
Points
City Site| Sampll | 38010 | 21786 | 16224 | 133.89| 302.73 0.94
1 Sampl2 52119 | 26691 | 25428 | 204.38| 264.22 0.97

FeaturesA mixture of vegetation and buildings on steep hillside, data
City Site| Samp21 | 12960 | 10085 | 2875 | 123.79| 115.19 0.91
2 Samp22 | 32706 | 22504 | 10202 | 187.87| 181.23 0.96
Samp23 | 25095 | 13223 | 11872 | 146.18| 205.9 0.83
Samp24 7492 5434 | 2058 | 121.86| 72.44 0.85
FeaturesLarge buildings, irregularly shaped buildingsadowith bridge,
and small tunnel, data gap
City Samp31l | 28862 | 15556 | 13306 | 174.17| 161.94 1.02
Site3 FeaturesDensely packed buildgs with vegetation, data gaps.

City Samp4l | 11231 5602 | 5629 | 167.19| 104.71 0.64

Site4 Samp42 | 42470 | 12443 | 30027 | 227.12| 202.98 0.92

FeaturesRailway station with trains (low density of terrain points), dal

gaps.

Forest | Samp5l | 17845 | 13950 | 3895 | 232.41| 429.87 0.18
Site5 Samp52 | 22474 | 20112 | 2362 | 450.01| 301.12 0.17
Samp53 | 34378 | 32989 | 1389 | 430.42| 472.93 0.17
Samp54 8608 3983 | 4625 | 185.84| 267.49 0.17

FeaturesSteep slopes with vegetation, quarry, vegetation on river bal

data gaps
Forest | Samp61 | 35060 | 33854 | 1206 | 50423 443.97] 0.16
Site6 FeaturesLarge buildings, roads with embankments, data gaps.

Forest | Samp7l1l | 15645 | 13875| 1770 | 394.83| 221.12 0.18
Site7 | FeaturesBridge, underpass, roads with embankments, data gaps.

This dataseis widely adopted by the laser scanning researdleegs Menget al., 2009;
Shaoand Chen, 2008)It covers many different land features and filtering difficulties.
However, it does not contain small woods and residence in urban area. And the reference

data is only available for the 15 samples; the reference datatiog site is not available,
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which means will limit the algorithm testing for large site. In order to complement these

defects, two othedataset are tested.

4.1.2 LAS LIDAR D ata in the City of Waterloo

In this thesisthe city of Waterloo is chosen to bestudy area. In the city of Waterloo,
especially the area close to UW campus, multiple features of the land use can be found.
This gives the convenience to test the algorithms in different scenario, such as big
buildings in UW campus, residence close to @¥npus, as well as some small forest

nearby. These three different scenarios will be discussed in this thesis.

In this datg the algorithm and analysis are applied to the LIiDAR data in a LAS format

which isdescribedefore The raw LIDAR dataset coversetimain campus of University

of Waterl oo (UW), Waterl oo, Ontario which w
Terrain Mapper (ALTM) on March 11, 2006. The average flying height was 1,200 m

above ground level and the flying speed was 66.9 m per secondcdim@angle was 20°

The desired resolution was 0.908 m. The formation of raw data was the point cloud

which contains more than sevarillion points. Thedatasetis demonstrated ifrigure

4-2.
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Figure 4-2 Original LIDAR data otthe UW campus

Thegeoreference of LIDAR point clouds is demonstratedaible 4-2:

Table 4-2 WaterlooData Specifications

Type QTC Point Cloud
Comp Uncompressed
Points 7,997,153
Width 1,587
Height 7,139
Scale 0.8403
Density 1.4164pointm?

Based on the same LAS LiDARatasetof Waterloo a manuatlassification in UW
campus is done bg qualified peson with the proper knowledge and experieridee
ground points are applied in an IDW interpolation for DTM generation. The interpolation

i susing the default 12 points for the fASearc
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cell size was set tool ( Lea 2040) To somehow avoid the unrealistic interpolation
under s o mea 2metar butfer avayred thé building footprints and calculate the
mean elevation from the ground LiDAR points that fall between -thet@r buffer line

and the building footpritdo i s cr eat ed.

This city of Waterloodatasetcontairs many different topographic featuresuch aghe
university campuss rivers, forest, parks, farmland, suburban area, residence area, etc.
These areaare ready to be experimented arah be showim a visible formatHowever

its reference datas an interpolated raster Tldata whose resolution is lower than the
original point clouds dataA higher error rate of the quantitative evaluation results in the

experiments igxpected.

4.1.3 TopoSys Demo City [@ta

Another LIDAR dataseis required from TopoSys GmbH, Germany. Tiéasetovers

the area of Mannheim, Germany. Raw data,-Gli/er, RGB3layer, intensity, DSM first
return, DSM last return, TIN, Contour lines are all available indhtasetandthe DTM
reference data is included as well. The average spacing between points is available in
50cm, 100cm, and 200criable 4-3 shows the geoeference of the data used in this

researchandFigure 4-3 shows two images of thdataset
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Table 4-3 Demo City Data Specifications

DSM-First Echo | DSM-Last Echo| DTM-Interpolated Last Echg
Format ASCII
Comp Uncompressed
Width 799.50m
Height 859.50m
Points 2,748,790 2,738,623 1,399,214
Density | 4.0002 point/ri | 3.9854 point/r 2.0362 point/m

(a) Optic image (b) LIDAR first return points
Figure 4-3 TopoSys Demo City data

This datasetis in an ASCII format. The majority of the data is in urban areas, which
includes some areas of big buildings and some joined -tmmse residence areas.
Buildings and roads are evenly distributed, and a big square is in the center of the data.
Since the reference terrain points for the entire data is available, this data will be used in

testing the performance of the proposed method in large site.
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4.1.4 ComplementExperiment Sites

As the original raw LIDAR data is very large, and the data aebig aeg which
containsmany differentypes ofland-use.To processandanalyzesuchbig andcomplex
data is very difficult and time consumin@herefore six experimentsites(additional to
the 15 ISPRS samples) are seledtedh the Waterloo data and the Der@ity data In
order to test the performance in sites with different feat@remplex building area,
residence area, forest area and urban city atte@)ocation and size of the test sites are

sampled by visually selectirfgom optic images.

Figure 4-4 (a), (b) and (c) are Sites A, B and C respectively, these three sitesderted
from the City of Waterloo dat&igure 4-4 (d), (e) are Sites D and E, which are frora th

TopoSys Demo City dat&igure 4-4 (f) showsthe entire Demo City data. Tlemension

and thesome informatiorof experimental sites are listedTable 4-4.




Figure 4-4 Testingsites a) a corner of UW campus with big buildings; b) a sarople
residence area, c) a sample of forest;a¢ande) parts of the Demo City data; f) entire
Demo Gty data The color represents elevations as the bar shows.

Table 4-4 Experiment Site Specification

Number | Width | Length Area Density
of Points | (m) (m) (m?) | (pointgm?)
A Campus | 87,640 | 218 285 | 62,130 | 1.4106
Residencq 132,697 | 248 282 | 69,936 | 1.8974
forest 84,732 | 182 255 | 46,410 | 1.8257
Urban 89411 | 150 149 | 22,350 | 4.0005
Urban | 135016 | 169 199 | 33,631 | 4.0146
Urban | 2738623 | 799 859 | 686,341| 3.9902

Site Area

mm[{O|O|®@

Site A is a corner of UW campus, which includesidings and part of Ring Road, a
water body and some trees and other vegetaliba. buildingsin this siteare big and

many of them are connected to each other. The big court yards are surrounded by
buildings. The vegetation and parking lots are locatedral the buildings as well. Site B

is in a residence area north of UW campiifiere are around 50 houses in that site. Some

of the houses are close to trees with large canopies which cover some part of the houses.
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The landform is that west south is lovtean north easSite C is in the Waterloo Park,
which has part of a forest, a little sectionrodd and lawn in the public park. And there

are no buildings in that are8ite D is in urban area which is part of the TopoSys Demo
City datasetBig buildings, court yard surrounded by the buildings, roads, cars on the
road, trees along the roads and buildings, and small areas of vegetation are included in
this site.Site E is also in urban aréa Demo City dataBig buildings, court yard and
parking spacewsrounded by the buildings, roads, cars on the road are included in this
site. Consequentlysix samples with different features are selected to complement the
ISPRS data. Since the formeaif the reference data in thregataset are different, the
following discussion will be arounthe method evaluating the performance of the

proposed method on samples from differdstiases.

4.2 Accuracy Evaluation Method

In accuracy assessment methods, visual inspection, random sampling of filtered data, and
cross tabulatio are three main categori€¢leng et al., 2010)Visual inspections are
usually utilized when the reference data is not available, and can be used to manually
detect obvious errors. However, it is hard to find out the low objects such as bushes, road
curb. In this paper, the visual inspection is to analyge |, type Il errors based on
visualized crossnatrix. Random sampling of the data works based on an assumption that

the errors or bias are evenly distributed. However, the filtering errors usuatigiefdu
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where the features hard to recognize, which are usually not evenly distributed in data. But
in order to assess the generated DTM, a sampling estimation is adopted. The cross

tabulation are also adopted to analyze and compare the identified terrdas poi

4.2.1 Crossmatrix Analysis

Sithole and Vosselman (2003b) reviewed and compared eight filtering algorithms, and
their comparing method and data are frequently cited and applied in many researches of
the laser scanning data filterinBr{ese, 2010; Pfeifemral Mandlburger, 2008; Meng et al.,

2010; Liu, 2008 There are multiple quantitative assessment criteria available, such as
Circular Error of 90% (CE90), Linear Error of 90% (LE90), Root Mean Squared Error
(RMSE) and 1Sigma(GeoVAR, 2012) However, in ordr to compare the results with
other algorithrs, this paper adoptsonfusion matrix approach and kappa indices to
guantitativelytestthe performance of the MTF methallie tothe result availability of

other algorithms.

Table 4-5 Crossmatrix

Filtered
Ref
eterence Terrain Off-terrain
Terrain a b (type lerror)
Off-terrain
Accuracy=(a+d)/(a+tb+c+d) (4-1)
type lerror=b/ (a+b) (4-2)
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type lerror=c/(c+d) (4-3)

According to Sithole and Vossel matrncéssare( 200 3 b)
applied n this research to quantitatively analysis tigpe | type I error and their
relationship.type | errors are the errors which wrongly identified terrain points as

off-terrain points, andype Il errors are the errors which wrongly identified-tdfrain

points as terrain pointss shown ifable 4-5. The formulas of their calculation are listed

on Equations (4-1), (4-2) and(4-3) and a, b, ¢ and d refersTable 4-5.

Visualized crossnatrices are also provided to determine the locations where it happens
to betype landtype Il errors in order to wglitatively analysis the nature of the errdks.

typical visualized crosmatrix is shown irFigure 4-5.
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Terrain Point
® Off—terrain Point
® Tvpe I error
® Type I error
Figure 4-5 An exampleof visualized crossnatrix (sample 1)

Excepttype lerrors,type Il errors and overall accuracies which are mentioned by Sithole
and Vosselman (2003k)e kappalndex of Agreementwhich takes agreement occurring
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by chance into account and is generally considered as a more robust measperdent
agreemen(Strijboset al, 2009 is alsoadopted in thishesis.And the formula are listed

on Equations (4-4), (4-5) and(4-6). And a, b, c and d refers Table 4-5.

Pr(a) — Pr(e)

Kappa = -
w0 (4-5)
0 @ s
w 0w Q
. d O @ Q ® 0 (4-6)
0 ~ ~

O OO 09 O 0o w9 dn o Q

Where Pr(a) is the relativeobserved agreement among rat@rge) is chance agreement

for the hypothetical probability. lis adopting the observed dat&o calculate the
probabilities of each observer ramdly saying Gtrijboset al, 2009; a, b, ¢ and d refers

to Table 4-5. Kappa measures and considers the agreement between two raters, which can

more reflect the performance of the method on both type I, type Il errors.

The reference data of the ISPRS data and the Demo City data are in a point cloud format.
This format gives the access to compare each point to a reference point, which offers an
easierway to checkthe type | andtype I errors and make the cressatrices.This

evaluation method is good to evaluate teefgrmance of filtering method.

4.2.2 Sampling Estimation

Thefinal products of this thesis al®TMs; the accuracy rate of the filtered paimannot
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directly reflect the accuracy of the generated DTM. Amreference data of the City of
Waterloo data is in a raster formstbred in TIFF fileswhich requiresome adjustment
to make the crossiatrices. However the choosing of the buffer pastensfor the
adjustmentis not very intuitive. Therefore, in ordéo directly evaluate the generated
DTM andto applytheraster reference, an accuracy evaluation based on the saammding
comparing the interpolated DTMis adoptedas a compliment to therossmatrix

evaluations

@ Sampling Point

— 32791m

Figure 4-6 A demonstration of sampling point (10xf0int9

The sampling evaluation compares the samples from the result image and the samples
with same X, y coordinators fromehieference image to assess the accuracy of the result.
The selectedsampling points are evenly distributed on the study,saasexample is
shown inFigure 4-6. The number of the samples is determined based ersite and

point density of the study sitdhe sample values of the result are extracted from the

DTM interpolated from the identified terrain points, and the sample values of the
72



reference are extracted from the raster reference data (the raster eefdsemof the
Demo City data is interpolated from its reference terrain pointg).offset (difference)
between the result value and the reference value extracted on sampling points are
calculated for every point. The evaluation results such as averagererstandard
deviation, and the worst error are calculdbeded on these offset valu&e flowchart

is shown orFigure 4-7.

Identified IDW
Terrain points Interpolation
| Difference| Samolin Evaluation
| Image . Ping Results
Reference IDW
Terrain points Interpolation

Figure 4-7 Flowchartof the sampling estimation

4.3 Resut Evaluation and Analysis

In this section, the proposed MTF algorithm is applied on the samples frond#tases.

15 sample sites from ISPR8e evaluated by the cresmtrix approachthe results are
compared to results of eight methods provided $RS.Six sites from the City of
Waterloo data and the Demo City datee assesed by the sampling estimatjotheir
results are compared with two methods included in software ALDIRATrder to clearly
demonstrate the process of the experiments, thenpéees used in this experiment are

listed inTable 4-6. And Figure 4-8 shows the result of the sample sites.
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Table 4-6 Descriptions of Parameters

Parameter Description Applied Stage
. . . Preprocessin
Width histogram width P . g
Layering
Del tolerated percentage in histogram | Preprocessing
layer generation Layering
: - o PreProcessin
Min Layer minimum number of points in a layq . . . g
Noise Elimination
: " o PreProcessin
Min Cell minimum numbenpf points in a cell . e g
Noise Elimination
K basic cell size in rasterized pyramid ITR
level generation Levels Generation
. . ITR
Level num number of rasterized pyramid levels .
Levels Generation
ITR
Tand angle threshold e .
Identification
Identificaion tolerated number of levels iterative | ITR
tolerance identification Identification
Classification tolerated number of levels in DTM Refining
tolerance classification Classification

4.3.1 Quantitative Analysis

The 15 sample sitecquiredirom ISPRS are selected on city and forest areas, the ground
features such as slope gradient, vegetation density are various. Therefore, Meng et. al.
(2010) divided the fifteen ISPRS study sites into three groups. Thersites first group
(Sample 11, 24, 41, 54) have rough slope and dense vegetation; the sites in the second
group (Sample 12, 21, 22, 23, 31, 42) are relatively flat urban area; and the sites in the
third group (Sample 51, 52, 53, 61, 71) contain rough teemad discontinuous (e.g. river

banks and mining fields). The following discussion will refer to these three groups.
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Figure 4-8 Result: identified terrain points in 15 ISPRS sample sites

Figure 4-9 shows the quantitative assessment results of the fifteen sites,Tabhiée4-7
lists the parameters used to geater these results. The overalicaracy andkappa
coefficient for one site may be required from tests with different combination of
paramet er s, ¢€ablg4-7réfessdorthe pataknéter combination for khppa
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coefficient value of Sample 11 shovimFigure 4-9, the numbers dfype |, type Il errors

and Accuracy for Sample 11 are generated
Table 4-7 Parameters of Mulscale Terrain Filtering method
Sites Width (m) | Detta | K (m) Number Tan Identification
of Levels tolerance

sampll 2.1 0.6 1.6 7 0.4 0.5
sampllk 2.6 0.6 4.0 6 0.7 0.5
sampl2 0.9 0.6 2.0 7 0.7 0.5
samp21l 0.9 0.6 2.0 7 0.7 0.5
samp22 0.9 0.6 2.0 7 0.7 0.5
samp22k 15 0.6 1.6 7 1.2 0.5
samp23 0.9 0.6 2.0 7 1.2 0.5
samp24 0.9 0.6 2.0 7 1.2 0.5
samp31 0.9 0.6 2.0 7 0.7 0.5
samp4l 0.9 0.6 2.0 7 1.8 0.5
samp42 0.9 0.6 2.0 7 0.7 0.5
samp51 0.9 0.6 2.0 7 0.7 0.5
samp51k 2.0 0.6 2.4 7 0.7 0.1
samp52 0.9 0.6 2.0 7 0.7 0.5
samp52k 4.0 0.5 3.0 6 0.7 0.8
samp53 0.9 06 2.0 7 0.7 0.5
samp53k 3.2 15 2.4 7 3.0 0.5
samp54 2.7 0.2 2.4 7 0.4 0.5
samp6l 0.9 0.6 2.0 7 0.7 0.5
samp71 0.9 0.6 2.0 7 0.7 0.5
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Quantitative Assessment

100%
90% +——5——
80% +——p—F——— — 11— — — —
0% ——rH4+— 50—
60% -
50% -
40% -
30% -
20% -
10% -
0% -

m Type | error
m Type Il error
Accuracy Rate

H kappa

Figure 4-9 Type lerrors,type Il errors, Accuracy Rates and Kapcoefficients of the 15
sample sites from ISPRS tested by the proposed MTF method

As shown inFigure 4-9, the average, best, worst values of the accuracy rate are 85%, 96%
and 70% respectively. The standard deviation of theracguwate anétappacoefficient in

fifteen sites are 8% and 25%, which means the overall accuracy is relatively stable while
the kappacoefficient varies depending on the study sikéswever, the parameters in the
proposed MTF method have to be tweakedltain the best results during the finite
number of experiments, and the optimal result is not guaranteed in these expetiments.
order to analysis the performance of the proposed MTF method on different situations, a

series of comparisons are carried asi follows.
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Groups

100%
80% ll(flrog?1 1: Sample 11, 24
60% '
40% —— m Group 2: Sample 12, 21
20% 4t — 22,23,31,42
O% 'J- T T

' Group 3: Sample 51, 52
Type | Typell Accuracy kappa 53 61 71
error  error  Rate T

Figure 4-10Average values dipe |, type Il errors, Accuracy and Kappa sorted by three
groups

Since the fifteen sample sites are divided into thyeeips, a comparison is showm i
Figure 4-10. Group 2 sites shows the lowest errors and highest accuracy rate and kappa
coefficient which means that the MTF method can handle Gisipes better than the

other two groupsthis number is also good enoutghcompare with filters compared by
ISPRS (Sithole and Vosselman, 2003b). The performance of the MTF method onlGroup

is average. However, the performance on Group 3 shows a verkaloppacoefficient
because of the higiype Il errors. Group 3 sitesortain features like sep slope and high
percentage of terrain points. Therefore, the MTF method probably has flaw on process

this type of areas.
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City vs. Forest

100%
80%

60%

40% m City: Sample 11-42

20% J m Forest: Sample 51-71
0% __‘ : : :

Typel Typell Accuracy kappa
error error Rate

Figure 4-11 Average values dfype |, type Il errors, Accuray and Kappa sorted by City
Sites and Forest Sites

The ISPRS data is originally sorted as city sites and forest #iteperformance of the

MTF method on city sites and forest site are showRigmire 4-11. It is obvious that the
performance on city site is better since it has layee |, 1l errors andigher accuracy and
kappa. The siep slope and the dense vegetation coverage might be the reason why the
MTF method has an unsatisfactory result on forest sites.forest sites are basically
overlapping with the Group 3 sites. The higpe Il error is probably from the buildings on

the slope which is a difficultynentioned bySithole and Vosselman, 2003b). It is also the

key to improve the value of th@ppacoefficient.
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Terrain point percentage

100%
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error error Rate

Figure 4-12 Average values diype |, type Il errors, Accuracy and Kappa sorted by
percentage of terrain point

The MTF is based on layering, which is a global analysis of the data height value.
Therefore, the terrain point skKgup4l2showsn o f
the MTF performance based on different terrain point percentage. It seems along with the
growth of the percentage, therans especiallytype I error become higher, while the
accuracy and kappa become lovart it needs to be noticed that there is only one sample
for the terrain point percentage smaller than 40%, and the sample which have higher than
80% terrain points aral in Group 3. Therefore, the uncertainty of this feature still requires

further discussion.
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Average Standard Deviations
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Figure 4-13 Average values of Standard Deviationgygfe |, type Il errors, Accuracy
and Kappa in three typef sortation

In order to know which feature of the data has more influence to the result, the average
standard deviations of the previous three types of sortation are calculated as shown in
Figure 4-13. The chartshows that they are all in the same range of each characteristic;

however the group sortation has the lowest average standard deviation among the three

type of sortation

Total Error
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Figure 4-14Total Errorrateof MTF method and three method tested by ISPRS (&hdo
Chen, 2010)

To compare with the algorithms analyzed by ISPRS, the error rate and avekappaf
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coefficients are showm Figure 4-14 and Figure 4-15 respectively. Unfortunately, the

error rates are the worst of the four comparing method in nine of fifteen sites. However, it

has better resul t s therksasix siko §igikarty,ahe average bfh od i n
kappacoefficients chart shows a 61.2% of the proposed MTF method, which i thfe 6

al |l 9 met hods, only higher thafMefltnay,vi st , B

2009) Therefore, a further improvement of the MTF method is required.

Average ofKappa Coefficients
90% 84.2%
80% - _ 75.3%
700/2 67.3% 67.9%
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Figure 4-15Average of Kappa Coefficients in 15 sites of MTF method and eight method
tested by ISPRS (Meng et. al., 2009)
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4.3.2 Qualitative Analysis

The misidentified terrain points can be interpolated by its neighborse armibffterrain

point thatis misidentifiedas terrain point willead to an inaccuracy of the interpolated

DTM. Furthermore, thehanging of most parameters in the proposed method will lead to

a tradeoff betweentype | error andtype Il error ((Sitholeand Vosselman, 2003b), and

will be further analyzed in Sectiof.4). Therefore,the proposednethod focuse®n
minimizing the type | error. However, in some sites
percentagethe minimizing of thetype Il error will lead to a big drop dhe total accuracy

because othe decrease of thgype | error Therefore, the total accuracy is the first
consideration in these siteBhe type |, type Il error rates and the total accuraaye of

each site can be seenFigure 4-9.

The most errors happens where difficulties exsitstype offiltering difficulties listed in
Section2.3 (Sithole and Vosselnma 2003b)). Thessaix difficulties will be separately
discussed based on the visualized croasric image in the following paragraphshe

visualizedimages for the fifteen samples aisplayedn Figure 4-16.
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Sample 53

Figure 4-16 Visualized crossmatrices of study sitegach image is displayed at a unique

scale.

(1) Steep Slopes

Samples 11, 51, 52 contain steep sloptmytype Il errors can be seen timeseimages,

especially on Sample 11. This is becausesteep slope will me theterrain points
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distributedall across the horizontal axiis the height histogram of the sites as shown in
Figure 4-17. The layers generated frorhi$ type of histograntan hardly be used to

divide terrain ad off-terrain points.Since the entire sample 11 is on a steep slope, the
errors are all over the place. The steep slope on sample 51 is just a strip in the center, thus

the errors are mainly located on that sagshown irFigure 4-18.
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Figure 4-17 Height Histogram of Sample 11
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Terrain Folnt

301.66m ® Off—terrain Point
® Type I error
252 28m ® Tvpe II error

Terrain Foint
404.08M o gff terrain Point
® Type I error

205 25m ® Tvpe II error
(a) All points onSample 11 (b) All points onSample 51

Figure 4-18 Steep slopgon Samples 11 and 51

(2) Discontinuities

Discontinuities happen in samples 22, 23 and 53. The total accuracy of the samples 22
and 23 is around 90% while the kappa coefficients are around 80%, which are good
results. Thaype lerror is around 15% on sample 23, and it becomes more significant 49%
when comes to sample 5Bhese errors are from the sharp ridges or vaklesyshown in

Figure 4-19. This is probably becausthe same reason as the steep slopes. Actaally
steep slopecan be viewed as a big discontinuity, andsitclassified as a type of
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discontinuitiesby Sithole and Vosselman (2003bjowever thetype | error looks more

significant is probably because themmber of offterrain points is relatively small (there

are 32989 terrain points and 1389-&frain points in sample 53).

331.04m Terrain Foint
# Off-terrain Point
® Tvpe I error
251.82m ® Tvpe II error

Figure 4-19 Type lerrors happens whered ridges or valleys are.

(3) Bridges

As shown inFigure 4-20, most points on the bridges are identified asteffain objects.
However, there are somgpe Il errors atthe beginning or endf the bridges, which is
similar as some method tested by Sithole and Vosselman (2003b). The reason of this is
thatthe bridgeausually smoothly start from the bare earth, while begins and @rntie
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bridgesare very close to the terrain.
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Sample 21 Sample7l
Figure 4-20 Bridgeson samples 21 and 71

(4) Complex Scenes

Samples 11, 22, and 23 aregadascomplex scenes by Sithole and Vosselman (2003b).
Especially sample 23, a plaza contain structures like gides of buildings in different
shapes, pathway between buildings to the road, stairs from plaza to the road, and even a
sunken arcade in the center. The defininbthe bare earthereis under theequirement

of the availability to walk with no obstration (Sithole and Vosselman, 2003l

samples here have been analyzed in previous filtering difficulties. The results of sample
11 need to be improved, while the results of Samples 22 and 23 are good. Therefore, the

proposed method can handle the carmcenes on flat terrain surfagell, but cannot
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provide a high accuracy result on steep slope areas.

(5) Ouitliers

Samples 31 and 41 contain outliers. If it is a low outlier on the teadawtype lerrors

will be generated around it. Usually only smalimber of outliers can be seen on the data,
thusthe accuracy ratwill not decreasesignificantly because of the outlierslowever,

they can be removed by the small group of point removal function of the proposed

method.

(6) Vegetation on slopes

Samples 51 ah52 are two examples with vegetation on steep sldpesample 51, the

steep slope and vegetation are mixed togefieecan be seemiFigure 4-21, thetype |

errors on the steep slope are generated from thetatton. Thestype Il errors can be
removed by tweaking the parameters. However, this will sacrificéytiee | errors rate
instead. This problem happens in some of the filters compared by Sithole and Vosselman

(2003Db) as well.
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(c) all vegetation removed

(b) Moretype lerrors

(a) Moretype Il errors

Terrain Foint
® Off+terrain Point

® Tyvpe I error

Figure 4-21 Tradeoff betweetype lerrors andype i

errorson sample 51

# Tvpe II error

To conclude,n all the six difficulties listed above, steep slofdiscontinuities) is the

hardest one to get a high accuracy rate for the proposed MTF method. Rekatiad
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4.3.3 Results of Other Sites

As previous mentione(Section4.1.1), in order to caonplement some defects of the ISPRS
data, two other da{&ity of Waterloodatafrom Optech and Demo Citjatafrom TopoSys)

sets are tested. These tdataset areevaluated by the samplirggtimation introduced in
Section4.2.2 The identified terrain points results and the accuracy results are compared
betweerthe developed Mukscale Terrain Filtering methahdtwo comparingmethods

(Morphological filter and Adaptive TIN filter named by softw&ieDPAT Version 1.0.

Theexperimentparametersf the proposed Mukscale Terrain Filtering method in each

site are listed iTable 4-8. These parameters combination can produce the lowest average
offsets (error) betweenfexrence DTM and the DTM generated by the proposed method on
sampling points during all experiments. The parameters tested in the two comparing

method are listed imable 4-9 andTable 4-10.

Table 4-8 Parameters of Mukscale Terrain Filtering method

Parameter Site A | Site B| Site C| Site D | Site E| Demo City
Width Im Im 1m Im 1Im 1m
Del 0.6 0.4 0.4 0.6 0.6 0.6
Min Layer 50 50 50 50 50 50
Min Cell - 100 100 100 100 1000
K 2m 2m 2m 2m 2m 2m
Level num 5 5 4 5 6 6
Tand - 1 1 1 1 1
Identification tolerancg - 0.3 0.5 0.3 0.5 0.5
Classification toleranc¢ 1 1 1 1 1 1
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Table 4-9 Parameters of Morphological filter

Parameter Value
Cell Size 2.00m
Slope 0.08
Init Threstold 0.60m
Max Threshold 9999.00m
Window Base 2.00m
Power Increment 1.00m
Window Series Length 8m
Init Radius 1.00m
Window Series 1,2,4,8,16,32,64,128
Threshold Series 0.60,1.60, 2.
Result Mode Terrain
Data Mode Real
Min WndSize 1m
Direction XandY

Table 4-10 Parameters of Adaptive TIN filter

Parameter Value
Cell Size 2.00m

Z Difference 0.20m

Angle Threshold 0.00
Init TriGrid Size 100.00m
Tile X Width 200.00m
Tile Y Height 200.00m
Tile Buffer 20.00m

The identified terrain points resultdtained by two comparison methods (Morphological
filter and Adaptive TIN filter) and the developed Mwdtale Terrain Filtering method on

two LiDAR dataset are showmi Figure 4-22.
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Figure 4-22 Comparison of terrain points result Images generatéd Ty method
Morphological filter, and Adaptive TIN filter
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The identification results obtaindxy the threemethods show the advantage of each one.
However allthree methodeave somelefects The result usinghe morphological filter is
missingthewhole section of the terrain points in some area probably due to the setting of
the threshold. Adaptive TIN filteperformed better than the other two in most cases,
while the terrain points in sontargerectangular area are missimgSite B and theSite £

The proposed method generatisgme unexpected small empty rectangleaused by
some low outliersn the wrongly identified areaThe performanceof layeringbecomes
lower when handling a large area as showhigure 4-22 Site F(entireDemo City data).

This is because in a large area with many types of objects ntireedpints of the objects

and the terrain cannot be divided clearly on the height histogram.

Figure 4-22 shows the identified terrain point&/hich are intermediateresuls of the

whole process The final interpoldion will make theDTMs coveed the whole area.

Table 4-11 shows the evaluatio results(average errors, standard deviations, and the
worst errorspf the DTMsgenerated by thproposed methodnd two comparing mieod

The best results among the three methods for each criterion are highlighted. Except the
processing time, the proposed method has six best results in all 18 results, while the
morphological filter has seven and adaptive TIN has five. However, thé¢ nesoibers of

the three methodare similar Furthermore, the evaluation resuity proposed method in

Site D, E are obviously better thdihe two comparinglters. But it fails in processing the
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entire TopoSys Demo City data whittte reasomas been disssedoreviously

Table 4-11 Evaluation Resulten six sites generated by three methods

Number of o Developed | Morphological | Adaptive TIN
Points Criteria Method filter filter
Site A processing time 0.9s 5s 15s

Average offset (m) -0.237 0.148 0.105
87640 STDEV of offset (m) 0.819 0.639 0.689
Worst error (m) -4.273 3.247 3.360
Site B processing time 1.3s 11s 27s
Average offset (m) 0.445 0.569 0.656
132697 STDEV of offset (m) 1.096 0.907 0.916
Worst error(m) -3.810 2.742 2.813
Site C processing time 0.7s 4s 21s
Average offset (m) -0.593 -0.506 -0.495
84732 STDEV of offset (m) 1.008 0.987 0.959
Worst error (m) -3.168 -2.991 -2.667
Site D processing time 1s 3s 3s
Average offset (m) 0.005 0.018 0.034
89411 STDEV of offset (m) 0.080 0.105 0.335
Worst error (m) -0.579 -0.643 -0.915
Site E processing time 1l.4s 6s 5s
Average offset (m) -0.092 -0.336 0.061
135016 STDEV of offset (m) 0.170 0.630 0.210
Worst error (m) -0.969 -2.936 -1.514
Site F processing time 26.8s 100s 240s
Average offset (m) -0.159 0.032 0.355
2738623 STDEV of offset (m) 0.502 0.390 0.826
Worst error (m) -3.709 -3.704 4.314

As can be seenTable 4-11 also presents the processimge of each methodA great
amount of datas usedin the field of geological information processing. The processing
time is an important role irthe transferof the lab work to the real world commercial
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applications. In this aspedhanks to the terraip oi nt 6s i denti ficat.
method is based on the comparison between the layers numbdvkjltirecale Terrain
Filtering method will consume less processing time than the other two methods. For
examplefor the experiment oSite C, the consumd time forthe proposed method is 0.7
secong while the morphological filter and adaptive TIN filter took 4 seconds and 21
seconds, respectively to complete the same identification task. The prdypoisiedcale

Terrain Filteringmethod generally cost Igshan one third ahetime compared with the
morphological filtes cost and even less thatte adaptive TIN filter, while the

identification results and the evaluation results were similar as the other two methods.

In conclusion, the proposed Mulicak Terrain Filtering (MTF) method can identify
terrain points in flat terrain areas with around 90% total accuracy. This accuracy rate drops
when handling steep slope (discontinuities) areas. The averkgppzicoefficients of the
proposed methods tested fifteen ISPRS sample sites is 61.2%, which is higher than three
methods tested by ISPRS, but lower than the other five. The proposed method can solve or
partially solve the difficulties like bridge, complex scenes, outliers and vegetation.
However, wheaver the test sites contain steep slopes, the result and performance becomes
lower. The compliment tests show that the proposed method has difficulties in processing
very large data as well. The good thing is the processing time is promising compdreng to t
other two methods.
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The proposed method is developed on C# by Visual Studio 2068 morphological
filter and adaptive TIN filter compared in this research are included iPALRPAT
Version 1.0, which was developed by the International Hurricane R&s&enter,
Florida International University in 2007The final IDW interpolation and accuracy
evaluationare process on ArcGIS 10The processor of the computer is equipped with

Intel Core2 Duo CPU T5800 @ 2.00 GHz and 4 GB RAM.

4.4 Sensitivity Analysisof the Parameters

As previous experiments demonstrated, the test seswé based on theepeated
experiments and the adjusting of the parameters. Therefore, choosing the parameters is
critical to achieve a result with higher accuracy. And the sensitiviyeoparameters, i.e.
howthe changing of the paramet@rfuences thenethod outpytwill be a serious topic to

discuss in the following section.

Thereare nine parameters involved rposed methqgdheyareWidth,Delta, Min Layer,

Min Cell, K,NumberofLevels Tand, | denti fication tolerance
Parameter$VidthandDeltaare twov e r y  fpardmetsrewhich decide how the layers

will be generatedogether; thereforéney will be discussed in a group. Other parameter

will be discussed separateBased orthe previousintroducedanalysis method and the

experiment results, he sensitivity of the proposeMTF method is analyzed by
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parameters as follows.

The following discussion is tweaking one parameter each time. Duringassiisn of
one parameter, the other parameters will keep the same. The setting of the other

parameters can be foundTable 4-7.

4.4.1 Width and Delta

Width and Delta (percentage) are two parameters which are used in the generation of
layers.Width is used to define the unit height differencehe generatn of the height

histogram When Width becomes larger and larger, usually there will be fewer layers

generated.
100% 100%
—_— -
80% 80U ————
60% 60% -—
40% 40% -—
20% =\— 20%
e \\ S
0% T T T T T T T 1 1 1 0% A T T T T T T T T T 1
N © ~ 0 O a4 N M <
c 6 6 & o A d o4d 4 49 1 11 21 31 415161 7181091
Width(m) Width(m)
—ACCLIFBCY = tyne | error type llerror
(a) Width: 0.5 ~1.5m (b) Width: 0.1 ~ 100 m

Figure 4-23 Width changes idlifferent ranges (&mnple 21)

Theoretically, the range of parameWidthcan be any number between vertical precision
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Terrain Point
® Off-terrain Point
® Tvpe I error
#® Type II error

Width = 10
Figure 4-24 Visualized crossnatrix with differentWidthvalue

Delta defines the percentage thresholdéparate thhistogram into differenfayers The

layer generation is based on comparing the number of points between adjacent height units.
If differenceof the numbes of pointsbetweertwo neighbomnits of the histograrns over

the givenDelta, theborder of the two units will become thigorderof two layers.If the
difference isunderthe Delta percentage, the two units will be grouped into same layer.
This parameter will affect the number of layers as well. When it getting larger, the required
difference is largerand harder to reaclthereforefewer layers will be generated@he
extreme situation is same A&dth, the requirement is too hard to generate two layers, and

all points will be identified as terrain point.

However in the certain range oftlesting, the stability is related to the number of terrain
points and ofterrain pointsAs shown irFigure 4-25 (a), in the situation that the number
of terrain points is similar to the eférrain points, theensitivity ofDeltais high, while it
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become more stable when the difference betwi#ennumbers are big as showrFigure
100%

4-25 (b). Because then theeltais relatively small to make the two grapf points ino
the same layer, which céead to the correct layer separation of two types of points.
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points
Therefore, the proposed layering method works more stable in the situation like sample



21. The tradeoff of the type | error andtype Il error is also noticeable and happens in
most of the experimental sites, which means the changing of the parameters will affect

bothtype landtype Il errors.

4.4.2 Unit Cell Size: K

K is theunit cell size, as well as tlsde length of a cell of thirst level,andcell sizes of
every pyramid level are calculated Kyand itsNumber of LevelsThe influence of a low

point is decided b andNumber of Levels

As shown inFigure 4-26, type lerrorsdecline sharply fromleost 100% to less than 10%
whenK reaches thpointsresolution (average distance between poiBstausef the unit
cell size is K smaller than the resolution, there will be many empty cells in the bottom level

which are going to be interpolated by tbe point,this will lead to a higtlype lerror rate.

But normally, wherK increases, there will be more points in a cell of the bottom pyramid
level. Since the last turn of identification and interpolation is performed in the bottom level,
no further dentification will be processed inside its cells. Therefore, the increake of
(whenK is higher than the resolution) will lead to the growingypk Ierror, which means
more terrain points will be wrongly identified as-tdfrain pointsThe fast incrase in
Figure 4-26 (a) happens when the unit celllssgerthan the short edge of the building.

However this will also reduce thgpe Il error.
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(a) resdution: 0.99m(Sample 31) (b) resolution: 2.43niSample 53)
Figure 4-26 Type lerrors are relatively highlgffected byK

As canbesea from Figure 4-26, type Il error isalmost notffected by the changing &t
(The initial sharp increase vfpe Il error inFigure 4-26(b) is because almost every point
is identified as ofterrain points whek is close to zeroAnd the hidp type Il error rate in
Figure 4-26(b) is a problem when the proposed MTF method handling steep slopdtdata.
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slowly declines along with the increasekof

To conclude, the change Kfwill influence type | errar more thartype Il error, and the
sensitivity is low wherK is higher than theataresolution and smaller thahe size of the

building.

4.4.3 Number of Levels

Numberof Levelsdefines the number of rasterized pyramid levels to be generated in the
multi-scaleterrain filtering process. Since the developed method is basically processing the
data ineachdivided cells separately, this parameter determine the range of the biggest
processing area which sharikgsame lowest reference poifithe increasing of the
Number ofLevelswill lead toa decline of the number of cells in the top level, bigger

influencearea of the lowest points ithese cells

According to the experiments results, the paraniétenber of_evelsis very stable in 14

of all 15 samples. Nmatter what is the number of the type | or type Il error rate, they
almost stay the san{éhe difference between highest and lowest rate is usually less than
1 %.)when theNumber ot evelss bigger than 4 or 5. As shownHigure 4-27 (a),type |

error rate declines a little along with the increasing of the Number of Levels if it is smaller
than 4 Because if there are only a few levels, theteffain points have more chance to be

included as the lowest point$the top level.
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(c) Visualized Cros#atric of Sample 11
Figure 4-27 Sensitivity ofNumberof Levelsis low

A special case for the stability of théumber of Leveldhappens in Sample 1An
explanaton is that this sample is on a&sp slope, the points are evenly distributed in
every height histogram, and is hard tocorrectly layerthe data. It also has similar
number of terrain and oferrain points, which make the identification even harder by the

proposed method.
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4.4.4 Slope Gradient:Ta n d

This parameter is used am additional verification of the orterrain verdict after the
comparison of the layer number&s shown inFigure 4-28, the T a nrefpresents a

threshold to determine the acceptabitifyan identifying point.

identifiing Point

* Off-terrain Point

* Reference Point

Figure 4-28Ta n d

It is obvious that when thE a rbeComes larger, there will be mgreints (restricted to the

points meet the layer number requirement) identified as terraitspdine range of this
parameter is determined by the slope gradient. Usually the slope gradient of the test sites is
from O degree to 45 degree, therefore, the rangesoftah be chosen from 0 to 1. But for

the testing purpose, the experiment rangéanf ds from 0 to 2since the slope gradient is

usually less than 60 degree

As shown inFigure 4-29, the sensitivity ofl a rvafies in different scenarios. Flat terrain
and gentle slope as showrFigure 4-29 (a) and (d) havasimilar situation, which isype
| error drops along with the increaseToa nTdis is because whéina risdoo small, the

requirement is to restrict to accept even real terrain points. Howgperll error rate is
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stable.The difference between flat terrain and gentle slope is that Bffenrehchesa
certainvalue type lerror rate stops dropping in flat terrainTaa nsdhigh enough to cover

most terrain pointsThis value varies in differergites, and it can be very small to be

neglected.
100% 100%
80% ,/ 80%
60% 60% 2
40% -\ 40% +N\»
20% \\, 20% S~
0% +=———— 0% —_——
0.10.20.30.40.50.60.70.80.9 0.1030507091113151719
¢y Cly:
(a) flat terrain(Sample 31) (b) Steep SlopeSample 52
100% 100%
80% - = 80% +——
60% 60%
40% 40%
2096 |2<= 2006 4———
0% +————F———+——— 0% —_—
0.10.30.50.70.91.11.31.51.71.9 0.1 0.2 0.3 0.4 0.5 0.6 0.7 0.8 0.9
¢y ¢y
(c) Flat terrain with low objects (d) Gentle Slopeample 23

(Sample 7}
Figure 4-29 Sensitivityof Tall i n di fferent situati on

When it comes to steep slope as showFigure 4-29 (b), type lerror drops the same as on
gentle slope, whiléype Il error rate increases considerably witla nwhich means the
off-terrain object on the slope is sensitive to this param&tathersituation is flat terrain

110



with low objects as shown iRigure 4-29 (c). Since low objects have a relatively small
difference to the terrain, they aeasy to be wrongly identified as terrain whEm n d
increases, which leads to an unstable stattygefll error. To concludeT a risctable on

flat terrain, and it is sensitive to the steep slope and low objects.

4.4.5 |dentification Tolerance

Identification tolerances defined as the highest acceptalalger difference in terrain
pointso6 identi f iscaleterram filteridgs In thenhggh Iévele(leveisidosei
to the top level), the identifying points and reference point may have a long horizontal
distance. Thus, the terrain points mayé higher layer numbers than the reference points
have. If the identification is always based on the same layer numbeyterrain points

may be dentified as offterrain points, and these wrongly identified points will influence
their neighbaing points in the following identifications as weR.arametetdentification
Toleranceis set to fix this problemThis parameter ispplied asEquation (4-7). The

identification tolerance variesccording to th&lumber ol_evels

Acceptable Layer Number = INT (level number * Identification Tolerance (4-7)

The range selecting of this parameter is based on the number of levels and number of layers
generated. For examplié,7 levels and 20 laysrgeneratedthe Identification Tolerance

should definitely smaller than 20/7. And in the top level, there should at least have two
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layers accepted, which means tentification Toleranceshouldbigger than 27.

m Accuracy Stdev

10% - - mType |l error Stdev

5% - gl i Type Il error Stdev

Figure 4-30 Standard Deviations of overall accuratype landtype Il error rates by
testing differentdentification Toleranceén 15 Samples Sites

Same ad a nthde increase of this parameter will allow more points identified as terrain
points, which leads to a drop type I error and an increase type Il error. However as
shown inFigure 4-30, the sensitivities fddentification Tolerancén different sample sites
varies. For exampleype lerror isquitestable in sample 21, 51 and 54, but in sample 11,

22, and 24 the standard deviationtye | error rate is very hightype Il error also has

stable samples l&ksample 12, 21, 41 etc. and unstable sites such as sample 11, 61 and 71.
Therefore, overall the performance of parameter Identification Tolkeranmfortunately

not reliable. However the change of the results becomes a more visible when tweaking this

paameter.

4.4.6 Other Parameters

There are three more parameters which Bli@imum Layer Minimum Cell and
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Classification ToleranceMinimum Layerand Minimum Cellare used in prprocessing

to eliminate outliers and single poinfBhese two parameters are nopkgd in every
experimental site; they are only appliad tweakedn those sites where the outliers and
single points affect the performance of the proposed method. Thistheafunction of

this parameter is very specific to the certain sites, thezetloe sensitivities analysis are
not gplied to themThe parameteClassification Toleranceoesnot applyin any of the
experimental site, which is only a debug tool in the developing period. Therefore, no

sensitivity analysis applied as well.

For theseparameters, some of them perform very stable in every sample site such as
Number of LeveldMore parameters like unit cell sike slope gradientfard are stable in
certain range of value and certain sample sites. There is only one paraleetiécation

Tolerancewhich is hard to predict the performance.

4.5 Chapter Summary

This chapter gives the results and the analysis of the results of the propalsiescie
Terrain Filtering (MTF) method. Aatasetwith fifteen samples from ISPRS and two
complementlataset are used in the experiments. A crosarices analysis method is used
to estimate the identified terrain points on the ISPRS data, while disgreptimation

method is adopted in analyzing the generated DTMs. The results show that the proposed
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method perform as well as other comparing methods when handling flat terrain or terrain
with gentle slopes. Steep slopes and very large data are two diffiulties of the
proposed method. However, the pregiag time is very fast compared the method
provided bythe software ALDPAT Version 1.0. To evaluate the stability of the results, a
sensitivity analysis is carried out as well, which come to @lasion that the sensitivity

of the result to the parameters are usually stable in certain ranges, but the results are
sensitive to some parameters [R&dth, Delta, cell sizeK, andldentification Tolerance

evenwhen these parameters are in rationagjesn
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Chapter 5.Conclusionrs andRecommendations

This chapter gives the conclusions including the summary of the proposed nrethod

Section5.1 and recommendatisrior thefuture workin Section5.2

5.1 Conclusions

In this thesis, an automatic method has been devetopgeherat®®TM from last return
points ofhigh resolution airborne LIDAR point cloudkata This method is based on a
algorithm calledMulti-scale Terrain Filteng. It achievedgoodresultsin flat terrain areas

in terms of evaluation accuraeyd promising computational efficiency.

Usually filtering and interpolation are the two step$dM generation The difficulties
and researclrequently lie on the filterig of terrain points, especially on the filtering in
complex situation of the study area, such as outliers, complex oljegttation etc. To
overcome these difficultiesseveralmethodswere applied in the proposedapproach
Since most multiple returreeccur in the vegetation area and the edgaeibuildings, he
method utilizes last return to eliminate some vegetation pdimterder to eliminate
outlier and noises, applyinginimum point numbemn cells and layes was motivated by
the facts thathe outlier and noises usually appearthgmselvesAnother fact is that the

fixed filter window size cannot satisfy botlarge building situatiols and big slope
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situatiors. Therefore, the proposed methagbliedMulti-scale Terrain Filteringp handle

compkx objects.

The developedmethod consists of three main steprs the first steppre-processing,
outliers and noise points are eliminatddhe methodseparateghe point clouds into
several layers based on the distribution of ¢hevationvalue of the pmts, and layer
numbersare assigned to the poinfBhe second step is tiMulti-scale Terrain Filtering
Rasterized pyramid levels are generated from the lowest points in each cell. Then a series
of iterative identifications and interpolations are proedds generate a rough DTM. The
identification is comparing the layer numbef the points with the reference points. The
interpolation replacethe layer number and height valeé off-terrain cellsby the
average value dheirneighbos. The last stejis to refine the DTM. The terrain points are
adjusted by comparing witthe nDSM and thenseparated from the original tdaby the
generated rough DTM. Bysing theseidentified terrain points, an IDW interpolation is

processed to produce a final DTM.

To veify the effectiveness of the developed methtwip groups of experiments are
carried out. The firsgroup of tests isising ISPRSdataset with eight study sites and
fifteen samplesISPRS also provided the results of eight existing algorithms for this
daaset The result of the proposed MTF method indicates that it works as well as other

filters in the flat terrain or terrain with gentle slopes. The proposed method can also
116



overcome the difficulties like bridges, complex scenes, outliers and vegetabiaeyveét,

the performance of the proposed method drops very much when handling the steep slope
or discontinuities of the terrain. The total accuracy of the megaonethod can be higher

than 906 in somesampleshowever, it can be as low as around 65% in sinely site.

And the averag&appacoefficientin all fifteen study sitds 61.2%, which is low than

average performance of all tested algorithms.

A UW Campus LiDARdatasetand the TopoSys Demo City data were appliedhe

second group of experimentdhe data cover many different scenarios, for the
convenience of the research, the data were cut into smaller pieces and typical sites such
as campus areas, forest areas, residential areas, and urbarwereaselected. A
comparison between the proposed méthad two existing filters, morphological filter

and adaptive TIN filter, indicates thatentified terrain point images of all the methods
have some missing areas, especially in the entire Demo City data. The missing areas of
the developed method are ulbparound the offterrain points in a rectangular shape,

which had limited effect on the result.

The evaluation resultsf the developed methaoderein the same level as the other two
filters in processing UW campus LIDAR data, and better resudte generatedrom the
Demo Cityexperimentakites A goodresult is achiewvgin an urbarsite andthe average

error, standard deviation, and worst error are 0.5 cm, 8 cm, and 57.855pectively
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Since the comparisoof the layer numberthe identificationis very fast, the calculating
speed of the developed method is three times more than the other two filters. Teig/is a

important factoin transferring the algorithm into commercial applications.

The sensitivity analysis of the parameter of the praghasethod is carried out as well. The
result shows that the variation of most parameters will change the result in a certain range.
Some parameters lidédumber of Leve|slope gradient a rard pretty stable in most study
sites. However, parameters |igdth, Delta, Identification Tolerancéave more influence

to the result. And sensitivity to tligpe | andtype Il error also varies according to each

parameter and feature of the stusites.

Overall, this study has developed a method of generating DTM from airborne LIDAR point
clouds.However, the proposed method has difficulties in processing steep slope area, very
large dataNoticeably, the developed method has aefaspeedwith a similar level of
errorsthanthetwo existing algorithmsBut theresult of theproposed method is not very
stable. Although this study did not retrieve higher accuracy result than some of the existing
algorithms, a global pranalysis of the data (layeghis tested and applied in the proposed
method and generate similar accuracy result as other algorithms in flat terrain. It proves the

utility value of layerfeatureand the feasibility o$tatistical classificatiothe LIDAR data.
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5.2 Recommendations for Fiure Research

The proposed method produagsodresuls in some flat terrain areaslowever, it does
not work perfectly iimany othercasese.g. steep slope, very large data, unimodal height
histogram Therefore,improvements arestill need to be work oro develop a good

algorithm

First, the parameters of easlie are different, which means the DTM generation still
requiresmanualinteraction The adjustment of the parametéssrequired toget better

resuls. However the uncertainty of the parametesmbinations educes the algorithm
robustness, and the sensitivity analysis shows the results are sensitive to some parameters.
Therefore, an automatic generation of the parameters will be a great feature to be
developed in the futureéSome of the paramats can be further analyzed to find the
relation between optimal value and ttataset For example, thanit cell sizeK is

relevant to the point density and the size of the biggegeotiin objects. To change a

layering method might stabilize thesut sensitivityto the parametenidthandDelta

Second in the experiments handling the entire Demo City data, the evaluation result is
not as good a# is in othersubsections of dataséfthis is because in the large image, the
height histogram will regesent a large areandmore points will be countedvhich will

decrease the representativeness of the histogram by mixing too many Ppoisitsill
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eliminate the representativeness of the featurehe image. This means the robustness
of the developedmethodis challenged by dealing with large data and complicated
scenariosAdjusting the parameters bypae-analysis of therend of thedataand dividing

the image ito small pieces to processe two potential approaches to overcome this

problem.

Third, the steep slope problem makes the result of many ISPRS samples hardly acceptable.
The reason of that is the proposed method is based on an assumption that terrain and
off-terrain objects are well separated in the space. The layering method is alsediesig
based on that. Therefore, in order to overcome this filtering difficettyye progressive

densification filter and slope based filtering method can be good reference.

Fourth,besides the reference points generateoh lowest points in cellother eference
points can be generated by usthgintensity data. It should be notdthtpulses reflected
from asphalt surfaces, which are most commonly roads, will &different intensity than
other data. This will allow easy determination of road poi8isce roads are considered
ground points it wouldonsequentlyletermine additional reference ground points based

on the certainty of the road points.

In addition, using the reference layer number to replace the identifiterietin points in
interpoldions will causea problem. The visual rectangulanissing area of the terrain
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point images is a disgy of this problem. Recalculatirthe layers of the data andtifity

theseinterpolated points intanew layer might be a solutido this problem.

In conclusion, based on thdulti-scale Terrain Filteringlgorithm, the developed method
hasprovento be efficient The accuracy is depending on the study sites and the parameter
setting. The modifications listed above;ould be a trial to improvéhe resultof the

developed method.
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