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Abstract

This project investigates the use of triangulations (TINS)o represent and compute
on very large terrains in Geographic Information Systems (S). While grid-based
terrains are highly researched, both in theory and in praate, the exploration of tri-
angulated terrains has been mostly theoretical. We study thproblem of simplifying
a terrain into a TIN that approximates it within a speci ed error threshold. Our
main contribution is an 1/0-e cient terrain simpli cation algorithm that converts
grids into TINs. We present an implementation of our algorthm and analyze its
performance and scalability to large datasets. We port thelgorithm into the open
source GIS package GRASS for use and experimentation by thdSGcommunity.
This is the rst grid simpli cation system that incorporate s theoretical and practical
applications on triangulated terrains while maintaining salability. Finally, we show
how to extend our algorithm to simplify arbitrary point-data, and explain how this

will be useful for processing LIDAR data.
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Chapter 1

Introduction

The study of Geographic Information Systems (GIS) is becong increasingly impor-
tant to the computer science community due in part to the inogase in availability
of data and the need for more e cient computations on this digized data. Un-
precedented quantities of data are available from numerogsurces, such as the U.S.
Geological Survey (USGS) web-site [2] and the NASA EOS praje[l]. The avail-
ability of this data is largely due to remote sensing projestsuch as NASA's shuttle
radar topography mission (SRTM), which mapped 80% of the E#r's land mass at
30 meter resolution amounting to roughly 10 terabytes of dat[18]. SRTM, USGS

and other sites provide free access to terabytes worth of dat

Much work has been done in GIS with fast computations on modsely sized
datasets, however, as terrain data becomes more availabkehégher resolutions we
nd that many of these algorithms do not scale. This is beca@swhile they make
e cient use of the CPU, they are typically designed with the asumption that all data
being processed can t into memory. Since this assumption de not hold for massive
datasets, data needs to be swapped between the hard-disk amémory as needed
by the algorithm. This operation can be extremely time integive if not planned for.
Research in the area of I/O-e cient algorithms has shown thadesigning algorithms
that make e cient use of the memory/disk transfers can signcantly reduce the

running time on massive data sets.



1.1 Outline of the Paper

This paper will rst provide a thorough background for the theoretical basis of our
project in Chapter 2. Concepts and terminology will be intrduced for terrain mod-
eling, ow modeling, and the I/O model in this section. We wil then discuss the
details our implementation of TIN simpli cation in Chapter 3. In Chapter 4, we
will present details of our implementation of TIN traversaland how we modify the
theoretical algorithm to work in practice. Next, we presentan empirical analysis of
our I/O-e cient algorithm in Chapter 5 by comparing its perf ormance under various
constraints. Finally in Chapter 6 we propose methods for ownodeling on TINs and

discuss areas for future work.



Chapter 2

Background

2.1 Terrain Models

While there is data available on many di erent features of terain, the most preva-
lent is elevation data. These elevations are represented andigital elevation model
(DEM) which is a continuous function in two variables such that z = f (x;y). In this
function, x and y typically correspond to longitude and latitude respectiviy, and z
most often represents elevation though it can also represesther features. DEMs
can be used to model geomorphological, hydrological, andolmgical processes on
terrains like, sediment ow, erosion potential, soil watercontent, and plant species
distribution [17].

Elevation data can be modeled by one of four representatigrntour lines grids
(rasters), triangulated irregular networks(TINS), or point samples see Figure 2.1. A
contour line is typically represented by a sequence of;fy) values that are connected

to form a polygon at a given elevation. The contour line modat then a collection

( Reios
O O O

) O

(a) Contour lines. (b) Grid or raster. (c) TIN. (d) Sample points.

Figure 2.1 : Examples of DEM representations.



of contour lines at various elevations over the terrain. Wl contour lines are very
useful for importing data from paper maps and displaying a tlee-dimensional terrain
on a two-dimensional map, they do not lend themselves to ajqtions that we are

concerned with, and are outside the scope of this project.

Grids, which are the most common representation to date, cabe de ned as
a uniform tessellation of square cells over a terrain whereah cell possesses one
elevation value. Using this model one can extract the heiglait any given point from

the elevation value of the surrounding square.

TINs are a common way to represent a terrain with the benet tlat they do
not need a xed resolution. A TIN is a triangulation which is a non-uniform and
non-overlapping tessellation of triangles over a surfacege Section 2.4 for a formal
de nition. There are various properties that can be maintaned in the construction of
a triangulation. The most commonly used triangulation is tle Delaunay triangulation
(DT); the Delaunay triangulation enforces the desirable mperty that the triangles
are fatter which makes for better formed triangulations [ZR2 Refer to Figure 5.7 for
a visual example.

Another representation of a DEM is a point sample. This strucre is simply a
set of (X;y; z) values that are not necessarily uniformly distributed ovethe terrain.
Data of this form is usually converted into another form for omputations as it is not

particularly useful in its unorganized state.

2.2 Comparison of Terrain Models

Grids are the most commonly used format for elevation modetsnce they are sim-
ple in structure and are readily available in this form from emote sensing devices.
Furthermore, grid data is relatively easier to write algothms for since grids have

a xed resolution which can easily be stored in an indexableata structure like an

4
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(a) Contours. (b) Grid. (c) TIN.

Figure 2.2 : (a) Contours of a relatively at area. (b) Grid representaion with 80
cells. (c) TIN representation with 11 points and 12 triangls.

array. This xed size property is also a disadvantage sincenéy over-represent at
areas, and under-represent varied terrains. This is to sapdt grids cannot adapt to

the variation of terrains due to their uniform nature.

TINs are in many ways the antithesis of grids. They are much me complicated
to implement and query; however, they are capable of repregmg the same terrain
as a grid with fewer points. TINs are able to represent terras with fewer points since
they only store the bounding points for at areas and can prade higher resolution
in areas with varied elevation. Figure 2.2 gives a more comte example for how
TINs can represent at areas with fewer points. For the givercontour which could
be a lake for example, the grid representation stores 80 edéon points while the
TIN only need to store the 11 boundary points of the lake and'& bounding box.

This ability for TINs to use fewer points to represent a terran comes with the
trade-o that TINs take up more space per point since they aldsact more about the
terrain. Further advantages and disadvantages of variousEM representations can

be found in [21, 17].



2.3 Data Origins

Although we have mentioned how DEMs can be represented, itimportant to know
where the data is coming from originally and what implicatios that has on selecting
a representation. The rst form of elevation data, before tk use of computers, was
gathered by hand and drawn into contour lines on maps. From ghcontour lines one
could interpolate the elevation at a given point in the map wh a marginal accuracy
that was very much dependent on scale. When this data was bgidligitized for GIS

applications, the obvious choice for representation wasédhcontour line model.

With the more recent release of remote sensing data by NASA @aiUSGS, the
preferred representation became grids. As noted above,ghwas partially due to the
fact that this was how the data was coming in from the satellds and also due to
simplicity.

A third and increasingly popular method for collecting veryhigh resolution data
is through the use of airplanes that map out the terrain in a fonat called LIDAR
(LIght Detection And Ranging). This data arrives as a point ample of the form
(X;y; z) with no particular structure. While LIDAR data can be transformed into a
grid form, a TIN would be a much more accurate and likely more @ent means of
representation since they can guarantee accuracy withouhé need for super uous

data points.

2.4 Delaunay and Voronoi Properties

Before we talk about building a triangulation from a grid we eed to de ne some
terms and properties that we use in our triangulations. We Widiscuss the Delaunay
property, a common convention used to create well formed &émgles and we will

present a de nition for a Voronoi diagram and discuss how thaelates to a Delaunay



(a) Convex. (b) Not convey. (c) Convex hull.

Figure 2.3 : (a) Example of a convex polygon. (b) Example of a polygon that
IS not convex because a line can be drawn between two pointsigrhis not entirely
inside the polygon. (c) Example of a convex hull of a set of pus.

triangulation.

2.4.1 De nition of a Triangulation

Consider a point setS  R2. A set S is calledconvexif for every pair of pointsp; qin
S, the line segmentpqis completely contained inS, see Figure 2.3(a,b). Theeonvex
hull of S is the smallest convex set containin. Intuitively, it is the shape taken by
a rubber band that has been stretched around the s& and released to conform to
the outermost points inS, see Figure 2.3(c). Atriangulation of a set of pointsS is
then de ned as a set of line segments whose endpoints areSnwhich only intersect

each other at endpoints, and which partition the convex hulbf S into triangles.

2.4.2 Delaunay Triangulation

There are many triangulations for a point setS. The most commonly used is De-
launay triangulation (DT). We can de ne a Delaunay triangleusing the circumcircle
claim as follows: LetS R? be a nite and in general position, and leta;b;c2 S

be three points. Thenabcis locally Delaunay if and only if the circumcircle ofabc

does not contain any other points inS. This property becomes more clear looking at



(a) Delaunay. (b) Not Delaunay. (c) Edge Swap.

Figure 2.4 : Circumcircle Property. (a) Example of a Delaunay triangle (b) Exam-
ple of a triangle that is not Delaunay. (c) Example of an edgensap to x the triangle
in (b).

Figure 2.4. As seen in Figure 2.4(a), the circumcircle to tingleabcdoes not contain
any other vertices therefore it islocally Delaunay. In Figure 2.4(b) we see thatbc
is not locally Delaunay becausg lies inside its circumcircle. A triangulationS is a

Delaunay triangulation if all its triangles are locally Delaunay.

Given a point setS of n points in the plane, there are several known algorithms
that build a Delaunay triangulation in O(nlogn) time. One of them is randomized
incremental construction (RIC) [6]. The basic idea in RIC ido start from a set S
and build a Delaunay triangulation D by adding points one at a time and enforcing
that all triangles are locally Delaunay. De neS; = fX;y; z;ps1; p2; ::; pg and let D; be
the Delaunay triangulation of S;. Dy is made up of one trianglexyz which contains
all other points, that is to say that xyz is the convex hull ofS. For each pointp; in
S, locate the triangler; ; in D; ; which contains the pointp;. Then addp; to D by
splitting the triangle that contains it (r; ;) into two or three triangles, see Figure 2.5
for the two cases. If an added triangle is not locally Delaugathen an edge ip is
performed. As seen in Figure 2.4(c), we can ip the internaldge to the quadrilateral
abcysuch that we have two new trianglesaby and acy. Since this swap may a ect

other triangles in the triangulation we will need to verify that the new triangles are
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(a) Adding a Vertex. (b) Adding Collinear Vertex.

Figure 2.5 : Examples of adding a point to a triangulation. (a) Example badding
a vertex which lies inside the triangle. (b) Example of addip a vertex to a vertex on
the edge of the triangle (the collinear/degenerate case).

for i=1to ndo
nd ri ;2 D; 1 containing p
add p; by splitting r; 1 into two or three
while 9ab not locally Delaunay
ip bcto other diagonal ay

endwhile
endfor

Figure 2.6 : Randomized Incremental Re nement

Delaunay. If they are Delaunay then we can stop checking. Ifobhthen we continue

to swap and check until all new triangles are Delaunay, seedtire 2.6.

It can be shown that this algorithm runs in O(n logn) worst-case. To analyze its
running time one can break up the algorithms into two parts;dcating a point in the
Delaunay triangulation and maintaining Delaunay for that pint. Finding a single
point takes O(logn) using a point location structure [3], so it will takeO(n logn) to
locate all points in the Delaunay triangulation. Then it canbe proved that there are
at most 3n ips needed to maintain Delaunay onn points [6], so it will take O(n) to
maintain Delaunay since each ip takes constant time. Thushe overall runtime is

O(nlogn) + O(n) = O(nlogn).



(a) Voronoi region of p. (b) Voronoi - Delaunay.

Figure 2.7 : Voronoi Regions. (a) Example of the Voronoi region for p. (Example
of a dual diagram which displays the relationship between édotted Voronoi edges
and the solid Delaunay edges.

2.4.3 Voronoi Diagrams

Like Delaunay triangulations, Voronoi diagrams are also esl to spatially segment a
set of points. In a Voronoi diagram, each vertex has a surrodimg cell or Voronoi
region. This region can be de ned as follows. Le8 R? be a set ofn points. The
Voronoi region ofp 2 S is the set of pointsx 2 R? that are at least as close tg as to
any other point in S. As we can see in Figure 2.7(a), the boundaries of the Voronoi
edges are equidistant tq and their other respective nearest point. That is to say
that any point inside this polygon is closer top than any other point in the set of
points S.

The Delaunay triangulation and Voronoi diagram of a point seare dual to each
other. That is, it can be shown that a Delaunay triangulationis formed from a
Voronoi diagram by connecting pointsp;q2 S if and only if their Voronoi regions

intersect along a common line segment (refer to Figure 2.73fb

10



2.5 TIN Conversion and Simpli cation

In GIS applications it is common to need to convert one terrairepresentation model
to another and to reduce the number of points in the represestion of a terrain.
This process is known agerrain simplication . Let S be a set of sample points
of a terrain and DT(S) be the Delaunay triangulation of thex;y projection of S.
The goal of terrain simpli cation is to nd a subset Q of S which, when triangulated,
approximatesS within a desired error . That is, the distance betweers and DT(Q),
d(S,DT(Q)), should be less then. We de ne d(S,DT(Q)) = max p.sf d(S,DT(Q)) g,
that is, the di erence between the original set oS and the new setQ is equal to the
error of the point in S that has the greatest distance from the Delaunay trianguladn
Q. The most commonly used distance is the vertical distance taeen the point p
and the interpolated approximation of DT(Q) at that point (refer to Figure 2.8).
There are a variety of methods for terrain simpli cation. Wewill just mention
two of the most common methods; Heller'se nement heuristic [11] and Lee's Drop
Heuristic also known aglecimation [13, 14]. Both methods not only allow the grid to
be converted into a TIN but they also allow the terrain to be snpli ed by removing
points that don't add some level of accuracy to the represeaion. This threshold
for accuracy orerror determines how much di erence will be allowed between the

original grid and the simpli ed TIN.

25.1 Re nement

The re nement approach starts with a set of points? and an initial set S containing
only the corner vertices ofP. From these four points we create a Delaunay trian-
gulation with two triangles, DT(S) where each triangle has a list of points which lie
on or in its x;y plane (see Figure 3.1). All points will lie in precisely onefdhe two

initial triangles. We go through P and for everyp 2 P we nd which of the current

11
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Figure 2.8 : Interpolating P on abcproducesPQ The error of P = jP  POj[11].

triangles in DT(S) contains p. The error for each point is computed and a pointer
to the vertex with the highest error is stored by the triangle The error of a point P
inside triangle abcis de ned as the vertical distance betwee® and the interpolated

point POon triangle abg refer to Figure 2.8.

The Re nement algorithm then nds the point with the largest error and adds
it to the triangulation S maintaining the Delaunay property if and only if the error
is greater than some given parameter. When adding a pointp to S we remove
the existing triangle containing p and add either two or three triangles depending
on whether or notp is on an edge (see Figure 2.5). Once the triangles are added,
re nement continues the loop on the point with the next largst error. If there are no
more points with error greater than then re nement is done. The overall algorithm

is outlined in Figure 2.9.

2.5.2 Decimation

The decimation method for TIN simpli cation is the reverse of re nement: instead
of adding points to the initial TIN, decimation takes the input points and builds a
TIN where every point is included in the TIN (see Figure 2.10)Then each vertexv

of the TIN is temporarily removed from the TIN and the verticd distance between

12



1. Let P be the set of midpoints of grid cells, with their elevation vdue. Take the four
corner points and remove them fromP, and put them in a set S under construction.

2. Compute the Delaunay triangulation DT(S) of S.

3. Determine for all points in P in which triangle of DT( S) they fall. For points on
edges we can choose either one. Store with each triangle of DS) a list of the points
of P that lie in it.

4. If all points of p are approximated with error at most by the current TIN then the
TIN is accepted and the algorithm stops. Otherwise, take thepoint with maximum
approximation error, remove it from P and add it to S. Repeat from step 2.

Figure 2.9 : Re nement: Heller's Heuristic [13, 14]

Figure 2.10 : Example of initializing a TIN from a grid in decimation.

the removed vertex and the simpli ed terrain is computed. Ifthe distance is less
than a given error , then the point is removed from the TIN permanently and the
heuristic progresses on to the next vertex. Otherwise, thatertex is put back into

the triangulation and the heuristic moves on to another vegx.

In either method, if is zero then all of the input points will be included in
the triangulation. If is greater than zero then the TIN will have fewer points in
atter areas where di erence in vertical distance is low. Itcan be shown that both
algorithms run in O(nlogn) average time wheren is the number of points being
considered for the triangulation [21]. Note that decimatin will run relatively faster

than re nement when the desired error margin is low because decimation will have

13



1. For each vertexv in the TIN:

Temporarily remove v.
Compute the Delaunay triangulation of the appearing polygm.
Determine the vertical distance error (v) of v to the new TIN.

Store error (v) for each vertex v sorted in a balanced binary treeT . At each node of]
T storing someerror (v), store a pointer to the vertex v in the TIN. At v we store 4
pointer back to the corresponding node inT .

2. Consider the node with smallesterror (v) in T. If it is greater than the prespecifed
maximum error, the algorithm stops. Otherwise it proceeds with the next step.

3. Remove the node storing the smalleserror (v) from T. Remove the corresponding
vertex v. from the TIN structure. Let wy;::;;w; be the vertices adjacent tov. Re-
triangulate the polygon de ned by wy;::;;w; using the Delaunay triangulation.

4. For every vertex w; 2 f wyq; L WO

Remove the node that storeserror (w;) from T.

Recompute the vertical distance to the terrain if w; were removed as we did in
the rst step.

Insert the new error (w;) in T.

Continue at step 2.

Figure 2.11 : Decimation: Lee's Drop Heuristic [21]

to make far fewer changes to its initial TIN. Likewise, re nenent will be faster than
decimation where is large since there will be fewer points to add. The one major
di erence between the two is that decimation cannot guaramte that all points in the
nal TIN have errors smaller than where re nement can. This is because points in
the decimation process are removed based their error givey feeighboring triangle's
vertices. However, later one of these neighboring trianglenay be removed which

may increase the error above.

14



L

Figure 2.12 : D8 ow modeling on grids.

2.6 Flow Modeling

One of the most important processes that can be simulated onCEM is water ow.
The basic question is where does water go if it rains? What atiee areas susceptible
to ooding? What is the drainage network and watershed (areaf a drainage that
ows to the same point) for a given point in the terrain? All these questions and

many others can be answered by modeling ow.

Flow can be modeled using two basic parametergw direction and ow accu-
mulation. Assuming that water ows uniformly over a terrain and that water ows
downhill, the ow direction at a given point represents the drection that water ows
at that point. Flow accumulation of that point then represeris how much water ows
through that point if water follows the calculated ow directions for all points in ter-
rain. Intuitively, ow accumulation is low on peaks and highin valleys and channels.
Thus ow accumulation naturally models the drainage netwdk of a terrain (all points

with a ow accumulation value greater than some threshold a rivers).

2.6.1 Flow on Grids

Among the various representations for DEMs mentioned befergrids and TINs are
best suited for ow modeling because they maintain informabn about topology.
Flow modeling has been widely researched and implemented grids. The most
common, and simple, method assigns a ow direction of a gricelt to the lowest

15



down-sloping neighbor cell (D8 ow modeling) [12] (see Figa 2.12). If a cell has no
downward neighbors then it is git and the ow stops there. Flow direction de ned
this way assume that water ows down hill using the steepestath and thus cannot
create cycles. Once ow direction for every grid cell has bee€omputed, we can then
compute the ow accumulation for a given cell by counting althe grid squares which
have a ow path into it.
Although the D8 ow model on grids is the most commonly used ntlieod for ow

computation, it possesses some limitations. Flow is restted to 45 degree drainage

directions, and the grid's regular structure can lead to b&in some processes.

2.6.2 Flow on TINs

While many of the intricacies of modeling ow on grids have ben left out [5], it should
be apparent that modeling ow on TINs is even less straightfovard. This is due to
the fact that there are no regularly sized partitions to asgin ow to. Furthermore,
if one is to try to assign ow from a triangle, it is not as clearas to where it should
go. The ow may go from a triangle to vertex or an edge or from aertex back to
a triangle. Furthermore, various special cases of terraitké saddle points and ridges
create ambiguities as to how to assign ow. To date, there havbeen two theoretical
approaches to modeling ow on TINSs.

One method for modeling ow on TINs naturally extends the giil D8 approach;
by treating the terrain as a discrete graph where ow is assigned to vertices and
routed down the steepest incident edge. One such method wa®posed by Tucker
et. al [20]. Assuming that one starts with a Delaunay trianglation of the terrain, one
computes a Voronoi diagram; that is for each vertex in the teain we compute the
surrounded Voronoi cell (refer back to Figure 2.7). In that radel a point represents

the Voronoi cell around it. Flow is assigned to vertices andsirouted along the

16



Figure 2.13 : Example of a channel edge (valley). The numbers represeiewations
in the z axis.

steepest incident edge to the node. The ow accumulation atgiven point x is equal
to the sum of the Voronoi cells areas for all points, includox, which ow to x. This

system has the limitation that ow paths are forced to followTIN edges instead of
the true steepest downward sloping path. This could be impved by using a more

general ow routing procedure, like having multiple ow paths.

Another explored method for modeling ow on TINs takes aontinuous approach.
This model has been explored more rigorously in the computahal geometry com-
munity [24, 16, 15], and o ers proofs for consistency and bads on operations. The
basic idea behind this method is to assign the ow directionfa point to the steepest
downward path regardless of whether that path goe$rough a triangle or along an
edge. A point in the terrain is de ned to be on the drainage ne&tork if the surface
integral of the area that ows to it is not equal to zero [15]. A edgee can be de ned
as a channel edge or valley, if the normals of both incidentiamgles point toe, refer to
Figure 2.13. Yu and McAllister [24, 16, 15] show that the draiage network consists
of the steepest downslope path of all channel edges; thus aues not need to trace
down steepest paths fronmall points in the TIN, but only for the points on channel
edges. Tracing down a steepest downslope edge takes timedinin the size of the
path. It is shown however that the size of the drainage netwkrcan beO(n®) in the

worst-case (i.e. a ow path can intersect a triangle many tiras).
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Figure 2.14 : Memory hierarchy. This show how data is transfered betweatisk and
memory through blocks.

2.7 Large Data Sets and the I/O-Model

Grid-based data received from remote sensing is already przing datasets too large
to work with. Now with the low cost, high resolution collecton of LIDAR data being
available, there is even a greater need for algorithms thatun handle this massive
guantity of data.

Currently most algorithms for GIS are designed to optimize BU use under the
RAM model of computation. The main assumptions of the RAM model are thaall
data ts in memory and accessing any data in memory costs theasie amount of
time. These assumptions are not true for datasets so largeaththey don't t into
memory. With very large datasets, even \linear" time algothms can face extremely
long run times. This is due to the ine ciency of hard disk acces which can be 1000
times slower than memory [23]. Since it takes a long time fohé hard drive to access
the data, it brings large blocks of information into memory hsed on the heuristic
that other information in that block will be used at some poin close in time. In
order to create algorithms that can make e cient use of both &k and CPU one
must consider that data may not t into main memory and specically optimize for
disk 1/0.

The most commonly used model to design e cient algorithms folarge data is

the two level 1/0-model [3], see Figure 2.14. This model takeinto account the
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large transfer block sizes which are used to amortize the esinely long access time

of disks relative to that of internal memory. The model de ne parameters as follows:

N = number of elements in the problem (standard in RAM-model)
M = number of elements that can t into internal memory

B = number of elements per disk block

such that M < N and M > 2B. One Input/Output (or I/0O) is dened as
the transfer of one consecutive block of information betweealisk and memory. The
I/O-complexity of an algorithm in this model is given by the rumber of I/Os needed
to solve the problem. An algorithm is called 1/O-e cient for external memory if
it attempts to optimize its I/O-complexity. The basic 1/0-c omplexity bounds that
come up in the analysis of algorithms are scanning and somgn The scan or linear
bound, scanN) = (N=B), is the number of I/Os needed to readN contiguous items
from the disk. The sorting bound, sort(N) = ((N=B)logy,-g (N=B)), represents
the number of 1/0Os required to sortN items contiguously on disk [3]. For realistic
values forB and M, scanfN) < sort(N) N. In practice the di erence between
(N) I/Os and (sort(N)) I/Os can be large. The goal of 1/0O-e cient algorithms
is to take advantage of the big block size and process the eatiblock while loading

the block only once. For surveys of I/O-model results see [23].

2.7.1 Realistic I/O-e ciency Example

Suppose the following:

N =230 jtems at 1 byte each (1 Gb of data)
B =214 (16Kb block size)

M =22° (512Mb memory)
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O(scan)) 1/0's = 2 16 block transfers = approximately 16 second running time
O(n) I/O's = 2 *° block transfers = approximately 280 hour running time

In this realistic example, O(scan)) I/O's is 62,500 times faster thanO(n) I/Os.

2.8 Project Overview

Now that we have some understanding of the various terrain rdels and the 1/O-
model we are ready to apply the theory to a real problem in GISMost of the GIS
community currently uses grids to represent DEMs collectetom various sources.
Grids are less e cient spatial representations than TINs. krthermore, there is a
growing use of LIDAR data which lends itself better to TINs. Aso, LIDAR data is
very high resolution which creates very large datasets. Tke facts reveal a need for
work on I/O-e cient algorithms for TINs. While a great deal o f work has been done
in the area of theoretical algorithms for TINs [21], there idittle progress being made

with implementation in the GIS community.

In this paper we present an 1/0O-e cient algorithm for grid to TIN conversion and
re nement. Our algorithm has been ported into the open souec package GRASS
(Geographic Resources Analysis Support System) where athusers in the GIS com-
munity can benet from it. We present an experimental algohm that (1) com-
pares TINs versus grids in terms of space e ciency and (2) cqmares the standard
(non-1/O-e cient) TIN re nement algorithm from Section 2. 5.1 and our I/O-e cient
re nement algorithm. Our experiments show that TINs are suprior to grids for rea-
sonably low errors, and that an I/O-e cient algorithm drastically outperforms the
standard in-memory re nement algorithm. Our approach can b extended to arbi-
trary point data, and we propose how to extend our existing iplementation to work
with LIDAR data. Finally, as an example of TIN application, we explore modeling

ow on TINs and propose two methods for assigning ow directin and computing
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ow accumulation on TINs for future work.
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Chapter 3

TIN Simpli cation

In this chapter we describe our 1/0-e cient algorithm for grid (raster) to TIN simpli-

cation. We rst provide an overview and then discuss detas of the algorithm, prove
its 1/0-complexity and highlight areas for improvement. Fa the rest of the paper
we make the assumption that the input grid hassqrt(n) x sqrt(n) = n elements.

Although a grid need not be square, we omit the details for siolicity.

3.1 Overview

Our implementation of TIN simpli cation is based on the re nement heuristic dis-
cussed earlier in Section 2.5.1. This method starts with a Wl of four corner points
and two bounding triangles for the terrain and incrementajl adds the points to the
triangulation which have an error above some prespecifed We chose this method
over decimation since re nement can actually guarantee thavery point in the tri-
angulation has an error above.

A straightforward implementation of the re nement algorithm takes O(n) 1/0Os
if all n elements do not t into memory; this is because points are addl to the
triangulation in random order and in the worst-case each ofhe n points in the
terrain will need O(1) 1/Os to be read from disk. For larger datasets, and smalie
errors, the standard re nement algorithm does not scale; foempirical evidence of
this see our experimental analysis in Chapter 5.

In order to obtain an 1/0O-e cient re nement algorithm we use the standard
technique oftiling. We patrtition the grid into tiles, and simplify each tile individually.

The size of a tile is chosen such that the tile and all the othatata structures needed
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by the re nement algorithm t into memory on the machine. Thus, at any point in

the re nement process, information needed by re nement tsn memory.

We prove that the 1/0O complexity of our re nement algorithm is O(scanf)),
which is a factor of B improvement over the straightforwardmplementation of re ne-
ment. From the realistic example discussed in Chapter 2, adtr of B improvement

can be the di erence between a 16 second and a 280 hour runtime

3.2 Tiling Raster Files

The grid data that we are using comes in the Arc ASCII le forma (.asc). Each
Arc ASCII le contains a header, and the data itself, which isessentially a list of
elevation points. The header provides a number of rows, numbof columns, latitude,
longitude, and cell size. This provides all the informatiomecessary to determine

where each given elevation value is located on the Earth.

Once we have read in the header information, the next step ie tompute the size
of the tiles as a function of the main memory available. The =t of a tile is computed
such that each tile can be re ned while residing entirely in mory. This is done
by allowing the user to specify on the command line the amoumtf memory that is
available for the algorithm to use. The smaller the speci ednemory, the smaller the
tiles will be. While it would be possible to partition the terain using a variety of
shapes, we chose to use squares for simplicity. Let the siZeadtile be P r by P r,
with r to be determined. It can be proved using Euler's formula thathe number of
triangles in a TIN is two times the number of vertices [19]. Ths at any one time in
the re nement process, the most space we will need I?SF P r = r grid vertices and
2 r triangles plus some constant amount of space needed to sttme tile structure
and temporary variables. A simple calculation allows us toornpute the tile sizer as

a function of the speci ed memory value and the size of the gis.
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Figure 3.1 : Example of initializing a TIN for the re nement algorithm. The Priority
Queue is used to quickly retrieve the point with the largestreor from the TIN.

3.3 Rening Tiles

After the data has been broken up into tiles we can then use the nement algo-
rithm to re ne each tile individually. The algorithm follow s the steps of the generic

re nement algorithm presented in Section 2.5; we give detaibelow.

We load a tile into memory and then create the initial TIN structure by adding
the four corner points of the tile as vertices to the TIN. Fromthese four points we
will have two triangles in our initial structure. Each triangle stores a list of points
which lie inside that triangle and a pointer to the vertex wih the largest vertical
distance from the triangle called the maximumerror. After we have our two initial
triangles we then add each of the non-corner points from thdéld into the point list
of its surrounding triangle. If a point lies on the edge betwan two triangles, we just
put that point into one of the triangles and handle this specil case later. As we
build this point list we keep track of the point with the maximal error. When both
point lists are created we add the point with the maximum errofor each triangle to
a maximal priority queue such that the triangle with the largest error is at the root

of the PQ tree. (see Figure 3.1).
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Now that the initial triangulation is complete, we can beginthe re nement loop.
This loop extracts the triangle s with the largest error from the priority queue. It
then tests if the point to be added is on one of the edges of thaangle (this is the

degenerate collinear case).

1. If the maximum error point is inside the triangles then we will add three new

triangles in place ofs (refer back to Figure 2.5(a)).

2. If it is collinear, that is, if the maximum error point forms a line with two
vertices of the triangle, then we will add four triangles taal. Two will be
added in place ofs and two will be added in place of the triangle adjacent t@

that shares the collinear edge (refer back to Figure 2.5(h))

In either case, collinear or not, we need to distribute the puat list for s among
its newly created child triangles. In the process of doing ik we will not only create
the point lists for the new triangles but we will also get the ew maximum error for
each of the new triangles. These triangles will be added todtpriority queue if they
have a maximum error greater than the given error, otherwise they are considered
done. After we remove the parent triangles which has been displaced by its children,
we check to see thateach of the newly created triangles maintains the Delaunay
circumcircle property (refer to Figure 2.4). If it does not,we perform an edge swap
as in Figure 2.4(c) and recursively check the newly swappedangles until all are
locally Delaunay. After Delaunay is enforced the loop stastagain and continues
until there are no triangles left in the priority queue. Thisassures that every triangle
in the TIN is locally Delaunay and does not contain any pointsvhich have an error

greater thane. The overall algorithm is outlined in Figure 3.2.

Lemma 1 Let r be the size of a tile. Rening a tile take<O(%) /O and O(r?)
CPU in the worst-case,O(r logr) CPU average case, assuming points are evenly
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refineTinTile  (e;tile)

1 pg PQ-init ()

2 tt initTinTile (tile; pq)

3 while s PQ-extractMax (pg) and s 6 nil

4 do if isCollinear (s)

5 then fixCollinear(s)

6 else t1 addTri (s;s:pl;s:p2;s:maxError;tt )
7 t2 addTri (s;s:pl;s:maxError;s:p 3;tt)
8 t3 addTri (s;s:maxError;s:p2;s:p3;tt)
9 distributePoints  (t1;t2;t3;s;e; pq;th

10 removeTriangle (S)

11 enforceDelaunay  (t1;tl:pl;t1:p2;t1:p3; e;tt)
12 enforceDelaunay  (t2;t1:pl;t1:p3;t1:p2; e; tt)
13 enforceDelaunay  (t3;t1:p2;t1:p3;t1:pl; e; tt)

14 return tt

Figure 3.2 : Our Re nement Algorithm.

distributed.

Proof CPU: We will analyze the CPU complexity of our algorithm in Figure3.2
step by step. Consider a tile of points and let k be the number of points in the
re ned tile, k 6 r. We assumer 6 M such that each tile ts completely in memory.
Step 1 takes constant time to initialize the priority queue. Step 2 takesO(1) time
per tile. The loop in Step 3 is runk times, once for each point added to the re ned

TIN. Step 3 takesO(logr) time. Steps 5-8 take constant time.

Step 9 could takeO(k) time since in the worst-case a triangle may have to dis-
tribute kK 1 points. Thus, the entire algorithm takesO( k) = O(r?) worst-case.
However, we can prove a much better bound on the average, assog that the
points that are distributed fall evenly among the triangles Let i be the total number
of points in the re ned triangulation. Thus each triangle catains approximately

9052 = O(f) points. When the next vertex is inserted, distributing the points

of the triangle takes O(r) time. Summed over all points that are inserted this is
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Step 10 takes constant time. For the nal Steps 11-13 each ta&b enforce Delau-
nay may cause that edge to be ipped, which is done in constatime. In addition,
it may cause a cascading set of edge ips. Note that if edgeacross from vertexv
is ipped, the new edger is incident to v (Figure 2.4 (c), edgeay is incident to a).
Similarly, all subsequent cascading of the edges ipped angcident to v. Thus, even
though we cannot bound the number of edges per vertex, ovdrah the nal tri-
angulation, the total number of edges i€(r); thus the total number of edge ips
performed by all enforceDelaunay calls i©(k) (Note: this argument is called back-

ward analysis as in RIC [6]). Since each call to enforceDetay also has a hidden
call to distribute points we have an additionalO(r) average time per edge ip.
Thus the total runtime for this algorithm is O(r logr).
I/0:  Since each tile is stored contiguously on disk, it take5 1/Os to read one

tile into memory. Since a tile ts entirely in memory no otherl/Os are needed and

the entire re nement takes O(g) 1/Os.

3.4 TIN Structure in Memory

There are a variety of ways to represent a TIN in memory depemdy on the appli-
cation [21]. One could imagine storing a TIN using a linkeddt of triangles, or even
a vector of edges. We describe a method which maintains theptdogy (adjacency
information) of the terrain while using minimal space. Thatis, for every edge, and
triangle in this structure, we will know what the neighbor edjes, vertices and trian-
gles are, and where it ts into the overall structure. Using alIN representation that
stores topology explicitly is important for applications ike ow modeling where it is
necessary to know which triangles are adjacent to a given eggnd is also needed to

maintain Delaunay.
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Figure 3.3 : Storing a TIN: each triangle stores a pointer to its vertice and the
neighbor triangles.

Our TIN representation is composed of two basic structuregoints and triangles
(see Figure 3.3). Points store theirX;y; z) location in one of two ways. Points in a
given triangle t that are not yet part of the TIN are stored in a list for that tri angle.
Points which are vertices in the triangulation are removedrém triangle lists and
are pointed to by triangles. Triangles store three pointerto their three neighboring
triangles and three pointers to their three vertices. In adiion, in order to have an
access point into this network of points and triangles, we gte a pointer to the lower
left triangle and vertex of the TIN. From this point one can reach any other part of

the terrain by traversal of the structure (see Chapter 4).

3.5 Combining Tiles

The algorithm in Figure 3.2 describes the re nement processf an individual tile
in the terrain without giving details on how to combine tiles Once the set of tiles
has been re ned, it is necessary to address how they can be tamed to create one

contiguous re ned terrain.
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Figure 3.4 : Tile Boundaries (a) Tile boundaries are inconsistent withpoint 8. (b)
Tile boundaries are consistent.

3.5.1 Maintaining Boundary Consistency

The rstissue that must be addressed when combining tiles reaintaining consistency
along the boundaries while upholding the invariant that onf O(1) tiles are in memory
at one time. In order for two adjacent tiles to be consistent ith one another, each
point and triangle on one side of the boundary must match up ta point and triangle
on the other side. Figure 3.4(a) shows a boundary that is inosistent since point 8
is in the lower tile and not in it's upper neighbor tile. Figure 3.4(b) shows the same
boundary with consistent triangles and points.

In our implementation we maintained consistency by rst intializing all tiles with
their two initial triangles. Then we re ne each tile individually. When we add a point
to the right or bottom boundary of a tile we add that point and necessary triangles
to the adjacent tile.

Since we start by re ning the upper left tile and then contine re ning each row
of tiles from left to right, we are guaranteed to have a right ad bottom tile neighbor
that has not yet been re ned. It follows that if we maintain cansistency with these
two edges for every tile, then all tile edges will be consiste This means that in
the worst case we only needs less than three tiles to t in mempoat the same time.

This is easily handled since we control the size of tiles atéhcommand line.
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3.5.2 Maintaining Delaunay with Tiles

While tiling is I/O-e cient, it does not guarantee a globall y Delaunay triangulation,
but only Delaunay within a tile. First, terrains modeled as aTIN need not be
Delaunay. A Delaunay triangulation is desirable because @k nice mathematical
properties and because as empirically shown in Chapter 4, lmétter approximations
of the terrain with fewer triangles. However there is no absate requirement that a

TIN be Delaunay.

We trade-o the property of global Delaunay with 1/0-e cien cy. It remains a
guestion whether it is possible to get an I/O-e cient algorithm for re nement which
maintains Delaunay globally. Such an algorithm is not known Moreover, for the
simpler problem of nding a Delaunay triangulation of a poin set, a sort(n) 1/O-

algorithm is known but it is extremely complicated and mostikely impractical.

With our algorithm we could attempt to enforce Delaunay afte all of the tiles
have been re ned. For instance, in a second pass, collect athn-locally Delaunay
edges and ip them. However the problem still exists that sukequent cascading ips
may not necessarily stay local in a tile and thus may cause &ss to neighbor tiles
which causes a scattered 1/0 with the sam@®(n) bound as the standard re nement

algorithm.
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Chapter 4

TIN Traversal

After a TIN has been created there are many instances where ig necessary to
traverse the TIN e ciently. For example, one may want to visualize the terrain
or output it to a le. In either case it is necessary that the traversal only reports
a triangle once, otherwise the resulting output will have mitiple entries for each
triangle. Given this requirement a straightforward approah might be to choose a
search algorithm like depth- rst search (DFS), and then hag a marker byte for each
triangle that signi es whether it has already been visited.While this certainly is a
viable option, on large datasets markers bits are very expgime and there is a better
solution to this problem which does not use them [7, 9, 8]. Thielea is to classify
the edges of a given triangle in constant time as being, out, in-and-back or out-
and-back The algorithm starts with the lower leftmost triangle of the TIN and walks
from triangle to triangle until coming back to the start triangle, see Figure 4.1. The
triangle to be visited next can be determined based on the tgpof edge being crossed
and the type of triangle being entered. With this method of taversal, one can visit
all n triangles in a TIN in O(n) time and no extra space is required. This method

only requires an access point to the lower left most trianglef the TIN.

4.1 De ning Edges

In order to choose the next triangle to visit in constant timewve must classify the edges
of a triangle and choose our next triangle based on the type etilge being crossed.
The edges of a triangle are classi ed with respect to the lowéeftmost vertex of the

triangulation v. An edgee of triangle t is called:
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Figure 4.1 : Example of TIN traversal path.

in if the line that contains e separatesv and the third vertex of the triangle.

out if v and the third vertex of the triangle are on the same side of thine con-

taining e.

With this method there will be two edges of the same type, eitdr fin,in,outg or
fout,out,ing. In either case the edge that is further left is the \real" edg and the
other is the \back" edge. This means that if there is a triangd with two in edges,
the one that is further left is the realin edge and the other one is callemh-and-back

see Figure 4.2(a,b).

4.2 Degenerate Cases

The above system for classifying edges will work for all tneles that don't t two
degenerate cases. A degenerate case occurs only when thexdéveo in edges. In the
rst case v is collinear with just one edgee of the triangle. That is to say that v is
on the line that containse. If v is collinear with the in edge, then that edge becomes

an out edge, the oldout edge becomes anut-and-backedge, and thein-and-back
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Figure 4.2 : Edge classi cations. (a) Two in edges, rightmost is in-antback. (b)
Two out edges, rightmost is out-and-back. (c) Collinear wit left side. (d) Collinear
with right side.

edge becomes an in edge. \fis collinear with the in-and-backedge, then there is no
change, refer to Figure 4.2(c,d).

In the other degenerate casey is collinear with two edges in the triangle. This
can only occur with the lower leftmost triangle which contais the vertexv. In this
case we do the same swapping of labels as above. With thesecipecases we can

classify the entire TIN.

4.3 Choosing the Next Triangle

The algorithm starts crossing edges which is the lower leftmost edge of the lower
leftmost triangle t. When the algorithm crosses this edge a second time it is done
Assume the traversal reaches triangle The triangle visited next is chosen based on
the type of edgee through which t was entered and the type of. We must decide

from six cases since there are two types of triangles and edws three edges.

1. If eis the onlyin edge oft, the let e’ be the rst out edge oft, and lett°be the

triangle on the other side ofe. Repeat the algorithm with t:=t° and e:=€”.

2. If eis the realin edge oft, the let €’ be the out edge oft, and let t° be the

triangle on the other side ofe’. Repeat the algorithm with t:=t° and e:=€°.
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3. If eis anin-and-back edge oft, then let t° be the triangle on the other side of

e. Repeat the algorithm with t:=t%and e.

4. If t has two out edges anck is the rst one, then let €’ be the lastout edge of
t, and let t° be the triangle on the other side of it. Repeat the algorithm ith

t:=t%and e=€°

5. If t has two out edges ance is the last one, then lete® be thein edge oft, and
let t° be the triangle on the other side of it. Repeat the algorithm ith t:=1t°

and e=€°

6. If eis the only out edge oft, then let €’ be the realin edge andt® the triangle

on the other side of it. Repeat the algorithm witht:=t% and e:= €°[21]

If t%is set to a triangle that does not exists since it is on the boulary of the
terrain, then we will go back intot through the edge we left and proceed with the
algorithm. This algorithm visits every triangle exactly three times, once through
each edge. At any point of the traversal one only needs to kna¥e current triangle

t, the edge just crosse@, and the corner vertex of the TINv.

4.4 Using The TIN Traversal Algorithm

Since a TIN is stored as a set of triangles and their adjacenayformation, there is
no list of all triangles in the TIN. The only way to visit every triangle is to traverse
it using adjacency information.

We have implemented the TIN traversal algorithm describecdni Sections 4.1 - 4.3
in order to render the TIN in an OpenGL window, to output it to le and to free
a TIN from memory. Since the traversal algorithm visits eachriangle three times,
there are some subtleties that must be addressed in order toseire e cient and
accurate display, output and deallocation.
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Rendering a TIN: One common use for TIN traversal is rendering the TIN in
OpenGL. For fast rendering we need an algorithm that can quity go through the
TIN and draw every triangle once. Since the TIN traversal viss every triangle three
times we needed to nd a way to only display a triangle once pdraversal. If we
simply traverse the TIN and only print a triangle when we cros anin edge we will

accomplish this goal since each triangle has one and only afethese edges.

Outputting a TIN: Another common task is to output a TIN to le. We use this
both for storing TINs temporarily during tiling and for futu re computations like ow.
Since there does not yet exist a standard format for a TIN le & had to devise one
that would be easy and fast to read. We chose to use the TIN travsal algorithm
and to output the triangle every time it is visited. While this may seem super uous
since each triangle will be written to disk three times, it dbws the triangles to be
read from the le with adjacency preserved since every adjant entry in the le is
also adjacent in the triangulation. If we output each triande only once, we lose this
adjacency information. To then reconstruct this adjacencynformation with such a
structure would be time intensive since each of the triangles would need to nd at

least one of it's neighbors.

Freeing triangles: The last use we had for TIN traversal was to free a TIN tile
from memory as we output it. We use this functionality when ting so that we don't
have to rely on a limited virtual memory system to store our tes. A straight-forward
approach would be to use TIN traversal to visit every triangd and when a triangle is
seen for the third and last time, free it from memory. There ig problem with this
however since there is no clear way to determine whether aarngle is being visited
for the third time. This is necessary because if we were to &¢he triangle before its

third visit we would surely come back to it at some later time ad it would no longer
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exist causing a segmentation fault.

While there may exist a more e cient solution using edge clas cation, we over-
came this problem by using a counter for each triangle. Addgnsuch a counter would
typically be undesirable since it would add substantial spga requirement per triangle.
However since we only need the counter when we are deletingaiigles our existing
implementation already has free space to store a counter witut having to add more
space requirements per triangle. While we were able to cimowvent this issue, it does
seem like there is the potential for a more elegant solutionsing edge classi cation

which we leave for future work.
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Chapter 5

Experimental Results

In this chapter we present empirical results to: (1) investjate the scalability of our
I/O-e cient re nement and (2) investigate the space e cien cy of TINs versus grids.

We then highlight the di erences between using TINs insteadf grids.

5.1 Datasets and Test Platform

In order to investigate the performance of our re nement algrithm, we performed
experiments with real-life terrains of varying sizes and enacteristics. Table 5.1
summarizes the characteristics of the various datasets wead. Nodata indicates the
percentage of points in the terrain for which no elevation vgarecorded.

We ran all tests on Apple's dual processor G5 with 2.5GHZ CPUna 1 GB of
main memory. During the test no more than 100% of one CPU wased since we do

not currently use threads to run re nement in parallel.

Dataset Resolution Grid Size | Raw Size | Nodata
Kaweah 1163 x 1424 1.61C° 3.2MB 42%
Puerto Rico 4452 x 1378 5.910° 11.8MB 81%
Sierra Nevada 3750 x 2672 9.510° 19.0MB 4%
Hawaii 6784 x 4369  28.210° 56.4MB 93%
Cumberlands 8704 x 7673  66.710° | 133.4MB 73%
Lower New England 9148 x 8509 77.81(° | 155.6MB 64%
Central Appalachians| 12042 x10136 122.01° | 244.0MB 5%

Table 5.1 : Characteristics of terrain datasets.
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5.2 E ects of Tiling

Intuitively for small datasets which t in memory, one would expect that tiling would
actually take longer since there is the overhead of dividintpe terrain into tile struc-
tures and operating on them one at a time. At the point where ta terrain is too
large to t in memory however we expect to see a vast improvemein run time when
using tiles.

We set out to nd this point by testing all the datasets listed in table 5.1 with
error levels off 10,5,2,1,0.5,0.25,@ as a percentage of the maximum elevation in
the terrain. Since error levels inversely relate to the nundy points added to a
triangulation, one would expect that lower error levels wdd increase the number
of points being added to the triangulation. Thus we would exgct tiling to be more
e cient at lower error levels where all points cannot t in memory. Furthermore
since the CPU and I/O time is based on the number of points begnadded, we would
expect that tiling would become more e cient for the same nurber of points on any
terrain which does not t fully in memory.

Our tests for Kaweah, Puerto Rico, and Hawaii showed that bbtour tiled and
untiled algorithm had the same runtime since all three datasgts could t completely
in memory and even our tiled algorithm only used one tile. Fm the run-times
for Sierra in Figure 5.1 we see that initially the untiled vesion takes less time than
the tiled version as expected. From about 500,000 points orevgee that tiling is
marginally more e cient and while we don't see a exponentiaincrease in runtime,
we begin to see a noticeable di erence around 2.5 million pbs.

The run-times for Cumberlands in Figure 5.2 reveal that forhis larger dataset,
the tiled algorithm is always more e cient than the untiled version. We also see the
expected jump in runtime for the untiled version around 2.5 fflion points which

ts with our test on Sierra. Since the scaling on the graph cu of the run-times for
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Figure 5.2 : Tile vs Untiled Comparison On Cumberlands
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Figure 5.3 : Tile vs Untiled Comparison On Appalachians

the untiled version, we can better illustrate the vast imprgement with tiling with
the test at error O containing 4.5 million points where our ted algorithm takes 10

minutes while the untiled version takes approximately 13 hos.

The run-times for the Appalachians dataset shown in Figure.S follow the similar
trend with Cumberlands. As with our previous tests, the rurtimes are very similar
until we reach about 2.5 million points where the untiled rutime takes o. When
re ning approximately 9 million points at error O on this dataset, the tiled version
ran in 23 minutes while the untiled version ran for over 7 daywithout ever nishing.
That means that for 9 million elements, the tiled version is teleast 438 times faster

than the untiled version.

From these results we found that there was a signi cant imprement of the
standard re nement algorithm when we use tiling on large dasets. In fact for
Cumberlands and Appalachians we found that tiling is alwayd$aster. This does
not t expectations for the tests with fewer points where we wuld predict untiled

to be faster. However, we attribute this to the fact that our iled version has less
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Figure 5.4 : Grid vs. TIN Point Comparison (0.1% Error)

CPU overhead on boundaries since it does not maintain Delaayacross boundaries.
Overall our results met expectations and proved that tilingbecomes much more

e cient when over 2.5 million points are added to the trianguation.

5.3 Grid vs. TIN Comparison

Another claim we made earlier is that a TIN can represent theasne terrain as a grid
by storing fewer points. Since the relative e ciency of the wo methods will depends
greatly on the terrain it was not clear in practice how much smller a TIN would be.
If a terrain has many at areas, then a grid will still have to gore every point on
the at area where a TIN can ignore all of them. Datasets of iahds like hawaii and
prtorico are particularly better suited for TINs since they have vasexpanses of at
areas due to the ocean being recorded as at no data values.

Figure 5.4 shows the number of points needed to store each as#t as both a

grid and a TIN. We chose to compare the grid to a TIN with error (L% because
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it is just large enough to remove at areas in the terrain. If ve used error 0% the
number of points would be equal to the number of valid pointiithe grid since every
point that does not have a no data value would be included in thtriangulation. As
we can see from the graph, there is a large di erence betwedmettotal points in a
grid and number of points stored by a TIN for the same terrainWe also include the
number of valid points in the grid to illustrate how many poirts in the grid are no
data. For example, on the Hawaii dataset, there are relatilye few valid points since
there are so many no data values, thus the e ciency of the TINg mostly due to no
data points. On the Appalachians dataset, we see that almosil the data points
are valid. Even still, the TIN requires far fewer points duego the at areas of valid
points.

While it is apparent that TINs require substantially fewer points than grids, it is
not clear whether or not they are actually more space e cienthan grids since TINs
store much more information about triangles and adjacencyFigure 5.5 shows the

actual space di erence between the two representations itytes. The graph indicates
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Figure 5.6 : E ect of Maintaining Delaunay on Triangles

that TINs are in fact more space e cient representation for gery dataset we tested.
Intuitively, TINS are more space e cient on larger datasetswith more at areas or
no data values like Hawaii and Lower New England.

From these experiments we nd our claim that TINS are more spze e cient than
grids to be true. Furthermore, the TINs created in this expement only removed at
areas, if one were to re ne a grid into a TIN with a higher errorone would see an

even greater e ciency in space.

5.4 E ects of Maintaining Delaunay

While Delaunay triangles are desirable for many other reass mentioned above, the
full bene t of maintaining this property was not clear befoe experimentation. As
maintaining Delaunay adds some constant amount of procesgitime to check and
swap triangles for each triangle added, we expected that Reinay would increase our

runtime by a constant factor. We found that on average Delaway adds a constant
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Figure 5.7 : TINs on Setl with same error. (a) Delaunay is maintained (blpelaunay
is ignored.

factor of 1.6 to the total runtime (O(1:6n) = O(n)) which has a nominal impact on
the runtime.

We tested various datasets with and without maintaining theDelaunay property
throughout re nement and compared the space e ciency to sed the added CPU
time has an e ect on space. To do this we counted the number aidngles produced.
Figure 5.6 shows that as the error decreases and number ofalgoints increase we see
that there are far fewer triangles created when the Delaungyoperty is maintained.
A more concrete example of this is shown in Figure 5.7 where a@n see that for the
same error on the same dataset, Delaunay produces far fewgarngles. Therefore
the added CPU overhead in generating a Delaunay triangulatn will greatly decrease
the number of triangles making other operations like outpiing or ow computation

less time intensive.
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Chapter 6

Conclusions and Future Work

In this chapter we end with a few concluding remarks and higigiht areas for future

work.

6.1 Conclusion

Currently our implementation of I/O-e cient re nement fro m grids to TINS runs in
both the GRASS environment and as a stand-alone applicatio his project provides
a starting point for further implementation and experimenation of algorithms on

TINs in the GIS open source community.

Our experiments have shown that tiled re nement is much fagr on large datasets
than the standard re nement algorithm. For example we foundhat for the same
given error level on the same terrain our tiled implementatin took 16 minutes for
re nement while the standard version took over 7 days and nev nished. We also
found that for large datasets, the TIN representation was gni cantly more e cient
than a grid. Moreover, we found that Delaunay triangulatios not only produced
more equally sized triangles but it produced fewer triangsein the re nement process
resulting in signi cantly less required space to store theriangulation.

The GIS community relies on software that many times does nagtale. As the size
of datasets increase and the models for this data become mommplex, we will see
the need for theoretically sound implementations which cahandle large data. This
project makes a step in that direction by implementing an I/Qe cient representation

for terrains which has proven to be both theoretically and pactically e cient.
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6.2 LIDAR to TIN

As LIDAR data is becoming more popular, we believe that the reement of LIDAR

to TIN will be useful functionality which currently does not exist in the GIS com-
munity. Furthermore, experiments are likely to show that LDAR data can more
e ectively be represented by TINs which means that this may écome the best rep-

resentation for LIDAR data.

To do this one would need to generalize our re nement algohin described in
Section 2.5 to handle sample points instead of grids. The algthms is similar in
that it tiles the points and re nes each tile one at a time. Theonly real di erence
is in how the tiles are created since sample point data is novenly distributed over
space.

To address the sporadic arrangement of points and to guarad that each tile is
no larger than the size of the memory, one will need to use a qu&ree or grid le
to partition the data into tiles. The overall details of the dgorithm stay the same;

except maintaining consistency of tiles which becomes martemplicated.

6.3 Flow Modeling on TINs

After adding support for LIDAR data, it will be interesting t o investigate how TINs
model information about a terrain other than elevation. Oneof the most widely
used models, as mention in Section 2.6, is water ow modelingWhile we have
mentioned two other methods for modeling ow on TINs, we propse two similar
discrete models for ow on TINs. As many of the details of thes approaches will
need further exploration, we will describe them at a high le&l and leave them as

future work.
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(a) (b)

Figure 6.1 : Triangle based ow model. (a) Flow direction computed thraigh center
of mass. Circled numbers are elevations. (b) Flow accumuian computed for point
C. creceives 3+ 7 +2 = 12 units of water.

6.3.1 Triangle-based Flow

The rst model is triangle based. We introduce a vertex per fangle and connect
it to the 3 vertices of the triangle. This de nes a graph with me vertex and three
edges per triangle; call it the ow direction graph. For each edge in this graph we
orient it from the high to the low end point, see Figure 6.1(a) We assume the vertex
represents the triangle's center of gravity and we nd its hight by interpolation.

Let n be the number of points in the TIN, the number of triangles i =3n 6 [19].
The ow direction graph has & vertices and % edges. Intuitively, this graph is acyclic
since all vertices ow from high points to low points. Each vaex has a ow value
equal to the area of the triangle it represents. Every vertegends its own ow and

its incoming ow using its value in the ow direction graph, sse Figure 6.1(b).

6.3.2 Vertex-based Flow

Our second model is vertex-based and routes ow through TINdges. It does not
introduce new vertices or edges. For each triangle nd thewest point c and assign
ow for the other two vertices to c, see Figure 6.2(a). Thus the ow direction graph

is a subgraph of the TIN, and hagD(n) vertices andO(4n) = O(n) edges. As above,
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Figure 6.2 : Vertex based ow model. Flow directions are assigned to ees

the ow direction graph will be acyclic since all water ows cdwn. To handle ow
accumulation we assign a weight ( ow quantity) to edges in ta ow direction graph.
Each edge carries a ow equal to the area of the part of the trggle that routes ow
through that edge. Flow accumulation of a vertex is thus thewsn of all the weights

of all edges that have a path to that vertex.

The advantage of this second approach to ow modeling is thahe ow direction
graph has a smaller size. The disadvantage is that since thew in not at the triangle

level the ow model may not be as accurate (i.e. ow can zig-zpon slopes).
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