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Abstract

A method was developed to solve the over determined Laplacian approximation
algorithm (Franklin algorithm) for the interpolation of contour lines to terrain surfaces
using desktop type computers. The method is based on the Saunders-Paige LSQR
iterative Conjugate Gradient solver provided with a very good initial estimate. The initial
estimate is computed from the input elevation grid using a fast solver producing a lower
quality interpolation of the input grid. The fast solver uses a four-nearest-neighbor
second order central difference approximation of the Laplacian heat equation. The
solution vector produced by the fast interpolation is used as the initial estimate for the
LSQR solver. LSQR is then used to solve a sparse matrix representation of the over
determined system of equations resulting from the Franklin formulation of the Laplacian
heat equation interpolation. The result is a high quality interpolation characteristic of the
Franklin approximation in less time and requiring much less storage than either a direct
solution (using factorization or row reduction) or a solution computed by the LSQR
solver without agood initial estimate.

This is useful because solution of the over determined system of linear equations
associated with the Franklin algorithm by direct means is computationally expensive
from both atime and space complexity perspective. The method developed as part of this
project significantly reduces the in-process storage requirements to compute the solution
vector for large systems of equations, for example one million equations with one million
unknowns. The method accomplishes this by use of an iterative least squares solver, the
well known LSQR program developed by Saunders and Paige.

The iterative LSQR solver makes more effective use of limited RAM resources as
compared to the MATLAB direct solver for example, alowing larger problems to be
solved than with previous methods. In addition, solution times were reduced by
supplying LSQR with a high quality initial estimate. The fast central difference
Laplacian algorithm exploits the problem structure to supply this estimate cheaply. The
fast solver produces a solution of unacceptable quality as a fina interpolation but
produces an excellent initial estimate for LSQR.
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1.0 Introduction.

Background

Interpolating information from known data to unknown data points is one of the classical
problems of computational cartography. This technique is used widely in many diverse
GIS (Geographical Information Systems) applications. One example is the derivation of
DEMs from topographical contour maps for areas where DEMs are not available. In
order to do this, DEMs are often reverse-engineered from contour map data. In this multi
step process, contour maps are scanned into digital format (if they are not aready
archived that way). Then the contour line elevation data layer is separated from the other
information on the map. The contour line data is then conditioned (to the highest degree
possible) to correct bleeding, breaks, spurs bridges and other anomalies'?.

The contours must then be tagged with their elevation values in a machine-readable
format. This is typicaly done by vectorizing the contour lines using a line following
method!? and tagging the vectors with their elevations either automatically, or more
commonly using a semi-automated labor-intensive process. The tagged vector data is
then rasterized and transferred to a grid using an interpolation agorithm. Finaly, the
gridded elevation values are written to some type of GIS format that can be used by other
applications, such as the USGS ASCII DEM format. The interpolative step in the
process is the focus of this proposal. Often, the interpolation algorithms used to produce
terrain surfaces from the gridded elevation values are somewhat primitive, for example
the four-nearest neighbor agorithm derived from the Laplacian Heat Equation PDE.
This often results in markedly inferior terrain surfaces that exhibit a variety of unnatural
features, for example terracing.

One agorithm known to be an improvement over commonly used algorithms for the
interpolation (or rather the approximation) of known elevations to a regular grid is
described by Dr. William Randolph Franklin paper entitled Applications of Analytical
Cartography .

The agorithm is based on a novel application of the Laplacian PDE (partial differential
equation) whereby a system of over determined linear equations is formulated and
solved by performing a linear least squares fit to the known data and unknown grid
nodes.

The algorithm has several advantages as compared to previous algorithms:

1) It doesn't require continuous contours; i.e. it can deal with breaks, such as those
that commonly occur when contours are too closely spaced.

2) It canuseisolated point elevationsif known, such as mountain tops.

3) If continuous contours with many points are available, it can use al the points
(without needing to sub sample them).

4) Information flows across the contours, causing the slope to be continuous and the
contours not to be visible in the generated surface.



5) If loca maxima, such as mountain tops, are not given, it interpolates a reasonable
bulge. It does not just put a plateau at the highest contour.

6) Unlike some other methods, it works even near kidney-shaped contours, where
the closest contour in all four cardinal directions might be the same contour.

7) It hasthe advantage of producing a surface virtually free of the negative artifacts
associated with other interpolation algorithms, for example terracing and ringing.

8) It aso offers the advantage of alowing the surface smoothness and fit to be
adjusted by selective weighting of the equations corresponding to the known
elevations, thereby allowing grid adjustments to be made on a node-by-node
basisif desired.

Although the algorithm presents advantages, it also presents computationa chalenges. If
the input elevation grid is of size N by N, the solution is formulated in terms of a N? by
N? coefficient matrix. Since the number of flops for row reduction for an N by N matrix
is approximately 2N*/3 flops, the time complexity for solving an N? by N? matrix by row
reduction is (N?)* = N® . Even more significantly, the initial storage requirements are
large for large input files and these can become even larger during processing due to fill-
in during computation.

The Franklin algorithm was previously demonstrated on data sets as big as 257 X 257
nodes using sparse matrix techniques. Although this was sufficient to demonstrate the
advantages of the algorithm, real data sets are larger. Unfortunately, it has not been
possible previously to apply this beneficial agorithm to realistic data sets using desktop
computers because of the large computational complexity of solving the linear least
squares system of equations by row reduction.

The goal of this project is to develop a computational technique that would allow the
algorithm to be used for redlistic data sets using small computers. The target sizeis 1201
by 1201 grid postings, the size of a USGS 30 minute Level 2 Digital Elevation Model.
The task is made difficult by the rapid increase in problem size as a function of the
number of input elevation nodes. For example, the full matrix for the Franklin
formulation of a 1201 by 1201 elevation node input file contains approximately 2e+12
data elements!

A further goal was to compare the quality of the grids produced by the algorithm (once a
computationa technique was developed) with a commercially implemented al gorithm.
The hope is thus to apply Dr. Franklin’s algorithm to large data sets using a standard
desktop computer and to further demonstrate its utility to the cartographic community.

Objectives

The objective of thisresearch project are as follows:

Develop a computational method for solution of the algorithm described in the
Dr. William Randolph Franklin paper cited above.



Demonstrate the computational method using a desktop-type computer solving
datasets of sizes associated with commonly used digital elevation model (DEM)
formats (for example input files of 1201X1201 elevation grid nodes). The
developmental hardware platform is a desktop computer running the Windows XP
OS with 256MB of memory. (An HP 1.1GHz laptop was used for some tests.)

Compare the results of the agorithm and computationa method with a
commercia contour-to-grid interpolator: R2V from Able Software, Inc. and with
aresearch grade hydrologic application: CachmentSIM-GIS.

Although a fair amount of code was written during the course of this project, the
objective was not to produce a production grade software application. Rather, the goal
was to develop a computational method that was capable of solving this problem for large
input data sets through the use of code modules using severa developmental
environments, including the research environment MATLAB. The integration of these
experimental modules into a robust application provides an interesting opportunity for
future work. The main tasks required for achieving this future goal are discussed in
Section 14 of this report.

Development Environments Used

Several development environments were used during the course of this work. The first
was the well-known scientific math package MATLAB. MATLAB is an interactive
developmental and research programming platform designed specifically for matrix
processing that offers a FORTRAN-like procedural programming language, a library of
matrix functions, and a wide variety of graphical visualization tools. Although
MATLAB is not a general-purpose development environment, demonstrating the
algorithm using MATLAB modules immediately suggests corresponding
implementations using production-grade software tools such as C++, FORTRAN or
Java.

Although MATLAB is a wonderfully convenient development environment because of
itsrich library of specialized matrix processing, matrix solving and display methods, it is
definitely not an all-purpose tool. Its main disadvantage is that user-defined code
modules are interpreted rather than compiled, and typically run several orders of
magnitude more slowly than identical algorithms implemented in C++ or Java, for
example. This required the use of alternative development environments for some of the
fast pre-processing tasks required for this project, particularly for the module used to
prepare the initial estimate for the iterative solver used in this project and for the module
that prepared the sparse index file from the raw elevation matrix.



2.0 Theoretical and M athematical Background of the Problem

A brief discussion of the theoretical basis for the Franklin approximation algorithm and
the method of problem formulation and solution is presented in this section. The Laplace
heat equation:

du/dx® + dPw/dy® =0

describes many time-independent physical phenomenon including the steady state
distribution of temperature in two dimensions. This equation can be solved in closed
form for simple systems subject to boundary conditions consisting of for example initial
temperatures at the edges of arectangular plate.

The Laplace equation has also been used to mode equilibrium displacements in a
membrane, gravitational and electrostatic potentials and certain fluid flows. It is not
surprising therefore that it is also applied to topographical systems. In this case elevation
is considered a potential  analogous to temperature. The boundary conditions consist of
the known elevations at the elevation contours (not necessarily at the edges asis common
in a heat conduction model) and the equation models the “flow” of elevations from the
fixed contours to the rest of the system in the same way that heat flows in the plate
example!’.

Central Difference Approximation of the Laplace Equation

Numerical solution methods are often used in systems where closed form solutions of
differential equations are difficult or impractical. The central difference formulas can be
used to approximate the second derivative of a function f(x)!¥ as follows. Consider the
second order Taylor series approximation of afunction f(x) around the point ‘a’:

T(x) =f(a) + ' (@) (x-a) + 2"’ (a)(x-a)* + O(n°)

Where O(n®) is an error term resulting from the truncation of the series. Consider a point
dlightly greater than x so that x-a=Dx or a=x-Dx. Substituting into the Taylor expansion
around this point yields:
T(x)  =f(x-Dx) + f (x-Dx)(X-( x-Dx)) + Y2 " (x-Dx)(x-( x-Dx))* + O(x°)

= f(x-Dx) + f" (x-Dx)(Dx) + 2 "’ (x-Dx)(Dx)* + O(x°)
T(x+Dx) = f(x+Dx -Dx) + f’ (x+Dx -Dx)(Dx) + %2 "’ (x+Dx -Dx)(Dx)? + O(x°)

=f(x) + f ()(Dx) + Y2 (x)(Dx)* + O(x°)

A similar substitution for a Taylor approximation around a point alittle less than x where
x-a=-Dx or Dx = x+ayieds:



T(x-Dx) = f(x) - ' (Dx) Dx + ¥ " (x)( Dx)* + O(x%)

Adding the two equations together gives:
T(x+Dx) + T(x-Dx) = 2f(x) + (Dx)* f"” (x)+ O(x°)

If Dx is small the O(x®) error term can be ignored, and T(x) is very close to f(x).
Substituting T(X)»f(x) and Solving for " (x):
f7(x) = f(x+Dx) + f(x-Dx) — 2f(x)/ (Dx)?

If f is acontinuously differentiable function mapping two dimensional coordinates X,y to
elevation f(x,y)=z then

df(x,y)/dx®» f(x+Dx,y) + f(x-Dx,y) — 2f(x,y)/ (Dx)?
A similar expansion in the 'y direction yields:

df(x.y)/dy?» f(x, y+Dy) + f(x, y-Dy) — 2f(x,y)/ (Dy)?

If Dx = Dy then both of these terms can be replaced with D. Substituting these two
equations into the Laplace equation yields:

f(x+Dy) + f(x-Dy) — 2f(x,y)/ (D)* +f(x, y+D) +f(x, y-D) - 2f(x,y)/ (D) =0
Multiplying by D? and collecting terms yields the central difference equation:
f(x+D)y) + f(x-Dy) + f(x, y+D) + f(x, y-D) —4f(x,y) =0
The continuous function f is often approximated by a set of points on agrid or mesh. In
this case the central difference equation is defined at the grid points. The discrete central
difference equation can be written:
f(i+1j) + f(i-1,j) +f@,j+1) +f(,j-1) —4f@i,j) =0

If f(i,)) maps grid points to an elevation z then the discrete central difference equation can
be written in the more concise notation:

2y vz, +Zy+29-42;=0

Where the indices refer to the grid nodes to the immediate left, right, up and down grid
positions relative to the central node.

Applications to Contour Interpolation

Franklint” uses the central difference approximation to formulate this problem by
constructing a system of linear equations:

Zij1t+ Zijsat Zivrj + 2174 2 =0



for each node in the input elevation grid. (This is sometimes referred to as the stencil
equation). Since there are N? grid points this yields an equal number of equations, each
with N? (mostly zero) coefficients. Thisin turn yields a coefficient matrix with N* total
coefficients. Since each row is characterized by an equation with exactly five non zero
coefficients as in the equation above, each row of this sparse matrix has N? entries, of
which (N°-5) are zeros. The application of alinear equation solving algorithm yields the
elevations directly, aslong as N is not too large.

However, solving this system produces terrain surfaces exhibiting excessive terracing
between the known contours in areas where the lower contour lines are longer than the
higher ones, because the lower elevation contour lines will contribute more toward the
new center node elevation than the higher elevations. Also, many of the grid points
corresponding to contours have known elevations. If the solution vector is constrained to
maintain these fixed elevations, the surface will not be continuous across the contours
and considerable terracing will result. [If the solution vector is not so constrained,
inaccurate elevations can occur.

The central difference approximation of the Laplace equation as formulated above can
also be solved by iterative methods. For example the central difference approximation
can be applied to each unknown node in the elevation grid in successive computational
passes using Jacobi or Gauss-Seiddl iterative solvers. At each iteration anew elevation is
computed for the central node. The greater the number of iterations, the closer the
approximation becomes to the exact solution (if the method converges). Although fast,
efficient and compact, the result is no better than that produced by direct solution as the
underlying formulation of the problem is the same. However, this technique
subsequently proved vauable in the multi-level solution approach that was used to solve
the system.

A Better Formulation of the Problem

Franklin suggests a different formulation of the system of equations, as follows:

1) Pretend that al the N>=M points have unknown elevations zj .

2) Create an equation for each z;; setting it to the average of its neighbors as in the
equation above.

3) For each of the K points whose elevation ¢ are known create an additional
equation z; = €.

Thisresultsin the system of equations:
Az=b

where A isan (M+K) by M coefficient matrix, zisan M by 1 vector, and b isa (M+K)
by 1 vector of zeros or known elevation values.

This system is over determined, so a solution exists only when b happens to be in the
column space of A, which isobviously unlikely.
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So rather than attempting to solve the system exactly (and unsuccessfully) a linear least
squares solution can be applied instead. This technique minimizes the vector:

(b-A2)" (b-A2)

Where Az is the (projection of b) = by on the column space of the coefficient matrix A
and (b-A2)" is the transpose of the vector quantity (b-Az). The solution z to the matrix
equation Az= by is the vector in the column space of A that is closest to b, and is the
“best” solution to the (probably unsolvable) system Az=b. Since (b-Az) = b- by = €is
minimized precisely when e is orthogonal to A, then, in matrix terms:

A'T(b-Az) z=0.
minimizes e, which is equivalent to:
ATAZ=ATb

where ATA is a square, symmetric (M?+K by M?+K) matrix™® . Thisis called the linear
least squares solution of the problem because it minimizes the sum of the squares of the
error vector e. This system has been solved by Franklin for data sets of up to 257 by 257
nodes using MATLAB sparse matrix utilities and solvers. However, this problem is
considerably larger than the direct solution described above by row reduction because of
the additional matrix multiplications required. More importantly, the increase in space
complexity due to the need to store more large data arrays leads to significant
computational difficulties.

Franklin's work demonstrated that this formulation can virtually eliminate the
disadvantages associated with a direct application of the central difference equation. The
Franklin formulation does not constrain the solution vector to maintain the known
elevations but does in fact constrain the grid points corresponding to the known
elevations to be the average of their four neighbors. In addition, since the method
minimizes the squares of the error components, scaling the coefficient and the known
elevation results in a weighting of that elevation. This aspect, considered a problem in
statistical regression application is an advantage here as it allows the user to constrain or
relax the solution vector’s conformance to the known elevations, thereby balancing
surface accuracy and smoothness.

The main problem with this approach is the time and space complexity for computation

of the solution vector z, particularly on desktop (vector) systems.  Successfully
overcoming the computational obstacles was the main focus of this project.

10



3.0 Preliminary Investigations
MATLAB Code Modules and their Limitations

A series of MATLAB code modules was written and used throughout this study to
investigate various solution options. The MATLAB function sparseA( ) was written to
formulate the sparse coefficient matrix ‘A’ from the input elevation node matrix using the
Franklin formulation described above. The function makeB( ) formulated the right hand
side (RHS) vector ‘b’ from the same input elevation node matrix. The function repack( )
converted the N? by 1 solution vector z into a N by N output elevation grid. Once
formulated, the system could be solved using the MATLAB native direct solver by
invoking z=A\b. An over determined case like the Franklin formulation is detected
automatically by MATLAB and a least squares solution is formulated and computed.
Code listings for these routines are attached in Appendix 1.

Experiments with these utilities and the native MATLAB least squares solver indicated
that the largest problem that could be solved on an eMachines T4200 2.0GHz processor
with 256MB RAM running the Microsoft XP operating system was about 400 by 400
elevation nodes. This yielded a system of 165685 equations and unknowns. An input
elevation matrix of 500 by 500 nodes caused an out of memory processor error.

Experiments with Alternative MATLAB Solvers

The first tests associated with this project examined some aternative MATLAB tools for
solving systems of linear equations to see of they offered any computational efficiencies.
Straightforward solution of the linear least squares equation solve the equation:

ATAZ=ATD

by computing ATA, then A™b, and then solving for z using elimination. Alternatively, the
system can be solved by first performing a QR factorization of A. The classical solution
approach!® uses the following steps:

1) Compute Q
2) Compute R using R=Q'A
3) SolveforzusingRz =Q'b

The MATLAB documentation states that for sparse matrices, Q ismostly full. SinceQis
an m by n matrix, this would be unfavorable from a computational perspective. The
MATLAB documentation suggests computing

[C.R] =ar(A,B)
for sparse matrices, applying the orthogonal transformations to B, producing C = Q**B

without computing Q. For sparse matrices, the Q-less QR factorization allows the
solution of sparse |least squares problems with two steps:

11



[C.R] = ar(A,b)
X =R\c

This method was used to solve an experimental system of equations. The tests indicated
that the computationa time and complexity was identical to that produced by applying
the MATLAB command z=A\b. It is considered likely that the above step wise method
isused by MATLAB when A\b isinvoked.

12



4.0 MATLAB Sparse Matrix Reordering Experiments

When certain operations such as matrix multiplication and particularly the factorizations
used to solve linear systems are conducted on sparse matrices the density of the matrices
and thus the storage requirements can increase dramaticaly. Thisis caled fill-in. It has
been known for some time that the row and column order of a sparse matrix can have a
large effect on fill-in during these computations. It has been proven that the computation
of optimal ordering is NP-hard. However, there are severa heuristics commonly used to
improve ordering for this purpose.”

An investigation was conducted to determine if the computation of the over determined
Laplacian approximation algorithm (Franklin algorithm) could be improved by using
alternative row or column orderings of the large sparse coefficient matrix. The hope was
that the improvement would be enough to allow processing of files of the target size. A
small test system was built and experiments with the reordering schemes provided by
MATLAB were conducted and noted.

Permutation V ectors

Consider an n by n square matrix A and a 1 by n permutation vector p such that

p=l[iy, iz, ...in] , il /

The MATLAB matrix permutation operator can produce a row or column permuted
matrix P

Prow=A(p, )
and

Peol = A(:,p)

where P, IS the matrix with rows permuted according to the encoding in the permutation
vector p, i.e.
Prow = [ rowi1
rowi,

rowi, |
and
Peo=[ coliz coliz ... colip ]

The inverse operation can be performed with the vector g computed from the MATLAB
command:

q(p) = Lin

The inverse operation is then:

13



A =Pow(q,:)

for the row permutation or
A=Pc(:, Q)

for the column permutation.
It is aso possible to permute the linear system
Az=Db
as long as the permutations are consistent. That is, it is possible to perform row or
column permutations on an n by m matrix A as long as the corresponding permutation is
performed on either vector z or vector b. For example, to perform a column permutation
defined by 1 by n permutation vector p on matrix A, first permute the matrix:
Peo=A(:, P)
Then solve the linear system:
P z=Db
Then compute the inverse permutation vector g:
q(p) = L:n
and then compute z by re-applying the permutation vector:
z=27q,:)
Thistechniqueisvalid for an over determined system as well.
Test System

Various reordering schemes were applied to a 200 by 200 node input elevation grid
consisting of straight rows of contour lines running the width of the map. A small Java
utility called InputMatrix.java was used to build this and similar input files. The grid
was imported into MATLAB as elevation matrix ‘A’.

Test 1 —Basdine

The first test established the processing time for an unordered MATLAB sparse elevation
matrix. Actually, as aresult of the way that sparseA.m builds the input matrix and due
to the structure inherent in the problem, the unordered sparse matrix has a very high
degree of structure. This structure tends to place the non zero elements on the diagonal,
which in fact is one of the heuristics used for certain reordering schemes (see below). As

14



aresult, it is expected that the unordered sparse matrix may actually be closer
to optimal than to extremely sub-optimal.

The utilities sparseA.m, makeB.m, and repack.m were used to prepare the input
matrices. The program sparseA.m computed a 43,800 by 40,000 sparse coefficient
matrix. The characteristics of the computed sparseMatrix can be seen from the
MATLAB spy plot in Figure 1. below.

w1

0

nz = 203000 4

Figure 1. Unordered Sparse Matrix

The program makeB.m computed a 40,000 by 1 right hand side (RHS) vector. The
system was then solved using the MATLAB command:

t1=clock; z=sparseMatrix\b; t2=clock; e=etime(t2, t1)
The elapsed time e was 197.86s on a Hewlett Packard 1.1MHz |aptop.

Test 2—colmmd

colmmd isaMATLAB column reordering function returning a permutation vector
p = colmmd(S)
such that p is a minimum degree permutation vector for S.
The permutation vector ‘p’ was calculated for sparseMatrix and then used to permute

gparseMatrix to coommdMatrix. The MATLAB spy plot for coommdMatrix is shown in
Figure 2.

15
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nz = 203000 o

Figure 2. colmmd Reordered Sparse Matrix

The MATLAB colmmdMatrix\b command was then used to solve z. The elapsed time
was 221.87s, definitely not an improvement.

Test 3 - Non Zero Vector Sort

The next test was a column sort by number of non zero elements. The permutation vector
was computed by:

p = colperm(sparseM atrix)

Then sparseMatrix was permuted as before. The MATLAB spy for the matrix
colpermMatrix is shown in Figure 3 below.

w10’

0 1 2 3 4
nz = 203000 it

Figure 3. colperm Reordered Sparse Matrix

The computation elapsed time in this case was 174.27s, a slight improvement.

16



Test 4 — colamd

The MATLAB function colamd returns a permutation based on an alternative minimum
degree ordering algorithm. As before, a permutation vector was computed by:

p = colamd(sparseM atrix)

and as before a matrix colamdMatrix was computed by permuting sparseMatrix with p.
The MATLAB spy for thisreordering is shown in Figure 4.

Figure 4. colamd Reordered Sparse Matrix

The elapsed time for the computation of the solution vector showed a significant
improvement this time, dropping to 136.12s.

Test 5 — colamd with spparms Parameter Adjustment

MATLAB provides the function spparms( ) that allows ten minimum degree ordering
algorithm parameters to be adjusted. There is a recommended grouping that can be
invoked using the command:

spaarms(‘tight’)

that optimizes the agorithm to provide less fill-in a the expense of increased
computational time for the reordering. The colamd experiment was rerun after setting the
parameters ‘tight’. The MATLAB spy for the matrix spaarmsTightMatrix is shown in
Figure5.

17



Figure 5. spaarms TightMatrix Reordered Sparse Matrix

This yielded the best processing time of all, 128.735s. However, inspection of the spys
for the two colamd matrices shows that they appear to be identical, so any difference in
processing time might be hardware related. A replicate run of the ‘tight’ configuration
showed a processing time of 132.06s, possibly confirming this analysis.

Test 6. — Verification of Solution Recovery using Inverse Permutation.

A test was conducted to determine if the solution vector z could be recovered from the
permuted solution vector z according to the formula specified above. This was done for
the colamd permutation vector p. The inverse vector g was computed and applied to z .
The solution vector z was repacked. The expected contour plot, shown below in Figure
6, was produced.

Figure 6. Recovered Sparse Matrix

The colamd permutation took only 66% of the run time as compared to the unordered
matrix, indicating that some improvement as a result of column reordering may be
possible for larger non-artificial input matrices

Unfortunately, while significant, the improvements demonstrated in this test were judged

18



not enough of an improvement to approach the goal of processing a 1201 by 1201 node
elevation grid.
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5.0 METIS Reordering Experiments

The search for productive matrix reordering algorithms was next extended beyond
MABLAB. This search indicated that the developmental and research software package
METIS might be agood candidate for producing useful reordering schemes.

METIS was obtaned by downloading from the site  http://www-
users.cs.umn.edu/~karypismetis/.  METIS is a family of multilevel partitioning
algorithms developed at the University of Minnesota. The package contains several
utilities for graph partitioning, mesh conversion and, of particular interest: sparse matrix
ordering. The accompanying documentation was clear and well-written but lacked
theoretical depth.

The first problem to be solved was understanding how the program worked. The METIS
input file format is called a graph file and is composed of connectivity and edge and
vertex weight information such that each line of the graph file corresponds to one graph
node. It was apparent that this program was aimed at graph applications primarily. The
seven node graph example included in the documentation was used to help generate the
correct graph file format from the node and edge information provided in the example.

The adjacency matrix corresponding to the example graph was then generated and
represented in MATLAB sparse matrix format. The MATLAB function called
makeGraph.m was written to convert the MATLAB sparse representation of the
adjacency matrix to METIS graph file format. This utility produced a graph file called
outfile.graph. The METIS utility graphchk was then run on outfile.graph to check the
correctness of the generated file. This worked satisfactorily. The reordering programs
oemetis.exe and onmetis.exe were run on outfile.graph. This produced two versions of
outfile.graph.iperm, the permutation vectors. These vectors were of the correct
dimension and contained no obvious mistakes.

A problem arose when running graphchk.exe on a METIS graph file generated from a
MATLAB sparse matrix generated from a small (4 by 4) test elevation contour file.
Apparently, METIS can only process symmetric matrices, i.e. only valid adjacency
matrices where if coefficient ¢, indicating an edge between node i and nodej is present, a
corresponding coefficient ¢, = ¢; exists indicating that the same edge between nodej and i
is also present. Unfortunately, this is not the case for sparse matrices derived from
elevation contours which are generally asymmetric. METIS also does not accept edges
that start and end at the same node, meaning that no non zero diagonal matrix entries are
permitted.

The MATLAB minimum degree ordering utilities are able to somehow handle
unsymmetrical matrices. Lacking any information from the MATLAB documentation as
to exactly how this was done, it was therefore decided to try to force METIS to suggest a
permutation vector by direct means. The strategy was to modify the input sparse matrix
so that METIS would accept it. METIS was then asked to compute a permutation vector.
This permutation vector was itself used to reorder the columns or the rows or both for the
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original (unmodified) sparse matrix. (Since the permutation vector is 1 by n the columns
can be permuted directly. The permutation vector must be augmented in order to perform
the corresponding permutation on the rows. See below.)

In order to accomplish this, the sparse input matrix needed the following:

1) It must be converted to a square matrix;
2) it must not have any non-zeros on the diagonal;
3) it must be symmetric.

Condition (1) was accomplished by removing the code from sparseA.m that concatenated
the equations resulting from the known elevations onto the square sparse Matrix from
containing the unknown equation coefficients. Condition (2) was accomplished by
extracting the diagonal matrix, multiplying it by (-1) and then adding it to the sparse
matrix to zero out any non zero coefficients on the diagonal. Then (3) was accomplished
by converting al non zero elements to ones and then reflecting every non-zero element
across the diagonal. These were all accomplished in makeGraph.m.

After debugging, the permutation vector for a 50 by 50 elevation contour test file was
computed using METIS utilities oemetis.exe and onmetis.exe. Both the columns and the
rows were permuted using these vectors. The column permutation was straightforward
because the dimensions matched. In order to permute the rows, extra permutation indices
were concatenated to just copy the rows corresponding to the known elevation equations
to the permuted matrix unchanged.

The MATLAB spy plot for the column permutation is shown below in Figure 7 .

Figure 7. METIS Column permutation Sparse Matrix

The plot isinteresting in that the algorithm seems to “clump” the coefficients into regions
of high density and low density, the column permutation matrix seemingly blocked aong
the anti-diagonal. The MATLAB solver was run on the column permuted matrix and
also the unpermuted sparseMatrix as the control. Theresultsarein Table 1.
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Table 1 Column Permutations

Permutation METIS Input File Size | Sparse Matrix | Solution Time
Algorithm Size
none none 50 by 50 2700 by 2500 0.4530
none none 50 by 50 2700 by 2500 0.4850
none none 50 by 50 2700 by 2500 0.4840
column oemetis 50 by 50 2700 by 2500 0.5310
column onmetis 50 by 50 2700 by 2500 0.5310
column onmetis 50 by 50 2700 by 2500 0.5000
column onmetis 50 by 50 2700 by 2500 0.4840
column onmetis 50 by 50 2700 by 2500 0.4850
column oemetis 50 by 50 2700 by 2500 0.4840

The first round of testing showed that the column permutations did not outperform the
unpermuted sparse matrix. A second round of tests was run for a row permuted matrix
permuted with the augmented permutation vector. These results are shown in Table 2.

Table 2 . Row Permutations.

Permutation METIS Input File Size | Sparse Matrix | Solution Time
Algorithm Size

none none 50 by 50 2700 by 2500 0.5470

none none 50 by 50 2700 by 2500 0.5620

row onmetis 50 by 50 2700 by 2500 0.5160

row onmetis 50 by 50 2700 by 2500 0.5150

(Note: the run times for both the control and the test cases were slower . However, the
test case ran faster than the control in the row permutation test and slower or equal to the
control for the column permutation test.)

The tests on the 50 by 50 elevation grid were not encouraging but not entirely conclusive
either. The problem was that the total run time for the MATLAB solution was less than a
second, typically less than half a second. Small hardware variations unrelated to the
problem introduced a standard error that was significant when compared to the measured
elapsed time. As a result a larger problem was run that was known to have a longer
computational time.

Larger Elevation Grid Input File

The procedure was the same as used for the 50 by 50 node test: a square sparseMatrix
was computed, and then the METIS graph file was computed from it using
makeGraph.m. The METIS utility onmetisexe was then used to compute
outfile.graph.iperm, the permutation vector.
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After incrementing each element of the permutation vector by one, the rectangular
sparseMatrix was recomputed. The column reordered permutationMatrix was computed
from it using the permutation vector . The system was then solved using MATLAB:

permutationMatrix\b.
The elapsed time for this computation was 125.3120s. The corresponding time for the

control calculation was 120.030s, indicating no improvement as a result of the
permutation. The spy plot for the permutationMatrix is shown below in Figure 8.

Figure 8. METIS Column Permutation Sparse Matrix

Next arow permutation was attempted using the same technique as for the 50 by 50 node
test. A new permutation vector was constructed by augmenting the old permutation
vector so that its row dimension matched sparseMatrix. It was then used to compute a
row permuted permutationMatrix and solved the system

permutationMatrix\b.
The solution time was 103.5320s, an improvement of about 16%. Asafina check, the

control was rerun. Virtually the same computation time of 120.4370s was observed.
The datais summarized in Table 3. The spy plot for the row permutation is shown below.

23



Figure 9. METIS Column Permutation Sparse Matrix

Table 3 . Column and Row Permutations: 200 by 200 Node Input File.

Permutation METIS Input File Size | Sparse Matrix Size | Solution
Algorithm Time
none none 200 by 200 43800 by 40000 120.0310
column onmetis 200 by 200 43800 by 40000 125.3120
none none 200 by 200 43800 by 40000 120.4370
row onmetis 200 by 200 43800 by 40000 103.5320

Although the METIS onmetis.exe row permutations consistently produced faster
computation times than the unordered MATALB control, the improvement was not
better than the best MATLAB permutation.

Although it is possible that an ordering scheme that outperforms the MATLAB
unsymmetrical minimum degree ordering algorithm exists, it was considered more likely
that a point of diminishing returns was realized for this approach and that the limited time
could be better spent working on alternative strategies to reduce computational time.

This part of the study was concluded with an understanding of row reduction techniques
that can reduce the computational time for the over determined Laplacian system by 15 to
33 percent through use of the reordering agorithms described in this section. While this
improvement is considered quite substantial, it was not considered of sufficient
magnitude to warrant further investigation.

It must be remembered that the reason for this study was to find computational methods
that would allow the solution of larger systems of over determined linear equations
formulated by the Franklin algorithm. The main reason for the failure to compute such
systems was not excessive computational time, but was in fact excessive in-process
memory requirements.

It might seem prudent at this point to determine if the best reordering scheme, as applied
to solution of systems generated by the Franklin Algorithm, would significantly reduce
memory requirements commensurate or in excess of the reduction in computational time.
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This was not done because the size of the reduction in computational time (used as a
screening method) was not sufficient to justify further study. It is expected that the
problem size grows at least as a polynomial function of the number of input nodes.
Therefore, reduction in the solution times better than those observed in this study are
required if the target problem (1201 by 1201 elevation nodes) is to be successfully
solved.

As a result further study was not conducted and a new approach to the general problem
was started.
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6.0 Saunders-Paige L SQR Experimentsusing Well-Behaved Experimental | nput
Files

After achieving only limited success toward the goal of solving large input data sets
using the MATLAB linear least squares solver, a search was conduced for aternative
solvers. One of the most interesting candidates was the LSQR package offered by the
Software Optimization Library of the department of MS and E at Stanford University.
The software was written by Dr. C.C. Paige and Dr. M.R. Saunders. The software is
implemented in C, Fortran77 and MATLAB. It solves Ax=b for consistent systems or
minimizes:

|| Ax - b || or
sart( || Ax - b ||* + dlix|f’)

for over determined systems, where d is a damping parameter. The solver uses a method
based on Golub-Kahan bidiagonalization. It is algebraically equivaent to applying the
symmetric conjugate gradient (iterative) method to the normal equations:

(AA+d*)x=Ab

but according to the authors® has better numerical properties, especialy if A is ill-
conditioned.

This package was interesting for two reasons. Experiments with iterative solvers during
the proposal stage of this project indicated that this type was very efficient both from a
computational and memory use standpoint for the solution of consistent systems using the
Laplacian PDE formulation. Iterative solvers aso allow a certain degree of flexibility
because solution accuracy may be traded off for decreased run time if necessary. The
LSQR solver also met another criterion: it was ported to non MATLAB platforms,
allowing a migration path from the developmental environment if the subsequent tests
proved successful.

Initial Tests

The first approach was to use the MATLAB Isgr.m and other files offered on Dr.
Saunder’s download page to solve a small problem. It was then intended to investigate
the C implementation once the MATLAB implementation was understood adequately.

Two files are required: Isgr.m and aprob.m, where Isgr.m is the solver and aprob.m
defines the matrix A through its multiplication agorithm. (The iterative technique is
based on a recursive application of multiplication of a matrix Nx** where x*? s the
(k-1)" iterative approximation of the solution vector. Therefore, efficient matrix
multiplication algorithms are essential for the rapid solution of large problems. (It is
common to define the matrix multiplication algorithm, rather than the matrix itself in the
case of large sparse matrices, where the latter would be cumbersome or impossible to
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handle explicitly.)

After some initial problems understanding the modules, Dr. Saunders was contacted at
Stanford by email with some questions. Dr. Saunders graciously provided a detailed
reply with much of helpful advice. The most helpful piece of information was that LSQR
was implemented in MATLAB as a native routine, obviating the need for the functions
provided on the website, at |east for research purposes.

The subsequent LSQR tests described in this report were all run on the native MATLAB
implementation. InputMatrix.java, included in the Java Code Appendix 2 was used to
prepare many of the test input files used for this section.

Native MATLAB LSOR() Implementation Tests: 50 by 50 Node Input Elevation Grid

A first test was conducted on a 50 by 50 node input elevation matrix to ensure that the
function call syntax was understood. Input was of the form:

inputs;

sparseM atrix=sparseA(A);
b=makeB(A);

z = LSQR(sparseMatrix, b, 10e-06, 100)

Where input5 is the InputMatrix.java generated 50 by 50 input grid; sparseMatrix =
sparseA(A) isthe MATLAB sparse representation of the Laplacian PDE matrix; b is the
over determined Laplacian RHS vector; z is the solution vector; 1-e-06 is the
convergence tolerance and 100 is the maximum number of iterations.

The method computed the solution to a relative residual of 0.051 using 0.7110 seconds.
Computing 200 iterations returned a relative residual of 0.0072 in a time of 1.3520
seconds, indicating that solution time was linear with the number of iterations specified,
as expected.

Repacking z using repack( ) and viewing using contourf( ) produced the Figure 10 plot.

Figure 10. L SQR 50 X 50 Repacked Solution Vector



This plot is indistinguishable from the corresponding plot produced by the MATLAB
direct solver.

Native MATLAB LSOR Implementation Tests: 200 by 200 Node Input Elevation Grid

Next, the solution of a 200 by 200 elevation node input file was attempted using
operations similar to those described above. The MATLAB command:

z = LSQR(sparseMatrix, b, 10e-06, 50)
where sparseMatrix is the MATLAB sparse representation of the Laplacian PDE matrix
derived from the 200 by 200 input file solved the system in 6.669s to a relative residual
of 0.048s.

Repeating the test with 200 iterations LSQR solved the system in an elapsed time of
25.937sto arelative residual of 0.0064.

The MATLAB direct solver processing files generated by sparseMatrix and b as a control
required an elapsed time of 224.3s.

Native MATLAB LSOR() Implementation Tests: 500 by 500 Node Input Elevation Grid

The next test was on a 500 by 500 node input grid. This was not solvable using the
MATLAB direct solver on the test hardware platform. The MATLAB input command:

z = LSQR(sparseMatrix, b, 10e-06, 200)
where sparseMatrix is the MATLAB sparse representation of the Laplacian PDE matrix
derived from the 500 by 500 node input file solved the system in an elapsed time of
108.07sto arelative residual of 0.004.

Repeating the test for 400 iterations solved the system in 216.1720s to a relative residual
of 0.0002.

This result was encouraging in two respects. Firstly, LSQR was able to easily handle an
input file larger than that handled by the MATLAB direct solver. Also, the solution time
seemed to grow relatively slowly with input file size.

Native MATLAB LSOR() Implementation Tests: 800 by 800 Node Input Elevation Grid

The final test was an 800 by 800 elevation node input grid. This was larger than the
largest file previously solved by the MATLAB direct solver using a computer with
1024MB of RAM. Thefollowing MATLAB commands were input:
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input80;

sparseM atrix=sparseA(A);
b=makeB(A);

Size(sparseMatrix)

703,200, 640,000

z = LSQR(sparseMatrix, b, 10e-06, 200)

where sparseMatrix is the MATLAB sparse representation of the 800 by 800 node input
file. LSQR solved the system in an elapsed time of 276.0940s to a relative residual of
0.0031.

Repeating the test for 400 iterations solved the system in 551.9380s to a relative residual
of 9.8e-05.

The contour plot of the repacked solution vector is shown below in Figure 11.

Figure 11. LSQR 800 X 800 Repacked Solution Vector

The plot shows that the solution is at least reasonably close to the expected result.
Inspection of the output file showed a maximum computed solution value of 7936.1 fitted
to an input file with a maximum contour line value of 7900.0.

These initial tests of the LSQR algorithm were encouraging for the reasons previously
stated:

1) Problems close to the target problem size could be easily handled by LSQR.

2) The computation time grew very slowly with respect to problem size as compared
to the MATLAB direct solver.

3) The solutions produced by the L SQR method appeared to compare favorably with
those produced by the direct solver. For example, the difference between a 400
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iteration LSQR computation of a 50 by 50 input elevation grid and the
corresponding direct solution was essentialy nil (~2.71e-08 for a 436.2622
computed elevation value.)
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7.0 Saunders-Paige L SQR Experimentsusing I nput Files Selected to Exercise
L SQR more Fully

The initial tests with LSQR were very encouraging, with the program processing filesin
much less time than the MATLAB direct solver. More importantly, processor memory
requirements were also much lower. However, there were severa deficiencies in the
initial test series that needed to be addressed.

No quantitative estimate of the agreement between the LSQR solution and the direct
solution was computed. In addition, the largest file processed was 800 by 800 elevation
grid nodes. Since the target was 1201 by 1201 grid nodes, it was necessary to attempt
thislarger input file size.

Moreover, the tests were conducted with very ssmple input files with a constant elevation
gradient from one end of the grid to the other. The initial tests were run on test grids
produced by the Java program InputMatrix. This program was written to output a mock
contour line grid. The grid contour lines were evenly spaced at 10 unit increments, they
were dl pardle, their elevation values increased linearly across the grid, and they were
paralel or perpendicular to the grid borders. This format was chosen because a correct
interpolation could be determined at a glance at the 2D contour plot output. It was
suspected that performance might be degraded if more realistic files were processed.

In order to determine this, a series of increasingly more complex input files were
prepared and used to exercise LSQR. The first test run, however was designed to obtain
amore quantitative comparison between the LSQR solution and the direct solution.

Test 1. Comparison of LSOR Solution of 200 by 200 Node Input Grid Produced by
InputMatrix with MATLAB Direct Solution

The 200 by 200 grid simple input file computed by LSQR in the last section was
recomputed and compared to the corresponding MATLAB direct solution. A difference
matrix was computed:

difference=c—-cc

where c is the repacked solution vector from the direct solution and cc is the repacked
solution from the LSQR solution. The MATLAB Statistic (max(max)) (which computes
the maximum value in the matrix) was computed on the difference matrix and found to
be 6.6734. Then a contour plot of ‘difference’ was computed and inspected for the 200
by 200 node solution. This showed visually the differences between the two solutions
across the height and width of the grid. The results showed generally good agreement
between the two solvers. However, there was a deviation at the “lowest” edge of the
difference plot that was difficult to explain a the time but the reason for which
subsequently became clearer. A contour plot of the difference matrix is shown below.
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Figure 12. L SQR 200 X 200 Difference Plot
Test 2. 1201 by 1201 Input Grids

As an extension of the above testing, a 1201 by 1201 node input grid was run to see if
LSQR could handle afile this big. A suitable input file was prepared using InputMatrix
and a solution was attempted. However, this approach did not work for the 1201 by 1201
grid as the routine never got past the sparse matrix preparation code after 24 hours of
trying. The reason, as discussed before, is the extremely poor performance of MATLAB
user-defined code modul es.

As a consequence, a C++ program called Sparse was written to prepare a MATLAB
gparse matrix index file from an input elevation grid. (The code listing is included in
Appendix 3.) MATLAB alows importation of sparse matrices using such an index file
format. Although the input files can be quite large, despite the sparse data structure,
formulating the sparse matrix using Sparse was much faster than the MATLAB method,
requiring only afew minutes of processing time.

Using this technique, LSQR was able to solve the system in 1.586e+04 seconds using
400 iterations. Although no direct solution was available to compare it with, (because the
file was too big for the MATLAB direct solver) the contour plot was reasonable and the
computed values were as expected. The output contour plot for the 1201 by 1201 test file
is shown below in Figure 13.
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Figure 13. LSQR 1201 X 1201 Repacked Solution Vector

Test 3 Wavy.dat

The next test was designed to investigate the performance of the LSQR solver when used
on irregular input grids. InputMatrix was modified to produce a more irregular input
grid. Instead of increasing regularly from minimum to maximum, the contour lines
generally increased, but in an irregular “wavy” pattern. The contour lines were no longer
evenly spaced. However, the contour lines were still parallel and still column aligned in
the input grid.

) ) Figure 15. MATLAB direct Solution Vector
Figure 14. L SQR wavy.dat Solution Vector

The results of the LSQR computation are shown in the mesh plot above left (Figure 14),
while the direct solution is to the right (Figure 15). The solution tracked the input
contour lines closely, fitting a smooth surface to the contour linesin 200 iterations.

The Figure 16 plot shows the difference contour for the LSQR and direct solutions.
Differences between the two plots were negligible.
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Figure 16. wavy.dat Difference Plot

Test 4 square.dat

As a second test of an irregular input grid the instructor-supplied ‘square.dat’ was used.
This grid was specialy constructed to present problems to interpolation algorithms. The
file is characterized by square, concentric contour lines. Poor interpolators produce a
stepped pyramid, while good ones produce a smoother surface. The LSQR solver
produced a solution that was very close to that produced by the direct solver. Mesh plots
of the solutions produced by the two solvers are shown below in Figures 17 and 18.

Figure 17. LSQR square.dat Repacked Solution Figure 18. Direct Solver Repacked Solution Vector
Vector

The difference contour for the two plotsis shown below in Figure 19.
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Figure 19. square.dat Difference Matrix

Test 5. Tuckermans.dat

The next test was run on the instructor-supplied input grid of Mt. Washington, NH
derived from an actual USGS contour map and called tuckermans.dat. This was an 800
node by 800 node file, well within LSQR’s demonstrated solution capability. A Sparse
matrix index file and a RHS vector was prepared using Sparse as with the 1201 by 1201
grid described above.

The input file was solved by LSQR using 200 iterations in about 250 seconds.
Unfortunately, the solution computed by LSQR was grossly in error, with many large
negative elevations resulting. The surface and contour plots for this run are shown
below in Figures 20 and 21.

Figure 20. L SQR tuckermans.dat Repacked Solution Figure 21. L SQR tuckermans.dat contourf plot
Vector
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Test 6 tuckermans.dat Subset Diagnostic Tests

It was not obvious why the solution failed so badly after the previous successes. The full
tuckermans.dat file was too large for convenient diagnostic testing so it was subsetted and
a series of LSQR solutions was run on the subset file. A parallel direct solution was run
on each of the subsetted files to help see where the problem was occurring.

The first test was with a 50 by 50 node subset. This computed correctly using LSQR in
500 iterations, producing results that were very similar to those produced by the direct
solver. If lessthan 500 iterations were used the results were poor.

Next a 100 by 100 node grid was computed using LSQR. In this case 500 iterations did
not converge but 1000 iterations did.

Finally, a 400 node by 400 node subset was run. This solution produced persistent
negative elevation “islands’ that required many iterations to overcome. Ultimately, 3000
iterations were required before a satisfactory solution was produced. This indicated that,
at least for this input file the solution was initially unstable but did not explode and
ultimately did converge. The larger the file, the more iterations seemed necessary for
convergence.

The elevation contours below show the result of the direct solution (Figure 22) , the
LSQR solution after 2000 iterations (Figure 23), and the LSQR solution after 3000
iterations (Figure 24) for the 400 by 400 node input file.

Figure 22. 400 X 400 Direct Solution Figure 23. LSQR 400 X 400 2000 Iterations Figure 24. L SQR 400 X 400 3000
Iterations

Another test was conducted to determine the effect of theinitial guess on convergence for
LSQR. The LSQR program allows an initial guess vector to be supplied as a parameter
when the function is called.

The 50 by 50 node subset of tuckermans.dat was again used as input. The system was
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solved using LSQR and it was determined that it took approximately 500 iterations to
converge with the default initial guess of x0=0.

The same solution was attempted again but with an initial guess of x0=ones(2500, 1) *
1000, this vector being chosen because 1000 was estimated to be the approximate
average elevation. This choice reduced the number of iterations to converge to 400.

A third test was attempted, this time setting x0=o0nes(2500, 1) * max(max(A)) where A is
the elevation grid. This allowed the solution to converge after 300 iterations, cutting 200
from the default estimate solution.

Tuckermans.dat Test Rerun

The tuckermans.dat file was again solved by LSQR, this time making a better initial
guess and using more iterations. Previous experience indicated that 5000 iterations could
be accommodated in an overnight run.

Theinitial guess was x0=0nes(640000, 1) * max(max(tuckermans)), i.e. a column vector
of the maximum elevation values in the input file. (The maximum elevation was the best
of the three initial guesses tried earlier, the others being the average elevation and all
zeros). The MATLAB command:

z=L SQR(sparseM atrix, tuckermans_b, 10e-06, 5000, [ ], [ ], x0)
was invoked. The elapsed time for the run was 6.7486e+03 s, with a relative residual of

0.00052. This run was more successful and appeared to converge properly. A contour
plot and a mesh plot corresponding to this run are shown below in Figures 25 and 26.

Figure 25. LSQR tuckermas.dat Repacked Figure 26. L SQR tuckermas.dat Repacked Solution Vector
Solution 5000 Iterations mesh Plot

This series of tests indicated the following:
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1)

2)

3)

4)

5)

6)

The LSQR solutions agreed well with MATLAB direct solutions for input files
specially constructed to exercise interpolation algorithms.

A very serious LSQR solution problem was introduced when a real input grid was
attempted.

The problem seemed to be characterized by an initia instability that developed
relatively quickly, subsequently requiring many iterations to converge. It seemed that
the larger the input file, the greater the initial instability and the greater the number of
iterations required to recover.

The problem seemed to be highly correlated to the orientation of the contour linesin
the grid, with parallel or perpendicular contour lines behaving well, even if they were
irregularly spaced and of uneven elevation. (This type of file may converge faster
than a smooth file due to the nature of the iterative processor.)

A better initial guess led to significantly better convergencein asmall test file.

A better guess and more iterations yielded a successful result for the tuckermans.dat
file.
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8.0 Interpolating Difficult Input Terrainsusing L SQR

The instructor-supplied crater.dat input file is a somewhat larger (900 by 900 elevation
node) input file. This elevation contour file was chosen to be particularly difficult to
interpolate because it contains the top of a steep mountain terminating in a crater falling
off even more steeply into a lake. An attempt was made to solve it using the Saunders-
Paige LSQR iterative solver and the techniques described in the previous report as a
further test of those techniques. They were inadequate for this file and initially, very
poor results were obtained using them.

The initial guess was a column vector of 810,000 maximum elevation values (7680 feet).
The LSQR solver was run using 1000, 2000, 3000 and 5000 iterations without success.
The problem seemed to be convergence again. The maximum run time was 8.49e+03
seconds with arelative residual of 0.0013.

A 200 by 200 node subset of the larger file was again used to investigate the problem.
The subset included both the rim of the crater, the steep slope, and the lake. Tests
indicated that the subset converged slowly to a correct-looking solution with the lower
left corner of the map (the lake section) converging last. (Better convergence was
apparently obtained because of the smaller size of the input file.)

Next, the subset input file was run with an initial guess of the minimum elevation instead
of the maximum. This performed much better, converging after only 500 iterations.
Finally, an initial guess of intermediate value, 6800 feet was attempted. This did not
converge as quickly as the minimum. (It became apparent after subsequent tests that the
minimum elevation worked best in this case because of the problematic lake area of the
map. Aninitial guess close to the lake elevation hel ped this troublesome area the most.)

It was apparent at this point that the nature of the terrain, i.e. the high ridge dropping off a

sharp cliff into aflat lake was a particularly difficult interpolation problem. The exercise
also confirmed the importance of file size and initial guess on solver performance.

Test 2. Second Trial of crater.dat

The full crater.dat file was rerun using the minimum elevation as the initial guess (based
on the previous test results) in the hope that this would improve convergence.
Unfortunately, this did not occur as the solution did not converge after 5000 iterations.

The crater.dat file was next run using the minimum elevation as the initial estimate and
10,000 iterations of LSQR. This took 1.69e+04 seconds and returned a relative residua
of 0.00029. The resulting mesh plot looked much better but there were still minor but
obvious areas of non convergence. (Note: the relative residual has proven to be a quite
useless indicator of convergence or correctness of solution for interpolating terrain.
These problems are characterized by relatively good convergence for the majority of the
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map and minor but significant errors in small sections of the map. This resultsin alow
relative residual (which isacombined error term like a norm) but an unacceptable map.)

Finally, crater.dat was run using LSQR and 20,000 iterations. This ran in 3.396e+04
seconds with a relative residual of 0.00029. This plot looked better except for a very
obvious undershoot problem at the foot of the cliff (in the lake) and some less obvious
“phantom” gullies (i.e. gullies with no corresponding contours) at the edges of the map.
The result of this computation is shown in the figure below in Figure 27.

& gully
gully
\ undershoot
Figure 27. L SQR crater.dat Repacked Solution Vector 20,00

Iterations

Test 4. Matrix Preconditioning

Dr. Saunders, in his email in response to an email enquiry suggested the following
advice:

“Also, be sure to note the recommendation about scaling the columns of ‘A’ to have the
same Euclidean norm. This is diagonal preconditioning. The hope is that LSQR will

converge quickly enough. If you're very lucky, it might need only a few hundred
iterations.”

As a result, the MATLAB function ‘scalem’ was written. This program returned a
sparse diagonal matrix such that when used to post multiply ‘A’ produced a normalized
matrix (all the column vectors having length one). The math for this preconditioning is
asfollows:

For the system:

[A] [X] =[b]

(IAI[D]) (ID]™ [X]) = [b]
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The second equation says that if A is post multiplied by D, then solution of the system
returns ([D]™* [x]) and not x. It should be possible to recover x by pre-multiplying by D
after computation.

Severa tests were run using a 100 by 100 node subset of crater.dat, running both
unpreconditioned and preconditioned sparse matrices. Although the preconditioning
changed the convergence characteristics of the solution, it was not for the better in this
test. The preconditioned matrix converged either much more slowly or not at al, with
large errors at the corners of the map and odd errors elsewhere.

Test 5. Elevation Clipping

Processing of crater.dat and other files using LSQR indicated that the iterative solutions
were characterized by elevation overshooting and undershooting. As a result, a
MATLAB program caled clipper.m was written. The idea was to produce an
intermediate solution, use clipper.m to remove the overshoot and undershoot e evations,
and then use the conditioned intermediate solution vector as an initial estimate for LSQR.

The approach was tested using a 200 by 200 node subset of crater.dat. Thisdid not prove
to be a success either. The “bad” elevations persisted and kept reappearing in the
solution vector even after they were clipped out of the intermediate solution vector. No
application of the clipper.m program had any useful effect.

Test 6. Multiple Level Solutions

During the course of attempting solutions of crater.dat using LSQR, it seemed that the
convergence was related to the initial estimate. Sometimes setting the initial estimate to
the maximum elevation worked well, and with other files the minimum elevation worked
better, depending on the nature of the particular file.

What was needed to speed convergence was an initial estimate that was small where the
solution vector was small and large where it was large. The problem is that prior
knowledge or prediction of the solution was needed to accomplish this. Various ways of
performing a single pass interpolation on the input file to produce a better initial estimate
were considered. The problem is that the first pass interpolation should ideally condition
the zeros in the grid to something more closely approaching the adjacent contour
elevations in order to speed convergence.

It was considered that the (not over determined) iterative Laplacian solver described in
Section 3 might be the ideal generator of initial estimates for LSQR. Because the
estimated system was not over determined, aleast squares solution was not required, only
Gauss Seidd iteration of the full rank matrix. The iterative solver was possibly idea for
the application because although this solver produced a lower quality interpolation, only
acoarse or “good enough” solution was required for the purpose of initial estimate.

The zero elevations in the input file would be interpolated relatively rapidly to values
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close to their contour line neighbors. (With an iterative solver, initial convergence is
rapid and the final degrees of convergence can take most of the computational time.)
Such a solver was adapted from code written during the proposal phase of the project.
The Java interpolation program (accessed through the InterpolationUl.java module) has a
four nearest neighbor (Laplacian) iterative solver, a Thin Plate solver and is capable of
matrix row reduction. The code listings for this program are included in Appendix 2.

Thefirst test of this idea was conducted using the full (900 by 900 node) crater.dat input
file. Thisfile had been “solved” using 20,000 iterations of LSQR with an initial estimate
of a810000 by 1 initial estimate vector of all minimum elevation values. The result was
a mesh plot that had a significant undershoot in the lake and small “gullies’ near the
edges where no gullies were supposed to be as described above.

The fast iterative Laplacian solver running the crater.dat input file exhibited similar
convergence problems. (It was becoming apparent that convergence is a magjor concern
with iterative solvers.) It took 50,000 iterations to produce areasonable initial solution as
evidenced by inspection of the mesh plot. However, because the iterative solver was
relatively fast 50,000 iterations took only 1445 seconds, a tolerable amount of time.

Then crater.dat was rerun using the LSQR solver with the solution vector produced by
the fast iterative Laplacian solver as the initial estimate for LSQR. Experiments showed
that it took 20,000 iterations using the LSQR solver to produce a considerably improved
result. The undershoot was now absent from the solution, as were the unwanted gullies.
However the lake areawas still not perfect because instead of the lake being perfectly flat
it was “filleted” at the base of the cliff, even after adding an additional elevation node in
the lake.

The results are shown in the figures below. The figure on the left (Figure 28) is the
solution computed by the fast iterative Laplacian solver. The figure on the right (Figure
29) is the solution computed by LSQR using the solution produced by the fast iterative
Laplacian solver astheinitial estimate.

K improvements

Figure 28. Laplacian crater.dat Repacked Solution Vector Figure 29. L.SQR crlater.dgtl Repa(;ked Solution Veqtor
g)g(merat?gns (Initial Est matee'\a/ ector). 20,000 Iterations using Initial Estimate Shown In Figure 28.
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It was apparent that crater.dat was a particularly difficult file to interpolate. It is
considered that cliffs represent a specia class of interpolations worthy of a study of their
own. At this point, sufficient technique had been devel oped to attempt the solution of the
goal of this project, areasonably well-behaved 1201 by 1201 elevation node input file.

Solving 1201 by 1201 bountiful .dat

In order to produce a suitable input file the 2100 by 2100 node instructor-supplied
bountiful.dat file was subsetted to the target 1201 by 1201 elevation node size. A small
program called writeMatrix.m was written to convert the subset file into a format that
Sparse.exe could handle.

A coarse solution was run using the fast iterative Laplacian solver, the 5000 iterations
processing in 313.312 seconds. This solution was then used as the initial estimate for
LSQR, running for 500 iterations. Because of the large size of the file (around 250M B),
considerable memory paging was required for the first time for MATLAB’s LSQR to run
the solution, slowing down the solution very considerably. The 500 iterations took
3.0433e+04 seconds (8.45 hours) to compute.

A mesh plot of the repacked solution vector is shown below in Figure 30. The maximum
difference between the initia estimate and the LSQR solution after 500 iterations was
18.8 feet (the eevations range from about 6800 minimum to 7800 maximum feet.) This
isa considerable difference for a 20 foot contour interval file given the relatively high
quality of theinitial estimate. However, the actual quality of the computed solution is not
known because the input file was of course too large for solution using the direct
MATLAB solver.

Figure 30. LSQR bountiful_subset.dat 1201 X 1201 Repacked
Solution Vector 500 Iterations using Initial Estimate. (Note: the
apparent contour lines visible in the plot are an artifact of the
MATLAB surface color interpolation and are not residuals of the
elevation interpolation.)
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9.0 Comparison of the Quality of Solutions and Conver gence Rates of the Two-
Level Laplacian/L SQR Solver and the MATLAB Direct Solver

| nvestigation Solution Quality

It was considered necessary to compare the quality of the two level iterative solution
technique developed in the previous section with the solution produced by the MATLAB
direct solver. In order to investigate this, a series of tests was conducted using square.dat.
This file was designed specifically to be difficult to interpolate. In order for the
proposed two-level technique to be useful, it should produce a very different solution
from the initia estimate and a solution indistinguishable from that produced by
application of the MATLAB direct solver to the same input file.

The square.dat input file was interpolated by applying the iterative Laplacian solver using
5000 iterations. The result was a particularly ugly (tent-like) mesh plot with the expected
drooping between the contour lines and characteristic sharp corners. (The Laplacian
iterative solver iswritten to “lock” the contour lines at their original values and to not let
them change regardless of the number of iterations, thus exaggerating the bad qualities of
the four nearest neighbor interpolation algorithm.)

This intermediate solution was then imported into MATLAB and converted into an initial
estimate vector using the MATLAB commands:

transpose=intermediate’;
x0=transpose(®);

A sparseMatrix and RHS vector ‘b’ were computed using the following MATLAB
commands:

sparseM atrix=sparseA (square);
b=makeB(square);

The system was then solved using the commands:

z=L SQR(sparseMatrix, b, 10e-06, 500, [ ], [ ], x0);
Next the control was computed:

zc=L SQR(sparseMatrix, b, 10e-06, 500);

Both these solutions converged to the same solution vector. Mesh plots of theinitial
estimate vector, along with the two identical solution vectors are shown in below.



Figure 31. Laplacian Solution Figure 32. Direct Solution Figure 33. LSQR Solution

This test indicated that the very coarse initial estimate was iterated by LSQR to a solution
virtually identical to that produced by the MATLAB direct solver. There was no
evidence in this test to indicate that the two-level solution approach was any worse than
the direct solution (which took much more processing time and much more storage).

Comparison of the Rate of Convergence of LSOR without an Initial Estimate and the
Two-Level Laplacian/LSOR Solver with an Initial Estimate

The preceding test demonstrated that the LSQR solution of square.dat converged to the
same solution as the MATLAB direct solver. It was next considered necessary to
determine quantitatively the effect on LSQR convergence of using a high quality initial
estimate (such as that produced by the fast Laplacian iterative solver) as compared to
LSQR using the default initial estimate.

The square.dat input file was again chosen asthe test file.  Inthefirst series, MATLAB
was used to solve the equation:

z=L SQR(sparseMatrix, b, 10e-06, <iterations>);
where, <iterations> was athe number of iterations requested, ranging from 10 to 90.

Contour plots of the resulting mesh files are shown in the figures below. Thefile at the
upper left of Figure 34 was run for ten iterations, top center twenty iterations, etc.

45



Figure 34. L SQR Solution of square.dat: Solution Progression with Default Initial Estimate, 10-90 Iterations.

Next, a second series of solutions was run, this time supplying an initial estimate.
MATLAB was used to solve the equation

z=L SQR(sparseMatrix, b, 10e-06, <iterations>, [ |, [ ], X0);

where X0 was the initial estimate computed by the fast Laplacian solver and <iterations>

again ranged from 10 to 90. This series of mesh plots is shown below in the series of
images in Figure 35.
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Figure 35. LSQR Solution of sgquare.dat: Solution Progression with Laplacian Solver Initial Estimate, 10-90 Iterations.

Examination of the convergence performance of these two test groups is interesting and
highlights many of the convergence characteristics observed during the previous test
using large input files. The most important feature is the very marked improvement of
the approximation after only ten iterations of the very coarse initial estimate (which is
shown as the first of three figuresin Section 9). This indicates that LSQR computing the
Franklin algorithm with a fast Laplacian initial estimate would be expected to converge
to awell conditioned surface relatively quickly.

The obvious difference between the two groups is the much more rapid early
convergence of the second (two-level solution) group, the one that was computed by
LSQR with the coarse Laplacian initial estimate. The convergence after ten iterations of
this group (the first figure at the upper left) is better than the convergence of the second
group after seventy iterations (the figure at the lower left corner of the first group of
figures).

It is also apparent however that the difference between each successive iteration is less

than that of the first group. That is, the degree of improvement after each successive
iteration decreases as the current approximation converges toward the solution vector.
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10.0 Comparison of the Solution Vector produced by the MATLAB Direct Solver
with theLSQR Solution for aLargeInput File

The final test in this series was designed to investigate the quality of the solution vector
produced by three solvers. The standard was the solution vector produced by the
MATLAB direct solver. The first test output was the solution vector produced by LSQR
without an initial estimate and the second test output was the two-level solver running
LSQR and aninitial estimate computed by the fast Laplacian solver.

It was necessary to determine if the results observed in the tests run on square.dat would
hold true for alarger input file. The largest file that could be processed to completion by
the MATLAB direct solver on the test hardware platform was about 400 by 400 elevation
nodes. The large bountiful.dat was subsetted to thissize. Theinput file was converted to
sparse representation using sparseA.m and the RHS vector was computed using
makeB.m. Then the solution was computed by the MATLAB direct solver.

Next, LSQR computed a solution vector using no initial estimate and 5000 iterations.

Finally, LSQR computed a solution vector using an initia estimate prepared by the
Laplacian solver and run for 500, 1000 and 1500 iterations.

Severa techniques were used to determine the quality of the solution vectors. The first
was direct inspection of the mesh plots. This turned out to be a difficult indicator of
solution quality, as careful inspection of these plots was required to spot the differences.
The mesh plots for the coarse initial estimate and the MATLAB direct solution are shown
side by side in the figures below. The figure on the left (Figure 36) is the coarse initial
estimate produced by the Laplacian solver. The figure on the right (Figure 37) is the
control produced by MATLAB running the direct solver.

Careful inspection of the Laplacian plot in Figure 36 shows pronounced scalloping at the
edges that appear to be an artifact of the contour lines. These features are indicated by the
arrowsin the plot.

Scalloping

. g

/

Figure 36. Laplacian Fast Solver Solution of Figure 37. MATLAB Direct Solution of bountiful _subset.dat
bountiful _subset.dat.
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The next two plots are the solution vectors produced by LSQR run for 500 iterations
using the Laplacian solution as the initia estimate and LSQR run for 5000 iterations
using no initial estimate. The laplace/LSQR initial estimate is on the left and the LSQR
with the default initial estimate is on the right.

/ /

Figure 38. LSQR Solution of bountiful _subset.dat. 500 Figure 39. L SQR Solution of bountiful.dat, 5000 Iterations
Iterations with Laplacian Initial Estimate. Note the edge using default initial estimate. The scalloping is reduced due
scalloping where indicated. to the higher iteration count.

Note the decrease in scalloping of the initial estimate plot (Figure 38) on the left
compared to the straight initial estimate plot in Figure 39. However, the fast Laplacian
result is not as smooth as the straight LSQR plot (5000 iterations) on the right.

The fina two plots show the result of LSQR running for 1000 iterations and 1500
iterations using the Laplacian (fast) initial estimate. The 1000 iteration result is on the
left (Figure 40) and the 1500 iteration result is on the right (Figure 41). The quality of
the latter plot is very close to both the 5000 iteration LSQR (default initial estimate) and
MATLAB direct solutions.

Figure 40. L SQR Solution of bountiful.dat, 1000 Iterations Figure 41. L SQR Solution of bountiful.dat, 1500 Iterations
using Laplacianinitial estimate. using Laplacianinitial estimate.
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In order to compare the solutions more carefully, it is useful to compute difference
matrices. The plot in Figure 42 is the difference matrix produced by subtracting the
MATLAB direct solution from the default LSQR (5000 iterations). The plot in Figure
43 is the difference between the direct MATLAB solution and the LSQR/laplacian 1500
iterations.

Figure 42. LSQR Solution of bountiful .dat, 5000 Iterations using Figure 43. LSQR Solution of bountiful.dat, 1500 Iterations

default initial estimate. MATLAB contourf Plot of difference using Laplacian initial estimate. MATLAB contourf Plot of
matrix. difference matrix.

The plots show that the 1500 iteration (with initial estimate) plot is slightly better overall
than the corresponding 5000 iteration LSQR without the initial estimate. The areas of
localized divergence in the two difference plots are characteristic signatures of iterated
solutions with insufficient iterations.

Next, an LSQR computation with an initial estimate was run for 3000 LSQR iterations.
The difference plot (using the MATLAB direct solution as a standard) is shown in the
Figure 44 below. It shows that the LSQR computation run for 3000 iterations using an
initial estimate far exceeds the quality of the LSQR computation run for 5000 iterations
without the initial estimate (see figure above). The maximum deviation from the direct
solution is —0.2 feet. Although convergence is not complete, agreement with the direct
solution is very good and far better than the same LSQR computation without the initial
estimate. This is consistent with all earlier observations that indicate the advantage of
more rapid convergence of the LSQR solution when it is supplied with a coarse but high
guality initial estimate.
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Figure 44. LSQR Solution of bountiful.dat, 3000 Iterations using
Laplacian initial estimate. MATLAB contourf Plot of difference matrix.

A final test was conducted to determine if LSQR would converge to the same solution as
the MATLAB direct solver if run for sufficient iterations. In this test LSQR without an
initial estimate was run for 10,000 iterations. At the end of the run, the maximum
deviation from the direct solution was —1.076e-004 feet, indicating that excellent
agreement with the direct solution ultimately.

Although computation times were not reported in this section, the cost of the Laplacian
iterative computation for 5000 iterations was negligible: 59 seconds of CPU time. The
cost of the 2000 LSQR iterations was about one hour of CPU time on the test hardware
platform.

The series of tests described in this section indicate the following:

1) Large elevation grids containing cliffs ending in lakes are difficult to interpolate. |If
the tuckermans.dat file had been 1201 by 1201 nodes it might have been impossible to
process on the test computer due to the large number of refinement iterations required.
Additional techniques are probably required to handle the specia case of cliffs.

2) The technique developed in this report alows solution of the target 1201 by 1201
system, albeit after eight hours of processing time. Upgrading memory from 256MB to
512MB would probably improve this performance considerably, as extensive memory
paging was required to handle the large problem. This memory paging was absent during
solution of the 900 by 900 node crater.dat file.

3) The fast iterative Laplacian solver seems to be a useful tool for preparation of initial
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estimates for LSQR solving the Franklin algorithm. It seems clear that using LSQR
running the Franklin algorithm with no initial estimate is awaste of computational effort.
A less elegant but much faster algorithm can do the initial part of the computation just as
well as the better but slower Franklin algorithm solved by LSQR. The Franklin
algorithm can then be used to finish the computation, producing a result as good as if no
initial estimate had been supplied to LSQR running a greater number of iterations. This
solution was a'so as good as the direct solution in al cases studied.

5) Two fundamental problems with iterative solvers present obstacles to the technique
developed in this report for solving the Franklin interpolation algorithm: the slow spread
of updated information across the solution vector in general and a slowing of the spread
of updated information as the current iteration approaches the ultimate solution vector.

This can mean that although a tremendous computational time savings resultsin using a
fast solver to generate an initial estimate, the fina fractional improvements can still take
a great deal of time (i.e. the final 5% of the solution takes 95% of the time.) An added
problem is that it is not clear when the ultimate solution has been achieved, as statistics
like relative residua are not very useful for this application. Nor is the quality of the
solution (that is the difference between the present iteration and the correct answer)
readily available.

6) Follow up tests using the small test file square.dat seem to validate the two-level
solution method proposed.

7) Tests showed that an LSQR system that was supplied the initial estimate converged to
a solution closely approximating the MATLAB direct solution vector much more quickly
than asimilar LSQR system using the default initial estimate.

8) Comparison of the MATLAB direct solver, LSQR without an initial estimate, and
LSQR with an initial estimate supplied by the fast Laplacian solver showed that the
LSQR solution agreed well with the direct solution, the agreement dependent on the
number of iterations run. Supplying a good initial estimate increased convergence
significantly, decreasing the number of iterations to achieve a given degree of
convergence by about half.
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11.0 Comparison of the Franklin Algorithm with the Able Software R2V Native
Interpolation Algorithm

Although it was known that the Franklin approximation algorithm produced better results
than theoretical alternatives, it was not known how this agorithm would compare to
those implemented in commercial software packages. The details of such algorithms are
generaly not publicized.

The commercial package R2V from Able Software, Inc. is a multipurpose application
capable of all of the operations described in Section 1 necessary to convert a raster
contour line map to a DEM. A demonstration version of this software is available for
free download. Export files are limited to 256 by 256 elevation nodes but this restriction
did not pose an obstacle as a large input file was not needed in order to compare the
quality of the surfaces generated.

The first test compared the ability of R2V to handle the interpolation of the difficult
square.dat input file with the Franklin approximation algorithm solved using the two-
level technique developed as part of this project. R2V isacommercial software package
that runs on the Windows OS. The application costs around $1495 at the time of this
writing. One of the main applications is the extraction of digital elevation models
(DEMs) from contour maps. In order to accomplish this, R2V reads a contour map (for
example a USGS topo map contour layer) as a TIF file. The program automatically
vectorizes the raster contours using a line following vectorization method ?. The
operator is then required to manually or semi-manually edit the vectors and then tag them
with their elevation values. When thisis complete, the application performs a vector to
raster conversion using the elevation vector attributes to create a raster elevation input
file. Finally the program interpolates the elevation input file to araster DEM.

In order to test R2V, square.dat (which is asimple ASCII text file) had to be converted
into a corresponding TIF file that R2V could import. In order to do this, the student-
supplied C++ program ‘ascii2tga’ which converts such a text file to TGA format was
used. (TGA was chosen as an intermediate graphic format because the student already
possessed a TGA writer that was modified to read aplain ASCII file instead of the USGS
DEM format that it was originally written to convert.) This program is attached in
Appendix 3. The square.dat file was dlightly modified such that the elevation values
were scaled to span the 8-bit grayscale color space and a border of zero padding
elevations were added to solve an R2V clipping problem. The result was a 50 by 50
elevation node input file.

After suitable image processing in the image processing application Paintshop Pro
(principaly binarization) the file was imported into R2V, vectorized, tagged, and
interpolated.

As a means of comparison, the same input file was interpolated using the Franklin

approximation algorithm and the solution technique described in previous reports. The
results of these efforts are shown in the following two figures. Figure 45 shows the R2V
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interpolation and the one on the right (Figure 45) is the Franklin approximation.

Figure 45. R2V Solution of square.dat Figure 46. L SQR Solution of square.dat using Laplacian
initial estimate.

The differences are striking. R2V was not able to handle square.dat appropriately. A
very poor (distorted) surface resulted, the appearance suggestive of an iterative
interpolation used without sufficient iterations. On the other hand, the Franklin method
handled the interpolation as expected, producing the usual smooth surface.

Test 2. Comparison of R2V and the Franklin Algorithm Solving tuckermans subset.dat

A less severe atest was prepared from tuckermans_subset.dat. This was also a 50 by 50
elevation node input file representative of a more “normal” terrain. A TGA file was
prepared using asciiZ2tga.exe as before and imported into R2V. The same sequence of
vectorization, elevation tagging and interpolation described above was again used.

The results of thisinterpolation are shown in the following two figures. Figure 47 shows
the R2V interpolation and Figure 48 on the right is the Franklin interpolation of the same
input file.
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) _ _ Figure 48. LSQR Solution of bountiful_subset.dat using
Figure 47. R2V Solution of bountiful _subset.dat. Laplacian initial estimate.

This time R2V did a little better, at least producing a surface. However, it is obviously
deeply terraced. Alternatively, the Franklin algorithm has yielded a much smoother
surface with little or no terracing.

This commercial comparison test indicated the following:

1) The commercia program R2V from Able software produced results inferior to those
produced by the Franklin algorithm using the two-level solution method developed
during the course of this project. The agorithm used by R2V probably employs no better
than a Laplacian (nearest four neighbor) interpolation algorithm. The results from the
square.dat test indicate that the implementation of even this inferior algorithm is flawed,
because the result of the R2V interpolation attempt was a very badly distorted surface
that did not resemble the expected surface very much at all.

2) Itislikely that the Franklin algorithm would out-perform the R2V agorithm in amost
every interpolation application.

3) An interesting artifact of Franklin algorithm and of interpolation algorithms in genera
was discovered during this investigation. The initial approach to creation of an input file
was to simply draw elevation contours using the well known graphic application
Paintshop Pro and then inport them into R2V and into the Laplacian interpolator as TIF
and GIF files, respectively. In order to produce the base map for LSQR, the Laplacian
solver was run for zero iterations. This resulted in a contour map with the contours
commonly four or five elevation values thick.

The Franklin agorithm had trouble with this base contour map, typically converging to a
much more terraced result than if the contour lines were only one elevation value thick.
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Investigation indicated that thisis a well-known problem with al interpolation algorithms
multiple pixel line widths cause additional equations of the form:

zZi=ci

to be generated and added to the coefficient matrix. This was equivalent to creation of a
small terrace or plateau. The sensitivity of the algorithm to this effect must be kept in
mind when preparing input files and may be a good subject for further investigation.

56



12.0 Examination of the CatchmentSIM-GI S 8-32 Ray I nterpolation Algorithm

CatchmentSIM-GIS is a topographic parameterization and hydrologic analysis tool
available for free download at www.uow.edu.au~cjfO3/index.htm. The program
incorporates a contour line to DEM interpolation algorithm.

The interpolation agorithm is based on a distance weighted average of a series of linear
interpolations along a set number of cross-sections taken through a single el evation node.
For example, a 180 degree arc may be divided into 8 increments by the agorithm.
Interpolation rays are then initiated at the appropriate angles, and all rays are paired with
a mirror ray which travels in the opposite direction. Once an interpolation ray and its
corresponding mirror ray both intersect pixels with assigned elevations, linear
interpolation is applied to determine the pixel elevation for that particular interpolation
and mirror ray combination.

The fina vaue for the pixel is based on a weighted average of all the cross-section
interpolations. The basis for weighting each derived elevation isthe distance between the
intersected pixels that form each end of the cross-section relative to the total distance of
all 16 cross-sections. The program alows the user to designate the number of
interpolation rays (and mirror rays) that are used to interpolate the pixel elevation. The
algorithm is shown schematically in Figure 49.

Figure 49. CachmentSIM Interpolation
Algorithm (graphic: CachmentSIM-GIS)

The intent was to conduct the same tests used in the previous section in order to compare
the results of this algorithm with the Franklin algorithm. Unfortunately, this application
was discovered too late in the course of the project to accomplish this.

The problem was that CatchmentSIM required a Maplinfo Interchange File (MIF) format
for its input elevation file, which actually required a MID/MIF file pair. Although the
MIF file format specification was obtained, the student was not able to understand it well
enough to create test CatchmentSIM input filesin time to include the test in this project.

As an dternative, the test contour line file included with the application was interpolated
and the results of the interpolation were examined in as much detail as possible for
quality of interpolation. Besides being unable to run square.dat or to compare the result
directly with the Franklin agorithm, the comparison was hampered by the limited
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rendering capabilities of CatchmentSIM. CatchmentSIM is only capable of rendering the
DEM using a 2D contour plot, which experience has shown to be an inadequate indicator
of terrain surface quality. However, sufficient indicators of interpolation quality could be
obtained or inferred from analysis of the rendered results to make the analysis worthwhile
and revealing.

The figure on the left (Figure 50) shows the 700 by 1000 pixel test input elevation
contour plot. The MIF file from which this was derived consists of one polyline object
for each contour line. Each polyline object has an elevation value listed in the MID file
indexed to the contour lines.

The figure on the right (Figure 51) shows a 2D contour plot of the interpolated DEM
using 8 rays per elevation node.

Figure 50. Contour Line Input Plot Figure 51. CachmentSIM Interpolated DEM with
Superimposed Contour Lines

Although CachmentSIM does not have 3D rendering capability, it was possible to infer
some information about the quality of the terrain surface by dragging the cursor across
the map and inspecting the current pixel elevations reported on the screen. This analysis
indicated that CachmentSIM did a very good job avoiding terracing. Elevations
increased smoothly up or down the fal line with no drooping between contour lines
apparent in any part of the map tested.

CachmentSIM did not do as well in any area where the contours were enclosed or almost
enclosed. Enclosed contours (for example at the tops of hills) were interpolated to a
constant elevation (plateau) as were many valley areas. CachmentSIM has a utility for
finding flat areas and another one for fixing them. Figure 52 shows a section of the DEM
where the flats have been detected. The solid black areas of the map are plateaus.
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Figure 52. DEM Detail Showing Flat Areas (in black) and pits.

It is apparent that the interpolation algorithm used by CachmentSIM is very good at
producing terrace-free slopes and is also very fast to compute. However, it suffers from
plateaus as a result of its algorithm. The algorithm aso produces small pits that seem to
be distributed randomly across the map. The reason for these pits is not known, but is
apparently an artifact of the interpolation al gorithm used.
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13.0 Analysisof the Results

Any success that this project achieved is a result of the early decision to abandon refined
direct solution techniques in favor of an iterative solution approach. Although significant
improvements in computational time were achieved by more optima matrix reordering,
these improvements were judged insufficient to accomplish the objective.

It is possible that this decision was hasty, as the reordering tests examined the
improvements in computational time rather than improvements in storage requirements as
a result of reduced fill-in. (Although computational times for direct solution of the
Franklin algorithm are lengthy, the real problem is excessive storage requirements.)
However, these tests would have been quite time consuming. Progressive computations
increasing the size of test input files until out of memory errors caused failure would be
required. It was assumed that the modest success in decreasing computational time
would have been accompanied by similarly modest improvements in storage
requirements.

The decision to investigate iterative solvers was influenced by prototyping work that was
done during the proposa phase of the project, when the ssmple Laplacian iterative Java
code was written. Iterative solvers can better exploit the matrix structure characteristic of
the Franklin formulation, which can result in more compact data storage requirements.
As aresult they can address the main obstacle that prevented the solution of large input
files using the Franklin algorithm: out-of-memory processing errors due to the large size
of in-process data arrays.

As discussed in Section 2, direct solvers are presented with an approximately N? by N?
matrix whereby each matrix row corresponds to the stencil equation of an elevation node
with one stencil equation for each elevation node in the input file. The direct solver
cannot attack this data structure directly because of its large size. Its optimization
strategy is limited to transformation of the full matrix to (indexed) sparse matrix
representation. This is in fact essential as the full N? by N? matrix for a 1201 by 1201
input grid exceeds 2.08e+12 data elements and cannot possibly be handled by any solver
directly. It is only by indexing the relatively few non-zero coefficients that the system
can be handled by the solver. This still resultsin avery large data structure for a desktop
environment. (The ASCII index array for the 1201 by 1201 node input file exceeded
250MB in size)

When this efficiency is exploited, the direct solver has little more to say about data
structure. Its only remaining strategy is defensive: an educated guess to reorder the
sparse matrix to (hopefully) prevent storage requirements from exploding to a hopelessly
unmanageable size due to fill-in during computation. As discussed in Section 4, this
must be done heuristically as the computation of the optimal ordering is NP-hard, and the
development of useful heuristicsis still an area of active research.

In particular, the MATLAB’ s direct linear least square attempts to solve the system
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ATAZ=ATD

by Q-less QR factorization as described in Section 3. The factorization ultimately
requires row reduction, which probably causes excessive fill-in and leads ultimately to
the out-of-memory computational failures observed for input grids larger than 400 by 400
nodes on the test hardware platform. This occurs despite MATLAB's native reordering
scheme. As indicated in Section 4, computation time can be reduced by about 35% but
the underlying problem probably cannot be eliminated or even managed to the degree
necessary to solve the target problem.

The LSQR solver is also presented with the N? by N? sparse matrix as its input.
However, an iterative solver solves systems of the general form

Mx®D=Nx* + b

and as a result can define its computations in terms of matrix multiplications instead of
row reductions. Thus fill-in does not occur and the memory use does not grow
explosively due to in-process storage requirements.

Moreover, iterative solvers have more to say about data structure and are often able to
exploit the coefficient matrix structure much more effectively than a direct solver. For
example, the non-native MATLAB (i.e. C, FORTRAN and Saunders-defined LSQR.m)
LSQR implementations do not require and in fact will not even accept a coefficient
matrix as an argument directly. Instead, they require that the user define the function y =
aprod(mode, m, n, X, iw, rw) were, depending on the value of ‘mode’ returns the either
the vector y = Ax or y = A’X. In cases where the coefficient matrix is highly structured,
this product can be defined in terms of arule rather than an explicit matrix multiplication,
precluding storing the coefficient matrix at all (see Saunders program Isgr.m and aprod.m
user notes for an example of such a matrix).

The simple Laplacian solver used to generate the initial estimate for LSQR represents an
even more efficient implementation. It does not even formulate the sparse matrix but
instead formulates the equations that would have appeared in each row of the sparse
matrix using a stencil equation that relates the next value of a given elevation to the
current value of its four nearest neighbors. This can be done because the stencil is the
same for each node and can therefore be expressed in terms of indices rather than
explicitly. Becauseit isa Gauss-Seidel iterative solver it does not even need atemporary
data structure but instead simply updates the input elevation grid with each successive
caculation. As aresult of this scheme, its data storage requirements are O(N?) and it is
very fast.

It may in fact be possible to apply this very efficient approach to the over determined
system as well, as both A and A" have only two types of equations: the five element
nearest neighbor stencil and the one element known elevation stencil. Writing a least
squares solver to exploit this structure would preclude LSQR completely and could result
in avery fast and straightforward computation of the Franklin algorithm.
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Despite these considerable advantages, there are important problems exhibited by
iterative solvers, severa of which were encountered in this study. The first problem is
convergence. Although iterative solvers hopefully converge to the correct solution (for
example the solution vector produced by the direct solver) thisis not guaranteed.

This could arguably be overlooked if the class of systems being solved was well
understood and known to converge to the correct solution in many cases. Even if this
was accepted, the second major problem associated with iterative solvers would still
exist. That is, even if the iterative solver converges to the correct solution, it can not be
known how close a given iteration solution vector isto the correct solution vector without
knowledge of the correct solution ahead of time. Thisisobviously unavailable.

Conventional statistics such asresiduals are of little use for terrain interpolations. Thisis
because, as the solution approaches convergence, many of the computed elevation values
may be nearly correct but the terrain may be very incorrect locally. This occurred in
processing crater.dat (see Section 8). Another example occurred in the Section 10
anaysis.

Another method commonly used to test for convergence is to compute an overall change
statistic between successive iterations. The idea is, when there is insignificant change
between the successive iterations, the computation is compl ete.

However, this can fail for the same reason. Since the solution may only be incorrect
locally, even large local changes may be “washed out” when aggregated with the vast
majority of unchanging elevation values.

There are other interfering factors. Information typically propagates very slowly across
the solution vector as the iteration number increases. A well known characteristic!” of
iterative solvers is their tendency to “stall out” far from convergence after the high
frequency components of the solution vector are removed.

As aresult, although the solution of input files of the target size is demonstrably possible,
the techniques developed during this project fall somewhat short of a fully practical
method. For example, although the solution of a 1201 by 1201 node bountiful .dat subset
was demonstrated, it is not known how close that solution is to the correct solution.
Prospective users of the technique are left with the following choices to judge solution
quality:

1) Use gqualitative methods such as examining the solution vector for characteristic or
signature features indicating non-convergence (scalloping along the edges of the solution
plot, suspicious mounds or sinks where none are expected based on inspection of the
contours, etc.);

2) Comparison of run statistics to those of similar known solutions (that is, if a particular
combination of coarse solver and fine solver iterations worked well for a previous input
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grid, the same combination might work well for a new similar elevation grid);

3) “Bombing” the problem by running a huge number of iterations judged (again based
on experience) to vastly exceed the number required for the degree of convergence
desired. Thisis practical aslong as the cost of particularly the fine solver iterationsis not
too great.
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14.0 Conclusions

It is considered that the main objective of this project, the development of a method to
compute the Franklin approximation for DEMs as large as 1201 by 1201 elevation nodes,
using an unsophisticated desktop computer, was technically accomplished. Prior to
starting this work, Dr. Franklin demonstrated the inability of the MATLAB direct solver,
running on a laptop computer with 1024MB RAM to process an (over determined) 800
by 800 elevation node system (crater.dat) to completion.

The method developed as a result of this project, the two-level iterative computation, has
been demonstrated to compute input files of 800 by 800, 900 by 900, and 1201 by 1201
elevation nodes to completion. The test hardware platform with 256MB RAM was only
marginally adequate for the 1201 by 1201 input file. However, it is considered likely that
a similar desktop platform with 512MB RAM would easily handle the 1201 by 1201
input file and also significantly larger files. This memory requirement to quickly
compute the target input file size is not unreasonabl e considering the ever decreasing cost
of RAM.

Follow up studies have demonstrated that the quality of the solution vector for small
problems is identical to that produced by direct solution of the system of equations. A
further study demonstrated the genera effectiveness of the method used to speed
convergence, i.e. the generation of a coarse initial estimate using a fast solver running a
low-quality agorithm, again for small problems.

A third study using a larger (400 by 400 elevation node) input file confirmed the general
findings of the studies of smaller files. This anaysis confirmed the utility of the LSQR
iterative solver and the benefit in terms of convergence improvement of computing an
initial estimate using afast solver.

A fina study demonstrated that the Franklin algorithm is markedly superior to an
interpolative agorithm offered by a commercial DEM extraction software package that is
considered a leading product in itsfield. This study also indicated the superiority of the
DEM surfaces computed by the Franklin algorithm as compared to surfaces computed by
the hydrologic application CachmentSIM-GIS. Although the interpolation agorithm
used in CachmentSIM is clearly superior to that used in R2V, it isinferior to the Franklin
algorithm in itsinterpretation of hilltops and valleys.
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15.0 FutureWork
Several areas for future work are suggested by this study.

1) The development of better methods to estimate the degree of convergence, as
discussed above. These would ideally take into account the localized nature of errors and
other convergence characteristics unique or common to iteratively interpolating terrains.

2) Porting of the program to a C or FORTRAN implementation of LSQR would probably
result in faster computational times and thus reduce the cost of LSQR iterative passes.
Lowering the cost of iterative passes makes accurate techniques for the estimation of
convergence less critical, as ssimply running excessive numbers of iterations would be

cheap.

3) Ultimately, an integrated solver incorporating the Laplacian routines for preparation of
the initial estimate, the LSQR solver, and methods for estimating the quality of the
solution would possibly yield avery useful software product.

4) Development of techniques for handling specia cases, such as cliffs would result in
the most broadly applicable implementation of the Franklin algorithm.

5) Writing a specialized least squares solver that exploits the structure inherent in the
problem as discussed in Section 12 is probably the most interesting area for future
investigation of all. If this could be done, much of the other future work identified would
be unnecessary. The cost of each computationa iteration would be so small such that
convergence issues would be largely irrelevant, since excessive iterations could be run
much more cheaply even for large problems.
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Appendix 1 MATLAB Developmental Code M odules

function sparseMatrix = sparseA(i nput Matri x)
%

% inputMatrix: rectangular input matrix

% returns: sparse banded matrix sparseMatrix
% of size MK by M

% where Mis mXn

% and Kis k by 1.

%

% where k is the nunber of non-zero

% (known el evation) input array el enments.
%

% The expanded and awkward code

% is designed to preserve the symretry

% of the mapping fromthe input matrix

% 'inputMatrix' to the output matrix
% 'sparseMatrix.'
%

% The mapping is a little tricky and
% witing it this way helps nme to keep
% the bookkeepi ng straight.

Sl ZE=si ze(i nput Matri x) ;

rows=Sl ZE(1, 1);

col ums=SI ZE( 1, 2) ;

sparseMatri x=spal | oc(rows*col utms, rows*col utms, 5*rows*col ums);
spar seRows=0;

% The first section of the code sets up the

% (mxn) by (mxn) upper block of the sparseMatrix.
% This is

% the section corresponding to equations of the
% form ZI + Zr + Zu + Zd - 4Zi. Most of the

% code is for handling the edge nodes.

%handl es the upper |eft node

for i=1:1
for j=1:1

spar seRows=spar seRows+1;
keyCol um=((i-1)*rows + j);
ri ght Col um=keyCol um+1;
| ower Col urm=((i)*colums + j);
spar seMat ri x(spar seRows, keyCol umm) =-2;
spar seMatri x( spar seRows, ri ght Col um) =1;
spar seMatri x( spar seRows, | ower Col umm) =1;

end
end
R e
%andl es the upper right node
for i=1:1
for j=col ums: col ums
spar seRows=spar seRows+1,;
keyCol um=((i-1)*rows + j);
| ef t Col um=keyCol um- 1;
| ower Col um=((i)*colums + j);
sparseMat ri x(sparseRows, keyCol um) =- 2;
sparseMatri x(sparseRows, | eftCol um) =1;
spar seMat ri x(spar seRows, | ower Col um) =1;
end
end
e R

%handl es the | ower |eft node

for i=rows:rows
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for j=1:1
spar seRows=spar seRows+1;
keyCol utm=((i-1)*colums + j);
ri ght Col um=keyCol utm+1;
upper Col um=((i-2)*colums + j);
sparseMat ri x(sparseRows, keyCol um) =- 2;
spar seMat ri x(spar seRows, ri ght Col um) =1;
spar seMat ri x( spar seRows, upper Col um) =1;

end

end

% andl es the | ower right node

for i=rows:rows
for j=colums: col ums

spar seRows=spar seRows+1;
keyCol um=((i-1)*colums + j); %
| ef t Col um=keyCol um- 1;
upper Col um=((i-2)*colums + j);
sparseMat ri x(sparseRows, keyCol um) =- 2;
sparseMatri x(sparseRows, | eftCol um)=1;

spar seMat ri x( spar seRows, upper Col um) =1;

end
end

% andl es the | eft boundary

for i=2:rows-1
for j=1:1
spar seRows=spar seRows+1;
keyCol um=((i-1)*colums + j);
ri ght Col um=keyCol utm+1;
upper Col um=((i-2)*colums + j);
| ower Col um=((i)*colums + j);
sparseMat ri x(sparseRows, keyCol um) =- 3;
sparseMat ri x(spar seRows, ri ght Col um) =1;
spar seMat ri x(spar seRows, upper Col um) =1;
sparseMat ri x(sparseRows, | ower Col um) =1;
end
end

% andl es the right boundary

for i=2:rows-1
for j=col ums: col ums
spar seRows=spar seRows+1,;
keyCol um=((i-1)*colums + j);
| ef t Col um=keyCol um- 1;
upper Col um=((i-2)*colums + j);
| ower Col um=((i)*colums + j);
sparseMat ri x(sparseRows, keyCol um) =- 3;
spar seMatri x(spar seRows, | eft Col um) =1;
spar seMat ri x( spar seRows, upper Col um) =1;
sparseMatri x(spar seRows, | ower Col um) =1;
end
end

%handl es the upper boundary

for i=1:1
for j=2:colums-1
spar seRows=spar seRows+1;
keyCol um=((i-1)*rows + j);
| ef t Col utmm=keyCol um- 1;
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ri ght Col um=keyCol umm+1;
I ower Col utm=((i)*colums + j);
spar seMat ri x( spar seRows, keyCol um) =- 3;
spar seMat ri x(spar seRows, | eft Col um) =1;
spar seMat ri x( spar seRows, ri ght Col um) =1;
spar seMat ri x(spar seRows, | ower Col umm) =1;
end
end

%handl es the | ower boundary

for i=rows:rows
for j=2:colums-1
spar seRows=spar seRows+1;
keyCol um=((i-1)*colums + j);
| ef t Col utmm=keyCol um- 1;
ri ght Col um=keyCol umm+1;
upper Col um=( (i -2)*colums + j);
spar seMat ri x( spar seRows, keyCol um) =- 3;
sparseMat ri x(spar seRows, |eftCol um)=1;
spar seMatri x( spar seRows, ri ght Col um) =1;
spar seMat ri x( spar seRows, upper Col um) =1;
end
end

%handl es the inside nodes

for i=2:rows-1
for j=2:colums-1
spar seRows=spar seRows+1;
keyCol um=((i-1)*colums + j);
| ef t Col utmm=keyCol um- 1;
ri ght Col um=keyCol umm+1;
upper Col um=((i-2)*colums + j);
I ower Col utm=((i)*colums + j);
sparseMatri x(sparseRows, keyCol um) =-4;
sparseMatri x(sparseRows, | eftCol um) =1;
spar seMat ri x(spar seRows, ri ght Col um) =1;
spar seMat ri x(spar seRows, upper Col umm) =1;
sparseMatri x(spar seRows, | ower Col um) =1;
end
end

% The next section of the code sets up the

% mxk | ower block of the sparseMatrix. This is
% the zection corresponding to equations of the
% form Zi = ei.

%oncatenates the K matrix

for i=1:rows
for j=1:colums
if inputMatrix(i,j) ~= 0.0
spar seRows=spar seRows+1;
spar seMat ri x( spar seRows, : ) =0;
keyCol um=((i-1)*colums + j);
spar seMat ri x( spar seRows, keyCol umm) =1;
end
end
end
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function bVector = nmakeB(i nputMatri x)

% inputMatrix: input matrix

% returns: constraint vector bVector

% of size mxn+tK X 1

%

% K is the nunber of non-zero

% (known el evation) input array el enments.

S| ZE=si ze(i nput Matri x);
rows=Sl| ZE(1, 1);

col ums=SI ZE( 1, 2);

bVect or =zer os(rows*col ums, 1) ;
spar seRows=r ows* col umms;

%vbkes the 'b' vector fromthe known el evations
for i=1:rows
for j=1:colums
if inputMatrix(i,j) ~= 0.0
spar seRows=spar seRows+1;
bVect or (sparseRows) =i nput Matri x(i,j);
end
end
end
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function solutionMap = repack(i nput Vector,

rows,

col ums)

% inputVector: NX1 input vector
% returns: NXN output matrix
%
% This function maps the MrKX1 sol ution
% vector resulting fromsolving the
% MK X N sparse matrix equations.
%
%
% Note: input rows, colums where
% rows = sparseMatrix precurser matrix rows;
% colums = sparseMatrix precurser matrix col ums
i ndex=1,
R e R
%epacks the inputVector and builds the sol uti onMap
for i=1l:rows

for j=1:colums

sol uti onMap(i,j)=i nputVector (index, 1);
i ndex=i ndex+1,;

end

end
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function witeMatrix(rows, colums, inputMatrix, fileNane)
%

% rows - the nunber of rows of the inputMatrix

% col ums - the nunber of columms of the inputMatrix

% inputMatrix - the input matrix to be witten to file.
%fileNanme - a string file nane, with suffix

% open the output streamand wite data to file.
fid=fopen(fileNane, 'W);
for i=1:rows
for j=1:colums
fprintf(fid, '9%', ' ');
fprintf(fid, "%, inputMatrix(i,j));
end
fprintf(fid, '\n");
end
fclose(fid);
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function netisGaph = nakeG aph(sparseMatri x)

%

% sparseMatrix: square input matrix

% returns: METIS formatted graph matrix

% of size sparseMatri xRows+1l by 13

% where sparseMatri xRows i s the nunmber of nonzero

% sparseMatrix elements

% Note: use with squareSparseA. mto produce square sparse
% matrix only.

% Conpute sone necessary paraneters.

[ sparseMatri xRows, sparseMatri xCol ums] =si ze(sparseMatri x);
nmet i sG aphRows=spar seMat ri xRows;

nmet i sG aphCol utms=10;

meti sG aph=zeros(neti sG aphRows, metisG aphCol ums);

nunber Edges=0;

% This section creates a sparse symmetric anal og
% to sparseMatrix with zeros on the diagonals.

onesMat ri x=spones(sparseMatri x) ;

di agonal Mat ri x=di ag(di ag(onesMatri x));

zeroDi agonal Matri x=((-1*di agonal Matrix) + onesMatrix);
[i Zer ol ndex, j Zerol ndex] =fi nd(zeroDi agonal Matri x);

%li sp(' zeroDi agonal Matrix is: ')
%li sp(zer oDi agonal Matri x)

for k=1:nnz(zeroD agonal Matri x)
zer oDi agonal Matri x(j Zer ol ndex(k), i Zer ol ndex(k)) =zeroDi agonal Matri x(i Zer ol ndex(k),
j Zer ol ndex(K));
% di sp(zeroDi agonal Matri x(j Zerol ndex(k), iZerol ndex(k)))
% di sp(j Zerol ndex(k))
% di sp(i Zerol ndex(k))
% di sp(zerobDi agonal Matri x(i Zerol ndex(k), jZerolndex(Kk)))
% disp(' ')
end
nonzer oEl enent s=nnz( zer oDi agonal Matri x) ;
nunber Ver ti ces=nonzer oEl enent s/ 2;
[i Zer ol ndex, j Zerol ndex] =fi nd(zeroDi agonal Matri x);

%li sp(' zeroDi agonal Matrix is: ')
%li sp(full (zeroDi agonal Matri x))

% This section builds the METIS graph matrix
% fromthe MATLAB (nodified)sparse matrix
% representation.

for i=1:sparseMatri xRows
counter=1;
for j=1. nonzeroEl enents
if iZerol ndex(j)==i
meti sG aph(i, counter)=jZerol ndex(j);
count er =count er +1;
nmeti sG aph(i, counter)=zeroDi agonal Matri x(i Zerol ndex(j), jZerolndex(j));
count er =count er +1,;
nunmber Edges=nunber Edges+1;
end
end
end

% This section builds the header for the METIS
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% file and concatenates it onto the first row

nunber Edges=nunber Edges/ 2;

[ meti sGraphRows, neti sG aphCol ums] =si ze(neti sG aph);
nunber Nodes=net i sG aphRows;

header =zeros( 1, meti sG aphCol ums) ;

header (1, 1) =nunber Nodes;

header (1, 2) =nunber Edges;

header (1, 3) =1;

meti sG aph = cat (1, header, meti sG aph);

di sp(' nunber of nodes is'); disp(nunberNodes)

di sp(' nunber of vertices is'); disp(nunberVertices)
dimvwite(' outfile.graph', metisGaph, "\t');

end
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function sparseMatrix = scal e(sparseMatri x)
% inputMatrix: a mby n sparse matrix

% returns: a normalized sparse matrix

% of size mby n

%

S| ZE=si ze(sparseMatri x) ;
col ums=SI ZE( 1, 2);

%bi vi de each columm by its 2-norm
for i=1:colums
nor mal i zed=(1/ norn(sparseMatrix(:,i)
sparseMatrix(:,i)=(sparseMatrix(:,i)
end

)

——

* normalized;
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function c = clipper(sparseMatrix, b, x0, iterations
% sparseMatrix: mby n sparse matrix

% b: n by 1 RHS vector

% x0 mby 1 initial guess vector

% iterations: nunmber of iterations per cycle

% cycles: nunber of cycles to run.

% grid_size: the size of the elevation grid

% zmn: mnimum el evation

%

%

S| ZE=si ze(sparseMatri x) ;
rows=Sl| ZE(1, 1);
col ums=SI ZE( 1, 2) ;

%un LSQR through '"iterations' iterations.
% hen stop and renpve any el evati on excursions.
%Resume and repeat for 'cycle' conputations.

for i=1:cycles
% =LSQR(sparseMatrix, b, 10e-06, iterations, [],
% 0=z,
for j=1:colums
if x0(j, 1) < znin
x0(j,1)=zm n;
end
if x0(j, 1) > zmax
x0(j, 1) =zmax;
end
end
z=LSQR(sparseMatrix, b, 10e-06, iterations, [],
x0=z;
end
c=repack(z, grid_size, grid_size);
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Appendix 2 Java Code M odules

/*

* | nputMatrix O ass

*

*

IR EEEEEEEEEEEEEEEEEEEEEESEEEEEEEEEEEEEEEEEEEEE SRS R SRS E RS EEEEE RS RS EEEE SRS RS
*

* Cour se: ECSE 6980

* Instructor: W 1iam Randol ph Franklin

* Date: January 26, 2003

* Student: John Childs

*

R EE R R R EEEEEEEEEEEEEEEEESEEEEEEEEEEEEEEE RS EEEEE RS EEEEEEEEEEEE RS RS EEEEE RS RS
*

* Create a test input matrix for Matlab

*

*

LR EEEREE R R E R R R R R R R R Ry

i mport javax.sw ng.*;
import java.awt.*;
import java.aw.event.*;
import java.io.*;

public class InputMatrix extends JFrane

{

private JTextField text1;
private JTextField text2;
private JTextField text3;
private String s="";

private String rows=null;
private String col ums=nul|;

private String outputFileBuffer=null;

private | nputMatrix()

{
super ("I nput Paraneters Box");
Cont ai ner c=get Cont ent Pane();
c. set Layout (new Fl owLayout ());
t ext 1=new JText Fi el d(20);
text1l. set Tool Ti pText("Key in the rows hit Enter.");
c.add(textl);
t ext 2=new JText Fi el d(20);
text 2. set Tool Ti pText ("Key in the colums hit Enter");
c.add(text2);
Text Fi el dHandl er handl er = new Text Fi el dHandl er () ;
text 1. addActi onLi st ener (handl er);
t ext 2. addAct i onLi st ener (handl er);
set Si ze( 325, 200);
show() ;
}
public static void main(String args[])
{

I nput Matri x i nput Matri x=new | nput Matri x();

i nput Mat ri x. addW ndowLi st ener (
new W ndowAdapt er ()

public void wi ndowCl osi ng(W ndowEvent e)
{

}

System exit(0);
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}
)
}

private class TextFi el dHandl er inplenments ActionListener

{

private FilelnputStreamfis;
private FileQutputStream fos;

public void actionPerformed(Acti onEvent e)

i f(e.getSource()==textl){
s="input rows: "+ e.getActi onComrand();
rows=(String)e. getActi onCommand() ;
t ext 2. request Focus();

el se if(e.getSource()==text2){
s="input colums: " + e.getActi onComrand();
col ums=(String)e. get Acti onConmand() ;
text 1. request Focus();

}

if((rows !'=null) & ( colums!=null)){
JOpt i onPane. showiessageDi al og(null, rows + " " + colums);
createMatrix();

}

private void createMatrix()

out put Fi | eBuf f er=JOpt i onPane. show nput Di al og(nul | ,"Enter Qutput File Name");
try{

FilewWiter fw=new FileWiter(outputFileBuffer);

Buf feredWiter bw=new BufferedWiter(fw);

PrintWiter outFile=new PrintWiter(bw);

int counter=0;

int contour=0;

for(int i=1; i<=Integer.parselnt(rows); i++)
{
count er =0;
cont our =0;
outFile.print("\n");
for(int j=1; j<=lnteger.parselnt(colums); j++)

if(counter % 10 ==0){
outFile.print(Integer.toString(contour));
outFile.print(" ");
cont our =cont our +100;

}

el se
outFile.print("0 ");
count er =count er +1;

}

out Fil e.close();

cat ch(| OException ioe)
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/*

* InterpolatorU d ass

*

*

IR R SR R R RS RS R E R RS RS R R RS RS R R R R RS R R R R R R R E R R RS RS R EEREEREEREEEEEESEEEEEEESEESE]
*

* Cour se: ECSE 6990

* Instructor: Dr. WIIiam Randol ph Franklin
* Date: Decenber 24, 2002

* Student: John Chil ds

*

o e R R

*

* This class provides all U services and represents the view | ayer
* for the Linear, Laplacian and Thin Plate Equation Solver System

*

*************************************************************************/

i mport javax.sw ng.*;

import java.aw.*;

i mport java.awt.event.*;

import java.io.*;

inmport java.util.StringTokeni zer;
i mport graphics.*;

import java.aw.inage.*;

public class InterpolatorU extends JFrane

/1 class vari abl es

private JTextArea t1;

private JTextField text1;

private Box b=Box. createHori zontal Box();
private String inputFileBuffer;

private String outputFileBuffer;

private JMenultem openltem

private JMenultem openCQut putltem
private JMenultem|linearltem

private JMenultem | apl aci anltem

private JMenultemthinPl ateltem

private JMenultem setlterationltem
private JMenultem set Graphi csltem
private JMenul tem openG aphi csltem
private Interpolatorl O interpolatorl O=new Interpolatorl Q();
private int iterations;

private Painter painter;

private bool ean |inearLock=true;

private int height, wdth;

private | mage i ng;

private double startTinme, stopTine;

NN NN
/1 No argument constructor for InterpolatorUl
N NN NN,

private InterpolatorU ()
{
super ("Li near, Laplacian and Thin Plate Solver");
set MenuBar () ;
Cont ai ner c=get Cont ent Pane();
set Text Area(b) ;
c.add(b);
set Si ze(450, 450);
show() ;
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NN NN
/1 This nethod sets up the nenu bar and determ nes actionPerforned()

/1 Certain menu selections are initially disabled.

/1 Some reporting to the Text Area occurs as well.
NN

private void set MenuBar ()

{
JMenuBar bar = new JMenuBar();
thi s. set IMenuBar (bar) ;

JMenu fil eMenu=new JMenu("File");
fil eMenu. set Mhenonic(' F');

NN
/1 Code for getting the input file name and opening input text file
/'l by selecting File|lnput Text File.

FEEETEEEEEE b i nrrd

openl t emrnew JMenul ten{ " Open I nput Text File");
openl tem set Meronic('1"');
openl t em addActi onLi st ener (
new ActionListener()//inline class instantiation and definition

public void actionPerforned(Acti onEvent e)

{

try{i nput Fi | eBuf f er=JOpt i onPane. showl nput Di al og(
InterpolatorU .this,
"Enter Input Text File Name");
i nterpol atorl O openl nput TextFi |l e(i nputFi |l eBuffer);
t1l. append("\nlnput file nane: " + inputFileBuffer);
i nterpol atorl O get Text | nput Dat a() ;
try{interpol atorl O cl osel nput TextFil e();
cat ch(| Cexception ioe){JOpti onPane. showMessageDi al og(

nul |,
"Could not close input file.");

}
openl tem set Enabl ed(f al se);
openCQut put | t em set Enabl ed(true);
openG aphi csl t em set Enabl ed(f al se);

}

catch( | OException ioe){
JOpt i onPane. showvessageDi al og(
nul |,
"Coul d not open input file or file does not exist.");

}

}

}

)
fil eMenu. add(openlten);

NN
/1 Code for getting the input file name and opening an input graphics
/1 file

/1 by selecting File|lnput Gaphics File.
NN

openG aphi csl t emFnew JMenul tem( " Open | nput Graphics File");
openG aphi csltem set Mermonic('1');
openG aphi csl t em addAct i onLi st ener (
new ActionListener()//inline class instantiation and definition

public void actionPerformed(Acti onEvent e)

{
try{i nput Fi | eBuf f er=J0pti onPane. show nput Di al og(
InterpolatorU .this,

80



"Enter |nput Gaphics File Name");

openl nput Graphi csFi |l e(i nput Fi | eBuffer);
t1l.append("\nlnput file nane: " + inputFileBuffer);
openG aphi csl t em set Enabl ed(f al se);

openl tem set Enabl ed(f al se);

openCQut put | t em set Enabl ed(true);

I i near Lock=f al se;

}

cat ch(| OException ioe){
JOpt i onPane. showvessageDi al og(
nul |,
"Coul d not open input file or file does not exist.");

}

}
}

)
fil eMenu. add( openG aphi csltem;

NN
/'l Code for getting the output file name by selecting File|lnput.
FEEETEEPEEEE i i nrrd

openQut put | t emrnew JMenul t en{ " Open Qut put");
openQut put It em set Mhenonic('1");
openQut put I t em addAct i onLi st ener (
new Acti onLi stener ()

public void actionPerformed(Acti onEvent e)
{
try{out put Fi | eBuf f er=JOpt i onPane. showl nput Di al og(

I nterpolatorU .this,
"Enter Qutput File Nane");
i nt erpol at or | O openQut put Text Fi | e(out put Fi | eBuffer);
t1. append("\nQutput file nane: " + outputFileBuffer);
openCQut put | t em set Enabl ed(f al se);
setlterationltem set Enabl ed(true);
i f(linearLock)linearltem setEnabl ed(true);

}

cat ch(| OException ioe){
JOpt i onPane. showiessageDi al og(
nul |,
"Coul d not open output file or file does not exist.");

}

}
}

)
fil eMenu. add(openCut putltem;
openQut put | t em set Enabl ed(f al se);

NN
/1 Code for exiting.
NN

JMenul tem exitltemrnew JMenultem("Exit");
exitltem set Mhenonic('x');

exitltem addActi onLi st ener

( new ActionListener()

public void actionPerformed(Acti onEvent e)

{
}

System exit (0);

}
)
fileMenu. add(exitlteny;
bar. add(fil eMenu);

NN
/1 Code for getting the nunber of iterations.
FEEETEEEEEE i r i r i nrrd
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JMenu iterati onMenu=new JMenu("lterations");
setlterationltenrnew JMenulten("Set Iterations");
setlterationltemset Menonic('S );
setlterationltem addActi onLi stener(

new Acti onLi stener ()

public void actionPerforned(Acti onEvent e)
{
try{iterations=lnteger. parsel nt (JOpti onPane. showl nput Di al og(

InterpolatorU .this,
"Enter the Number of Iterations"));
openCQut put | t em set Enabl ed(f al se);
linearltem set Enabl ed(true);
setlterationltem set Enabl ed(fal se);
l'inearltem set Enabl ed(f al se);
| apl aci anl t em set Enabl ed(true);
thi nPl at el t em set Enabl ed(true);

}

cat ch( Nunber For mat Excepti on nfe){
JOpt i onPane. showvessageDi al og(
nul |,
"You nmust enter an integer.");

t 1. append("\nRunning: "+iterations+" iterations.\n");

}

iterati onMenu. add(setlterationltemn;
setlterationltem set Enabl ed(fal se);
bar. add(iterati onMenu);

N NN NN
/1 Code for running the linear equation solver.

/'l Note: some fancy footwork here with re-opening the input file.
/1 The problemis that the linear solver needs sone special error
/1 checking on its input natrix that the Laplacian and Thin Plate
/1 solvers do not need. So their file reading code is called from
/1 the "openlnputTextFile()' method in the text file open

/1 action event handler. After opening and reading the file, it
/1 is imediately closed.

/1 Since this file has not been error checked, it will not do for

/1 the linear solver. So the file is opened again so the file

/1 pointer can be re-zeroed for the special code in the

/1 interpolatorlQlinearSolver() nethod.
NN

JMenu runMenu=new JMenu(" Run");
runMenu. set Mhenonic(' R );
i nearltemsnew JMenul t en{"Li near Equation Solver");
linearltem setMenonic('r');
linear|tem addActi onLi st ener(
new Acti onLi stener ()
{
public void actionPerforned(ActionEvent e)
{
interpol atorl O set Rows(0);
i nterpol atorl O set Col s(0);
try{interpol atorl O openl nput Text Fil e(i nput Fi | eBuffer);

}

cat ch(l Cexception ioe){JOpti onPane. showMessageDi al og(
nul |,
"Coul d not open input file or file does not exist.");

t 1. append("\ n\nrunning solver...\n\n");

start Ti me=j ava. | ang. System current TimneM | l i s();
t1. append(i nterpol atorl O |inearSol ver());
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st opTi me=j ava. | ang. System currentTimeM | i s();

t1. append("\ nEl apsed tine = "+ (stopTine-startTine)/1000.0 + " seconds.");
t 1. append("\ n\nEnd of successful run.");

try{interpol atorl O cl osel nput TextFil e();

cat ch(| OException ioe){JOpti onPane. showmvessageD al og(
nul |,
"Coul d not close input file.");

}
try{interpol atorl O cl oseCQut put Text Fi l e();

}

cat ch(| OException ioe){JOpti onPane. showmvessageD al og(
nul |,
"Coul d not close output file.");

}

linearltem set Enabl ed(fal se);
set Graphi csl tem set Enabl ed(f al se);
setlterationltem set Enabl ed(fal se);
thi nPl at el t em set Enabl ed(f al se);
| apl aci anl t em set Enabl ed(f al se);
}
}

r’unMenu. add(linearltem;
linear!ltem set Enabl ed(fal se);
bar . add(runMenu) ;

NN NN NN
/1 Code for running the Laplacian equation sol ver.
NN NN NN

| apl aci anl t emrnew JMenul t en( " Lapl aci an Equation Sol ver");
| apl aci anltem set Mhenonic('r");
I apl aci anl t em addAct i onLi st ener (

new Acti onLi st ener ()

public void actionPerfornmed(Acti onEvent e)

{
t 1. append("\ nrunni ng Lapl aci an solver...\n");
start Ti me=j ava. | ang. System currentTineM | i s();
t 1. append(i nterpol atorl O | apl aci anSol ver (iterations));
st opTi me=j ava. | ang. System currentTineM | l i s();
tl.append( "\nlnput matrix size: "+
i nterpol atorl O get Rows() +
" rows by "+
interpolatorl O get Col s()+" colums.");
t 1. append("\ nEnd of successful run.");
t1. append("\ nEl apsed time = "+ (stopTine-startTinme)/1000.0 + " seconds.");
try{interpol atorl O cl oseCut put TextFil e();
}
cat ch(| OException ioe){JOpti onPane. showmvessageDi al og(
nul |,
"Coul d not close output file.");
| apl aci anl t em set Enabl ed(fal se);
thi nPl at el t em set Enabl ed(f al se);
set Graphi csltem set Enabl ed(true);
}

}

r’unMenu. add(| apl aci anltem;
| apl aci anl t em set Enabl ed(f al se);

NN NN
/1 Code for running the Thin Plate equation sol ver.
NN NN NN

thi nPl at el t enFrnew JMenul ten("Thin Pl ate Equation Sol ver");
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thinPl ateltem set Mhenonic('r');
thi nPl at el t em addAct i onLi st ener(
new Acti onLi st ener ()

public void actionPerfornmed(Acti onEvent e)

{
t 1. append("\nrunning Thin Plate solver...\n");
start Ti me=j ava. | ang. System current TineM | l i s();
t 1. append(i nterpol atorl O thinPl ateSol ver (iterations));
st opTi me=j ava. | ang. System currentTimeM | i s();
t1l.append( "\nlnput matrix size: "+
i nterpol atorl O get Rows() +
" rows by "+interpolatorl O getCols()+
" colums.");
t 1. append("\ nEnd of successful run.");
t 1. append("\ nEl apsed time = "+ (stopTine-startTinme)/1000.0 + "
try{interpol atorl O cl oseCut put TextFil e();
}
cat ch(| Cexception ioe){JOpti onPane. showMessageDi al og(
nul |,
"Coul d not close output file.");
thi nPl at el t em set Enabl ed(f al se);
| apl aci anl t em set Enabl ed(fal se);
set Graphi csl tem set Enabl ed(true);
}

}
)
runMenu. add(thi nPl atel teny;
thi nPl at el t em set Enabl ed(f al se);

THLELEIELE bbb rrrrrlr
/1 Code for the 'About' nenu.
THLELEEEE b rrr i rrriiirrrrrlr

JMenu about Menu=new JMenu(" About");
about Menu. set Mhenoni c(' A');
JMenul t em about | t emFnew JMenul t en( " About...");
about | tem set Mhenpnic('a');
about | t em addAct i onLi st ener (
new Acti onLi st ener ()

public void actionPerformed(Acti onEvent e)

JOpt i onPane. showivessageDi al og(
InterpolatorU .this,
about String(),
" About ",
JOpt i onPane. PLAI N_MESSAGE) ;
}
}

)

about Menu. add( about I ten);

bar . add(about Menu) ;

FEEETEEEEE i i r bbb nrrd
/1 Code for pop up graphics w ndow.
NN

JMenu graphi csMenu=new JMenu(" G aphi cs");
set Graphi csl t enrnew JMenul t en( " Generate G aphics");
set Graphi csltem set Mhenonic(' G );
set Graphi csl tem addActi onLi st ener (
new Acti onLi stener ()

public void actionPerforned(Acti onEvent e)
{
pai nt er=new Pai nter (i nterpol atorl O get Rows(),
i nterpol atorl O get Col s(),
interpolatorl O getN());
pai nt er . addW ndowLi st ener (
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new W ndowAdapt er () {
public void w ndowd osi ng( W ndowEvent e){
//default close focus w ndow.

)i

gr aphi csMenu. add(set Graphi csltem;
set Graphi csl tem set Enabl ed(f al se);
bar . add( gr aphi csMenu) ;

}
NN
/1 This method sets up the text area.

I NN NN

private void set Text Area(Box b)

{
String s= "Wl cone to the Linear Equation Sol ver/Lapl aci an"+
"and Thin Pl ateSol ver.\n"+
"Select File | Open Input to get started.\n";
t 1=new JText Area(s, 100, 150);
t 1. setEditabl e(fal se);
b. add(new JScrol | Pane(t1l));
}

NN NN
/1 This nmethod returns the About Message string.
NN NNy

private String aboutString()

String nmessageString=
"Gauss- Jordan Linear Equation Solver and " +
"Lapl aci an/ Thin Pl ate Equati on Solver v1.01 \n"+
"Copyri ght 2002 John Childs\n\n" +
"Thi s program sol ves sinultaneous |inear equations\n" +
"using the Gauss-Jordan elimnation nethod\n" +
"and interpolates free data to fixed data using\n" +
"the Lapl aci an Heat Equati on and the\n"+
"Thin Plate Equation.\n\n"+

"If the input fileis a text file it nust be a space-separated\n" +
"ASCI| file of decimal nunbers. The programn"+

"is looking for a (rows x (col s=rows+1)) input data matrix\n" +
"for the Linear solver and a rows x colums input data matrix\n" +
"for the Laplacian and Thin Plater solvers." +

"if the matrix is oversized, it will truncate. |f undersized\n" +
"an exception will be thrown. The programreads the rows and\n"+
"colums automatically fromthe input file.\n\n" +

"Alternatively, the input file can be a .gif or .jpg file\n" +

"with the el evation data encoded in the RGB values of the\n"+

"contour line pixels.\n\n" +

"For exanple, a contour line elevation of 255 woul d be encoded as\n" +
"0x0000ff in an RGB color nodel, i.e. a blue line on a black\n"+
"background.\n\n" +

"To use the program first enter the input file name.\n" +
"Then you will be able to enter the output file name.\n\n" +

"I'f you are running the Laplace solver or the Thin Plate\n"+
"you nust enter the \n nunber of iterations you wish to run.\n\n"+

"After this is done, click on \"run\" \n\n" +

"For Linear Equations, the solution vector will be output as a \n"+
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"row vector into the output file you have specified.\n\n"+

"For the Laplace and Thin Plate solvers, the entire solution \n"+
"matrix will be witten into the output file you \n"+
"have specified.\n\n"+

"You have the option of viewing the results of the Laplacian\n"+
"or Thin Plate results graphically.\n\n";

return(nmessageString);

}

NN NN
/1 This nethod gets data fromthe input graphics file and displays
/'l the input inage.

/1 It is arguable whether this is a display or control function. There
/1 are probably el enents of both.

/'l However, sone of the functions will not work w thout an active

/1 window so this is an easier place to inplenent it than the

/1 interpolatorlO class.
NN NNy

public void openl nput GaphicsFile(String fileName) throws | OException
{

try{img = Tool kit.getDefaultToolkit().getlmage(fileNane);

}

cat ch(Exception e){JOpti onPane. showmessageDi al og(
nul |,
" error opening input file.");

}

try {
Medi aTr acker tracker = new Medi aTracker (this);
tracker. addl mage(i mg, 0);
tracker.waitForl D(0);

}

catch (Exception e) {JOpti onPane. showmvessageD al og(
nul |,
"Medi aTracker problem");

}
width = ing.getWdth(this);
hei ght = i ng. get Hei ght (t hi s);
if(width==-1 || height==-1){
JOpt i onPane. showessageDi al og(
nul |,
"Gaphics file not found in specified directory.");
System exit (0);
}

int[] pixels = newint[width * height];

Pi xel G abber pg=new Pi xel G abber (i ng, 0, 0, wi dt h, hei ght, pi xel s, 0, wi dt h);
try{

pg. gr abPi xel s();

}

catch (InterruptedException e) {JOptionPane. showessageDi al og(
null,
"Error grabbing pixels..");

interpolatorlQinitializeArray(w dth, height, pixels);

Menoryl negeSource nmis = new Menoryl nageSour ce(wi dt h, height, pixels, 0, width);
I mage testlmage = this.createl mage(ms);

tl.append( "\nwidth: "+width);

t1. append( "\ nheight: "+height);

| nput Pai nt er i nput Pai nt er=new | nput Pai nter (testlnage, w dth, height);
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IR NN NN NN NN
/! Root nethod
TEELELIEEEE bbb iiiirnd

public static void main(String args[])

{

I nterpol atorU app=new I nterpolatorU ();
app. addW ndowli st ener (
new W ndowAdapt er () {
public void wi ndowd osi hg( W ndowEvent e){
System exit(0);
}

}
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*

*

I nterpolatorl O d ass
IR R R R R R RS R R R RS RS RS R R R RS RS R R R R SRR R SRR RS R R SRR R R EEREEEEEEEEEEEEEEEEESEEEE]
Cour se: ECSE 6990
Instructor: Dr. WIIiam Randol ph Franklin
Dat e: Decenber 24, 2002
St udent : John Chil ds

EE R e R X X

This class provides | O services for the Interpol ator classes.

LR EEEREE R RS E R R R R R Ry

inmport java.util.StringTokenizer;
i mport java.text.Deci mal Format;
import java.io.*;

i mport javax.sw ng.*;

import java.awt.*;

i mport sol vers. *;

NN NN
/1 This class encapsulates i/o utilities for a U
FEEEEEEE i bbb r i

public class InterpolatorlO

{

private FileWiter fw

private BufferedWiter bw,

private PrintWiter outFile;

private LinearEquationSol ver |inearSolver;
private ThinPl ateSol ver thinPl ateSol ver;
private Lapl aci anSol ver | apl aci anSol ver;
private Lapl aci anSol ver tenpSol ver;
private ThinPl at eSol ver ot her TenpSol ver ;
private LinearEquationSol ver |inearTenpSol ver;
private FileReader fr;

private BufferedReader inFile;

private StringTokeni zer tokenizer;

private int rows, cols;

private double rowArray[];

private double M]I[];

private double N][];

private bool ean |ineCheck=fal se;

private int I1[][];

private int |ineCounter;

IR NN NN NN NN NN
/1 Constructor.
IR NN NN NN NN NN NN

public Interpolatorl ()
{

}

NN
/'l This method creates a Deci mal Format object for formatting the file
/] output string. It returns a string formatted to the specified decimal
/'l precision.
N NN NN
public String custonfFormat (String pattern, double value )
{

Deci nal Fornat nyFornatter = new Deci nal For nat (pattern);

String output = nyFormatter.format(val ue);

return(output);

}
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NN NNy
/1 This nethod opens a text file for output.
NN NN NNy
public void openQutputTextFile(String fileNane) throws | OException

{
fw=new FileWiter(fil eNane);
bw=new Buf f eredWiter(fw);
out Fi l e=new PrintWiter(bw);

}

NN
/1 This nethod wites the specified string to the specified output file.
NN NN
private void witeString(String outputString)

outFile.print(outputString);
}

FEEEETEEEE i bbb
/1 This nethod closes the specified output file.
NN NNy
public void closeQutputTextFile() throws | OException

out File.close();

}

NN NN
/1 This nethod closes the specified input file.
NN NN NNy
public void closelnputTextFile() throws | OException

{
try{inFile.close();
}
catch(l Cexception ioe){ JOptionPane. showMessageDi al og(

null,
"Coul d not close input file.");

}

}
FEEEETEEEE i i bbb
/1 This method opens a text file for input. | have to open stream

/'l read all of the lines to get the row count, close the stream
/1 and then re open it. This was the only way | cound to re-zero
/1 the file position pointer.
N NN NN
public void openlnputTextFile(String fileNane) throws | OException
{
fr=new Fi | eReader (fil eNane);
i nFi | e=new BufferedReader (fr);/// /1111 11ITTIITTTEIEETETEEEETEEEEEErrrrrrinnrd

whi l e(inFile.readLine() !=null){
i neCount er =I i neCount er +1;

rows=l i neCounter;
i neCount er =0;
inFile.close();

fr=new Fi |l eReader (fil eNane);
i nFi | e=new BufferedReader (fr);//// 1111 1IITTIIEEITEEEEIEEEEEEr i rririnnni

}

N NN NN
/1 This nethod reads a line fromthe specified input file.
I NN NN
public String readOnelLi ne(BufferedReader reader Qoj ect)

{

String line=null;
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try{line=reader Qbj ect . readLi ne();

}

cat ch(| CException ioe){
JOpt i onPane. showivessageDi al og( nul |,
"Error reading line of input file.");

return line;

}

NN NNy
/1 This method parses one input line turning a line of text into an array
/1 of doubles.
NN NN
private double[] parseLine(String |line)

{
t okeni zer =new St ri ngTokeni zer (1i ne);
doubl e[] lineArray = new double[line.length()];
int i=0;
i f (tokenizer. count Tokens() != cols){
JOpt i onPane. showivessageDi al og( nul |,
"\'n\n***War ni ng: nunber of elenments does not match"+
"colum di nension." +
"\'n***Matrix is probably corrupt.***" +
"\ n***P| ease check your input data file.***\n" );
}
whi | e(t okeni zer. hasMor eTokens()){
i neArray[i]=Doubl e. par seDoubl e(t okeni zer. next Token());
i =i+1;
return(lineArray);
}

NNy,
/1 This nethod parses first input line. The first line is handled

/1 as a special case so that the row and colum infornation can be

/'l extracted and cal cul ated once.
NN NN NNy
private double[] parseFirstLine(String line) throws | OException

{
t okeni zer =new St ri ngTokeni zer (1i ne);
doubl e[] lineArray = new double[line.length()];
int i=0;
col s=t okeni zer. count Tokens();
TEEEEEEEEE i rrrrrrrrrrrd
/1 Systemout.println("parseFirstLine rows is: " + rows + "\n");
/1 Systemout.println("parseFirstLine cols is: " + cols + "\n");
TEEEEEEEEEE i rrrrrrrrrd
whi | e(t okeni zer. hasMor eTokens()){
i neArray[i]=Doubl e. par seDoubl e(t okeni zer. next Token());
i=i+1;
return(lineArray);
}

NN NN
/1 This nethod handles the first line of the input file.
NN NN
public void readFirstLine() throws | COException
{

r owAr r ay=par seFi r st Li ne(readOneLi ne(inFile));

Menew doubl e[ rows] [ col s];

M O] =r owAr r ay;

for(int j=0; j<cols-1; j++){
i f(1ineCheck==fal se){
if(rowArray[j]!=0.0){
i neCheck=true;
}
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}
}

i f(lineCheck==fal se){
i f(rowArray|[col s-1] ==0.0) {
I i neCheck=true;

}

}

NN
/1 This nethod handles the rest of the lines of the input file.
NN NNy
public void readQ herLines() throws | OException

{
for(int i=1; i<rows; i++){
r owAr r ay=par seLi ne(readOneLi ne(inFile));
for(int j=0; j<cols; j++){
Mil[jl=rowArray[j];
}
for(int j=0; j<cols-1; j++){
i f(1ineCheck==fal se){
if(rowArray[j]!=0.0){
i neCheck=true;
}
}
}
i f(lineCheck==fal se){
i f(rowArrayl[col s-1] ==0.0) {
I i neCheck=true;
}
}
}

NN
/1 This method solves the matrix of |inear equations.

I NN NN
public String |inearSolver()

{
try{readFirstLine();

}
cat ch(| OException ioe){
JOpt i onPane. showivessageDi al og(
nul |,
"Error reading the first line of the file.");

}

i f(lineCheck==fal se){
return(noSol uti onMessage());

}
el se{try{readQ herLi nes();
}
cat ch(| Cexception ioe){
JOpt i onPane. showvessageDi al og(
nul |,
"Error reading a line of the file.");

}
i f(1ineCheck==fal se){
return(noSol uti onMessage());

el se{return(sol veLi near Equati ons());
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NN NNy
/1 This method calls the solver and cal cul ates the solution vector.
NN NNy
private String sol velLi near Equati ons()
{
String returnString=null;
I'i near Sol ver = new Li near Equati onSol ver (rows, cols, M;
I i near TenpSol ver =l i near Sol ver. gaussJord();
N=l i near TenpSol ver . M
returnString=linear TenpSol ver.toString();
for(int i=0; i<rows; i++){
for(int j=0; j<cols; j++){
writeString(custonfornmat("000.00 ",
NLETLID))

witeString("\n");
return(returnString);

}

FEEEEEEEE i r i b b
/1 This nethod solves the natrix of elevations using the Laplacian
/] equati on.

/1 For the tine being, | have deleted the |ineCheck test but allowed
/1 readFirstLine() and readQ herLines() to continue naking the conarisons.

/Il For large files, it may be advisable to wite alternative versions

/1 of these nethods to be called by |aplacianSolver() to elimnminate

/1 this checking, which is necessary for the linear equation solver

/1 but unnecessary for the |aplacian solver.
NN NNy
public String |aplacianSol ver(int iterations)

{

}

FEEEEEEE i r b r b bbb
/1 This nethod calls the solver and rel axes the matrix using the

/'l Lapl aci an equation, then wites the result to the output file.
NN NNy
private String sol veLapl aci anEquations(int iterations)

return(sol veLapl aci anEquations(iterations));

{
String returnString=null;
| apl aci anSol ver = new Lapl aci anSol ver (rows, cols, M iterations);
t enpSol ver =l apl aci anSol ver. | apl aci an() ;
N=t enpSol ver . M
returnString=(tenpSol ver.toString());
for(int i=0; i<rows; i++){
for(int j=0; j<cols; j++){
writeString(custonfornat("000.00 ",
NLETETT D)
witeString("\n");
}
return(returnString);
}

TEEEEEEEEEE i rrrrrrrrrrrrd
/1 This nmethod solves the matrix of elevations using the Thin Plate
/] equati on.

/1 For the tine being, | have deleted the |ineCheck test but allowed
/1 readFirstLine() and readQ herLines() to continue naking the conarisons.

/Il For large files, it may be advisable to wite alternative versions

/1 of these nethods to be called by thinPlateSolver() to elininate

/'l this checking, which is necessary for the linear equation solver

/1 but unnecessary for the | aplacian solver.

THEEEEEEEE i rrrrrrrrrrrrrrrg
public String thinPlateSolver(int iterations)

92



return(sol veThi nPl at eEquati ons(iterations));

}

TEEEEEEEEEE i rrrrrrrrrrrd
/1 This nethod calls the solver and rel axes the matrix using the

/1 Thin Plate equation, then wites the result to the output file.
TEEEEEEEEE i rrrrrrrrrrrrrd
private String solveThi nPl at eEquations(int iterations)

{

String returnString=null;

t hi nPl at eSol ver = new Thi nPl at eSol ver(rows, cols, M iterations);

ot her TenpSol ver =t hi nPl at eSol ver. thi nPl ate();

N=ot her TenpSol ver . M

returnString=(other TenpSol ver.toString());

for(int i=0; i<rows; i++){
for(int j=0; j<cols; j++){

writeString(custonfornmat("000.00 ",
NCETLTT D))

witeString("\n");
}

return(returnString);
}

TEEEEEEEEE i rrrrrrrrrrrrrrd
/1 This nethod returns a "no solution" error nessage.

TEEEEEEEEE i rrrrrrrrrrrrrd
private String noSol uti onMessage()

{
return("\ n\n***Warni ng: no solution possible" +
"\n***COne row of the input matrix is of the form ***" +
"\ ¥ CONSTANT=0%***"  +
"\'n***P| ease check your input data file.***\n" );
}

IR N NN NN NN
/1 This nethod returns the matrix N

THLELEEEL bbb rrrrirrri
public double[][] getN()

return(N);
}

THLELLEEEL i bbb rirrd
/1 This nethod returns the rows

THLELEEEE i r bbb rrrri i rrinirrrd
public int getRows()

{

}

THLLLLEIEL i r bbb rirrd
/1 This method sets the rows
THLELEEEE i r bbb rrririrrr

return(rows);

public void set Rows(int rowal ue)

{

}

THELLEIEL i rr bbb rirri
/1 This nethod returns the col ums

THEELLEEEE i r bbb rrrinirrr
public int getCols()

{
}

r ows=r owval ue;

return(cols);
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NN NN
/1 This method sets the cols
NN NNy
public void setCol s(int col Val ue)

{

}

NN NNy
/1 This nethod gets the input data for text files.
NN NN NNy
public void getText!| nputData()

{

col s=col Val ue;

try{readFirstLine();

cat ch(| CException ioe){
JOpt i onPane. showvessageDi al og(
nul |,
"Error reading the first line of the file.");

}
try{readQ herLi nes();
}

cat ch(| CException ioe){
JOpt i onPane. showivessageDi al og(
nul |,
"Error reading a line of the file.");

}

}
FEEEETEEEE i r i bbb
/1 This nethod transfers the graphics infornation stored in the 1D
Il pixels[] file into the 2D integer I[][] file. The data is then
/1 transferred to the double M][] matrix.
NN NNy
public void initializeArray(int rows, int cols, int pixels[])
{

thi s. rows=rows;

this.col s=col s;

I=new int[rows][col s];
Menew doubl e[ rows] [ col s];
int index=0;
for(int i=0; i<cols; i++){
for(int j=0; j<rows; j++){
I[j][i]=pixels[index]& OxO0ffffff;
Mjlli]=(double)I[j][i];

i ndex=i ndex+1;
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St udent : John Chil ds

EE X X

/*

* Lapl aci anSol ver d ass

*

*
khkhkhkhkhkhkhkhkhkhkhkhhkhhhhhkhhkhhhhhhkhhkhhkhhkhkhkhkhkhhkhkhkhhhhhkhkhkhkhkhhhkhkhkhkhkhkhkhkhkhkhkhkhkhkkkkkk*x*%x
*

* Cour se: ECSE 6990

* Instructor: Dr. WIIiam Randol ph Franklin
* Date: Decenber 21, 2002

*

*

*

*

*

*

*

This class encapsul ates Lapl aci an solver utilities.

*************************************************************************/

package sol vers;

import java.text.Decimal Format;
NN NNy
/1 This class encapsul ates an augnented natrix of |inear equation

/'l coefficients.
NN

public class Lapl aci anSol ver

{

private int rows, cols, iterations;
public double M][];
public double N][];

NN NNy
/1 Constructor for args rows, colums and a 2D natrix of type double.
NN NN,

publ i c Lapl aci anSol ver(int tRows, int tCols, double T[][], int iterations)

{

}

M = new doubl e[ t Rows] [t Col s];
N = new doubl e[t Rows] [t Col s];
rows = t Rows;

cols = tCols;
this.iterations=iterations;

for(int i=0; i<rows; i++)
for(int j=0; j<cols; j++){

Milli] = Til[i];

NCETLGT = TOT0G TS

N NN NN
/1l Performmultiple iteration Laplacian calculation on Matrix M of
/] size rows, cols.

Pr ocedur e:

1)

2)

The cal culation is run on a subregion of the input matrix. The
subregion is offset inwards fromthe edge of the map by one
index unit. This allows the Laplacian equation to be run

wi t hout any special cases for the edges.

The edges are assigned el evati ons by mappi ng the offset rows
or colums to the edges before each iteration.

NN
publ i c Lapl aci anSol ver | apl aci an()

/1

Lapl aci anSol ver sol ver = new Lapl aci anSol ver (rows, cols,M iterations);

for(int k=0; k<iterations; k++){
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THLELEEEE i r bbb rririrrri
/1 This code transfers el evations across the of fset boundaries
/1l to the edge of the map.
THLEEEEEL i b rririrrri
for(int i=1; i<rows-1; i++){

Mi][Ol=Mi][1];

Mi][cols-1]=Mi][col s-2];
}

for(int j=1; j<cols-1; j++){
MOI[j1=M1][j]; _
Mrows-1][j]=Mrows-2][j];

}

MOI[0]=M1][1];

M rows-1][col s-1] =M rows- 2] [ col s-2];
M O] [col s-1]=M 1] [ col s-2];
Mrows-1]1[0]=Mrows-2][1];

NN NNy
/'l This code uses the Lapl acian equation to cal culate the new
/1 elevations for the offset region.
FEEEEEEPEE bbb bbb rnn
for(int i=1; i<rows-1; i++){

for(int j=1; j<cols-1; j++){

HEONCET L "o o
Milljl= (Mi-1][j] + Mi+1][j] +
Millj-1] + Mil[j+1])/4;

———
1

}
}
}

THLEEEEEL bbb rrrirrrri
/1 This code transfers el evations across the of fset boundaries
/1 to the edge of the nap.
THLEEEEEL i bbb rririrrri
for(int i=1; i<rows-1; i++){

Mi][Ol=Mi][1];

Mil[cols-11=Mi][col s-2];
}

for(int j=1; j<cols-1; j++){
MOI[j1=M1][j]; _
Mrows-1][j]=Mrows-2][j];

}

MOJ[0]=M1][1];

M rows-1][col s-1] =M rows- 2] [ col s-2];
MO][col s-11=M 1] [col s-2];
Mrows-1]1[0]=Mrows-2][1];

NN NNy
/1 This code conputes the edge nodes as the average of its
/1 three neighbors.
FEEEEEEEEE bbb bbb rrn
for(int i=1; i<rows-1; i++){
Mi][O]=(Mi][1] + Mi-1][0] + Mi+1][0])/3;
Mil[cols-11=(Mi][cols-2] + Mi-1][cols-1] + Mi+1][cols-1])/3;
}
for(int j=1; j<cols-1; j++){
MOI[jl1=(M1][j] + MOJ[j-1] + MO][]+1])/3;
Mrows-1][j]=(Mrows-2][j] + Mrows-1][j-1] + Mrows-1][j+1])/3;

}
MOJI[0]=(MO][1] + M1][0])/2;
Mrows-1][col s-1]=(Mrows-1][cols-2] + Mrows-2][cols-1])/2;
MO][cols-11=(MO0][cols-2] + M1][cols-1])/2;
Mrows-1]1[0]=(Mrows-2][0] + Mrows-1][1])/2;

}

return this;
}

NN NN
/] Qutput the entire matrix as a String object.
NN NN
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/*

public String toString()

{
String string = ""
i f(rows<40){
for(int i=0;i<rows;i++){
for(int j=0; j<cols; j++){
string += custonformat ("000.00", Mi][j]) + "
}
string += "\n";
}
return string;
}
el sef
return("Qutput matrix is too large to display in text box.\n"+
"See output file for data.\n\n");
}

}
NN
/'l This method creates a Deci mal Format object for formatting the file
// output string. It returns a string fornatted to the specified decinal
/'l precision.
NN
public String custonfFormat (String pattern, double value )
{

Deci mal For mat nyFornatter = new Deci mal For mat (pattern);

String output = nyFormatter.format(val ue);

return(output);

}
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Thi nPl at eSol ver d ass

EE R e X X

Cour se: ECSE 6990
Instructor: Dr. WIIiam Randol ph Franklin

Dat e

Decenber 21, 2002

St udent : John Chil ds

EE R R e X X

cl ass encapsul ates a matrix of elevations and the utilities

needed to relax elevations using the Thin Plate equation

Not e

because the Thin Plate equation requires data from positions

of fset by two index positions, the edges and the nodes offset
one position fromthe edge constitute special cases that nust
be handl ed separately.

The nodes of fset two index positions are cal cul ated using the
Lapl ace equation while the edge nodes are nerely copied from
the doubly of fset nodes

*
*
*
*
*
*
*
*
*
*
*
*
* This
*
*
*
*
*
*
*
*
*
*
*
*
*

************************************************************************/

package

import j

sol vers

ava. t ext . Deci mal For mat ;

FEEEETEEEEE b b r i b r b r i r i b r i rr i

/1 This

cl ass encapsul ates an augnmented matri x of |inear equation

/1 coefficients
THEELEEEL i bbb riririrrd

public class ThinPl ateSol ver

{

private int rows, cols, iterations

publ
publ

ic double M][1;
ic double N[1[1;

NN NN NN
/1 Constructor for args rows, colums and a 2D natrix of type double
NN NNy,

publ
{

}

ic ThinPlateSol ver(int tRows, int tCols, double T[][], int iterations)

M = new doubl e[t Rows] [t Col s];
N = new doubl e[t Rows] [t Col s];
rows = t Rows;

cols = tCols;
this.iterations=iterations;

for(int i=0; i<rows; i++)
for(int j=0; j<cols; j++){

Millj] = TIi]l[j]

NLETLGT = TOiTL0 T

NN NNy
/1 Performmultiple iteration Thin Plate cal culation on Matrix M of

/1 si

ze rows, cols

/'l Procedure

/1 1) The calculation is run on a subregion of the input natrix. The

subregion is offset inwards fromthe edge of the map by one
index unit. This allows the Thin Plate equation to be run
wi t hout any special cases for the edges
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/1 2) The edges are assigned el evations by napping the offset rows

/1 or colums to the edges before each iteration.

TEEEEEEEEEE i rrrrrrrrrrd
publ i ¢ Thi nPl at eSol ver thinPl ate()

{
for(int k=0; k<iterations; k++){

NN
/1 This code uses the Laplacian equation to cal cul ate the new
/1 elevations for the rows and col ums of fset one position
/1 fromthe edge.
LEEEEEEEEE bbb
for(int i=1; i<rows-1; i++){

if(N[i][cols-2]==0.0){

Mi]J[cols-2]=(Mi-1][cols-2] + Mi+1][cols-2] +
Mil[cols-3] + Mil[cols-1])/4;

}

}

for(int i=1; i<rows-1; i++){
if(N[i][1]==0.0){
Mil[1]= (Mi-1][1] + Mi+1][1] +
Mil[0] + Mill2])/4

}
}
for(int j=1; j<cols-1; j++){
if(N[1][j]==0.0){ _
M1 [jl= (M1][j-1] + M1][j+1] +
) MOI[j] + M2][j])/4
}

for(int j=1; j<cols-1; j++){
if(N[ rows-2][j]==0.0){
Mrows-2][j]1= (Mrows-2][j-1] + Mrows-2][j+1] +
Mrows-3][j] + Mrows-1][j])/4;
}
}

TEEEEEEEEEE i rrrrrrrrrrrrrd
/1 This code cal cul ates the elevations for the edge rows.
TEEEEEEEEEE i rrrrrrrrrrrrrd
for(int i=1; i<rows-1; i++){

Mi][0]=Mi][1];

Mil[cols-11=Mi][col s-2];
}

for(int j=1; j<cols-1; j++){
MOI[j1=M1][j]; _
Mrows-1][j]=Mrows-2][j];

}

MOJ[0]=M1][1];

M rows-1][col s-1] =M rows- 2] [ col s-2];
MO][col s-11=M 1] [col s-2];
Mrows-1][0]=Mrows-2][1];

NN NN
/1 This code uses the Thin Plate equation to cal cul ate the new
/1 elevations for the offset region using the Thin Plate
/] equati on.
NN NNy
for(int i=2; i<rows-2; i++){
for(int j=2; j<cols-2; j++){
if(N[i][j]==0.0){ o
Millil= (8*(Mi-1][j] + Mi+1][j] +
Mill[j-1] + Mil[j+1]) -
2*(Mi-1][j-1] + Mi-1][j+1] +
Mi+1][j-1] + Mi+1][j+1]) -
(Mi-2][j] + Mi+2][j] +
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Millj-21 + Millj+2]))/20;

}
}
}
}
/1 Systemout.println("rows is: "+ rows);
/1 Systemout.println("cols is: "+ cols);
/1 Systemout.printin("iterations is: "+ iterations);
/1 JOpt i onPane. showvessageDi al og(
11 nul |,
11 "returning ");
return this;
}

NN NNy
/1 Qutput the entire natrix as a String object.
NN NN

public String toString()

{
String string = "";
i f(rows<40){
for(int i=0;i<rows;i++){
for(int j=0; j<cols; j++){
string += custonformat("00.00", Mil[j]) + " “sIrrrrrrl gl bad,
I'ine of code.
}
string += "\n";
} .
return string;
el se{
return("Qutput matrix is too large to display in text box.\n"+
"See output file for data.\n\n");
}
}

N NN
/'l This method creates a Deci mal Format object for formatting the file
/1 output string. It returns a string formatted to the specified decimal
/'l precision.
NN NN
private String custonFormat (String pattern, double value )
{

Deci nal Fornat nyFornatter = new Deci nal For nat (pattern);

String output = nyFormatter.format(val ue);

return(output);
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/
Li near Equat i onSol ver d ass
khkkhkhkhkhkhkhkhhkhkhkhhkhkhhhhhkhhhhhhhhkhhkhkhkhhhkhkhkhkhhkhkhhhhhkhkhkhkhhkhhhkhkhkhkhkhkhkhkhkhkhkhkhkkkk*x*x*x
Cour se: ECSE 6990
Instructor: Dr. WIIiam Randol ph Franklin
Dat e: Decenber 21, 2002

Thi s

package

St udent : John Chil ds

EE o R X X

cl ass encapsul ates an augnented matri x of |inear equation

coefficients along with the nethods required to produce the
sol ution vector.

************************************************************************/

sol vers;

N NN NN NN

/1 This

cl ass encapsul ates an augnmented matrix of |inear equation

/1 coefficients.
THELLLEEEL i bbb rirrd

i mport j

ava. t ext. Deci mal For mat ;

public class Linear Equati onSol ver

{

private int rows, cols;

publ

ic double M][1;

NN NNy
/1 Constructor for afgs rows, colums and a 2D natrix of type double.
NN NN

publ
{

}

i ¢ LinearEquationSolver(int tRows, int tCols, double T[][])

M = new doubl e[ t Rows] [t Col s];
rows = t Rows;
cols = tCols;

for(int i=0; i<rows; i++)
for(int j=0; j<cols; j++)

Millil = Ti1[i]

NN,
/Il Swap rowrl with rowr2 for the matrix M
/1 Note: the matrix Min question is the one associated with the

/1 Li

near Equat i onSol ver object calling the nethod, not necessarily

/1 this.M
FEEEEEEEEEr i i b b by

publ
{

i ¢ LinearEquationSol ver swapRow(int rl1, int r2)

doubl e tenpRow{] = new doubl e[ rows];
Li near Equat i onSol ver returnLi near Equati onSol ver =
new Li near Equati onSol ver (rows, col s, M;

if( (rl >=rows) | (r2>=rows) | (r1 <0) | (r2<0) )
throw new Arithmeti cException(
"Li near Equati onSol ver.swapRow. rl1 or r2 not within matrix:
+rl1+","+r2);

tenmpRow = returnLi near Equati onSol ver. M r1];
returnLi near Equati onSol ver. M r1] = returnLinear Equati onSol ver. Mr2];
returnlLi near Equati onSol ver. Mr2] = tenpRow,

return returnlLi near Equati onSol ver;
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NN NNy
/1 Multiply all the coefficients inrowrl by the scalar 'scalar'.
NN NN

publ i ¢ Li near Equati onSol ver mul Rowm(i nt r1, doubl e scal ar)
{
Li near Equat i onSol ver returnLi near Equati onSol ver =
new Li near Equati onSol ver (rows, col s, M ;

if( (r1 >=rows) || (r1 <0) )
throw new Arithneti cExcepti on(
"Li near Equat i onSol ver.nmul Row. r1 not within matrix: " + rl);

for(int i=0; i<cols; i++)
returnLi near Equati onSol ver. Mr1][i] = Mr1][i] * scalar;

return returnLi near Equati onSol ver;

}

NN,
/1 Multiply each coefficient in rowrl by scalar.

/1 Then add each coefficient inrl to each coeffiecient in r2 and

/1 place the result in r2.

/1

/1 Return a new Li near Equati onSol ver object with the nodified rows.
NN NNy

publ i c LinearEquationSol ver addMul Row(int r1, int r2, double scalar)
{
Li near Equat i onSol ver returnLi near Equati onSol ver =
new Li near Equati onSol ver (rows, col s, M;
Li near Equat i onSol ver tenpLi near Equati onSol ver =
new Li near Equati onSol ver (rows, col s, M ;

if( (r1>=rows) | (r2>=rows) | (r1 <0) | (r2<0))
throw new Arithneti cExcepti on(
"Li near Equat i onSol ver.addMul Row. r1 or r2 not within matrix:
+rl + ", "4r2);

t enpLi near Equat i onSol ver = tenpLi near Equati onSol ver. nul Row(r 1, scal ar);

for(int i=0; i<cols; i++)
returnLi near Equati onSol ver. Mr2][i]
ret urnLi near Equati onSol ver. M r 2] [
t enpLi near Equat i onSol ver. M r1][i]

i] +
return returnLi near Equati onSol ver;

}

THEELLEEEL i bbb rirrd
/1 Performa Gauss-Jordan elimnation on Matrix M of size rows, cols.

/1 Procedure:
/1 1) Find the first non-zero coefficient.

/1 2) Check to see if the rowis all zeros.
/1 3) Set the first non-zero cofficient to 1 by nultiplying the entire

/1 row contai ning that coefficient by 1/coefficient.

/Il 4) Set the all the coefficients directly above the pivot to

/1 zero by successively multiplying the pivot equation by

/1 (-1) * coefficient above and then adding the two rows together.
/1 5) Set all the coefficients directly bel ow the pivot to

/1 zero by the sane nethod.

/1 6) Repeat until each row contains only a '1" in the pivot

I/ | ocation and zeros everywhere el se, except for the |ast

/1 col um.

FEEEEEEEEEr i i i b b i by
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public LinearEquationSol ver gaussJord()

{
Li near Equati onSol ver ret = new Li near Equati onSol ver (rows, cols, M ;
for(int i=0;i<rows;i++){
/1 first find first non-zero coefficient
int j=0;
while(ret.Mi][j] == (double)O0){
j ++;
i f(j==cols)
br eak;
}
/1 if this rowis all zeros just skip on to next row
i f(j==cols)
conti nue;
/'l set |eading one
ret = ret.mulRow( i, 1.0/ret.Mil[j]);
//set zeros above | eadi ng one
if(i!=0)
for(int k=i-1; k>=0; k--)
ret=ret.addMul Row(i, k,-1.0*ret. Mk][j]);
Il set zeros bel ow | eadi ng one
for(int k=i+1; k<rows; k++)
ret=ret.addMul Row(i, k,-1.0*ret. Mk][j]);
} /1 end for |oop
return ret;
}

NN
/] Qutput the entire matrix as a String object.
NN NN
public String toString()

{
String string = ""
i f(rows<40){
for(int i=0;i<rows;i++){
for(int j=0; j<cols; j++){
string += custonformat ("00.00", Mi][j]) + "
}
string += "\n";
}
return string;
}
el sef
return("Qutput matrix is too large to display in text box.\n"+
"See output file for data.\n\n");
}
}

NN NN
/'l This method creates a Deci mal Format object for formatting the file
// output string. It returns a string fornatted to the specified decinal
/'l precision.
NNy
private String custonFormat (String pattern, double value )
{

Deci nal Fornat nyFornatter = new Deci nal For nat (pattern);

String output = nyFormatter.format(val ue);

return(output);
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/*

* Painter Cass

*

*

IR R SR RS R R RS R E SRS RS SRR RS RS R R R R R SRR R SRR R R R EEREEREREEREEREREREESEERESEEREESEESEEESES
*

*

* Cour se: ECSE 6990

* |nstructor: Dr. WIIliam Randol ph Franklin
* Date: Decenber 24, 2002

* Student: John Childs

*
khkkhkhkhkhkhkhkhkhhkhhhhhhhhhhhhhhhhhhkhkhkhhhkhkhkhkhkhkhkhkhkhhkhkhkhhhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkkkkxkx*x*%

*

* Popup G aphics Wndow Cl ass

**************************************************************************/

package graphi cs;

i mport javax.sw ng.*;
import java.awt.*;
i mport java.awt.event.*;

public class Painter extends JFrane
{
private int rows, cols;
private double[][] N
Col or col[]={ Color. bl ue,
Col or. green,
Col or.light Gray,
Col or . magent a,
Col or. pi nk,
Col or. red,
Col or . or ange,
Col or.yel | ow};

public Painter(int rows, int cols, double[][]N)
{

super (" Cont our Plot W ndow');

set Backgr ound( Col or. white);

t hi s. rows=rows;

this. col s=col s;

this. NeN;

set Si ze(rows, cols);

repaint();

show() ;

public void paint(Gaphics Q)

{
doubl e max=get Max();

doubl e m n=getM n();
doubl e interval =(max-nmin)/7.0;

i f(mn<0.0){
for(int i=0; i<rows; i++){
for(int j=0; j<cols; j++){
NLET[jT=Ni][j]+(0.0-min);

}

}
i f(rows<100) {
for(int i=0; i<rows; i++){
for(int j=0; j<cols; j++){
g.setColor(col [((int)((N[i][j]l-mn)/interval))]);
g.drawtine(i,j,i,j);
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}

el se{
for(int i=0; i<rows; i++){
for(int j=0; j<cols; j++){
g.setColor(col[((int)((N[i][j]-mn)/interval))]);
g.drawtine(i,j,i,j);

private doubl e get Max()

doubl e max=N 0] [ 0] ;
for(int i=0; i<rows; i++){
for(int j=0; j<cols; j++){
;f(N[i][J']>rTHX){rTHX=N[i][j];

}
return(max);

private double getM n()

double m n=N[0][0];
for(int i=0; i<rows; i++){
for(int j=0; j<cols; j++){
i}f(N[i][J']<mn){mﬂ=N[i][j];
}

return(mn);
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/*

* | nputPainter O ass

*

*
khkhkhkhkhkhkhkhkhkhkhhkhhhhhhhhkhhhhhkhkhkhkhhhhhkhkhkhkhhkhkhhhhkhkhhhkhhhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkkkkkx*x*x*%
*

*

* Cour se: ECSE 6990

* |Instructor: Dr. WIIliam Randol ph Franklin

* Date: Decenber 24, 2002

* Student: John Chil ds

*
khkhkhkhkhkhkhkhkhhhhhhhhhhhhkhhhhhhhkhkhkhhhhhkhkhkhhkhkhhhhhhhhhhkhhhhkhhkhhkhkhkhkhkhkhkhkhkkhkkkkxkx*x*x*%x
*

* Popup G aphics Wndow Cl ass

*

*

*************************************************************************/

package graphi cs;

i mport javax.sw ng.*;
import java.awt.*;
import java.awt.event.*;

Y e R T P PP
public class |nputPainter extends JFrane
{
private | mage i ng;
Y e R R T
public InputPainter(lnmage ing, int width,int height)
{
super ("I nage W ndow') ;
set Backgr ound( Col or. white);
set Si ze(wi dth, height);
this.ing=iny;
repaint();
show() ;
}
e e

public void paint(G aphics g)

g.draw mage(inmg, 0, O, null);

/*

106



Appendix 3 C++ Code Modules

* Cour se: CSCl 6980
Instructor: Dr. Franklin
Dat e: February 14, 2003
St udent : John Childs

Master's Project:
| ODat aManager

/
*
*
*
*
khkhkhkhkhkhkhkhkhkhkhkhhhkhhhhhhhhhhhhhhhhhkhkhkhkhhhhkhkhkhhhhkhkhkhkhkhhkhhkhkhkhkhkhkhkhkhkhkhkhkkkkk*x*x*
*
*
*
*
*

This is the root function for the SparseSystem

LR R R EEEE R R AR R R R Ry

#i ncl ude " SparseSystem h"
int main( )

Spar seSyst em spar seSyst em
return (0);
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ok ok kR ok 3k ok ok R % 3k 3k ok ok ok 3k 3k ok ok k% 3k 3k ok Ok F

Decl arations for SparseSystem h.

khkkhkhkhkhkhkhkhkhhkhkhhhhhhhhkhhhhhhhhhkhkhhhhkhkhkhkhkhkhkhkhkhhhkhhkhkhkhhhkhkhkhhkhkhkhkhkhkhkhkhkkkkkkkkxkx*x*%

Cour se: CSCl 6980

I nstructor: Dr. Franklin
Dat e: February 14, 2003
St udent : John Childs

LR e o R R X

Master's Project:
Spar seSystem

This class is the main C++ class for converting an elevation grid
file to a MATLAB sparse index file.

Not e:

it is not possible to instantiate | CDataManager fromthe heap.

If this is done (by declaring a pointer and then instantiating with
the 'new operator) it is not possible to wite to the output file
using the overl oaded streaminjection operator '<<', as in

out fil e<<somenunber. This appears to be a bug because the extraction
operator '>>" works OK in this case, and both work when the object

is instantiated fromthe stack instead of the heap.

**************************************************************************/

#i f ndef sparse_systemh

#defi ne sparse_systemh

ncl ude<i ost r ean>

ncl ude<st di 0. h>

ncl ude " CDat aManager . h"

ncl ude "Al | ocati onManager. h"
ncl ude " Conput ati onManager . h"
ncl ude<ti me. h>

#i
#i
#i
#i
#i
#i

using std::endl;

cl ass SparseSystem

{

publi c:

pr

}s

Spar seSysten() ;
~Spar seSystem() ;

ivate:

Al | ocati onManager *all ocati onManager;
Conput ati onManager *conput ati onManager ;
voi d cont ai ner Met hod(voi d);

int** indexHandl e;

doubl e* vect or Handl e;

int** jnputHandl e;

int
int
int
int
int

el evati onRows, el evati onCol umms;
nzn;

i ndexRows;

i ndexCol umms;

vect or Col umms;

clock_t start, end;

#endi f
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#i ncl ude " SparseSystem h"
| ODat aManager i oDat aManager ;

NN NN NN
/1 Constructor 11
NN NN NN NN NN

Spar seSyst em : Spar seSyst en() {
cout<<"in the SparseSystem constructor"<<endl;
al | ocati onManager =new Al | ocat i onManager ;
conput at i onManager =new Conput at i onManager ;
cont ai ner Met hod() ;

|
NN NN NN NN NN NN
/1 Destructor /1

N NN NN NNy

Spar seSyst em : ~Spar seSyst en() {
al | ocati onManager - >deAl | ocat e(i nput Handl e, el evati onRows) ;
al | ocati onManager - >deAl | ocat eRHS( vect or Handl e) ;

}
NN NN NN NN
/1 This nethod calls the other nethods. /1

I NN NN

voi d SparseSystem : cont ai ner Met hod(voi d) {
NN NNy
/Il Wite a greeting banner. 11
NN NNy
i oDat aManager . wi t eBanner () ;
NN NNy
/Il Get the elevaton grid rows and col ums. /1
NN NNy

el evati onRows=i oDat aManager . get Rows() ;
el evati onCol utms=i oDat aManager . get Col umrms() ;

NN NNy

/1 Open an input file. The file to be opened is determi ned by I
/1 the first argunent. |In this case getlnputFile() returns a /1
Il reference to the input file declared in | ODataManager /1
/'l i oDat aManager . 11

FECEEEEEE i i bbb rrrr g

i oDat aManager . openl nput Fi | e( i oDat aManager. get |l nputFile(),
i oDat aManager . get I nput Fi l eBuffer());

FEEEETTEEEE i e i

/1l Open an output file. The file to be opened is determ ned by 11
/1 the first argument. |In this case getlndexFile() returns a 11
/1 reference to the index file declared in | ODat aManager /1
/1 i oDat aManager . /1

NN NNy

i oDat aManager . openl ndexFi | e( i oDat aManager . get | ndexFi | e(),
i oDat aManager . get | ndexFi | eBuffer());

I NN NN NN
/1 Open another output file. The file to be opened is determ ned by //

/1 the first argument. |In this case getVectorFile() returns a /1
Il reference to the b vector file declared in | ODataMvanager /1
/1 i oDat aManager . /1

109



FEEEETTEEEE i e bbb i r i

i oDat aManager . openVect or Fi | e( i oDat aManager. get VectorFil e(),
i oDat aManager . get VectorFil eBuffer());

NN NNy

/1l Allocate an rows row by colums colum array of ints fromthe /1
/1 heap. The array pointer is declared in allocationManager. The 11
/] particular array pointer is specified by the first argunent. In //
/1 this case it is the pointer returned by getlnputArray, i.e. the /1
/1 pointer to the array that will hold the input elevation data. /1

FEEEETEEEEE i i e bbb i

i nput Handl e=al | ocat i onManager - >al | ocat e(al | ocati onManager - >get | nput Array(),
el evati onRows, el evati onCol ums);

NN NN NN NNy
/!l Read the input file into the input array. /1
NN NN NNy

i oDat aManager . readArray(i oDat aManager. get | nputFil e(), inputHandl e,
el evati onRows, el evati onCol ums);

I NN NN
/1 Count the nunber of non zero nodes in the input file. I
N NN NN NN NN

nzn=conput at i onManager - >nonzer oNodes( i nput Handl e,
el evati onRows, el evati onCol ums);

NN NNy
/1 Conmpute the nunmber of rows in the index array. /1
NN NNy

i ndexRows=conput at i onManager - >nunber | ndexRows( el evati onRows,
el evati onCol utms, nzn);

NN NN NNy
/1 Compute the nunber of columms in the index array. 11
NN NNy
i ndexCol utms=conput at i onManager - >nunber | ndexCol umms() ;

FEEEEEEE i bbb b rrrr g

/1 Allocate a rows row by colums colum array of ints fromthe /1
/1 heap. The array pointer is declared in allocationManager. The I
/] particular array pointer is specified by the first argunent. In //
/1 this case it is the pointer returned by getlndexArray, i.e. the /1
/] pointer to the array that will hold the MATLAB sparse i ndex. /1
/1 The function returns the pointer (and not the array | hope) /1
/1 because it is needed for subsequent array access. I

NN NNy

i ndexHandl e=al | ocati onManager - >al | ocat e(al | ocati onManager - >get | ndexArray(),
i ndexRows, indexCol ums);

NNy
/1 Fill the indexArray with all zeros. /1
NNy

i ndexHandl e=conput at i onManager - >al | Zer os( i ndexHandl e,
i ndexRows, indexCol ums);

NN NN NNy
/1 Compute the index file coefficients and place themin the /1
/1 indexArray. /1
N NN NNy

start=cl ock();
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ndexHandl e=conput at i onManager - >conput eUpper Left (i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput at i onManager - >conput eUpper Ri ght ( i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput ati onManager - >conput eLower Left (i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput at i onManager - >conput eLower Ri ght ( i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput at i onManager - >conput eLef t ( i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput at i onManager - >conput eRi ght ( i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput at i onManager - >conput eUpper ( i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput at i onManager - >conput eLower ( i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput at i onManager - >conput el nsi de( i ndexHandl e,
el evati onRows,
el evati onCol ums) ;

ndexHandl e=conput at i onManager - >conput eLower Bl ock( i nput Handl e,
i ndexHandl e,
el evati onRows,
el evati onCol ums) ;
end=cl ock();

THELELEIEL i bbb rrrirrn
/1 Wite run statistics to console. /1
THEELEEEE bbb rr bbb bbbl

i oDat aManager.runStatistics( nzn, indexRows, indexColums, start, end,
conput at i onManager - >get Equati ons());

NN NNy
/Il Wite indexArray to file /1
NN NN NNy

i oDat aManager. witeArray( ioDataManager. getlndexFile(),
i ndexHandl e, i ndexRows, indexColums);

NN NNy
/'l Deallocate the big index array because it is no | onger needed. /1
NN NN NNy

al | ocati onManager - >deAl | ocat e(i ndexHandl e, i ndexRows);

NN NN NNy
/1 Allocate a rows row by colums colum array of ints fromthe /1
/1 heap. The array pointer is declared in allocationManager. The I
/] particular array pointer is specified by the first argunent. In //
/1 this case it is the pointer returned by getVectorArray, i.e. the //
/1 pointer to the array that will hold the MATLAB RHS vector. I
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/1 Note: the nunmber of RHS vector rows is the same as the index /1
/1 matrix rows. /1
TEEEEEEEEEE i

vect or Handl e=al | ocat i onManager - >al | ocat eRHS( al | ocat i onManager - >
get VectorArray(),
i ndexRows) ;

I N NN NN
/1 Conpute RHS vector. 11
I NN NN

vect or Handl e=conput at i onManager - >zer oRHS( vect or Handl e,
((el evati onRows *
el evati onCol ums)
+ nzn));

vect or Handl e= conput at i onManager - >conput eRHS( vect or Handl e,
i nput Handl e,
el evati onRows,
el evati onCol ums,
conput ati onManager - >
conput eSpar seRows
(el evati onRows,
el evati onCol ums) ) ;

NN NN NNy
/1l And finally, wite it to file. Destructor handl es remaini ng /1
/'l deal | ocation chores. I/
NN NNy

i oDat aManager . wi t eRHSArray(i oDat aManager . get VectorFi l e(),

vector Handl e, ((el evati onRows *
el evati onCol ums) + nzn));
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/* Cour se: CSCl 6980
Instructor: Dr. Franklin
Dat e: February 14, 2003

St udent : John Childs

Master's Project:
| ODat aManager

This class is the 10 hel per class for SparseSystem

*
*
*
*
*
khkkhkhkhkhkhkhkhkhkhkhhkhhhhhhhkhkhhhhhhhhhhkhhhhkhkhkhkhhkhhhhhhhhkhhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkkkkkx*x*x*%x
*
*
*
*
*
LR R R R R RS R R R R R R R LY

#i f ndef io_data_nanager_h
#define i o_data_manager_h
#i ncl ude<i ost r eanr

#i ncl ude<coni o. h>

#i ncl ude <fstream h>

#i ncl ude<i omani p. h>

#i ncl ude<ti me. h>

using std::endl;

cl ass | ODat aManager

L
private:
ifstreaminputFile
of stream i ndexFi |l e
of stream bFil e
char inputFileBuffer[40];
char indexFil eBuffer[40];
char bFi | eBuffer[40]
public
| ODat aivanager () ;
~| ODat aManager () ;
i fstream& openl nputFile(ifstream& char*)
of st ream& openl ndexFi | e( of stream&, char*)
of st ream& openVector Fil e(of stream&, char*)
voi d witeBanner (void)
i fstream& get | nput Fi | e(voi d)
of stream& get | ndexFi | e(voi d)
of stream& get VectorFi |l e(voi d)
char* getlnputFil eBuffer(void)
char* get | ndexFil eBuf fer (void)
char* get VectorFi | eBuf fer(void)
int getOneint(ifstreang);
void witeOneint(int, ofstreang);
void witeArray(ofstreanm&, int**, int, int)
void witeRHSArray( ofstream& double*, int)
voi d dunpArray( int** int, int)
voi d readArray( ifstream&, int**, int, int)
int get Rows(void);
int getColums(void);
void runStatistics(int, int, int, clock_t, clock_t, int)
oo
#endi f
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#i ncl ude " ODat aManager . h"

NN NN NN NNy
/1 Constructor /1
NN NN NNy,

| ODat aManager : : | ODat aManager () {
cout <<"in | ODat aManager constructor."<<endl ;

}
NN NN NNy
/1 Destructor. Closes all files. /1

N NN NN NNy

| ODat aanager : : ~| ODat aManager () {
i ndexFi |l e.close();
inputFile.close();
bFil e.cl ose();

H
NN NN
/1 Function wites the greeting banner. /1

LEEEEEEEEErr bbb

voi d | ODat aManager: : wr it eBanner (voi d)

{
cout <<endl ;
COUt <<" khkkkkhkkkhkhkkhkkhkhkkhkhkkhhkhhkhkhhkkhhkdhhkhhkhkhhhhdhhdhhhhrdhrdkhhrkhxhxkxx" <<end| ’
cout<<" ¥ *"<<endl ;
cout<<" ¥ Wl cone to SparseSystem *"<<endl ;
cout<<" * *"<<endl ;
cout <<" ¥ *"<<endl ;
cout <<"  * The program accepts as input an ASCI| tab *"<<endl ;
cout<<" ¥ separated el evati on contour grid and *"<<endl ;
cout<<" ¥ conmputes the MATLAB sparse index file and *"<<endl ;
cout <<" ¥ the correspondi ng RHS vector for the *"<<endl ;
cout <<" ¥ Frankl i n over-determ ned Lapl aci an *"<<endl ;
cout <<" * al gorithm *"<<endl ;
cout<<" * *"<<endl ;
cout <<"  * Note: you nust specify the nunber of rows *"<<endl ;
cout <<"  * and colums for the elevation grid file *"<<endl ;
cout<<" ¥ when pronpted. |f you neke a mistake in *"<<endl ;
cout <<" * speci fying them the programw || at best *"<<endl ;
cout <<"  * produce a bad output file or at worst *"<<endl ;
cout <<"  * overflow an array and cause a segment *"<<endl ;
cout<<" * violation error. *"<<endl ;
cout<<" * *"<<endl ;
cout <<"  * If you are lucky, this will only cause *"<<endl ;
cout <<"  * the programto term nate. *"<<endl ;
cout<<" ¥ *"<<endl ;
cout<<" * *"<<endl ;
COUt <<" khkkhkkhkkhkkhkkhkkhkkhkhhkhhkhkhkhhkhkhkhkhkhhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkhkkkhkkkkkxx%x" <<end| <<end| ’
cout <<"Press any key to continue"<<endl ;
getch();

}

NN NNy
/1 This function opens the elevation file for input in binary //
/1 nmode. Returns a reference that can be forwarded to other /1
/'l hel per cl asses I/

NN NNy

i fstream& | ODat aManager : : openl nput Fi | e( i fstream& soneFil e,
char inputFileBuffer[])
{

LABL COUt<<end| <<"********************************************************"<<end|-
cout<<"\nlnput the elevation grid file name.\n";
cout <<"\nThe correct file will look like '<filename>.txt'"<<endl;
cout <<"Pl ease type in the conplete file nane including";
cout<<"the directory path\n";
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cout<<"for exanple: c:\\inputfile.txt\n";

" " .
COUt<< khkhkhkhkhkhkhkhkhkhkhhhhhkhkhkhkhhhkhhkhkhkhkhkhkhhkhhkhhkhkhkhkhkhkhkhkhkhkhkhkkkkkkkk*x*x*%x <<end|<<end|

cin.get(inputFileBuffer,40); //extra read to work
cin.ignore(100, '\n'); /1 around consol e bug.

cin.get(inputFileBuffer, 40);

cin.ignore(100, '\n");

soneFi | e. open(inputFi |l eBuffer, ios::binary);
if(!soneFile)

cout <<"**Cannot open"<<i nput Fi | eBuf f er <<"**"<<endl ;
cout <<"Pl ease try again."<<endl <<endl ;

goto LABL;
return(somneFil e);
}
NN NN
/1 This function opens the index file for output in binary I
/I mode. /1

LEEEEEEEEE i bbby

of st ream& | ODat aManager : : openl ndexFi | e( of stream& ot herFil e,
char outputFileBuffer[])

{
LABL COUt <<end| <<"********************************************************"<<end| .
cout<<"\nlnput the name of the output index file\n";
cout<<"\nPl ease type in the conplete file name including";
cout<<" the directory path\n";
cout<<"for exanple: c:\\outfile.dat\n";
Cout<<"********************************************************"<<end|<<end|
ci n. get (out put Fi | eBuf f er, 40);
cin.ignore(100, '\n");
otherFil e.open(outputFileBuffer, ios::binary);
if(lotherFile)
{
cout <<"**Cannot open"<<out put Fi | eBuf f er <<"**" <<endl ;
cout <<"Pl ease try again."<<endl <<endl ;
goto LABL;
return(otherFile);
}

NN NNy
/1 This function opens the b vector file for output in binary /1
/1 node. /1
NN NNy

of stream& | ODat aManager: : openVectorFil e( ofstrean& otherFile,
char outputFileBuffer[])
{

LABL: COoUt <<eNd] K" FF X F K I K KKK K KKK KKK K KKK XXX K KKK KRR K KA K AR K KKK AX KKK KK XXX XK * " c<cand| :

cout<<"\nlnput the name of the output b vector file\n";
cout<<"\nPl ease type in the conplete file name including";
cout<<" the directory path\n";

cout<<"for exanple: c:\\bfile.mn";
Cout<<"********************************************************"<<end|<<end|

ci n. get (out put Fi | eBuf f er, 40);
cin.ignore(100, '\n");
otherFil e. open(outputFileBuffer, ios::binary);
if(lotherFile)
{
cout <<"**Cannot open"<<out put Fi | eBuf f er <<"**" <<endl ;
cout <<"Pl ease try again."<<endl <<endl ;
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goto LABL;

return(otherFile);

}

NN NN
/1 This function gets the nunber of rows in the input elevation //
/1l matrix. Sone people would frown on this code, for no /1
/1 logical reason. It works. /1
FEEEEEEEEE bbb bbb

i nt | ODat aManager : : get Rows(voi d)
{

int rows;

LABL: cout<<"\n\nlnput the nunmber of rows in the elevation file\n\n";
ci n>>r ows;
i f(rows<=0)
{
cout <<"**rows nust be > 0**"<<endl;
cout <<"Pl ease try again."<<endl <<endl ;

goto LABL;
return(rows);
}
NN
/1 This function gets the nunmber of columms in the input /1
/1 elevation natrix. I/

NN NN
i nt | ODat avanager : : get Col utms(voi d)
int colums;

LABL: cout<<"\n\nlnput the nunber of colums in the elevation file\n\n";
ci n>>col ums;
i f (col utms<=0)
{
cout <<"**col utms nust be > 0**"<<end| ;
cout <<"Pl ease try again."<<endl <<endl ;

goto LABL;
return(col ums);
}
IR NN NN
/'l Function gets a reference to the inputFile /1

NN NN NN
i fstream& | ODat aManager: : get | nput Fi | e(voi d)

return(inputFile);

}
I NN NN NN
/'l Function gets a reference to the indexFile /1

NN NN
of stream& | ODat aManager : : get | ndexFi | e(voi d)

return(indexFile);

}
NN NN
/'l Function gets a reference to the bFile /1

I NN NN NN
of st ream& | ODat aManager : : get Vect or Fi | e(voi d)

return(bFile);
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}

I NN NN
/1 Function gets a pointer to the inputFileBuffer /1
NN NN
char* | ODat aManager: : get | nput Fi | eBuffer(voi d)

return(inputFileBuffer);

}
NN NN
/1 Function gets a pointer to the outputFileBuffer /1

I NN NN NN
char* | ODat aManager: : get | ndexFi | eBuf f er (voi d)

return(indexFil eBuffer);

}
NN NNy
/1 Function gets a pointer to the vectorFileBuffer 11

I NN NN NN
char* | ODat aManager: : get Vect or Fi | eBuf f er (voi d)

return(bFil eBuffer);

}
NN NN NNy
/1 Function reads a int fromthe input file stream 11

NN NN NN NN NNy

int | ODat aManager: :getOneint(ifstream& i nputFile)

{
int tenpint;
i nput Fi | e>>t enpi nt ;
return(tenpint);

}

NN NN NN
/1 Function the contents of a file into an array /1
NN NN

voi d | ODat aManager : : readArray( ifstream& inputFile, int** inputArray,
int rows, int colums)

for(int i=0; i<rows; i++)
for(int j=0; j<colums; j++)

i nput Fi | e>>i nput Array[i][j];

}
}
}
NN NN
/1 Function wites a int to the output file stream /1

N NN NN NNy

voi d | ODat aManager::witeOneint(int outint, ofstream& outputFile)
{

cout<<"writing "<<outint<<" to output file"<<endl;

out put Fi | e<<outi nt;

}

I NN NN NN
/1 Function wites the entire contents of an array to the specified //

/1 output file in MATLAB sparse nmatrix index file format. This fonmat /1
/Il is suitable for conversion to a MATLAB sparse matrix using the 11
/1 command spconvert(). A newine (\n) is inserted at the end of every //
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/1 row. Formatting is field w dth=10, precision=0 (no decimals since all //

// elenents are expected to be integers. I
/1 /1
/1 This method nmust be redefined in order to output the dat in other /1
/1 formats. /1

N NN NN NNy

voi d | ODat aManager::witeArray( ofstream& outputFile, int** outputArray,
int rows, int columms)

{
cout<<"writing sparse matrix coefficient index file"<<endl <<endl ;
for(int i=0; i<rows; i++)
{
for(int j=0; j<colums; j++)
out put Fi | e<<set w( 10) <<set preci si on(0) <<seti osfl ags(i os::fixed)
<<outputArray[i][j];
out put Fi | e<<"\n";
}
}

NN NN
/1 Function wites the RHS array to the specified file. /1
IR NN NN

voi d | ODat aManager::witeRHSArray( of stream& outputFile, double* outputArray,

int rows)
{
cout<<"writing RHS vector file"<<endl <<endl;
out put Fi | e<<"b=[\n";
for(int i=0; i<rows; i++)
{
out put Fi | e<<set w( 10) <<set preci si on(5) <<seti osfl ags(i os::fixed)
<<out putArray[i];
out put Fi | e<<"\n";
outputFil e<<"]";
}
NN NN
/1 Function wites the entirre contents of an array to consol e. /1
/1 For diagnostic purposes. I

LEEEEEEEEErr bbb rd

voi d | ODat aManager : : dunmpArray( int** outputArray,
int rows, int columms)

{
cout<<"writing to output file"<<endl;
for(int i=0; i<rows; i++)
for(int j=0; j<colums; j++)
std::cout<<outputArray[i][j];
std::cout<<" "
std::cout<<"\n";
}
}
TEEEEEEEEE i rrrrrrrrrrrrd
/1 Function wites statistics for the run. 11

I NN NN
voi d | ODat aManager::runStatistics( int nzn,

int i ndexRows,
i nt i ndexCol umms,
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clock _t start,
clock_t end,
int equations)

cout <<endl ;

COUt <<"********************************************************" <<end| ’

cout<<"non zero nodes is: "<<nzn<<endl;

cout<<"index rows is: "<<indexRows<<endl;

cout <<"index colums is: "<<indexCol ums<<endl ;

cout <<endl <<"Total CPU tinme is: "<<end-start<<" CPU units"<<endl;

cout <<endl <<"Total CPU tinme is: "<<setw 1l0)<<setprecision(5)<<
(float)((end-start)/CLK _TCK) <<" seconds" <<endl <<endl ;

cout <<"The nunber of equations conmputed is: "<<

equati ons<<endl ;

AR SRR EEEEEEEEEEEEEEEEEEEEEE SRS SRS .
cout << <<endl <<endl ;
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Decl arations for Allocati onManager. h.
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*

*

*

*

*

*

* Cour se: CSCl 6980

* |nstructor: Dr. Franklin

* Date: February 14, 2003
* Student: John Childs
*
*
*
*
*
*
*
*
*
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Master's Project:
Al | ocat i onManager

This class is the C++ hel per class for allocating and
ot herwi se managi ng the | arge arrays.

LR AR EEEEE R EE R R R R R R R R R R Ry

#i f ndef all ocati on_nanager _h
#define all ocati on_nanager _h
#i ncl ude<i ostreanr

using std::endl;
class Al l ocati onManager

{

publi c:
Al | ocati onManager () ;
~Al | ocati onManager (){};
int** allocate( int **, int rows, int colums);
voi d deAllocate( int **, int);

int** getlndexArray(void);
doubl e* get VectorArray(void);
int** getlnputArray(void);

int getlndexArrayEl ement(int**,int, int);

voi d setlndexArrayEl ement(int**, int, int, int);
voi d set Vect or ArrayEl enment ( doubl e*, int, int);
doubl e* al | ocat eRHS( doubl e*, int);

voi d deAl | ocat eRHS( doubl e*);

private:
int** indexArray;
doubl e* vectorArray;
int** inputArray;

b
#endi f
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#i nclude "Al |l ocati onManager. h"

TEELEEEEEEE i
/1 Constructor /1
IR NN NN NN NN NN

Al | ocati onManager: : Al | ocati onManager () {
std::cout<<"in Al locationManager constructor"<<endl;

b
NN NNy
/1 Function allocates int arrays for row X columm sized arrays. /1

FEEEEEEEErr i bbb i rrrr g

int** AllocationManager::allocate( int **inputArray,
int rows, int columms)

{

i nput Array=new i nt*[rows] ;

for (int n =0; n < rows; n++)

input Array[n] = new int[colums];

return(input Array);
}
NN NNy
/'l Function allocates int arrays for row X 1 sized arrays. 11

FEEEEEEEEEE i e bbb b b

doubl e* Al'l ocati onManager: : al | ocat eRHS( doubl e *i nput Array,

int rows)
{
i nput Array=new doubl e[ rows] ;
return(input Array);
}
NN NN NNy
/'l Function deallocates int arrays for row X colum sized arrays. /1

NN NN NNy
void Al l ocati onManager::deAllocate( int **inputArray, int rows)

for (int n =0; n < rows; n++)

del ete[] inputArray[n];

}

del ete[]i nput Array;
NN NN NNy
/'l Function deallocates int arrays for row X colum sized arrays. /1
NN NN NNy
voi d Al l ocati onManager:: deAl | ocat eRHS( doubl e *i nput Array)
{

del ete[]i nput Array;
NN NN NNy
/1 Function returns a pointer to the indexArray. /1
NN NNy

int** All ocati onManager: : get | ndexArray(void)

return(i ndexArray);

}
I NN NN
/1 Function returns a pointer to the vectoArray. I/

121



N NN NNy
doubl e* Al'l ocati onManager: : get Vect or Array(voi d)

return(vectorArray);

}
I NN NN
/1 Function returns a pointer to the inputArray. 11

NN NNy
int** All ocati onManager: : get | nput Array(void)

return(inputArray);

}
NN NN NNy
/1 Function sets the i,j index of the indexArray /1

NN NNy

voi d Al | ocati onManager: : set | ndexArrayEl enent ( int** indexArray,
int i, int j, int value)
{
indexArray[i][]j]=val ue;
}
NN NNy
/1 Function sets the i,j index of the vector Array 11

NN NNy

voi d Al l ocati onManager: : set Vector ArrayEl ement (  doubl e* vectorArray,
int i, int value)
{

}

vectorArray[i]=val ue;

NN NNy
/1 Function returns the value at the i,j index of the indexArray /1
NNy

int AllocationManager::getlndexArrayEl ement( int** indexArray,
int i, int j)

return(indexArray[i][j]);
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/
Decl arati ons for Conputati onManager. h.
Cour se: CSCl 6980
I nstructor: Dr. Franklin
Dat e: February 14, 2003
St udent : John Childs

¥k ok ok ok %k 3k ok R % %k ok ok % ¥ % F

Master's Project:
Conput at i onManager

#i f ndef conput ati on_nanager _h
#defi ne conputati on_nanager _h
#i ncl ude<i ostrean»

#defi ne | NDEXCOLUMNS 3;
#defi ne VECTORCOLUWNS 1,

/lusing std::cout;
using std::endl;

cl ass Conput ati onManager

{
public:

doubl e* conput eRHS(doubl e*, int**, int,

Conput at i onManager () ;

~Conput at i onManager () {};

voi d conput eEdgeNodes(voi d);

int nonzeroNodes(int**, int, int);
nt nunber | ndexRows(int, int, int);
nt nunber | ndexCol umms(voi d) ;

nt nunber Vect or Col utms(voi d) ;

nt get Equati ons(void);

nt * *
nt**
nt**
nt **
nt **
nt **
nt**
nt**
nt **
nt * *
nt**

nt

conput eUpper Left (int**, int, int);
conmput eUpperRight (int**, int, int);
conput eLower Left (int**, int, int);
conput eLower R ght (int**, int, int);

all Zeros(int**, int, int);
conputeLeft(int**, int, int);
computeRi ght(int**, int, int);
conmput eUpper (int**, int, int);
conput eLower (int**, int, int);
conputelnside(int**, int, int);
conmput eLower Bl ock(int**, int**,

conput eSpar seRows(int, int);

doubl e* zer oRHS( doubl e*, int);

private:
int equationCounter;
int sparseRows;

}s
#endi f

int,
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This class is the C++ hel per class for conmputing the sparse index matrix
array and the b vector array.

LR AR EEE R R R RS R R R R R R R R R Ry

int);

int);



#i ncl ude " Conput ati onManager. h"

NN NN NN
/1 Constructor /1
NN NN NN NN NN

Conput at i onManager : : Conput at i onManager () : equat i onCount er (0), spar seRows(0) {
std::cout<<"in Conputati onManager constructor"<<endl;

}
NN NN NN NN
/1 Zero out the index matrix. /1

(EEEEEEEEEr i b r b e rd

int** ConputationManager::allZeros(int** inputArray, int rows, int colums){
for(int i=0; i<rows; i++)

for(int j=0; j<colums; j++)

inputArray[i][j]=0;
}

return(input Array);

NN NN NN NN
/1 Find the nunber of non zero nodes /1
NN NN NN

i nt Conput ati onManager: : nonzeroNodes(int** inputArray, int rows, int colums){
i nt nonZer oCount er =0;
for(int i=0; i<rows; i++)

for(int j=0; j<colums; j++)

if(inputArray[i][j]>10e-06)
nonZer oCount er =nonZer oCount er +1;

}
}
return(nonZeroCounter);
}
I NN NN
/1 Conpute indexRows, the nunmber of rows in the MATLAB i ndex array. 11

(EEEEEEEEEr bbb rd

int Conputati onManager: : nunber | ndexRows(int rows, int colums, int nonZeroEl evations){

int i ndexRows=0;

i ndexRows=(((4*3) + ((rows-2)*4)*2 + ((colums-2)*4)*2 + ((rows-2)*(colums-2))*5)) +
nonZer oEl evati ons;

std:: cout <<"nonZeroEl evati ons is: "<<nonZeroEl evati ons<<end| ;

return(i ndexRows) ;

}

I NN NN
/1 Conput e indexCol ums, the nunber of colums in the MATLAB index array.//
NN NN

i nt Conput ati onManager : : nunber | ndexCol ums(voi d) {
int indexCol ums;
i ndexCol umms=l NDEXCOLUWNS;
return(i ndexCol ums);
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NN NNy
/1 Get the nunber of equations inserted into indexArray I/
NNy

i nt Conput ati onManager : : get Equat i ons(voi d) {
return(equationCounter);
}

I NN NN
/1 Conpute indexCol ums, the nunber of colums in the MATLAB RHS vector [/
/] array. 11
I NN NN

i nt Conput ati onManager : : nunber Vect or Col ums(voi d) {
int vectorCol ums;
vect or Col utms=VECTORCOLUWNS;
return(vector Col ums);

}

NN NN
/1 Compute the matrix coefficients for the upper left node in the 11
/1 elevation grid. /1
I NN NN NN

int** Conput ati onManager : : conmput eUpper Left (i nt** indexMatrix, int rows, int colums){

int keyCol um;

int rightCol um;

int | ower Col um;
for(int i=1; i<=1; i++)

for(int j=1; j<=1; j++4)

spar seRows=spar seRows+1;
keyCol um=((i-1)*rows + j);

ri ght Col um=keyCol utm+1;

| ower Col um=((i)*colums + j);

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol um;

i ndexMat ri x[ equati onCounter][2]=-2;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;

i ndexMat ri x[ equati onCount er][ 1] =ri ght Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1,

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;

i ndexMat ri x[ equati onCount er] [ 1] =I ower Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1,

equat i onCount er =equat i onCount er +1;

}
}
return(indexMatrix);
}
I NN NN
/1 Conpute the natrix coefficients for the upper right node in the 11
/1 elevation grid. /1

(HEEEEEEEE i bbb e

int** Conput ati onManager : : conput eUpper Ri ght (i nt** indexMatrix, int rows, int
int keyCol um;
int | owerCol um,;
int |eftColum,;

for(int i=1; i<=1; i++)

{
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for(int j=colums; j<=colums; j++)
{

spar seRows=spar seRows+1;

keyCol utm=((i-1)*rows + j);

| ef t Col utmm=keyCol um- 1;

| ower Col um=((i)*colums + j);

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol umm;
i ndexMat ri x[ equati onCounter] [ 2] =-2;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCounter][1] =l eft Col umm;
i ndexMat ri x[ equati onCount er][ 2] =1;
equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =I ower Col um;
i ndexMat ri x[ equati onCount er][2]=1;

equat i onCount er =equat i onCount er +1;

}

return(i ndexMatrix);

NN NN
/1 Compute the matrix coefficients for the lower left node in the /1
/1 elevation grid. /1
I NN NN

int** ConputationManager: : conputelLowerLeft(int** indexMatrix, int rows, int colums){

int keyCol um,;
int rightCol um;
i nt upper Col um;

for(int i=rows; i<=rows; i++)
{
for(int j=1; j<=1; j++4)

spar seRows=spar seRows+1,;

keyCol um=((i-1)*colums + j);
ri ght Col um=keyCol utm+1;

upper Col um=((i-2)*colums + j);

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol um;

i ndexMat ri x[ equati onCounter][2]=-2;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;

i ndexMat ri x[ equati onCount er] [ 1] =ri ght Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;

i ndexMat ri x[ equat i onCount er] [ 1] =upper Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1,

equat i onCount er =equat i onCount er +1;

}

return(indexMatrix);

}

I NN NN
/1 Conpute the natrix coefficients for the lower right node in the I/
/1 elevation grid. 11

LEEEEEEEEEr i bbb rrry
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int** ConputationManager: : conput eLower Ri ght (i nt** indexMatrix, int rows, int colums){
int keyCol um,;
int IeftColum;
i nt upper Col um;

for(int i=rows; i<=rows; i++)
for(int j=colums; j<=colums; j++)

spar seRows=spar seRows+1;

keyCol um=((i-1)*colums + j);

| ef t Col um=keyCol um- 1;

upper Col um=((i-2)*colums + j);

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol um;

i ndexMat ri x[ equati onCounter] [ 2] =-2;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;
i ndexMat ri x[ equati onCounter][1] =l eft Col umm;
i ndexMat ri x[ equati onCounter] [ 2] =1;
equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;

i ndexMat ri x[ equat i onCount er] [ 1] =upper Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1;

equat i onCount er =equat i onCount er +1;

}
return(indexMatrix);
}
N NN NN NNy
/1 Conpute the natrix coefficients for the left boundary. I

LEEEEEEEEEr i bbb e rd

int** ConputationManager::conputelLeft(int** indexMatrix, int rows, int colums){
int keyCol um,;
i nt upper Col um;
int | owerCol um;
int rightColum;

for(int i=2; i<=rows-1; i++)
for(int j=1; j<=1; j++)

spar seRows=spar seRows+1;

keyCol um=((i-1)*colums + j);
ri ght Col um=keyCol utm+1;

upper Col um=((i-2)*colums + j);
| ower Col um=((i)*colums + j);

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol um;
i ndexMat ri x[ equati onCounter] [ 2] =-3;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCounter][ 1] =ri ght Col um;
i ndexMat ri x[ equati onCount er][ 2] =1;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =upper Col um;
i ndexMat ri x[ equati onCount er][2]=1;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;

i ndexMat ri x[ equati onCount er] [ 1] =I ower Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1,
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equat i onCount er =equat i onCount er +1;

}
return(indexMatrix);
}
NN NN
/1 Compute the matrix coefficients for the right boundary. 11

N NN NN NN NNy

int** Conput ati onManager: : conput eRi ght (i nt** indexMatrix, int rows, int colums){
int keyCol um;
int upper Col um;
int | owerCol um,;
int |eftColum;

for(int i=2; i<=rows-1; i++)
for(int j=colums; j<=colums; j++)

spar seRows=spar seRows+1;

keyCol um=((i-1)*colums + j);

| ef t Col um=keyCol um- 1;

upper Col um=((i-2)*colums + j);
| ower Col um=((i)*colums + j);

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol um;

i ndexMat ri x[ equati onCounter][2]=-3;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;
i ndexMat ri x[ equati onCount er][ 1] =l eft Col umm;
i ndexMat ri x[ equati onCounter] [ 2] =1;
equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;

i ndexMat ri x[ equat i onCount er] [ 1] =upper Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equat i onCount er] [ 1] =l ower Col um;
i ndexMat ri x[ equati onCounter][2]=1;

equat i onCount er =equat i onCount er +1;

}
return(indexMatrix);
}
I NN NN
/1 Conpute the natrix coefficients for the upper boundary. I

(EEEEEEEEEr b

int** Conputati onManager: : conput eUpper (i nt** indexMatrix, int rows, int colums){
int keyCol um,;
int rightCol um;
int | ower Col um;
int |eftColum,;

for(int i=1; i<=1; i++)
for(int j=2; j<=colums-1; j++)
spar seRows=spar seRows+1;
keyCol um=((i-1)*rows + j);
| ef t Col utmm=keyCol um- 1;
ri ght Col um=keyCol um+1;
| ower Col um=((i)*colums + j);

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
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}

i ndexMat ri x[ equati onCount er] [ 1] =keyCol umm;
i ndexMat ri x[ equati onCounter] [ 2] =-3;
equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCounter][1] =l eft Col um;
i ndexMat ri x[ equati onCount er][ 2] =1;
equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =ri ght Col um;
i ndexMat ri x[ equati onCount er][ 2] =1;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;

i ndexMat ri x[ equati onCount er] [ 1] =I ower Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1;

equat i onCount er =equat i onCount er +1;

return(indexMatrix);

}

(EEEEEEEEEr bbb rd

/1 Conp

ute the matrix coefficients for the | ower boundary.

/1

N NN NN NNy

int** Conput ati onManager : : comput eLower (i nt** i ndexMatri x,
keyCol um;
ri ght Col um;
upper Col um;
| eft Col um;

int
int
int
int

for(int i=rows; i<=rows; i++)

for(int j=2; j<=columms-1; j++)

}

spar seRows=spar seRows+1;

keyCol um=((i-1)*colums + j);

| ef t Col utm=keyCol um- 1;

ri ght Col um=keyCol utm+1;

upper Col um=((i-2)*colums + j);

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol um;

i ndexMat ri x[ equati onCounter] [ 2] =-3;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er][ 1] =l eft Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1;
equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;

i ndexMat ri x[ equati onCounter][ 1] =ri ght Col um;
i ndexMat ri x[ equati onCounter] [ 2] =1;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equat i onCount er] [ 1] =upper Col um;
i ndexMat ri x[ equati onCount er][2]=1;

equat i onCount er =equat i onCount er +1;

return(i ndexMatrix);

}

int

rows,

int colums){

NN NN NN NNy

/1 Compute the matrix coefficients for the inside nodes.

/1

(EEEEEEEEE i bbb ry
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int** ConputationManager::conputelnside(int** indexMatrix, int rows, int colums){

int
int
int
int
int
for(

f
{

}

keyCol umm;
ri ght Col um;
upper Col um;
| ef t Col um;
| ower Col umm;

int i=2; i<srows-1; i++)
or(int j=2; j<=colums-1; j++)

spar seRows=spar seRows+1;

keyCol um=((i-1)*colums + j);

| ef t Col utmm=keyCol um- 1;

ri ght Col um=keyCol utm+1;

upper Col um=((i-2)*colums + j);
| ower Col um=((i)*colums + j);

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol um;

i ndexMat ri x[ equati onCounter] [ 2] =- 4;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er][ 1] =l eft Col umm;
i ndexMat ri x[ equati onCounter] [ 2] =1;
equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;

i ndexMat ri x[ equati onCounter][ 1] =ri ght Col umm;
i ndexMat ri x[ equati onCounter] [ 2] =1;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equat i onCount er] [ 1] =upper Col umm;
i ndexMat ri x[ equati onCount er][ 2] =1;

equat i onCount er =equat i onCount er +1;

i ndexMat ri x[ equat i onCount er] [ 0] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =I ower Col um;
i ndexMat ri x[ equati onCount er][2]=1;

equat i onCount er =equat i onCount er +1;

return(indexMatrix);

}
.

FEEEEEEEE b i iy

/1 Compute the matrix coefficients for the | ower block of the /1

/'l spar

se matrix. This section corresponds to the equations of the form//

/1 zi=ei. /1

1rrre

int**
rows, i
int
for(
f

FEEEETTEEEE i b r i b bbb rri g

Conput at i onManager : : conput eLower Bl ock(int** inputMatri X, int**indexMatri x,

nt col ums) {

keyCol um;

int i=0; i<rows; i++)
or(int j=0; j<colums; j++)

if(inputMatrix[i][j] !'= 0)

spar seRows=spar seRows+1,;

keyCol um=( (i - 1+1) *col ums + j +1);

i ndexMat ri x[ equat i onCount er] [ O] =spar seRows;
i ndexMat ri x[ equati onCount er] [ 1] =keyCol um;
i ndexMat ri x[ equati onCounter] [ 2] =1,

equat i onCount er =equat i onCount er +1;

}

return(indexMatrix);
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}

NN NN
/'l Zero out the RHS array. /1
I NN NN NN

doubl e* Conput at i onManager : : zer oRHS(doubl e*vect or Matri x, int rows){
for(int i=0; i<rows; i++)

vectorMatrix[i]=0;
return(vectorMatrix);

Ny NN NNy
/1 Conpute the sparseRows: input to conputeRHS. I
N NN NNy

i nt Conput ati onManager : : conput eSpar seRows(int rows, int col ums){

int sparseRows=rows * col umms;
return(spar seRows) ;

}
N NN NN NNy
/1 Conpute the RHS vector. I/

(EEEEEEEEE bbb rd

doubl e* Conput at i onManager : : conput eRHS(doubl e* vectorMatrix, int**inputMatrix,

int colums, int sparseRows){

for(int i=0; i<rows; i++)
for(int j=0; j<colums; j++)

if(inputMatrix[i][j] !'= 0)
vect or Matri X[ spar seRows] =i nput Matri x[i][j];

spar seRows=spar seRows+1;

}

return(vectorMatrix);
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Decl arations for ASCl|2TGA. cpp

* ok ok ok ok Kk

*

*

*

*

*

*

* Cours
* | nstr
* Date:
* Stude
*

*

*

*

*

*

*

*

*kkk k%

Mast e
ASCl |

Thi s

* ok kkkKk

#i ncl ude
#i ncl ude
#i ncl ude
#i ncl ude

class as

{

EE o e R

e: CSCl 6980
uctor: Dr. Franklin
April 4, 2003
nt: John Childs
IR R SR RS RS S E R E SRS S SRR R SRR R R RS RS R E R R R REEREREEEREEREREEREEEEEEEEEESEEESES

r's Project:
2TGA

class converts a plain ASCII elevtion file to TGA fornat.

LR R R RS E R R R R R R Ry

<stdi o. h>
<coni 0. h>
<i ostream h>
<f stream h>

cii2tga

private:

type
voi d
voi d
voi d
voi d
voi d

voi d
int g
int g
voi d
voi d

voi d
voi d

voi d

unsi g
char

char
int
BYTE
BYTE
BYTE
unsi g

t yped
{

def unsigned char BYTE
OpenFor Qut put (of stream& , char[40])
OpenFor | nput (i fstream& char[40])

Wi te_Banner(void)

al | ocat e(unsi gned char**, int , int);
de_al | ocat e(unsi gned char**, int);

get _data(int, int);

et Rows(voi d)

et Col utms(voi d);

setup_array(int, int);

readArray( ifstream& i nputFile, unsigned char** inputArray,
int rows, int colums);

Wit eHeader Dat a(of stream&, int, int);
Wite to_File(ofstream& outfilel,
int r, int c,
unsi gned char**sone_array)

Cont ai ner Functi on(voi d)

ned char** raw array;
infileBuffer[40];

outfileBuffer[40];
rows, colums

| owByt e;

hi ghByt e

| eader _id, tenpchar
ned int integerl

ef struct _TgaHeader

BYTE | DLengt hByt e
BYTE Col or MapTypeByt e
BYTE | nageTypeByte
BYTE CMvapSt art Byt el
BYTE CMvapSt art Byt e2
BYTE CMvapLengt hBytel
BYTE CMvaplLengt hByt e2
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BYTE CMapDept hByt e;
BYTE XOf f set Byt el;
BYTE XOf f set Byt e2;
BYTE YO f set Byt el;
BYTE YO f set Byt e2;
BYTE W dt hByt el;
BYTE W dt hByt e2;
BYTE Hei ght Byt el;
BYTE Hei ght Byt e2;
BYTE Pi xel Dept hByt e;
BYTE | nageDescri pt or Byt e;
} TGAHEADER;

ifstreaminfilel;
of streamoutfil el;
publi c:

ascii2tga();
~ascii2tga();
H

NN NN NNy,
/1 Function definition section.
NN NN NN NNy

I NN NN NN
/1 Constructor at the present is the area where the test functions are //
/1 call ed. 11
NN NN

ascii 2tga::ascii2tga(void)

{
hi ghByte = 0;
lowByte = 0
integerl =
rows = 0;
colums = 0;
Wite_Banner();
Cont ai ner Functi on();

}

IR NN NNy
/] Destructor cleans up and shuts down. 11
IR NN NNy

ascii2tga:: ~ascii2tga(void)
{
infilel.close();
outfilel.close();
if(raw array) de_allocate(raw array, rows);
/1 if(processed_array) de_allocate2 (processed_array, rows);
/1 if(mrror_array) de_allocate2 (mrror_array, rows);
cout <<endl <<"Press any key to continue"<<endl ;
getch();
cout <<end| <<" Done" <<end| ;

}
I NN NNy
/1 This function opens a file for output in binary node. 11

(EEEEEEEEE b i i b b rrr g

voi d ascii2tga:: OpenFor Qut put (of stream& otherFile, char outfileBuffer[])

{

LABL3: cout <<"\'n\nl nput the nanme of the output TGA file\n\n";
cout<<"Pl ease type in the conplete file name including";
cout<<" the directory path\n";
cout<<"for exanple: a:\\outfile.tga\n\n";
cin.get(outfileBuffer, 40);
cin.ignore(100, '\n');
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otherFile.open(outfileBuffer, ios::binary);
if(lotherFile)

{
cout <<"**Cannot open"<<outfil eBuffer<<"**"<<endl ;
cout <<"Pl ease try again."<<endl <<endl ;
goto LABL3;

}

}

IR NN NNy
/1 This function opens the ascii file for input in binary node.//
/1l After checking that the file has opened OK, it closes. /1

/1 The file nust be opened and cl osed as needed using I
/1 "infileBuffer[]". /1
IR NN NN NNy

voi d ascii2tga:: OpenForlnput( ifstream& soneFile, char sonefileBuffer[])

{
LABL3: cout<<"\n\nlnput the ASCIl file.\n\n";

cout<<"Pl ease type in the conplete file name including";
cout<<"the directory path\n";

cout<<"for exanple: c:\\infile.txt\n\n";
cin.get(infileBuffer, 40);

cin.ignore(100, '\n');

cin.get(infileBuffer,40); //extra read to work
cin.ignore(100, '\n"); /'l around consol e bug.
soneFi | e. open(sonefil eBuffer, ios::binary);
if(!soneFile)

{
cout <<"**Cannot open"<<sonefil eBuf f er <<"**"<<endl ;
cout <<"Pl| ease try again."<<endl <<endl ;
goto LABL3;

}

}

NN NNy
/1 Function allocates integer arrays for row X colum sized arrays. [/
NNy

void ascii2tga::allocate( unsigned char **tenpArray, int rows, int colums)

for (int j =0; j <= rows; j++)
tempArray[j] = new unsigned char[col ums];

NN NN NNy
/'l Function de-allocates integer arrays size row X colum. /1
NN NN NNy

voi d ascii2tga::de_all ocate(unsigned char **tenpArray, int rows)
for (int i =0; i <= (rows); i++)

del ete[] tenpArray[i];
del ete[] tenpArray;

}
IR NN NN
/1 Function wites the greeting banner. /1

(EEEEEEEEE i bbb e rrrd

voi d ascii2tga:: Wite_Banner(void)

{ Cout<<" *************************************************"<<end|;
cout<<" ¥ *"<<endl ;
cout<<" ¥ Wl cone to SDTSTGA2. *"<<endl ;
cout <<"  * *"<<endl ;
cout <<"  * Thi s program copyri ght 2003 John Chil ds *"<<endl ;
cout <<" * Granby, CT USA *"<<endl ;
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cout<<" ¥ WwWw. t errai nnep. com *"<<endl ;
cout<<" ¥ *"<<endl ;

cout <<" ¥ The program accepts as input an ASCI| text *"<<endl;

cout <<"  * file and converts themto *"<<endl ;

cout <<" * 8-bit TGA files suitable for input to *"<<endl ;
cout <<" * many G S prograns. *"<<endl ;
cout <<" ¥ *"<<endl ;

COUt <<" R R R R R R R R R R R R EEEEEEEEEEEEEEEEEEEEEEEEE SRR SRS SN <<end| <<end| ’
cout<<" Press any key to continue"<<endl;

getch();

I NN NN NN
/'l Function the contents of a file into an array 11
NN NN

void ascii2tga::readArray( ifstrean& inputFile, unsigned char** inputArray,
int rows, int colums)

t
int tenp;
for(int i=0; i<rows; i++)
{
for(int j=0; j<colums; j++)
i nput Fi | e>>t enp;
inputArray[i][j]=(unsigned char)tenp;;
}
}
}
NN NN NNy
/1 Function gets the rows fromthe console. /1
/1 /1

NN NNy

int ascii2tga:: get Rows(void)

{

int rows;

cout <<"\n\nlnput the rows\n";

ci n>>r ows;

return(rows);
}
NN NN NNy
/1 Function gets the colums fromthe consol e. /1
/1 /1

FEEEEEEEEEE i bbb i bbb

int ascii?2tga::get Col ums(void)

{

int colums;

cout <<"\'n\nl nput the colums\n";

ci n>>col umms;

return(col ums);
}
NN NNy
/1 Function sets up the arrays. I

FEEEETEEEEE i bbb b b nrr

voi d ascii2tga::setup_array(int nunber_rows, int nunber_col ums)
{
raw_array = new unsigned char*[ nunber_rows+1];
al | ocate(raw_array, nunber_rows, nunber_col ums);
/'l processed_array = new unsigned char*[nunber _rows+1];
/1 allocate2(processed_array, nunber_rows, nunber_col ums);
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/1 mirror_array = new unsigned char*[nunber_rows+1];
/1 allocate2(mrror_array, nunber_rows, nunber_col ums);

}

THLLLEEELE i bbb
/1 This function wites a header section of the file. /1
THLEEEEEE bbbt irrrrlng

voi d ascii2tga:: WiteHeaderData(of strean& outfilel, int r, int c)

TGAHEADER Header =
{
0x00,
0x01,
0x01,
0x00,
0x00,
0x00,
0x01,
0x24,
0x00,
0x00,
0x00,
0x00,
0x00,
0x00,
0x00,
0x00,
0x08,
0x00

b

Header . W dt hByt el (unsigned char)(c & 0x00ff);
Header . W dt hByt e2 (unsigned char)((c & 0xff00) >> 8);
Header . Hei ght Bytel = (unsigned char)(r & 0x00ff);
Header . Hei ght Byt e2 = (unsigned char)((r & 0xff00) >> 8);

out fil el<<Header .| DLengt hByt e;
out fil el<<Header . Col or MapTypeByt e;
outfil el<<Header. | mageTypeByte;

//start eighteen bytes of header data

out fil el<<Header.
outfil el<<Header.
outfil el<<Header.
out fil el<<Header.
out fil el<<Header.
outfil el<<Header.
out fil el<<Header.
outfil el<<Header.
out fil el<<Header
out fil el<<Header.
outfil el<<Header.
outfil el<<Header.
out fil el<<Header.
out fil el<<Header.

CMvapSt ar t Byt el;
ChvapSt art Byt e2;
CMvapLengt hByt el;
CMapLengt hByt e2;
CMapDept hByt e;
XOf f set Byt el;
XOf f set Byt e2;
YO f set Byt el;

. YO f set Byt e2;

W dt hByt el;

W dt hByt e2;

Hei ght Byt el;
Hei ght Byt e2;

Pi xel Dept hByt e;

out fil el<<Header .| mageDescri pt or Byt e;

for(int i <=2

{

i =0;

char temp = (c

outfilel. put(t

outfilel. put(t

outfilel.put(t
}

55; i ++)

har) (i & 0x00ff);
enp) ;

enp) ;

enp);

/1 Palette section of 256 ordered triples

}
IR N N NN NN NN NNy

/1 This function maps a 16-bit unsigned integer (0-65,536)

/!l to 8-bit TGA fornat.

/1
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/1 Note: a glitch occurs when a pixel equals the m ni num 11

/1 elevation value in the dataset. This was fixed by /1
/1 detecting these values and incrementing themfrom 0x00 to /1
/1 0x01. The function also wites the processed data to the /1
/1 output file. 11
IR NN NNy

voi d ascii2tga::Wite_to_File(ofstream& outfilel,
int r, int c,
unsi gned char**sone_array)

{
for (int i=0; i<r; i++)
for(int j=0; j<c; j++){
outfilel.put(some_array[i][j]);
}
}
}

THEELEEEEE bbbl
/1 This function contains all the calls. /1
THELELEEEL i bbbl

voi d ascii 2t ga:: Contai ner Functi on(voi d)

{
rows=get Rows() ;
col ums=get Col ums() ;
OpenForlnput( infilel, infileBuffer);
setup_array(rows, colums);
readArray(infilel, raw array, rows, colums);
infilel.close();
infilel.close();
OpenFor Qut put (outfilel, outfileBuffer);
Wit eHeader Dat a(outfilel, rows, colums);
cout<<"rows is: "<<rows<<endl;
cout<<"colums is: "<<colums<<endl;
Wite_to_File(outfilel, rows, columms, raw array);
outfilel.close();
}
IR NNy
/1 Main part of the program I/

IR NN NNy
int main()

ascii 2tga Mydem
return(0);
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