AD-A162 491

UNCLASSIFIED

TWO NEW APPROXIMATE SOLUTION TECHNIGUES FOR A MOVING 121
TARGET PROBLEN UHEN SEARCHER NOTION IS CONSTRATNED(U)
NAVAL POSTGRADURTE SCHOOL NONTEREV CA K SAGAL SEP 85

EEEEEEEE
Tk
T




i<

e fe2

-
| FY
=4 on

=il
Pes 36 =
w

TR 4
[ = i

I
I

i

fl2

iz e

)
(&

I

MICROCOPY RESOLUTION TEST CHART
NATIONAL BUREAU OF STANDARDS 1964-A !

PARPAY W

.

.

3
F
»

8"

4
« =»

P AR
s oo
-t

!
i

r

A AN

LS

)
-




e N
[P L A
-4, n'-', [T
Ay f
3 ata e T

TR
A‘

[N
- RN
. i -
28 IR

AT el
I3
s

AD-A162 491

H]
5

i

0!

NAVAL POSTGRADUATE SCHOOL

Monterey, Galifornia |

DTIC

ELECTE
DEC 20 mas

THESIS @7 °

TWO NEW APPROXIMATE SOLUTION TECHNIQUES FOR A
MOVING TARGET PROBLEM WHEN SEARCHER MOTION
IS CONSTRAINED

by ///,4

Metin Sagal

September 1985

Thesis Advisor: J. N. Eagle

Arvroved for publiec release; diztribatisn is unlimited




)

3,

&
-

[

SECURITY CLASSIFICATION OF THIS PAGE (When Dets Entered)

.
A D%
","r':!‘

REPORT DOCUMENTATION PAGE BEF o O R
‘. I!PO“ NUM.!R

2. GOVY ACCESSION NO.f 3. RECIPIENT’S CATALOG NUMBER

s
LS I N

.

LAY

[

TYPE OF FEPORT & !’ERIOD COVERED
Master's Thesis

September 1985

4. TITLE (and Subtitle)

Two New Approximate Solution Techniques For a
Moving Target Problem When Searcher Motion is

Constrained €. PERFORMING ORG. REFORT NUMBER
7. AUTHOR(s) 8. CONTRACT OR GRANT NUMBER(s)

Metin Sagal

S PERFORMING ORGANIZATION NAWE AND ADDRESS 13, PROGRAM ELEMENT, PROJECT, TASK
AREA & WORK UNIT NUMBERS
Naval Postgraduate School
Monterey, California 93943-5100
11. CONTROLLING OF FICE NAME AND ADDRESS 12. REPORT DATE
Naval Postgraduate School September 1985
Monterey, California 93943-5100 'TidgmBEROFPAGES

T4, MONITORING AGENCY NAME & ADDRESS(1{ different {rom Controlling Office) 15. SECURITY CLASS. (of this report)

158, DECLASSIFICATION/ DOWNGRADING
SCHEDULE

Yy = et e—
16. DISTRIBUTION STATEMENT (of this Report)

Approved for public release; distribution is unlimited

17. DISTRIBUTION STATEMENT (of the abstract entered In Block 20, if di{terent lrom Report)

18, SUPPLEMENTARY NOTES

19. KEY WORDS (Continue on raverse alde If necessary and identity by dlock number)

Moving target, detection, path, constraints

20. ABSTRACT (Continue on reverse side |f necessary and Identity by block number)

The objective of this study is to develop and test two new
approximate solution techniques for a moving target problem in
discrete time and space where both the searcher and the target
have constraints on their paths. The first technique is an ap-
plication of the Local Search Method and the second technique
is an application of the Frank-Wolfe Method., The motivarion for
looking at approximate methods is that the problem is NP-complete

DD .54, 1473  eoimion oF 1 NOV 6813 cBsOLETE
$S’N 0102- LF-014- 6401 1

SECURITY CLASSIFICATION OF THIS PAGE (When Data Entere.



T T T T T S DO

w . - -

SECURITY CLASSIFICATION OF THIS PAGE (When Deta Enteved)

and optimal solution techniques become impractical for large
size problems. Experiments showed that the local search method
approach is an efficient technique for obtaining approximate so-
lutions. However, the Frank-Wolfe method approach does not per-
form well for the problem.

'..‘/4
v .

. C‘llu LS
e e vt ta e

a a4
.

P s
- %Y
RPN
.

SECURITY CLASSIF)

- PR

CATION OF THIS PAG

-

- .~ .-
- v e . .
« « To™
-

:" -1...I'E "( S - e .:.4' e eyl
A T N b S



P Approved for public release; distribation is unlimited.

Two New Approximate Solutiom Technigues for a Moving Target
Problem When Searcher Motion is Constrained.

by

Metin Sagal
A0 Ltjg, TurkisSh Navy
T B.S., Turkish Naval Academy, 1979

Submitted in partial fulfillment of the
requirements for tne degree of

MASTER OF SCIENCE IN OPERATIONS KRESEARCH
- from the

NAVAL POSTGRADUATE SCHOOL
September 1985

- Author: ! —_A“/( _
- Metin Sagal
- o

de Approved py: ‘jﬁr' - _
J /U.N?*EagIe, Thesis Advisor
- C[fsfﬁ.gﬁeET—SéEBEa ReadeT =
W)

y , .

M
P A1an~ K. Washbarn, CRIILman, =
K- Department of Operations rnesearch
19

-

r<
A
<

RKaeals T. Ha¥
Dean of Information and

1
v«

11777777 -
licy Sciences




BN .1'; A T
- P - < Loat L
Y R S SRR,




b
NN
i ABSTRACT
:‘ | I""’A’,\".\.'-‘:..
o - The objective of this study is to develop and test two
~%ﬁ new approximate solution technigques for a moving target
jﬁ problem in discrete time and space where both the searcher
? and the target have constraints 2n E&eir paths. The first
. eyr 14
b technique is an application of theﬁiocal Search Method and
fﬁ the seccnd technique is an agplication of the Frank-Wolfe
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I. INTRODUCTION

A. THE PROBLEN

The problem considered here is the search for a mcving |
Lo target in discrete time and space, where there are
constraints on the searcher's nmovement. The target 1is
- assumed to move among a finite set of cells C={1,...,N}
: according to a specified Markov tracsition matrix
s Z={z(i,3)}- The target's motion 1s 1independent of the

searcher's actions. The transition matrix 1is known to the

searcher as well as the initial distritution of the target

over the search cells. In each time pericd cre cell is

searched. The searcher is aktle to move from his currect
L. cell, say i, to a cell which must be selected iIrcm a given
' subset C(i) of the set C. Thus, the search cell in a giveL
time period must be within some specified neighborhood of
the =search <cell in the rprevious time period. If the

searcher and the target are in the same cell i, the target
will ke detected with probability g(i). If the target is
not ir the cell which is searched, it cannot be detected
during the time period. The objective of tae search is tc
find a T-time period search path which @mininizes the prob-
avility of non-detection (PND).

B. BACKGROUND

The problem of searching fcr a moving target in discrete
tire and space has received corsiderable ittention. Inc

problem is difficult tecause of its complezity. Trumzel 31ad
Weisinger [Ref. 1] fproved that optimal constrained ;ath
search problem for a stationary target in discrete time and

space where the time horizon is finite and the measure ot




effectiveness is PND, is NP-Complete. Since the stationary

target problem is NP-Complete, the moving target problem is
also NP-Complete. For more information on NP-complete proo-
lens, see {Ref. 2]. The optimal solution techniques which
have Leen used to solve the ccnstrained patio goviang tacjet
problem are:

1. Total enumeration
2. The dynamic programming technique of Eagle [(Ref. 3].

The total enumeration method 1s complete enumeration of
all pcssible search paths. The disadvantage of this metuod
is the exponential increase in computer time as the problea
size increases. However, it has the advantage of requiring
very little computer storage. Eagle formulates the proclem
as a Partially Observable Markov Dacision Process (POMDP;,
and the method requires extensive computer storage, but
finds solutions more gquickly than the total enumeration

meticd.

Since the probliem is NP-Coaflete, it is difficult %o
solve large problems. For large problens, heuristic or
approximate solution technigques have been proposed. Such

methods were developed by Stewart [Ref. 4] and Eagle
[Ref. 5].

Stewart developed a bhranch—-and-bouand algoritam for the
solution of the problea. However, optimality cainpot Le
quaranteed because eLact Lcuands cannot Le octained.
Nevertniess, Stewart used one-dimeusional a raadom walk as a
test froktiem and demonstrated that tae algorithm perforas
efficiently.

Eagle's approximate rprocedure 1s 1 s1apler version orf
his optiral dynamic programaing aethnod. £agle usea moving
horizcn policies and also looked Zor a lower bound for tae

minimal PND. Layle's computational experience with

LT - - oLt e PN Coa N R - P P R,
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tvo-dimensional search problems showed the m-time period
moving horizon policies (m-TPMH) do not necessarily perforn
better as m increases. Nonetheless, the method does show
some frcmise. The m—TPM¥H policy selects as the next seaich
that cell which would be optimal if m-time periods remained
in the rroblean.

Eecently Eagle and Yee developed a new approximate solu-
tion method by using the convex simplex method [Ref. 6].
Two-dimensional computational experiments showed that the
methcd perforas well.

In this thesis two new approximate solution techniyues
will te studied and tested. The r£irst method is a heuristic
approach which is an application of the Local (Neigaborhood)
Search. The second technicgue is an application of the

Frank-Wclfe metnod.

10
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II. FORMULATION QF THE PROBLEM

In this chapter we will formulate the problem as a

nonlirear progran.

A.

B.

DEFINITION OF SYMBOLS
T : Number of time periods.
N : Number of cells.
g(i) : Prob {detecting the target | target and searcuer
are in cell i}.
Z = {z(i,j)} is an NxN Markov transition matrix where tne
(1,g)th element is the probakility_ that the target in cell
i1 at time period t will move to cell j at time pPeriod t+1.

x(ti = {(Vet) e caeeee,X(N,t)}] represents tke <cearcuer
gro ability als{r;bgtlon at time t. That 1is, x{1i,t)

enctes the probability of the searcher being in cell i at
time period t. At the start of the search,  the searcher
cell 1s assumed to Le known with certainity, i.e., x(1)
consists of 1 one and all othkers zero.

P(t) = {(P(let) jecccasce N,t)} represents the target prob-
ablllty gistriﬁution‘ai?éime L., pThat is p(i,t is the
prokability target 1is in cell i at the Eeglnlnq. of time
perioa t "wathout being detected Ly  tte gteylous t-1
Searches. The initial target distribution P{1) is assuaed
to le known Ly the searcher.

R(iﬁj,t) is the grcbabilit that the target is in cell i

without being detected by the previous t-1 searcaes and

the searcher is in cell j.

S(t) = {S(i,j,tkz is an NxN Markov transitior matrix for

the searcher. 1e (i,j)th element is zero if subset C(i)

does not include j (paén constraints) .

S = S(1)1....,S(I-1)} is called a search plan which
a

includes 1 possible searcher motions for T-time perioil,
given that the searcher starting cell is known.

NIP FORMULATION OF THE FROBLEM

Ncw we neea to compute x({t)*'s and R(1i,]j,t)'s. Since

x (1) 1is known, we can determine x(t) by the Markoviar motion

as shcwn below:

x(t) = x(t-1) S(t=1), t=2,...,.T.

11
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The R(i,j,t) consists of two Markov processes. Note that
E(i,j,1) is assumed to be known. So, the R(i,j,t) «can be
computed as follows:

(B, .. .

s R(iodet) = {1~ (i)d(i i)} ) Blk,Lot=1)2z(k,i) S(LoIst=1)

: k.t

.

i.j'k'l=1.2'-o."n and t=2'3'.... 'T

L

. where d{i,]j) is one 1if i equals j, zero othervise.
Therefore, given P(1), 4g(i)e S, and Z, the T-time precb-
ability of rondetection is

{

PND =§ B(i'j'T). i.j=1’2'.¢.,N.

7 Ly

We want to fina the search plan S which &@minimizes the
T-time period PND, subject to the path constrairts. The
final NLP form of the problem is given in Table 1. The
foliowing properties of the NLP were proven by Eagle and Yee
{Ref. 6].
4 Proposition 1: The minimum of the NMNLP is achieved by a
R - deterministic search plarn. A deternministic search pian
consists of ones ard zeros.
Proposition 2z: S is a deterainistic search plan if and

only if S is an extreme point of the linear constrairts.

[97]

fFropositior 3: The objective function is linear 1i:c

wpen constrained to any edge of the simpiex.
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TABLE 1 ‘
NLP FORMULATION OF THE PROBLEM

min PND
sukject to:
S(t) 1 =1 e t=1,...,T-1 ‘
S(t) » 0 ¢ t=1,...,T-1
S(i,j,t) = 0 r t=1,...,T-1
1=Tgaee, N

i & c(i)
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III. IHE LOCAL SEABCH ALGORITHY

The optimal solution technigues for hard combinatorial
optimization problems require more computer time when the
size of the problem increases. Therefore, they becoae
difficult to implement for large size protblens. One of the
nost succesful methods of attacking them is the Local Search
or Neighborhood Search. However unsatisfying mathemati-
cally, this approach is certainly valid in practical situ-
ations. The main shortcoming cof the method is that there is
no criterion to tell whether the obtained solution is a
Jlobal cptikum. The local search rethod is most appiicable

for ofptimization in two main types of probleas:
1. When the anmalytic relationship of the independent
variables and the objective function is not Kknown,
but the value of the objective function can be evalu-

ated at individual points by experiments.

2. When the amalytic £form of the objective function is
known but there is no finite algorithm for ottaining
the extrene valua(s) in a closed formn.

The efficiency of the methad, relative to another, 1is
defined in terms of a suitatble «cost furnctiorn such as number
of points or experiments required for localizing tue optiamun
within a specified range. Qne of the best known illiustra-
tions of this technigue is the traveling salesmarn probleux
(TS ?2) where tihe objective is to rfiad tae shortsst at:n
passing through each of a number of points exactly once and
toen returning to the startirng point. For other exauples
refer to [Ref. 7].

Since the prckleam presented in the previous cnapter is
NP-couzplete and the current orptimal solution tecunhigues are

impractical for large size protlems, we can try to appiy tae

14
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local search nmethod as a heuristic approach for good
approximate solutions.
A. TBE ALGORITHH

First, we will define some concepts in order to intro-
duce gemeral local search algorithms and then apply this
methcd to the constrained path moving target search problenm.

Definition 1: An instance of an optimization problem is a

pair (F,c) where F is any set, tke domain of feasirtle
points, and ¢ 1s the objective function, a mapping
[y
c: F—-> R

Definition 2: Given an optimization problem with ipstances
(F,c), a neighborhocd is a mapping

N: F—> 2"

defined for each instance.

The gereral 1local search algorithm 1is described as
follows: Given an instance (F,c) of an optimization proulen
(ninigizing) and an initial feasible point s, we search the
neighktorhooé N(s) for an m& N(s) with c(m) < c(s). So, wWe
start with an initial feasikle point s and attempt to
improve the objective function by searching the neighborhood

of s. 1If an improvement is found, another search is made in

the neignborhocod of the imprcved pocint. This continues
until nc improvement can be made.

Since we know that the solution of the NLP is an deter-
ministic search plan (Proposition 1) and it is assumed taat
the searcher starting cell is known, we <can reduce our
feasikle regyion to search paths s={s(1),..-,5(I)}, where
s{t) 1is tne searcher cell at time period t. Thererorz, we
can start with an initial feasible searcn path s, an objec-
tive function value END(s), and attempt to fird a searca
pata @ in a neightorhcod of s such that PND(m) < 2ND(sS). «e
define the k-change neighborhood of search pata s as all

feasirle search paths m which are identical to s except in kK

15
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consecutive time periods. So, the algorithm for the fproolen
becomes:

Step 1. Start with an initial feasible search path s.

Ster 2. Find the all possible k-change neighbcrhood paths
by remcving k consecutive cells from S (keeping the others
unchanged) ther replacing them with k new cells satisfying
the path constraints.

Step 3. Find the k-change neighborhood path m with the
minimum PND (m) .

Ster 4. If PND(m) < PND(s), set s=m and go to step 2.
Otherwise, STOP; current s is k-optimal.

The most difficult task in any application is to decide
of the proper value of k for the k-change policy. Selecting
the rigat k leads to very efifective heuristics for the T3P
[Ref. 7] We will test the present algoritim for k=1,2 ani
3.

B. INITIAL FEASIBLE SEARCH PATH

The algorithm requires two stages. First, determine tie
initial feasibie starting search path and then apvly tae
procedure to it. The initial feasible point may be chosen
randonly or it may be carefully constructed. 11 practice we
need a quick and a good approximate solution. W2 do not
want to be rfar away rfrom the optimal when we start. In this
study we will use the modified myopic policy (#MP) to deter-
mine an initial feasible starting path. The myopic policy,
which gives optimal solution for a statiomary target proo-
lems, always searches in the next time period t, the cell i
which has the 1largest probability of detecting the target,
{9(i)F(i,t)}. The MYF is defined as follows.

Fer the next time2 period t, searcher moves Iroua Lis
currest cell i to that accessible c¢ell j which has tae
largest 4(j)p(j.,t) value. If all accessible cells j hLave
identical values of g(jlp{(js,t), then the searcher will wove
to the accessible cell which has the minimum Euclidian

16
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distance to the cell k having the largest q(k)p (k,t) value.
If the Fuclidian distances are equal, these ties are broken

randoply. There 1is probably a smarter technique for
breaking ties.

The MMP is a heuristic construction meant to groduce a
good starting path, because the neighborhood k-change proce-
dure may not be very powerful. We will also test the
(k- 1) -optimal solution as a starting path for the k-change
policy.

17
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IV. COMPUTATIONAL EXPERIENCE

» -
l..l' Iy l.l .

. Our computational experience is based on two-dimensional
search probleas. All experiments presented in this chapter

were pertormed on an IBM 3033 wainframe coufuter using

Fortran 77. The Local Search Algorithm was used to solve
three 10-tize period search rroblems, where N=9, 25 and 49.

LT A S

For each problem, values of k=1, 2 and 3 were used. The

s
r =

constraints on the searcker and thke targyet patis are defired
as; the searcher (target) is aktle to move to the cell previ-
ously searched (occupied) plus all adjacent cells. Cclls
are adjaceunt if they share a common side. For exaaple, 1in
Figqure 4.1 the adjacent cells of cell 1, 4 and 5 are:

C(N={1,2,4} , C(4)=({1,4,5,7} , C(5)={2,4,5,6,8}

N The target transition matrix 1is; the taryet cfelaibs in the
*] previcusly occupied cell with probability 0.4, and moves to
.- the adjacent cells with probability VU.6/m where @ 1s the

nunker of adjacent cells. ThL€ prolbability or detection is

1.0 fcr each cell, i.e., g(i)=1.0 ,i=1,...,N.

L A. 3 X 3 PROBLEM

- Figure 4.1 9 Cell Ssearch Grid.

18
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In this problem the target moves among the 9 cells shown
in Figure 4.1. The searcher starts in cell 1 and the target
) in cell 9, i.e., initial target distribution is that the
O target is in cell 9 with prokability 1.0 and irn the other
cells with probabiliy 0. The 10-tiae period search results
are shown in Table 2. An optimal solution was obtained for
all k=1, 2, 3. However CPU time increases exponentially as
k increases. As can ke seen, the MMP solution is very close

- I R
e,

clete,
P L

>

P

to the optimal. The Fortran code for this proklem is given
in Aprendix A.

1
- TABLE 2

b 3x3 PROBLEM EESULTS

| CPU
Search Path PND Time (sec)

E. MyoEgic 4 58 56 58565 0.2328 !
™ k =1 458 9658565  0.2214 0.51

~ k =2 25896 585635 0.2214 3.10

- k=3 2589658565  0.2214  26.18 :
- OFTIMAL PND = 0.2214

4

: B. 5 X 5 PROBLEN

‘L

*: In this example the target and the searcher moves awmdng
a 25 cells (Figure 4.2). The searcher starts iL c¢ell 1 ana
; the target starts in cell 13 with certainty. Tahe 10-time

period search results are shown in Table 3.
we found an optimal soluticn only £for k=3, Lbut solutions

for k=1, 2 are ciLose to the optimail. The k=2 solution

I MRS
PP

*d

¥
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b 7 8 9 {10

1 fl2 {13 14 |15

16 17 [18 (19 |20

21 |22 123 |24 {25

Figure 4.2 25 Cell Search Grid.

TABLE 3
5x5 PROBLEM BESULTS

Ccry
Search Path PND Time (sec)
Myopic 6 7 12 13 14 13 18 13 14 13 0.5099
k = 1 6 7 12 13 14 19 18 13 8 9 0.4907 1.09

k = 2 27 12 12 813 1€ 19 14 9 0.4887 10.09
k = 3 6 7 8 13 12 17 18 19 14 9 0.4850 75.23
OPTIMAL PND = 0.4886

dififers from tne optimal solution oniy in the focurth digit.
similar to the 3x3 prcblew the MMP solution is close to the

optimal and C2U time increases expornerntially.

C. 7 X 7 PROBLEAM

In this problem the target ard the searcher moves auong
49 search cells shown in Figure 4.3, The sSearcher stacts 1in

cell 1 and the target starts in cell 17, The 10-time period

20
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search results are showa in Table 4. We obtained the
}fi optimal solution for only k=3. The percentage difterence
I‘ : between the MNP solution and the optimal solution is orly
' 1.2 %.  For k=1 and 2 same result were oktained.
';i Exponential increase in CPU time 1is more steep than the
) previcus problenms.

.. In addition, the total enumeration aethod was used to

find all optimal paths for edach probleu. The results are

'ii shown in Table 4.

1 2 3 4 5 ] b ] 7

8 |9 [10 |11 |12 13 t14

15 {16 {17 118 |19 {20 izx

22 (23 124 |25 (26 |27 i28

29 30 ;31 32 |33 (34 |35

i

t36 |37 {38 |39 |40 |41 a2
43 |44 [45 |46 |47 |48 497

._._-_J N SEU SR R S |

Figure 4.3 49 Cell Search Grid.

In rtact, for the 5x5 and 7x7 problems we 1ncreaseu the
search area of the J3x3 problem with tae Sdac¢ target and
searcher startiny cells and the taruget transiticn natrix.
For each problem a similar Fpattern was observed for optiaal
paths. Specifically, the searcner goes to the turyet's
starting cell as soon as possibie, tuen starts tg search
outside of tuis cell siuilar to the expanding square searich.
sraphical representation of exponential increase i1n C?J time

45 K increases, 15 shcwn in Figure 5. 1.
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TABLE 4
7x7 PROBLEM EESULTS

. CPU
Time (sec)

PND
0.5006
0.50863
05003
0.5005

Search Path
29 10 17 24 17 16 17 10 11

Myorfric

1.83
9.55
117.73

29 10 17 24 23 16 17 18 11
29 10 17 24 23 16 17 18 11
29 16 17 24 17 18 11 10

2
3

9

0.5005

OPTIMAL PND

ENUMERATION RESULTS 1.

TOTAL

.CPU
Time {sec)

Optimal Paths

Possible

Prcblem

Optimal
PND
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D. MCDIFIED MYOPIC SOCLUTION RESULTS

The reason for using the MNP was to find a near optiral

starting solution. Ihis objective was met in the problems
shown so far. In these problems, the mean position of the
target does not move, given no search. In order to examine

the possible effects of a wmoving mearn target positiomn, two
5x5 search problems were solved with different transition
matrices, initial target distributions, and detection
probakilities.

1. Fast Target Problen

In this problem the target starts in cell 13 and tae
searcher starts in cell 1. The target traansition is such
that the target stays in the gpreviously occupied cell with
probakility 0 and moves to the adjacent cells wWith proon-
ability 1/m where & 1is the number of adjacent cells. The
aetecticn probability is 1.0 for each «cell. The 10-tige

pericd search results are shown in Table 5.

TABLE 5
5x5 FAST TARGET PROBLEM RESULTS

CPU

Se¢arch Fatn BND Time (sec)
Mycpic 2 7 8 8 13 18 13 18 13 3 0.4770
k =1 227 12 177 18 19 14 9 8 0.3742 1.8
k = 2 27 712 17 18 19 14 9 4 0.3742 10.19
k = 3 27 7 8 13 12 17 18 19 14 0.377% 67.93

OPTIMAL END = 0.3742

[ R -
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In this case the MMP did not perform as well as it
did in the previous 5x5 problens. An optimal solution was
obtained for k=1, 2. Additionally, k=3 policy did not reach
the optimal solution while requiring amore CPU tinme.

2. Escaping Target Problem

For this problem, the target starts in cell 21. It
then stays iu the current <cell with probabilicy 0.1 and
woves ore cell up or tc the right with protability 0.45. If
it reaches one of the top bourdary celis (1, 2, 3, 4 ) or
one of the right bcundary celis ( 25, 20, 15, 10 ), +then it
will move one «cell tc the right or oae ceil up with prob-
ability 0.9 ana it remains in the current cell with grob-
ability 0.1. %hen it reaches cell 5 it will stay there
forever and is assumed to have escaped. That is, the proo-
ability of detection in this cell is 0, while for the otaer
cells the probability of detection is 1.0. Tie 1J-tiame
pericd search results are shown in Table 6. The hMMP patn
has significantly greater PND than the optimal path even
though it differs in only ome time period from an optimal
path. Cptimal soluticns were obtained for k=1, 2, 3.

For the 1last two proktlems all optimal gaths decre

obtained by total enureration and are saown iz Table 6. In
the fast target problen, the optimai search path placed
search effort around the targets starting cell. Ir target

aoves in a specific direction (escaping target grobllem) ciiis
reduces the number of possible optimal paths. In this case,

optimal paths put a tarrier in front of the target.

E. INCHEASING THE NUEBER OF TIME PERIODS

Tc e€xamine the effect of increasinj the number of time
pericds on CPU time, 3x3 problem was solved for 115, 23, 25

and 3C time periods. The graphnical results are shown in

25
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TABLE 6

ESCAPING TARGET PROBLEM RESULTS

11
1
1

6

Search Path

12
11
1
1

12
12
12
12

13
13
13
13

14
14
14
14

15
15
15
15

15
15
15
15

10
10
10
10

OPTIMAL PND = 0.1530

10
10
10
10

PND
0.2588
0.1530
0.1530
0.1530

CPU
Time {sec)
0.68
3.03
18.46

Proklen

oy
o s
(21
o)

N T . I (S T G S TN o Ao s o SO «

-

Possible Optimal Paths

N A NN N NN NN N

NN N N N N N N NN

8
12
8
12
8
12
8
12
8
12
3
12

9
17
9
17
9
17
9
17
9
17
9
17

14
18
14
18
14
18
14
18
14
18
14
18

19
19
19
19
19
19
19
19
16
19
19
19

6 11 12 13 14

1

1

o]

11

11 12 13 14
12 13 14

18
L)
18
14
18
14
18
14
18
14
18
14

17
9
17
9
17
9
17
9
17
9
17
9

15 15 10 10
15 15 10 10
15 15 W 1

TOTAL ENUMEEATION RESULTS 2.

Optimal CPU Iime

PND

0.3742

V1530

(sec)

15290

1524

e e e . g,
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Figure 4.5 for k=1, 2, and 3. For T=30 and k=3 program wWas
stopped at 3600 seconds CPU time. The increse in CPU tiame
for k=1 was considerably less than for k=2, 3. We can say
that k=1 policy was the most CPU TIME / (1-PND) eifective.
Fcr the presented proklems we also tested the
(k- 1) -change optimal solution as a starting pathk for the
k-change policy where k=2. But starting with this alterna-
tive path did not imfprove the solution obtained by using a

MMP starting path.

27
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V. ERANK-WOLFE ALGORITHN
ff Apother method applicable to the problenm is the
}; Frank-Wolfe (F-¥) algorithm. The main motivation of
. selecting this algorithm is that this method izplicitly
) examines all extreme rcints of the convex polyhedron, rather
- than just the k-change ones. In 1956 Marguerite Frank and
Philip Wolfe proposed this method <for solving non-liinear
programs having a convex differentiable objective funciion
o and linear constraints. Since our objective function is rot
convex this method will determine anm approximate solution to

the fproktlen.
The F~W algorithm is a feasible direction method and may

?ﬁ simply stated as follous; Given a feasible pcint at any
fj iteration, an improving feasible direction 15 determined by
‘.ﬁ . linear program (LP). The objective function of the L¢ is
o formed oy using a linear approximation (first order Taylor's
o expansior) of the objective function of the NL? and tane
;g constraints are the original linear «constraints of the &#LP.
'ﬁ? Then the step size 1is determined by a line search. The
:3 algorithm continues until no direction is found to iaprove
b the okjective functicr. For further informaticn refer to
< [Bef. 8].

o A. AFPLICATION OF F-H METHOD

a Given S, x(t), P(t), q(i), and Z, the objective functionzn
,ig can be written for each time period t as follows:

o

E‘- PND(S)=Zp(i.t) (1-q(i)x(i,t)}z(i,J)v(i,t+1)

‘ Ly

ot

Eﬁ' 1,371,240 ceeece s and t=1,2,c0000.,T

29




wvhere v(i,t) is the probability that the target is in cell i
at the beginning of time period t and will not be detected

by the remaining searches. Ke can compute v (i,t)'s in a
packward recursive manner as fcllows:

V(i,T*1)=1.0 , i=1,...,HN

'(ivt)=z (1~q(i)x(i,t)}z(i,J)v(j,t+1)
FECti)

i="2'-...o 'n and t=1'2'.... 'T

Since P(1) 1is known, the p(i,t)'s can be computed by the
forward recursion

P(jotel) = ; P(i,t) {1-q (i) x (i, )}z (i, 3)
i,j=1'2'.o...'n aDd t=1'2'.....'T-‘

For a given search plan S the fp(i,t) and v(i,t) will be the
same for each tice period. So, we need to compute them once
for each search plan S.

Since x(jot)= x(L,t-1)S(i,j,t-1), ther tre gradient

vector for time period t can be computed rfrom the following:

. . _3PND(s) . . .
T3, =330 - X t)P(dote) E 93 z(3, k) v(k,t+2).
kEC(3)

i,j=1'2'....o.,u aud t="2'.¢...'1

30
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Then the feasible direction of descent is found by solving
the LF subproblem shown in Table 7. As we explained before
the ccnstraints of the LP must be the same as the NLP's
constraints. Note that the LE's constraints in Takle 7 is
another way of expressing the ccnstraints in Table 2. The
soluticn of this LP subproblems is trivially found as
follous; For each i and t, choose j C (1) with oinimun
Y(i,3j.,t), call it j then set M(i,j ,t)=1 and ¥ (1,j,t)=0 for
1=3 -

TABLE 7
LP SUBPROBLEM

ain z Zui,j.t) (i, 3, t)
’ I
subject to:

E M(i,j,t)=1 1140, N
4 (2e3.9=1 t=1,.00, -1
JECW)
4(1,i.t) 20 v 12121:::5‘5_1
This solutioar is an extreme 2oint of the iinear

constra2ints. Thereiore, solation of the LP is deterainistic
search plan ¥ which defipnes a uaigue searca path m. Since
Wwe are only interested in deterministic search gpaths, we
cnoos€ the step size as 1 if PND(m) < PND(s) and zero otaer-
wise, ie., tne process is terminated when PND(@m) > PND(s).

So, the second algorithm becones:

1. Select an arbitrary ieasiole SeaZch path
(1) ¢geees(T-1}.

31




sukgrokien.

Otherwise, STIOP.

We applied the algorithm tc

(myopic search path included).

in arrendix B.

Steg 2, Determine a new search pata m by

Stefrp 3. If PND{(m) < PND({s) set s=n,

B. CCMPUTATIONAL EXPERIENCE FOR F-W METHOD

the 3x3 problem (defined in

the ofptimal solution. For 7 of the 30 paths (myoric pathk
was cne of them) the algorithm did not improve the starting
to optimal (0.2214) was

0.2328 which is the myopic path result.

solution. The closest soluticn
The maximum and
pinimum CPU times were 0.04 and 0.11 seconds, respectively.
The results are shown graphically in Figure 4.4. The

Fortran code of the algorithm for the 3x3 problem is given

solving the LP

go to step 1.

Chapter 4) with 30 randouly selected starting search paths
The algorithm d4id not reach i
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‘ VI. COBC1USIONS ‘

We have investigated the effectiveness and computational ‘
efficiency of the Local Search Method and the Frank-Wolfe
. Method for several two-dimensiocnal search problenms.
}5? The heuristic Local Search Method appeared «clearly
- satisfactory for the examined search problems. However, the
gl_ exponential increase in CPU time will limit the use of the
. method for higher k values. Also increasing k does aot
necessarily improve the solution. This procedure appears to
te useful because it allows a trade off betweerL solation
accuracy, i.e., closeness to the optimal search path and CPU
‘.ﬂ time. For further analysis this method can be tested ior
. different problens, k-change policies and number of tame
periods.
The Frank-Wolfe method approdch did aot perforaz well :or .

the [frobiems exanined. An alternative way o©of improving
efficiency of this algorithm may ke to perform a line search
after determining the feasible directios of descent. But
this would increase the CpU time. Both methods are also
J applicable to Brown's original problem [ Ref. 9] and they nay
e be efficient for this problem because of its ccnvex objec-

tive functioun.
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FORTRAN CODE OF LOCAL SEARCH ALGORITHHN

I3 022333333 2333333333333333333333332323327
¥ METIN SAGAL %
x THIS PROGRAM APPLIES LOCAL SEARCH *
¥ ALGORITHM TO 3X3 PROBLEM FOR K=1. x
HHREREHEEHRKEEREEH XXX XX XTI RRIOTH N T X KRN R N
INTEGER T.NN,P(400,30),TT(50),S¢(50),C(25,25%5)
INTEGER AA(9,5),IN(9)
REAL PP(20),PB(50),BB(50),XMIN,PND
133233233333 3332323333333 33322 38233333322 322Y
x INPUT x
T-TIME PER1ODS
NI=40F SEARCH CELLS
S=STARTING SEARCH PATH
11=80F ADJACENT CELLS
A=ADJACENT CEILS
C=CONSTRAINT MATRIX
Bk R AR A K KX K R R I K KK R KO XN K N KKK K
READ(S.100) T.NN
FORMAT(3I2)
READ(S5,103) (S(1),1=1,T)
FORMAT(11I1)
READ(S,101) CINCID),I=1,HN)
FORMAT(SGI1)
READCS,102) AACY,J),J=1,53,1=1,HHD)
FORMAT(5T1)
READCS,104) C(CCCL,JY,0=1,HH), [=1,NN)
FORMAT(912)
xxxxx TARGET INITIAL PROB. DISTRIBUTION xxx¥wxx
DO 15 K=1,HNN
PB(K)=0
PB(9)y=1}
DO 25 K=1.NN
BB(K)I=PB(K)
xxenxsndx FIND PND FOR STARTING PATH S xexxxxx
DO 35 I:=1.,10
ZCL1)=5(01+1)
CaLlL PROB(Z,PB,T,HN.BB,PND)
XMIN=PND
sexexxxx®xx® FIND NEIGHBORHOOD PATHS % xxxsxxxxx
MM-M:=0
T1:2
E-TNCS(TT~1))
DO 10 I:=1.K
ZCTT-1)=AA(S(TT-1), )

sxexxsxexx CHECK PATH CONSTRAINTS #anxxsxxnenax
[FCCCZCTT-1),5(TT+1)) £Q.0) GO TO 10O

saxsxrrx%x FIND PND FOR HEW PATH mxssxcanvkans
LALL PROBCZ.PB.T, NN, BB.PHND)
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11) GO TO 333

Mt}
MM+ 1]

MM
E.

M

IFCPHD.LT.XMIN} THEN DO
%xxxnxxxXxX CHANGE THE NEXT CELL %23 % %% % % % % X% % %

raxrxrnx KEEF

.2xPB(8)
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FOBRTRAN CODE OF FP-W ALGORITHE

INTEGER TIME,T,N,INC9),A(9,9),5(10),CELL.ZC(11)
REAL R(9,9),X{(9.10),V(9,11),PND,BB(9),PB(9)
REAL C(9,10).XMIN.P(G,10)

3% 3 % % % R N MM R K I NN I K M X MR NN K M N AKX N WK KKK NKX

x ITHPUT *
T=TIME PERIODS
N=#0F CELLS
S=STARTING PATH
I=50F ADJACENT CELLS
A=ADJACENT CELLS
R=TRANSITION MATRIX
AEFRRAEEEEERA AR AR AR AR R R R R IR X R XX XN
READ(S5.,10
FGRMATS(
READ(S.1
FORMAT(
READ(5.1
(
1
(

) T.M
2)
Y (SeI),1=1.T)
I
Y CINCID,I=1,9)
FORMAT 1
READ(S. )
FORMAT 1
READ(S5.104)
FORMAT(9F3.

)
(CACI,J),J=1,N), I=1,H)
)

0
1
0
9
0
9
0 ((R(I J),J=1.1),1°1,H)

0
1
1
0
2
I
3
I
4
F

erxxxxxxrxe® DCTERMINE VYCTI,J0)1T0 XEXXXXEXRXXR%AXEXK

CALL VFIND(S,T.H,V)

exareeaxx®¥x DETERMINE PUI,J)'S %EXXEXH%%%XHRHE

CALL PFIND(S.T.P)

DO 13 1=1.H
PBCI)I=P(I,]1)
BECII=P(I,1)

kargrinnnrnr DETERMINE X(I,J)'S Xxxaxkxxxxxsxx

CALL XFINDCS,T,H,X)

sevsrrrx FIND PHD FOR A CSTARTING PATH xxxsxxxs

CAall PROBCS,PB,T.H.BB.PHD)
YAMIN=PND

xressanwx FIND NEW EXTREME POINT *xssxsxssxxanns

11=1

1L CFIND(2,2¢(1),IHN. X, R, V,A,P,CELL)

2¢2y-CELL

CALL CFINDC3,Z2(2), IN.X,R,V.A,P.CELL)
05 =CELL

CALL CEINDC3,ZC3),IN. X, R, V,A,P.CELL)
Z(63=CELL

CALL CFIND(G,Z(4), IN, X, R,V,A,P.CELL)
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D araiaatanal

Z(5)=CELL

CALL CFIND(5,Z(¢(5),IN,X,R,V,A,P,CELL)

2(6)=CELL

cAtl CFIND(o,ZC0) . IN,X.R.V A,

2¢(7)=CELL

CELL)

CALL CFIND(7,2(7),IN,X,R.V,A,P,CELL)

Z(8)=CELL

CALL CFIND(8,2(8),IN.X,R.V,A,P,CELL)

Z2(9)=CELL

CALL CFIND(9,2¢(9),IN,X,R,V,A.P,CELL)

Z(10)=CELL
CALL CFIND(10,Z2C10),IN,X,R,V,A,P,CELL)
c Z2(11)=CELL
Cc xxxxxx FIND PND FOR A NEW EXTREME POINT »xXxxx
C
CALL PROB(Z,PB,T,N,BB,PND)
C
C xxxxxxx COMPARE TWO EXTREME POINT'S PND %x%xxxx
C
IFCPND.LT.XXMIN) THEN DO
XXMIN=PHND
90 90 I=1.T7
30 S5¢(IX=2¢(I+1)
C
C ®x DETERMINE HEW V(I,J)'S, PCI.,J)'S, X(I,J)'S %
C
CALL VFIND(S,T.H.,V)
CALL PFIND(S,T.P)
DO 11 I=1.N
PB(IJ)=P(I.,1)
11 BB(II=P(I, 1)
CALL XFIND(S,T,N,X)
GO0 TO 999
END IF
C
. C xx [F THE MEW EXTREME POINT DOES MNOT IMPROVE »x
C ¥xxxxkx® THE OBJECTIVE FUNCTION, STOP xxxxmaxxx
C
500 PRINT,'™™IN PND IS'.XXMIN
PRINT, "xexxxx QPTIMAL PATH IS xxxxxxt
HRITE(6.600) (S(I),1=1,1)
600 FCRMAT(3X,1012)
STOP
END
C
C rrxkaxxnxenx CALCULATES V(I,J)'S Xexxxxx®xxxxxX
C
SUBROUTINE VFIHND(S,T.HN,V)
REAL V(9,11)
INTEGER S(10).T
DO 15 I=1.H
15 V(I.11)=1.0
J=1
2 K=J+1
VIOL1,J) = 4=V (]1,K)+. 3%xy(2,K)+ 3=aV(4,K)
VIZ.J) = J28V(1,K)+ 4oy (2, KX+ . 2%V (35,K)+.2*V(5,K)
V3,0 = J3xv(2, KX+ GV (3, KD 32V (6.K)
V(g,J) = .2-V(1.K)0.Q~V(4.h)0.'k”(b Kot c+V(7?,K)
VIS5,0) = 1522, K+ 152V (G4 . KXt 4ny(5,K)
V5,0 = VI5,J)%xC . 152V (6.K)+. 1s-v(a.m))
V6, J) = 28V 3, K)+ . 2xV(S5,.K)+ Oy (6, K)+ . 2*V(9,K)
V(z7z,J) = 3eV(G , K)+ GV (7 ,K)+ . 3xV(§,K)
VE8,J) = . 2«V(S,K)+ 2%V(7 KX+ qaV(E&,K)+ 2ay(4,¥K)
V9, J) = J3«V(6,K)+ 3xV(8,K)t 4rV(9,K)
V(5(J),.J)=0
J=J-1
IF(J.G6T.0) GO 10 25
RETURN
39
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g END

Ve C

e C exxaxx CALCULATES COST COEFFICIENRTS AND xxxxanr
%) C exwrexaxxaxr SOLVES LP SUBPRODLEM zxxexneanene
S SUBROUTINE CFINDC(TIME,MM,IN,X.R,V,A,P.CELL)

; REAL R(9,9),V(9,11),P(9,10),PP,CMIN,X(9.10).C(9,10)
. INTEGER TTIME, TIME,MM,INC9),A(9,9),.CELL.MI.MK(10),LL '
.. CMIN=1
e IK=TH(MM)

;i TTIME=TIME+]

V. DO 40 I=1,IK

s J=A(MM, 1)

‘rf." PP=0.0

[ 18=1TH(J)

- [F(P(J,TIME) . EQ.0) THEN DO

v DO 55 11=1,I8B

. PP=PP+R(J,ACJ, ITIIXVCA(J,II),TTIME)

. 55 CONTINUE

L C(MM,J)=-(0.0001)xPP
ELSE DO

DO 56 II=1.1B
PP=PP+R(J,ACJ.TI)) «V(ACI, 1), TTIMED

56 CONTINUE

) C(MM, J)=-(P(J, TIME)XPP)

- END IF

L IFCCCMM, J) . LT.CMIN) THEN DO

: CMIN=C(MM, J)

CELL=J
END IF
LW 40 CONTINUE
F RETURN
f~ END
- c
Cc x e XXX RXX%X CALCULATES XCI,J)'S %335 %%%X%X%%X
C
SUBROUTINE XFIHND(S,T,N,X)
ITNTEGER S(10),T
REAL X(9,10)
DO 60 1=1,T7
DO 70 J=1.N
X(J,1)=0.0 !
70 CONTINUE
60 CONTIHUE
po 78 1-=1,T7
78 X(s(Iy,I3=1.0
RETURN
END
C
C x¥xnxAxxxxnx%x CALCULATES PHD XmxxwexXxruexsxxe¥Xxnx
C |
CUBROUTINE PROB(S,PB.T.N.BB,PHD)
REAL AA(S50),PB(9),PND,BB(9)
INTEGER N.T,35(10)
KP=T-1
DO 71 K=1,KP
PB(S(K))=0
AACL Y= GPBCL1)+ 25PB(2)+.2xPB(4)
AAC2) = 3#PBCL)+ GepPBC2Yt 3%xPBC3) ¢ 152PB(S)
AACS) T 2o B2t G¥PB(3)+ . 2%PB(0o)
AACG)= S2PBOL)t GrPB(GIE 15xPB(5)4+ . 3»PB(7)
AACS)= 2FB(2)14+ 2xPBCG)E G2PB(S)+ 2xPB(u)d 2*PB(8)
RACOD) = 3#"B(3)+ 152PB(S)+ G+PB(n)+ . 32PB(9)
ANCT)=  CoFB(4)+ GRPBOTIE 22PR(5)
AA(83 15PBESI+ T b(T7) 4 PB(E)+ . 3% b(Y)
ANLY)= C#PB(e)+ C#PB(BY+ 4ePB(9)
DO 22 IK=:=1.,H
FBOIK I =AN(IK)
72 CONTTINUE

40
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71 CONTINUE
PB(5(T))=0
PND=0.0
DO 50 K=1.H
PND=PHND+PB(K)
50 CONTINUE
DO 42 K=1,H
PB(KJ)=BB(K)
a2z CONTINUE

RETURN
END
(o X xXXXAXNNX CALCULATES PCUI,J) TS %53 3% X %% %% %X
SUBROUTINE PFIND(S.T,P)
REAL P(9,10),PM(9,10)
INTEGER 5(10),T,M
P(9.,1)=1.0
PM(9,1)=1.0
Do 85 1=1,8
PM(1,1)=0
85 P(I,1)=0
DO 80 J=2.T7
M=J-1
PM(S(M),M)=0.0
PC1,3)=.4xPM(1. M)+ 2%PM(2,M)+ 2%PM(4, M)
P(2,J)=.3%xPM(L. M)+ 4¥PM(2, M)+ 3%xPM(3, M)+ 15%PM(5,M)
P(3,0)3= 2%PM(2, M)+ . axPM(3, M)+ 2xPM(6.M)
P(4,J)= . 3xPM(Y, M)+ .4xPM(G, M)+ 15%PM(S5. M)+ 3xPM(7.M)
P(5,0)= . 2%PM(2,M)+ 2%xPM(G, M)+ GXPM(5,M)+ 2%xPM(6,M)
P(5,J3=P(5,J)% 2xPM(8,M)
PC6,J)=.32PM(3,M)+ 152PM(5, M)+ 4XPM(6,M)+. 3xPM(9,M)
PC7,43=.2*PMIG, M)+ . G¥PM(T7, M)+ 2xPM(E . M)
PC8,J)= 15%PM(5, M)+ 3%PM(7,M)+ . 4*PM(8.M)+.3xPM(9,M)
PL9,J)=.2%PMl6,M)+.2xPM(8, M)+ . 4%XPM(9,M)
DO 86 I-1,9
86 PM(T,J)=P(I,
80 CONTINUE
RETURN
END
c
C HEREEXXEXANRXXRENNENE TNPUT DATA %333 5 3 % 3 % % 3% X % % X % X
c
10 9
4565856585
356364563463
1264000000
123500000
236000000

145700000
265630000
356400000

/72000000
572900000
689000000
640050000030000000000000000
020040020000020000000000000
0000500400060000050000000000
g2a00u0000040020000020000000
gonn150000150640015000015000
nnoooeazoonnoCn04a000000000
00000000003000000006400350000
gocoonononongoz2c000N0200460020
googoo000o00000030000030040
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