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Abstract Spatial Analysis has been using so far Spatial Reasoning, but it mainly
confines itself to spatial statistical analysis of the observed phenomena searching for
pattern analysis, geostatistical indices etc. Researchers Shakarian P., Subrahmanian
V. S., and Sapino M. L. are the first who examined the possibility of extending
Spatial Analysis in finite, discretized, 2D space with the incorporation of Abductive
Reasoning, which originates from the cognitive field of Artificial Intelligence, and
is related to the analysis of causation of the phenomena under consideration. The
new class of Geospatial Problems was named point-based Geospatial Abduction
Problems (or point-based GAPs). They primarily focused on a version of GAPs
named Improvised Explosive Devices Cache Detection Problem, or IED Cache
Detection Problem, and they carried out experiments with real-world data from
Baghdad. In this paper a technique which reduces the total computational cost in
any version of point-based GAPs will be introduced, and an exact algorithm for the
natural optimization problem of point-based GAPs will be presented along with its
computational complexity results.
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Introduction

Spatial Analysis has been using so far Spatial Reasoning, but it mainly confines
itself to spatial statistical analysis of the observed phenomena searching for pattern
analysis, geostatistical indices etc. A trivial example is the spatial analysis of the
crime phenomenon in a given region, which will result in finding subregions that
are statistically characterized by high rates of crime. The most common strategy
in response is the increase of policing in those subregions. However, that kind
of strategy does not affect the cause of the phenomenon under consideration, i.e.
the criminals, but only the observations of the phenomenon. Thus, the crime will
either shift or spread out to the remaining space, as the increase of policing in a
set of subregions implies the decrease in the rest of the remaining space, which
in turn implies that criminals are offered now new opportunities to carry out their
illegal activities in those exact under-policing subregions. On the contrary, the best
strategy for law enforcement would be the use of a spatial relationship, if such exists,
between the locations where the crimes were committed and the locations of the
hideouts of the criminals which obviously would pin-point the latter, given the fact
that the locations of crime incidents are known to the police, and the criminologists
can distinguish the crime signatures, and thus allocate the crimes accordingly. That
kind of reasoning can be applied in a wide variety of real-world problems named
Geospatial Abduction Problems or GAPs such as the detection of terrorist caches
given the location of their attacks, the detection of dwellings of a wild animal
given the location of its attacks, the detection of environmental pollutants, etc. [13].
Informally, a GAP is a problem in geospatial space of finding a set of partner
locations that best “explain” a given set of locations of observations through a
given spatial relationship. The spatial relationship for any GAP, even for instances
of the same problem, is unique as it expresses the correlation between partner and
observations in the context of a specific domain, in a specific geographical space,
and for a specific period of time.

The complexity of human cognition and the difficulty of its simulation by
mechanic means are proven by the fact that since the Aristotelian logic was
formulated till nowadays various inference rules and kinds of reasoning have
been proposed. Informally, reasoning defines a rough theoretical context in which
valid inference rules can be applied, whereas inference rules are formally defined
mechanisms, algorithms, which produce new valid knowledge [16], or in other
words, logical transformations used to produce conclusions from a premise set.
Some of the most common inference rules are:

e The Modus Ponens rule which is used in Mathematical Logic, where if one
formula implies another one and the first formula is TRUE, then the second one
is also TRUE. Formally: A—B, A-B.

e The Modus Tollens rule, which is also used in Mathematical Logic, where if
one formula implies another one and the latter formula is FALSE, then the first
formula is also FALSE. Formally: A—B, =BF —A.

* The generalized Modus Ponens and Modus Tollens inference rules in the domain
of Fuzzy Logic.
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¢ The Generalization rule, where if an attribute is TRUE for some instances of a
class, then the attribute is TRUE for any instance of the class.

» The Specification rule, where if an attribute is TRUE for a class, then the attribute
is TRUE for any instance of the class.

On the other hand, there are three fundamental kinds of reasoning:

* Deductive Reasoning
* Inductive Reasoning
* Abductive Reasoning

More specifically, Deductive Reasoning infers conclusions of what is assumed,
thus given the truth of the assumptions, the conclusion is guaranteed to be TRUE.
Assumptions are given in the form of a rule and a fact. For example:

<Rule> All my children are boys.

<Fact> This child is mine.

<Conclusion> This child is a boy.

Inductive Reasoning infers a rule from a set of facts. Even if the set of facts
are TRUE and the derived rule seems to be reasonable, this does not ensure the
soundness of the rule. It must be noted that this kind of reasoning has nothing in
common with the mathematical induction since the latter is a form of Deductive
Reasoning. For example:

<Fact 1> This boy is my child.

<Fact 2> This boy is also my child.

<Rule> All my children are boys.

Abductive Reasoning infers a hypothesis given a set of rules, which consists a
knowledge basis, and a set of facts, that consists a set of observations. For example:

<Rule> All my children are boys.

<Observation> This child is a boy.

<Hypothesis> This child is mine.

Obviously, there is no such thing as “best” reasoning, since the above kinds
of reasoning are not competing against each other. On the contrary, they are
complementary since each one’s start point differs, thus unavoidably each one infers
a different kind of output.

Despite the fact that the term Abductive Reasoning was proposed by the
great American philosopher Peirce in 1890 [6], in order to describe the kind of
reasoning used for evaluating explanatory hypotheses for a given set of observations,
philosophers and scientists were familiar with the context of the term from the
Renaissance at least [1]. Some thinkers have been skeptical that a hypothesis should
be accepted merely, but others have argued that this kind of reasoning is a legitimate
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part of scientific reasoning [15]. Clearly any feasible explanatory hypothesis, or
simply explanation, even if it is supposed to be the inference to the best explanation,
is fraught with uncertainty [15] due to the fact that abduction is equivalent to the
logical fallacy affirming the consequent, or else in Latin “post hoc ergo propter
hoc.” Nevertheless, Abductive Reasoning plays a key role in human cognition. For
example when: scientists produce new theories to explain their data, criminologists
compose the evidence from criminal activities, mechanics try to find out what
problem is responsible for a mechanical breakdown, doctors try to infer which
disease explains a patient’s symptom, even when people generate hypotheses to
explain the behavior of others [15], they all use abduction. What is left is the formal
semantic definition of the term explanation. In philosophy and cognitive science,
there have been at least six approaches; explanations have been viewed as deductive
arguments, statistical relations, schema applications, analogical comparisons, causal
relations and finally, linguistic acts [14]. Geospatial Abduction uses the approach
of causal relation in the context of a specific domain. In other words, Geospatial
Abduction is used to infer as the best explanation in a specific domain the relation
between the locations of the observed phenomena and the partner locations which
cause, facilitate, support or are somehow correlated with the observations [13].

Formalism-Technical Preliminaries

To address the Geospatial Abduction for the new class of problems named point-
based GAPs, researchers Shakarian, Subrahmanian and Sapino proposed an appro-
priate formalism [8, 12, 13], which is adopted in this paper, as follows:

Definition 1 (Space). Geospatial universe or universe or simply space S is a finite
two-dimensional grid of size M x N € N2, where M, N > 1 and N is the set of
natural numbers.

Definition 2 (Point). A point p of a finite 2D space S is a representation of
a unit square on the grid in the form (x,y) where x,y € N. Therefore,
S=1{x|xe[0.M)}x{y]|yel0,N)]

In addition, conventionally the coordinates (x, y) in each such unit cell are not
assigned to its center, but to its lower left corner, and the point with coordinates
(0,0) is the lower left point of the grid. Thus, the space is used to represent a specific
region of interest on the ground and the size of the point in ground distance units
defines the space resolution. The suitable extents of the space are normally easily
defined by the GAP application itself whereas the resolution of the space is defined
“arbitrarily” by the application developer or the analyst.

Definition 3 (Observation—Set of Observations). An observation o is a point of
a finite 2D space S where a phenomenon under consideration appeared. A set of
observations O = {01, 0;...0;} is any finite subset of space S where each element
0; is an observation of the phenomenon under consideration.
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Fig. 1 Examples of a set of observations and a feasibility predicate in space. (a) A set of
observations O = {01, 02,03} in space S. (b) A feasibility predicate in space S

Figure la illustrates the above concepts in a space 18 x 14. Furthermore, any
space S has an associated distance function d that satisfies the following definition.

Definition 4 (Distance Function). A distance function d in metric space (S, d)
is a mapping S x S — R, where R is the set of real numbers, such that for any
x,y € S the following axioms are satisfied:

e d(x,x) = 0, coincidence axiom.
e d(x,y) =d(y, x), symmetry axiom.
e d(x,y)+d(y,z) = d(x,z), triangle inequality axiom.

There are numerous distance functions that satisfy the above three axioms. The
more familiar are the Euclidean distance, where d, = [(x; — x2)> + (b1 — 2)?]"/?;
the Manhattan distance, where d,, = |x; — x3| 4+ |¥1 — 2|, which are special cases
of the Minkowski or L ,-metrics [7]; and the road distance d, ((x1, y1), (x2, y2)) that
is defined as the shortest path between two points in a road network.

Definition 5 (Feasibility Predicate). A feasibility predicate feas in a finite 2D
space S is a function feas : S — [TRUE, FALSE] such that feas(p) = TRUE
for any point p € S if and only if (iff) that point can be included in a feasible
solution of the GAP or feas(p) = FALSE otherwise.

It is noted that the feasibility predicate feas is an arbitrary, yet a fixed predicate.
It is an arbitrary predicate in the sense that both the semantics for feasibility and
its spatial assignment in space are assessed by the analyst. This means that for any
space S there are offered 2" distinct alternative process choices for an analyst, given
that |S| = n. Thus, two analysts, A and B, even for the same geospatial problem
in the space S, will most likely come up to feas, # feasy. At the same time it
is a fixed predicate in the mathematical sense, since for any point p € S is either
feas(p) = TRUE or feas(p) = FALSE. In terms of computational complexity,
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Fig. 2 Examples of geometric restrictions and their logical composition with feasibility predicate.
(a) Geometric restrictions form |O| concentric rings in space S. (b) The (a, B)-explanation is a
logical composition in space S

since it is user-defined, it is assumed that it has an O(1) complexity cost. Figure 1b
above illustrates in color a feasibility predicate in space S, white indicates that
feas(p) = TRUE and black indicates that feas(p) = FALSE.

At this point we can define the concept of an explanation in the framework
of geospatial abduction. Intuitively, given a set of observations an explanation
is a set of points in space such that every point is feasible and such that for
every observation there is a point in explanation that satisfies certain geometric,
or distance, restrictions. The geometric restrictions, which are set by the analyst or
the domain expert, define the minimum and the maximum allowed metric distances
between the location of an observation and its partner location. Formally:

Definition 6 ((«, f)-Explanation). Let O be a set of observations in a 2D finite
space S, E be a finite set of points where £ C S and o, 8 € Rsuchthat0 < o < 8,
then E is an («, B)-explanation of O iff:

[Vp € E|feas(p) = TRUE]|A[Vo € Odp € E|la <d(p,0) < B]

In Fig. 2 are illustrated, for the running example, the geometric restrictions in
space (Fig.2a) and the logical composition of the geometric restrictions and the
feasibility predicate (Fig. 2b), given that the size of the grid cell is 500m, @ = 850m
and B = 1850m. The composition produces the set of partner locations for the
given set of observations. Any subset of this set that explains all the observations is
a possible solution.

The simplest form of point-based GAPs is the decision problem named the
Simple (c, B)-Explanation Problem (SEP), where given a finite 2D space S, a
finite set of observations O, a feasibility predicate feas and o, 8 € R, such that
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0 < «a < B, the question is if there is an («, §)-explanation for O. Another variant
of GAPs is the k-SEP problem, which defines an upper bound in the cardinality of
any possible solution. More specifically, it is required that |E| < k for a number
k € N, given that k < |O].

Generally, the GAPs are highly non-trivial to solve for four reasons [13].
First of all, the cardinality of the solution is unknown. Secondly, the feasibility
predicate defines highly irregular in shape areas for partner locations, thus simple
geometric reasoning cannot be applied. Thirdly, in case that the phenomenon under
consideration involves a rational adversary who will take any action to evade
detection (in terms of Game Theory this is an adaptive adversary), then a simple
algorithmic solution would not be sufficient and more sophisticated algorithms must
be applied. Finally, the most GAPs are proven to be NP-complete, in terms of
computational complexity, or in other words intractable to compute in practice.

Since there are many possible explanations for a given set of observations the
truly intriguing variants of point-based GAPs are the ones which try to find an
“optimal” explanation according to some cost function y, where a cost function
is a mapping from the set of explanations to non-negative reals.

Definition 7 (Optimal («, 8)-Explanation). Suppose S is a finite 2D space, O C
S is a finite set of observations, £ C S is a finite set of points, &, 8 € R such
that 0 < @ < B and y is a cost function. Then E is said to be an optimal
(o, B)-explanation iff E is an (o, 8)-explanation for O, and there is no other («, 8)-
explanation E’ for O such that y(E’) < y(E).

One can easily prove that standard classification problems like k-means [4, 5]
are a special case of GAPs by making three simple assumptions: a) o = 0,
b) B > max(M,N) and c) dp € S| feas(p) = FALSE [13].

Normally in philosophy and in science additional requirements are enforced to an
explanation, the parsimony requirements. In SEP no such requirement is enforced,
since any explanation will suffice. On the other hand, k-SEP and cost-based SEP
enforce parsimony requirements. Another parsimony requirement, which expresses
the famous principle known as the Occam’s razor: “Pluritas non est ponenda sine
necessitate,” is irredundancy. In Geospatial Abduction this means that between two
explanations the simplest one must be chosen. The formal definition follows:

Definition 8 (Irredundant («, §)-Explanation). An («, §)-explanation E is irre-
dundant iff no strict subset of E is an («, §)-explanation.

One may think that by enforcing the irredundancy requirement in GAPs the
uniqueness of the solution is guaranteed, but this is far from being true. A closer look
easily shows that there still exist an exponential number of such solutions, thus an
algorithm that simply returns irredundant solutions could produce non-deterministic
results [13]. The best one can do is to attempt to find explanations of minimal
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cardinality. This requirement poses the Minimal Simple (¢, 8)-explanation Problem
(MINSEP) which is the natural optimization problem associated with k-SEP [8].
Formally:

Definition 9 (MINSEP).

INPUT: a finite 2D space S, a finite set of observations O, a feasibility predicate
feasand o, B € Rsuchthat0 <« < 8.
OUTPUT: An («, f)-explanation E such that | E| = minimal.

Algorithms

In this chapter a technique which reduces the total computational cost in any version
of GAPs will be proposed, and an exact algorithm for the natural optimization
problem of GAPs, the MINSEP, will be presented.

Even though mathematically for point-based GAPs, it is sufficient to require for
the relation between «, B and space S that «, 8 < inf{M, N}, this obviously does
not maximize the utility of the set of observations. In order to accomplish that the
requirement for the relation between «, § and space S has to be rewritten as follows:

Vp(x.y) € O then M. N|[[x+B8] = MIA[ly+B] = NIA[[x—B1 = 0]A[[y—B1 = 0]

But in reality, in most applications, the analyst faces the exact opposite problem;
the size of the given space is bigger than the necessary. Thus, in order to succeed
effective computation, space must somehow be reduced to the exact size needed.
A technique that reduces the given space S to the absolutely necessary space S’ is:
given that Xpin, Xmax> Ymin ad Ymax are the minimum and the maximum values of
coordinates for the observation set, then it is easy to show that any explanation, with
respect to the geometric restrictions, is strictly in the space S’ which equals to the
Minimum Bounding Rectangular box (MBR) with coordinates in space S:

(Xmina Ymin) = (|mein - ﬂ]v |—ymin - ﬂ—l)
(XmaXv Ymax) = (Lxmax + ,BJ» |_ymax + ,BJ)

The reduction is completed with the parallel shift of the coordination system to
the point with coordinates ([Xmin — 87, [ Vmin — B1), in order for space S’ to have
coordinates (0,0) in its lower left point of the grid. One can easily show that the size
of space S’ = M’ x N’ is:

M’ = (| Xmax + B — [Xmin — B]), where M’ € [1, M]

N = ([Ymax + Bl — [Ymin — B1), where N’ € [1, N]
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Fig. 3 Examples of the reduction for the given space, the MBRs for the set of observations and
the set of partner locations. (a) The reduction of space S to space S’ and the MBRs of the set of
observations. (b) The set of partner locations for the (1.7, 3.7)-explanation

Practically, for the running example since 8 = 1850/500 = 3.7 metric units in
space S, then the coordinates of space S’ are calculated as follows and the result is
illustrated in Fig. 3a.

(Xomin, Ymin) = ([4 —3.7],[4 —3.7]) = ([0.3],]0.3]) = (1, 1)
(Xmax. Ymax) = (|13 4 3.7], 19 + 3.7)) = ([16.7]. |[12.7]) = (16, 12)

In order to achieve more effective computation the use of MBRs can be applied in
the set of observations as well. Instead of searching for partner locations generally in
space S’ for any observation o;, the search can be focused in an appropriate subspace
S; € 8’. Suppose that M BR{* is an MBR which contains any point that is no more
than 8 metric units away from the observation o; and that M BR}n is an MBR which
contains any point that is at least o’ metric units away from the observation o;, where
o' < a such that o’ = mind,(o;, p;)|[d(o;, p;) = «]. Obviously, if the distance
function used in space is the Euclidean distance d,, then &’ = «. Now, it is easy to
see that space S; is defined as S; = MBR$ — M BR". Trivially it can be proven
that both M BRS* and M BR'™ are squares, where geometrically the first one equals
to a square in which a circle of radius f is inscribed, while the latter equals to a
square inscribed in a circle of radius «’. The MBR;* in space S is defined by the
coordinates:

(Xmin(i)» Ymin)) = ([xi — B1.[yi —B1)

(xmax(i),Ymax(i)) = (l_xi + ﬂJs I_yi + ﬂJ)
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Whereas the M BR;" in space § is defined by the coordinates:

Ly V2o, Vo,
(xmm(i)»ymln(i)) = Xi — T |, | Vi — T ‘o
2 2
(xmax(i)v ymax(i)) = (\‘xi + \/7_ ‘O/J s Lyi + % 'a/J)

For the running example, and if it is supposed that d = d,, then it is
easily computed that the MBRS{* is defined in space S by the pair of points
(xmin(l)vymin(l)) = (176) and (xmax(l)vymax(l)) = (7» 12) In the same way, the
M BRSY is defined by the pair (7, 6) and (13, 12), the M BRS* by the pair (10, 1) and
(16,7), whereas M BR'™ by the pair (3, 8) and (5, 10), the M BRI by the pair (9, 8)
and (11, 10), and finally the M BRI by the pair of points (12, 3) and (14, 5). These
results are illustrated in Fig. 3a. Additionally in Fig. 3b is illustrated the (1.7, 3.7)-
explanation of maximum cardinality, or in other words the set of partner locations,
in space S for the running example.

Despite the fact that the SEP problem has a proven computational complexity
in PTIME [8, 12, 13], its outputs are not reliable because any (¢, 8)-explanation E,
independently of its cardinality, suffices. Thus, an algorithm for SEP would produce,
with high probability, an explanation that is redundant. On the other hand, real-
world data from Baghdad for the IED Cache Detection Problem, which were
experimentally tested in order to show that the Geospatial Abduction framework
is viable, proved that the cardinality of the solution plays a key role in the accuracy
[8, 12, 13]. But shifting from a SEP problem to a k-SEP problem (or in other
words the GAP variant which imposes cardinality constraints to the acceptable
explanations) is not cost-free, since it automatically implies NP-completeness. So,
since an exact solution to k-SEP takes exponential time (in k), it follows that any
efficient algorithm would be nothing more than a fundamental trade-off between
accuracy and computational cost. In the end, among the three approximation
algorithms that were tested, the algorithm which was chosen to be implemented
in SCARE (Social-Cultural Abductive Reasoning Engine) was not the fastest one,
but the algorithm that consistently returned the solution of the smallest cardinality
[8,12,13].

The algorithm NAIVE-MINSEP-EXACT below includes the technique that was
presented above, which reduces the total computational cost, and provides an exact
solution for MINSEP by leveraging the NAIVE-KSEP-EXACT algorithm [8].

It must be noted that the NAIVE-MINSEP-EXACT algorithm is flexible enough
to include the domain’s expert assessment, if such exists, of the expected cardinality
of the solution, k. If this kind of information is unavailable or its use bears high risk,
then a simple modification will be needed in the body of the algorithm. Just a simple
replacement in the 5th and 6th step of the number k with the cardinality of the set of
observations | Q| suffices. Furthermore, the search for the size of the minimal size
explanation is performed by applying the technique “divide and conquer,” which
guarantees that no more than log, k (respectively log, | O|) trials will be needed at
the most [2].
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Algorithm 1 NAIVE-MINSEP-EXACT

INPUT: Space S, set of observations O, feasibility predicate feas, distance function d € R,
a,f € Rsuchthat0 <o < fandk € N.
OUTPUT: Set E C S suchthat |[E| < k and E = minimal.

1. Define distance ¢’ and space S’.
2. Let M be a matrix array of pointers to binary string {0, 1}/°!. M is of the same dimensions
as S’.
Each element in M is initialized to NULL. For a given p € S’, M[p] is the place in the array.
3. Let L be alist of pointers to binary strings. L is initialized as NULL.
4. For each 0; (x;, y;) € O do the following:
a. Determine all points p;(x;, y;) € S’ such that
(xj,y;) € [[xi = B, Lxi + BII A [Tyi — B, Lyi + Bl and
(xj.y;) & Ux; — % -oz/-‘ \ (y,v — % ~0/—H A Hxi + % -a’J , Ly; + % -oz’ﬂ and
feas(p;) = TRUE.
b. For each of these points p;(x;, y;):
If M[p] = NULL, then
(1) Initialize a new array where only bit i is set to 1.
(2) Add a pointer to M [p] in L.
Else, set bit i of the existing array to 1.
5. Letn € N* such that n < k. For any n elements of L (actually the n elements pointed to by
elements of L), we shall designate /1,/>.../;...l, as the elements. The i-th bit of element
1 (i) will be referred as [ (i).
6. Exhaustively generate all possible combinations of n elements, for every n < k, starting from
n = % and by applying the technique “divide and conquer” until one such combination
of minimal 7 is found where Vi € [1,|0]]| Z;’:l(l_,- (i)) > 0.
7. If no such combination is found, then
return NO
Else, return the first combination that was found.

Complexity

In this section the computational complexity of the NAIVE-MINSEP-EXACT
algorithm is studied by leveraging the complexity results of the NAIVE-KSEP-
EXACT algorithm [8, 12, 13]. It is noted that k-SEP has a proven NP-completeness
[13] via a reduction from the well known NP-complete problem Geometric Cover-
ing by Discs (GCD) [3].

Proposition. The complexity of the NAIVE-MINSEP-EXACT algorithm is:

L L R R RPING >)
0((k_1)! (T (8> = o) - [0

Proof. Obviously, the computations S’, &’ € PTIME. In addition the cost to set up
the matrix array of pointers M is O(1) and not the size of the matrix, since all the
pointers in M are initially null, thus there is no need to iterate every element in M,
and only lists in M can be initialized as needed. O
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Since each observation 0; € O has at most [ - (82 — «?)] partner points,
which are located in space S; = MBR®™ — MBR™, then list L has at most
[+ (B> —0a?)]-|0| elements. Thus, there are (r”'(ﬂz_n"zﬂ'lol) iterations taking
place at most in the sixth step, which are as many as the n-tuples in the list L.
Each iteration has a complexity cost of n - O], as there must be compared |O|
bits of each n-bit string. Hence, the combined cost of computations equals to:
(fﬂ'(ﬂzfrlazﬂ'lOl) n-0].

Additionally, since we are looking for the minimal n € N*, where n < k, and
we use the “divide and conquer” technique we will need at the most log, k trials ,
thus log, k times the combined cost of computations. It is noted that if we have not
adopted the “divide and conquer” technique, then the computational cost would be

ok ([”'(ﬂz_lf‘zﬂ"o‘) -n - |0]. Next, we are searching for an upper bound for the

n=1
computational cost of the algorithm’s 6th step.

Lemma. Vn € N*, where n < k, can be proven that:

([n-(ﬂ2 _na2)] . |0|) 10| < ([n.(ﬁ2 _ka2)] . |0|) k10|

Proof. Let A = [m - (8% —a?)] -| O], then it must be proven that for any n < k:

() wior<(2) 0

! Al
aa—m VO S Ao kel e
1 1
n—D-A-n)! “Gk=—Dl-(A=k) =
k=1 (A—K)! < (n— D)l (A —n)! (n)

Since n < k, where n € N*, then there exists # € N* such that:
n==k—t )
From (1), 2) =
k-—DA-—kN<k-0+D)N-A-(k-1)) <

=G+ hk=—C+D)+D)-k=(C+1D)+2)...-(k=2)-(k—1)-(A—k)!
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<k—-0C+)- A=K A-k+1)-A—k+2)...-(A—(k—1)) <
(k=t)-(k—t+1)....(k=2)-(k—1) < (A—k+1)-(A—k+2)...-(A—(k—1)) (3)

In the products of the inequality k — 1 terms, which are naturals, appear at the most.

Obviously, the inequality holds if each term of the right product is larger from the

corresponding term of the left product, or that each one of the following inequalities
holds:

k—t<A-k+1 “4.1)
k—t+1<A—k+2 & k—t<A-k+1 4.2)
k—2<A—k+t—-1 & k—t<A—k+1 (4.k-2)

k—1<A—-k+t & k—t<A—-k+1 (4.k-1)

It is observed that each one of the above inequalities (4.1). .. (4.k-1) collapses to the
same expression:

2-k<A4+t+1 (5)

Hence, since (t + 1) € N* and (r 4+ 1) > 2 (directly from the definition of ¢) it
suffices, from (5), to prove that for any n < k, where n € N*:

2-k<A & 2-k<[n-(B*=a?)] |0 &

L B —a?)]

0] ©
But
(B2 _ 2
2 2
And
k <0| ®)

From (7),(8) the inequality in (6) holds. Thus, it is proven that for every n € N*,
where n < k, the following inequality holds:

([n.(ﬂz_naz)].|o|> n-10] < ([n-(ﬂZ_kazﬂ-IOl) k10|
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Now, the proof of the proposition can be continued. Since the above lemma is
proven, then trivially it can be proven that Vn € N*, where n < k, the following
inequality stands:

([n.(ﬂz_naz)].|o|> n-10] < ([n-(ﬂZ_kazﬂ-IOl) k10|

Thus, an upper bound for the computational cost of the algorithm’s 6th step is:

([ - (B> —e?)]-10D!
kl-([z- (B> —a®)]- 0| —k)!

log, - (rn (B2 =a)]1-10|

x )-k-|0|=10g2k- -k-|0|

(7 (B> =) -0 =k - ([x - (B2 =] [0l =k =1)...-([x - (B2 —a?)] - |O]) |
k=D ([ - (B> —a®)]- 0] —k)!

= log, k- [O]

log, k
<0((k_21), ([ (B =M1 |0|)"‘+“)

It must be noted that, if number k is unavailable, then it suffices to replace k with
|O] in the above expression. As this term dominates the complexity of the other
steps, this will be the complexity of the NAIVE-MINSEP-EXACT algorithm. W

Conclusions

In this paper a technique which reduces the total computational cost in any
version of point-based Geospatial Abduction Problems (point-based GAPs for
short) was introduced, and an exact algorithm for the natural optimization problem
of point-based GAPs, named MINSEP, was presented along with its computational
complexity results.

Even though the use of GAPs has already been extended from point-based
explanations to region-based explanations [9, 10, 13] and Geospatial Abduction
has even been examined as a game between adaptive adversaries (in terms of
game theory) [11], the field is very promising for future work. First of all, the
extension of Geospatial Abduction must be explored in dimensions greater than
two [8]. In particular, priority should be given to the 3D surface of earth, which is
produced by geospatial digital data such as Digital Elevation Model (DEM), Digital
Terrain Model (DTM) etc. Secondly, the possibility of replacing the deterministic
feasibility predicate with a probability distribution function (PDF) must be explored,
or analogously the replacement of the deterministic «, 8 distances with a PDF based
on distance [8]. Finally, Geospatial Abduction should be able to capture topological
relations between each observation and the set of partner locations, for example, [8]
an observation cannot have a partner across a body of water.
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