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Abstract- In a counterinsurgency environment, patrol or 

spot reports and human observations stream into a soft 

information fusion node in arbitrary temporal order.  

This paper discusses the use of discrete temporal 

features and interval logic for temporal alignment in 

soft information. This aligned sequence can be 

presented to a graph matching method for situational 

understanding. Temporal transformations will provide a 

“present” tense time for incoming messages, which will 

be represented in a graphical form.  The use of the 

OWL-Time ontology, along with a rule based inference 

engine JENA, enables messages to be placed in linear 

order.  Given such information, it is feasible to match 

given scenarios of interest which contain temporal 

specific requirements. This is accomplished using a 

temporal version of graph matching. Extensions on this 

research will include considerations of uncertainty in 

time through fuzzy representations. 
 

Keywords: Graph matching, Temporal, Ontology, OWL, 

TruST, JENA.   

 

1 Introduction 

There is a great need for data fusion in today’s fast paced 

dynamic world. There are many domains that could 

benefit from advances in data fusion. These domains 

include medicine, industry and military services. While 

there have been many advances in technology, there are 

still many issues that have not been resolved. For 

example, in the military realm of counterinsurgency, it is 

often complicated for decision makers to grasp a firm 

understanding of real time events. This is due to the 

difficulties or inabilities of converting increasingly large 

quantities of information in to viable and beneficial 

knowledge. This information currently comes from 

multiple hard and soft sensors. For this paper, only the 

side of soft data fusion will be explored. The soft data 

being considered comes in the form of field reports that 

are used to relay information regarding current events. If 

these reports arrive as a spoken message, they will need to 

be converted into text so that they may be analyzed.  

A method of analyzing these messages is to convert 

them to a graphical form. One approach that has been 

taken to solve the issue of knowledge extraction is that of 

graph matching. Utilizing graphical representations in data 

sets allows for the application of many common tools, 

such as assignment algorithms, to make comparisons 

within the data.  

Once these evaluations have been made, confidence 

levels can be drawn based on some levels of closeness 

exhibited by the data. These will give decision makers the 

ability to make the most informed decisions. Due to the 

exponential nature of graph comparisons, many attempts 

have been made to reduce the time required to solve the 

matching processes. One example of this is the Truncated 

Search Tree (TruST) algorithm designed to eliminate the 

full enumeration of the search tree, focusing only on those 

matches that met some criteria levels [5][6][7]. Taking this 

one step further was an Incremental Sub-graph 

Isomorphism  (ISIS) algorithm designed to handle changes 

in the graph while minimizing the matching times of 

TruST [8] [10]. What has not been considered yet is the 

temporal nature of the data coming in to the data graph 

and how it may assist in decreasing the time required for 

knowledge to be derived from the information.  

2 Literature review 

Temporal models have undergone much advancement 

over the past several decades. Since the early 1980’s, 

models have been developed that address various issues 

relating to concepts such as start and stop times, as well as 

time intervals [1]. In addition, research has been 

completed in the field of relative time. Allen’s interval 

based temporal system included 13 different relationships 

between intervals [2]. These include equal, before, starts, 

and during etc. and each of which can be used to describe 

non specific relative time periods. Alternative lines of 

thought suggest points as representative elements of 

temporal aspects. Combining these two and forming a 

logic that is based on points and intervals had numerous 

problems. The problem here is whether or not the end 

points of an interval are contained within the interval or 

are represented as separate entities (points) [1]. If the 

intervals are closed, then there exist a time when Boolean 

questions can be both true and false. In contrast, if the 

intervals are open, there could exist a time where 

properties may be undefined.  

There have been many extensions made to the 

theories of points and intervals; perhaps the most notable 

of which is Knight and Ma‟s General Temporal Theory 

[1].Their theory is based around one created by Allen and 
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Hayes. Allen and Hayes theory consisted of 5 revised 

axioms of time based on intervals. These axioms were: 

 

M1 „place‟ where two intervals meet is unique and 

closely associated with the intervals 

 

M2 meeting places are totally ordered 

M3 every interval has at least one neighboring interval 

preceding and succeeding it 

 

M4 there is only one time interval between two meeting 

places 

 

M5 if two meeting places are separated by a sequence 

of intervals, there is an interval which connects the 

meeting places 

 

However, it was determined that these were not primitive 

enough for extensions. These axioms only dealt with 

intervals, and to account for “very short intervals” Allen 

and Hayes introduce non-decomposable moments with a 

distinct beginning and end. This lead to M6 and axiom 

saying moments can never meet. As a result, the model 

cannot be dense or discrete. Additionally, the model only 

handles time as an abstraction [1]. 

To generate their own theory based on points and 

intervals, Knight and Ma adapted the axioms, keeping M1, 

M3, M4 and M5. Additional axioms were added including, 

(i) points will not meet other points (interval between 2 

points, (ii) duration assignment: time elements are 

consistent with function d, (iii) an Axiom for Linearity of 

time, (iv) an Axiom for Dense time, and (v) an Axiom for 

Discrete time. The axiom for the linearity of time ensures 

that there can be no circular, parallel and branching time. 

Without this, branching into the past and future allows the 

user to deal with uncertainty about the past or future and 

the effects of alternative actions when they are planning. 

Additionally, parallel temporal frames allow modeling 

separate and asynchronous processes, used for developing 

logics for reasoning about parallel computation and 

concurrent processes. The axiom for the density of time 

states that each interval can be decomposed into two 

distinct contiguous intervals. The axiom for the 

discreteness of time states that each moment has a 

predecessor or successor moment. The result of this theory 

culminates in 30 different temporal relations in the 

following categories: point to point, interval to interval, 

point to interval and interval to point [1]. 

While this review only considers a very limited set 

of papers from the literature; there has been much more 

research that has been performed in this area. Many of 

these ideas can be used during the creation of the 

algorithms that will be implemented in this research.  

3 Problem description 

This research is based on graphical representations of soft 

data. Soft data comes from a variety of sources. In this 

paper, it will be considered informal verbal 

communications from field operatives in the military 

defence area of counterinsurgency. Graphs will be 

represented as an attributed relational graph (ARG). They 

will consist of a set of nodes and arcs represented by 

vertices and edges of the graph respectively. The data 

graph will signify the accumulation of data that has been 

processed and will be compared to a template graph, used 

to symbolize the “question” posed by the intelligence 

analysts. Since the best possible match is desired, there is 

an NP-hard inexact graph matching problem to be 

completed. This gives rise to question of the quality of 

data that is returned.  

 To perform graph matching, consideration must be 

given to the methods of evaluating the similarities between 

the nodes and arcs of the data graph and template graph. 

The semantic similarities are frequently computed on the 

accretion of values as obtained from one-to-one credence 

between the nodes and arcs. For example, on a small scale 

comparison, functions can be developed with the use of 

data triples. Data triples consist of a group of two nodes 

connected by a single arc. The association between the 

data graph and the template graph would be found from 

the highest ranked pair of triples associated to those nodes. 

Algorithms such as these, while effective, can yield many 

match errors. 

It is the objective of this research to use temporal 

features present within messages to provide additional 

information for which to make inferences about. 

Algorithms need to be developed which utilize graph 

matching features similar to those of TruST and ISIS. The 

combination of concepts such as those seen in this paper 

will produce temporally corrected, fast, efficient and 

accurate matches to the questions being posed by military 

analysts.  

3.1 TruST 

The TruST algorithm is centered on a state space search 

technique utilized for many optimization problems. This 

technique employs parameters to control both the breadth 

and depth of the state space. At each step within TruST, 

only the nodes which meet a criteria level are examined. 

This procedure controls an exponential expansion of the 

tree but does not guarantee and optimal solution is found. 

Each level of the tree adds one pair to the parent problem. 

The pair consists of one template node and one data graph 

node. To correct the problem of topologically different 

mismatched graphs, TruST engaged an additional level of 

similarity analysis by including increased topological 

accuracy throughout matching.  

TruST developed a concept referred to as “1-hop 

neighborhoods”. This neighborhood is defined as a root 

node and all other nodes with an edge distance equal to 

one away. For a given set of data graph and template 

graph nodes, a linear assignment problem can then be 

solved over their neighborhood. Due to each component 

generating a part of the average node-to-node and 

connecting edge-to-edge score, the result is a unique 1-hop 

neighborhood score based on the surrounding 
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neighborhood. Pairs added to the parent problem must be 

directionally equivalent for both template and data graph. 

Once this pair has been added, a new score is calculated 

for the child node. To accomplish this, TruST takes the 

average of all scores from node and edge pairs.  

The truncation parameters applied in TruST limit the 

amount of pairs to be examined throughout the search. At 

most, the best ki+1 sub-problems may be chosen at level i. 

k0 is initially set to be large in order to consider enough 

starting points, while future ki’s are set to be small to 

control the state space. Additionally, parameter βi is used 

to control the branching and δ is used to control the depth 

of the search tree. Any duplicate sub-problems that occur 

at the same level are fathomed. If a node in the data graph 

has no adjacent nodes to the template graph, a penalty is 

added to lower the 1-hop neighborhood score. The TruST 

algorithm outputs a match within the data graph that best 

corresponds to the template graph. 

For this research, the concepts present in TruST will 

need to be altered from their current state. The current 

TruST is static in relation to time. The development of a 

dynamic version of graph matching needs to be created. 

This program will respond to changes in time as well as 

well as provide matches that consider the temporal 

structure of events and nodes.  

4 Methodology 

Data messages contain a great deal of information that can 

be useful in determining essential facts regarding a 

situation. The data this research is concerned with is that 

which pertains to time. For instance, a message may refer 

to a specific time of day at which some event occurred. 

Alternatively, there could be a less descriptive reference 

to time, such as the afternoon of a given day. These 

messages need to be categorized and arranged in a manner 

that will be consistent with temporal reasoning.  

It is first necessary to understand the possible 

representations of time as it might exist in a message. 

Initially, the message is likely to contain a time stamp. 

This corresponds to the time the message was received. A 

list of key words which indicate additional characteristics 

of time is needed. These words are slightly broad 

categories which could be further broken down into 

subcategories of elements of time that are needed. A 

breakdown of these key words and elements can be seen 

in Table 1 and Table 2. 

While the X’s in the tables represent a time element 

that is applicable to the category, it is often found that the 

data is often incomplete and can contain some or none of 

the time elements listed. Furthermore, while many of the 

basic temporal aspects have been covered above, there are 

several more obscure concepts remaining. Some of these 

include topics such as age, duration and frequency. Age 

and duration could contain time elements such as day, 

weeks, months and years. Dissimilar to all others, 

frequency could have vital elements of number of times 

per period of time, as well as a start and end time for the 

frequency.  

 

Table 1. Key characteristics and elements of time that refer to specific points in time. 

 

 

Specific Time References  

 Second Minute Hour Time Zone Day Month Year Start End Weekday 

Time Stamp X X X X X X X   X 

Now X X X X X X X   X 

Before X X X X X X X   X 

After X X X X X X X   X 

Yesterday     X X X   X 

Today     X X X   X 

Tomorrow     X X X   X 

During X X X X X X X X X X 

Day of Week          X 

 

Table 2. Key characteristics and elements of time that refer to non-specific points in time. 

 

 

 

Non-Specific Time References  

 Second Minute Hour Time Zone Day Month Year Start End Weekday 

Morning X X X X X X X X X X 

Afternoon X X X X X X X X X X 

Night X X X X X X X X X X 

Midday X X X X X X X X X X 

Evening X X X X X X X X X X 
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There are multiple approaches that can be taken to 

solve this problem. One such approach to dealing with 

temporal issues under streaming data is with the help of 

ISIS which is detailed in the next subsection (See Section 

4.1). A different methodology which can be applied is the 

use of an ontology and XML schemas to address 

concepts of temporal issues (See Section 4.2). 

4.1 ISIS 

While TruST performs quite well and yields good results, 

it can be inefficient when rerunning calculations 

containing new data. To increase effectiveness of TruST, 

an incremental sub-graph isomorphism (ISIS) search was 

implemented [10]. The only inputs required for the ISIS 

algorithm is a data graph and an initial matching result 

for the existing (pre-incremented) data graph. ISIS will 

provide identical results to that of TruST; yet reduce the 

overly redundant intensive calculations performed by 

TruST due to small changes in the graph. The necessary 

parts of the search tree are first reconstructed and ISIS is 

engaged only when triggered by specific events such as 

the addition or deletion of a node or arc. After this stage 

is complete, a determination is made to see which nodes 

are affected by the change. Once this step is finished, 

changes in the 1-hop neighborhood are calculated. 

Results are then updated through recalculation of the 

affected state space search that occurs within TruST. In 

this case, the affected state space is where the template 

graph to data graph node mappings is not the same, or the 

same mappings exist with differing scores. When the 

calculations are performed in these algorithms, it is 

assumed that the similarity functions that are used to 

compare the nodes and arcs are given. 

The result that can be obtained from the application 

of incremental sub-graph isomorphism technique is a 

highly reduced search time required during the dynamic 

matching process. Over time, the cumulative data graph 

will grow and applying a graph matching algorithm such 

as TruST recursively, will cause extensive delays when 

performing the search. The application of ISIS will be 

particularly beneficial in this research due to the nature of 

temporal messages. As previously stated messages 

frequently come in out of sequence and need to be added 

in to the cumulative data graph.  The addition of these 

messages will likely cause many changes in matches 

developed to date.  Rerunning all calculations each time a 

message is added in would result in large delays in 

matching times.  ISIS will allow matches to be completed 

quickly and efficiently with the addition of messages in 

the data graph, requiring only partial matching to be 

completed on the nodes which were affected by the 

change. In the worst case, the affected search space will 

be the same as it was in TruST and the addition of ISIS 

will yield no improvement, however it has been proven 

that the probability of encountering this worst case 

scenario decreases with increasing result quality and also 

decreases with an increase in the density of the graph. 

Further details on ISIS can be found in [10]. 

 

 
 

Figure 1. Incremental Graph Search Inputs and Outputs. 

 Temporal semantic comparisons 

4.1.1 Temporal ontology 

Ontology is an accumulation of knowledge with respect 

to a group of similar concepts, entities and events, and the 

relationships that exist between them. It also describes 

the properties or elements of the ideas being presented. 

Here, an ontology needs to be created that depicts all 

representations in the domain of time. There exists a 

partial temporal ontology which was created by WC3 and 

is called OWL-Time (OWL) [4]. This contains features 

similar to those characteristics described in Table 1 and 

Table 2, however is not adequate enough to be used as a 

comprehensive temporal ontology. Additions were made 

to the OWL ontology to develop a complete 

representation of the temporal aspects that apply to this 

research. To accomplish this, a full listing of the months 

was added. Also, relationships were created that 

accounted for key characteristics such as Today, 

Tomorrow, etc. These additions also required the 

connections of the correct elements that are associated 

with the temporal references. When a full temporal 

ontology is developed, it can be used when creating an 

XML schema. 

 Here we want to illustrate some of the instances of 

the temporal ontology as it would be represented within 

XML format.  A time stamp is given as:  

 

<timeStamp> 

     <Time>12:14:10</Time>  

     <timeZone>GMT</timeZone>  

     <Date>4</Date>  

     <Month>5</Month>  

     <Year>2007</Year>  

 </timeStamp> 
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 This is an important part of each message and 

provides the time the message occurred as well as the 

date and time zone.  

 

A duration instances in the ontology is defined as: 

 

<Duration> 

  <Minutes>30</Minutes> 

  <Starttime> 

   <Time>09:00</Time> 

  <Date>19</Date> 

  <Month>1</Month> 

  <Year>2007</Year> 

  </Starttime> 

  <Endtime> 

  <Time>09:30</Time> 

   <Date>19</Date> 

   <Month>1</Month> 

   <Year>2007</Year> 

  </Endtime> 

</Duration> 

 

 This describes an event which lasted a half an hour, 

from 9:00am to 9:30am on 1-19-2007.  The start and end 

time are also given to allow for further comparisons in 

temporal matching.  Keeping such data enables matching 

to occur within specific periods of time and can narrow 

down a field of search. 

   

An instance of frequency is defined as: 

 

<Frequency> 

 <times>3</times> 

 <referencePeriod>day</referencePeriod> 

  <referenceDuration> 

   <minutes>20</minutes> 

  </referenceDuration> 

  <referenceStarttime> 

   <Date>14</Date> 

   <Month>2</Month> 

   <Year>2007</Year> 

  </referenceStarttime> 

  <referenceEndtime> 

   <Date>14</Date> 

   <Month>2</Month> 

   <Year>2007</Year> 

  </referenceEndtime> 

</Frequency>  

 

 This frequency is used to detail an activity that 

occurs three times a day for twenty minutes for only one 

day, 2-14-2007. 

4.1.2 Temporal schema 

Once a temporal ontology has been developed, an XML 

schema can now be created. The XML schema has many 

purposes. The schema should define what elements will 

be found in the document, as well as the attributes 

associated with them. It provides the hierarchy of parent 

and children relationships, and establishes the required 

and optional attributes for each element. Each feature of 

the schema should also be represented from within the 

ontology. The XML schema establishes the rules that 

each XML file must follow.  

4.1.3 Temporal transformation 

Once a basic understanding of temporal aspects has been 

developed, it is essential to understand that these 

messages will not necessarily occur in a time ordered 

fashion. The fact is that messages are frequently not 

sequentially ordered and arrive in a disjointed manner. 

When considering the graph matching process, it would 

be more difficult to match data which dealt in multiple 

tenses of time. To eliminate this problem, a temporal 

transformation of data needs to occur to convert messages 

in to a present state. This eliminates the higher level of 

understanding that would be needed to compare messages 

in past, present and future tense form. For example, a 

message may refer to an event that had happened several 

days in the past, serving to update or provide additional 

information about the occurrence. With this knowledge, it 

is possible to shift the time stamp on the message to 

appear as if the message was spoken on the day in 

reference.  

 A transformation such as this will require a series of 

mathematical equations and computer programming to 

account for the change in time. With a pre-existing 

knowledge of the messages time stamp, and given a 

discrete time represented in the message, calculating the 

present tense of the message becomes possible. An ideal 

outcome of this process is demonstrated with message 1 

and 1'. 

 

Message 1: John was sick three days ago. 

Time Stamp- Monday, January 5
th

, 2009 11:30:00 

 

Message 1’ : John is sick. 

Time Stamp- Friday, January 2
th

, 2009 11:30:00 

 

 To automate this process, a computer program 

would be needed. This would require a series of 

commands to will take in account the current time stamp. 

Also, data would need to be reduced to it finest category. 

This means if 90 hours were given, it should be 

represented at 3 days and 18 hours. The program would 

perform data calculations, while upholding various 

constraints that would need to be applied. This includes 

constraints that will uphold conditions such as the 

number of days in a month and number of months in the 

year.  Therefore, it would need the capability of being 

able to process changes in months if, for example, a 

message was received on January 3
rd

 of 2008, and 

referred to an event which occurred five days prior.  Not 

only would the date no longer be in the same month, but 

also the year in which this event would be different.   
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 In addition, similar transitions need to occur to 

handle changes in time zone.  If comparisons are being 

made, checks need to ensure that the matches being 

produced meet temporal constraints in the same time 

zone.  The results could be greatly affected if this time 

change is not observed. 

4.1.4 Programming applications 

Once the message transformation has been completed, a 

code can be developed to apply these alterations to the 

data. Modifications can be made to TruST to 

accommodate temporal aspects of data to assist in more 

specific graph matching that considers matches with 

respect to time.  

 Additionally, messages can be received that update 

previous messages regarding its temporal features. If this 

is the case, features of ISIS may be applied to determine 

if these changes have any effect on the matches that had 

been previously determined. If this is the case, the graph 

matching can be resumed at the point where the change 

occurred. Otherwise, the graph matching algorithm need 

not be run. This will accelerate the matching process and 

reduce the amount of unnecessary calculations that must 

be performed. Thus, data analysts will be able to make 

more accurate decisions in a more timely fashion. 

4.1.5 Initial test phase 

In order to test the ideas being presented here, a random 

graph must be created to check against the existing 

database. To create this random graph, it is thought that a 

sequential and logical pattern will be needed. For 

example, if we wish to match the implementation of an 

improvised explosive device (IED), if would be illogical 

if a match occurred with the following time ordered 

steps: 

 

1) A man was seen filling in a hole 

2) A man placed a device in a hole 

3) Someone was seen digging a hole 

 

 It stands to reason that a match should only be given 

consideration if the steps are more similarly ordered as: 

 

1) Someone was seen digging a hole 

2) A man placed a device in a hole 

3) A man was seen filling in a hole 

 

 To accomplish this task, programs are being 

examined that can create these random yet logic patterns 

of data. The Workflow Management Coalition (WFMC) 

may assist with this goal. This group is concerned with 

the standards of workflow that allow multiple workflows 

to coexist and facilitates interoperability [9].  Once a flow 

has been established, it can then be run for matches 

within the program and comparisons can be made.  Some 

level of confidence may need to be given here as well, 

depending on how closely the match meets the logical 

sequence of steps.  Consideration must also be given on 

whether match will be given a similarity score of zero if 

it lies outside the interval of time being examined.  

Otherwise, the match may be scored lower as the time of 

the message gets further from the time in question. 

4.1.6 Example 

Suppose there is a section of messages (Table 3), which 

are presented to the analyst in the order in which they 

arrive. In this example, it can be seen that the messages 

lack logical structure and, if read in sequence, do not 

produce a cohesive story. The first message leads the 

analyst to wonder what blue car is being referred to and 

why is it important. The end result of the message set is 

an improvised explosive device (IED) detonation killing 

and injuring many.  

 Table 3. Initial Message Sequence. 

Arrival 

Date 
Message 

3/13/2010 
Same blue car was seen outside of house 

on 217 Franklin Street. 

3/14/2010 
Same man was seen leaving Dorian’s 

house in a blue 4 door sedan. 

3/15/2010 

Man was seen in John Dorian’s house 

(well known financial supporter of 

terrorism). 

3/18/2010 

Blue car was seen in the vicinity of 

Mosque where it remained stationary for 

the remainder of the night. 

3/20/2010 
Car is no longer seen near Mosque on 

3/19/2010. 

3/21/2010 

Search of 217 Franklin Street finds 

abandoned building with remnants of 

bomb supplies and chemistry books. 

3/22/2010 
IED explosion outside of Mosque kills 15 

and wounds many others. 

  

 Given some additional data, or metadata and 

following many of the axioms established by Ma and 

Knight [3], the messages can be arranged to produce a 

more logical pattern. Since the temporal data that is 

attached in these messages is given in terms of intervals 

of time (days), we can use the axioms of the intervals 

having at least one neighboring interval before and after, 

as well as the “place” where two intervals meets is 

closely associated with the intervals. To order this 

sequence, a place or point which separates the intervals 

between days can be deemed to occur 12:00am of each 

day. The messages all occur within a given month, and 

therefore the day of the month can be used to sequence 

the messages in an incremental linear timeline. It is noted 

that when the messages span a larger range of time, a 

separate set of algebraic constraints will be required to 

sequence messages between months, years, etc. 

Additionally, similar constraints will be needed to handle 

more specific temporal events. This will need to 

accommodate events that are specific to a time during the 
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day (where many intervals are required to describe a 

single day).  Applying these rules, we can linearly 

sequence the above messages (Table 3) to appear in the 

following order (Table 4) based on occurrence.  

Table 4. Reordered Messages. 

Occurrence 

Date 
Message 

3/07/2010 

Man was seen in John Dorian’s house 

(well known financial supporter of 

terrorism). 

3/07/2010 
Same man was seen leaving Dorian’s 

house in a blue 4 door sedan. 

3/12/2010 
Same blue car was seen outside of house 

on 217 Franklin Street. 

3/17/2010 

Blue car was seen in the vicinity of 

Mosque where it remained stationary for 

the remainder of the day. 

3/18/2010 

Search of 217 Franklin Street finds 

abandoned building with remnants of 

bomb supplies and chemistry books. 

3/19/2010 
Car is no longer near seen Mosque on 

3/19/2010. 

3/22/2010 
IED explosion outside of Mosque kills 15 

and wounds many others. 

 

 Once this timeline has been developed, it is clear to 

how the messages develop from each other and will lead 

up to the final IED explosion event. If an analyst was 

given the messages in this sequence, it is plausible to see 

that the explosion could have been prevented had 

appropriate actions been taken. If the actions in the 

messages had been interpreted correctly, it could be 

inferred that a terrorist attack was imminent. From the 

first message, a man meets with a financial supporter, 

which applying some inferences, this man could have 

received a sum of money. That man’s car was then seen 

outside a home and several days later was seen parked by 

a mosque.  After a search of the home yields supplies 

used to build bombs, it could be inferred that a bomb was 

built and possibly transported in the blue car. Since the 

car remained outside of a mosque for an extended period 

of time, it could also be inferred (with the use of the prior 

information being obtained) that a bomb was planted in 

or near the mosque.  After accumulating this information, 

a team could have been sent to explore the area, and the 

bomb could have been found and disarmed. This would 

have prevented the casualties and damage. Although this 

is based on inferences, a properly trained analyst 

presented with the right information could make 

determinations such as these. 

 Alternatively, it may be possible to at least partially 

remove the human interaction and inferences required 

with this process. This would be done with a database of 

conditions that would be continuously compared to the 

timeline and cumulative data graph.  For example, if 

there was a template graph designated such as the one 

seen in figure 2, an alert can be sent out for analysts to 

watch for possible terrorist activities when some or all of 

the conditions are met.  If a large enough and 

comprehensive database of terrorist activities was 

created, it could potentially lead to the prevention of 

terrorist acts and the saving myriad of lives. 

 

 

Figure 2. Template graph searching for IED explosion 

Once these applications are put in place, an appropriate 

method of scoring must be applied.  One of the benefits of 

using the OWL ontology and the JENA API is the ability 

to use SPARQL to query the data set.  JENA is used as a 

framework for OWL and SPARQL, and also contains an 

optional rule based inference engine.  With SPARQL, a 

query can be made against the temporal information that 

has been extracted from the data.  Such queries could be 

automatically built in to the database of terrorist activities, 

or manually searched by data analysts.  Once the query 

has been answered, a temporal score needs to be given 

based on the relative closeness to the desired time.  Due 

to the inaccuracy associated with this process, a specific 

time cannot necessarily be searched without having an 

acceptable range of error.  At the completion of the query, 

all data points that meet the given criteria within the 

acceptable range will be returned.  These data will be 

scored based on a function that accounts for the closeness 

to the desired event.  For example, a triangular function 

could be applied to results, with the highest weight being 

given to the requested event time, with the weights 

decreasing as the difference in time decreases or 

increases.  This will help to give a more realistic score to 

the query, while helping to account for the more plausible 

events. 

5 Conclusion 

In the domain of counterinsurgency, the implementation 

of temporal aspects within graph matching has the ability 

to greatly affect the analyst’s ability to make accurate real 

time decisions regarding the observed world. Altering the 

code that is used in TruST can allow for more accurate 

matching, regarding time or logical sequence of events. 

Additionally, adding features from ISIS will decrease the 

time spent on graph matching, requiring a generally 

smaller search to occur only when necessary. The 

application of these concepts will enable faster, more 
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accurate knowledge acquisition to occur and actionable 

decisions to be made.  

6 Future research 

While there have been many ideas here to focus on 

transitions and implementations of discrete temporal 

concepts within graph matching, there is further research 

to be considered. For example, when a solid foundation 

has been established for discrete time, there is a need to 

make conversions between fuzzy times as well. The 

characteristics and elements presented in Table 2 do not 

provide a detailed description of the referring time. 

Therefore, a separate set of conversions will be required 

that can provide a range of time with some given level of 

confidence.   

Table 5. List of words and phrases which denote fuzzy 

time. 

Approximately Long periods of time 

Around Last few days 

Mid-month Nearly an hour 

A couple of days ago Late at night 

Sometime in March Next few hours 

Soon Lately 

 

 In addition to the references such as afternoon, there 

are many words that cause a description of time to 

become fuzzy. Some of these words and phrases can be 

seen in Table 5. Once this is complete, an altered version 

of the graph matching program will likely be needed to 

match between fuzzy nodes and arcs [11].  
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