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Abstract - Recombinant Cognition Synthesis (RCS)
provides an architectural framework and methodology
for combining multi-source metadata with predictive
and analytic algorithms to synthesize actionable
knowledge. RCS bridges an implementation gap in the
current Joint Directors of Laboratories (JDL) Data
Fusion model by specifically addressing the integration
of fusion levels 2 to 4. The Situation Awareness (SA)
envelope is predicated on a three-dimensional vector
space, which comprises spatial, temporal, and semantic
attributes of multi-source object metadata. The Threat
Assessment (TA) envelope is defined by the vector space,
which comprises means, motive, and opportunity
weighted coefficients. Machine learning algorithms,
statistical analysis, and predictive data mining
techniques are applied to recombined metadata fused
across its trans-dimensional attributes. An extension to
the ISO 19115 model captures the necessary metadata
for this fusion framework, and additionally provides the
qualitative and probabilistic attributes to enable Process
Refinement (PR).

Keywords: Data Mining, Fusion Architecture, Multi-
Modal/Source Data, JDL Fusion Model, Fusion Levels 2,
3, 4. Machine Learning, Predictive Analytics, Situation
Awareness, Threat Impact Assessment, GIS, Knowledge
Discovery, Decision Support.

1 Introduction

Current JDL Level 2 to 4 fusion practices have a
penchant for processing single-source single-dimensional
objects. Powerful artificial intelligence algorithms (e.g.
machine learning), statistical analysis (e.g. regression) and
data mining techniques (e.g. decision trees) are already
being successfully used; however they are mostly applied
to a collection of aggregate objects within only a single
dimensional slice of the problem space. Accordingly, the
resulting Common Operating Picture (COP) and the
ability to develop a hypothesis about the Enemy’s Course
of Action (ECOA) lack a comprehensive context in the
solution space.

This limitation makes the abduction, induction, and
deduction reasoning process of pattern discovery and
subsequent pattern detection [1][2] both impractical, and
imputed with unnecessary ambiguity [3][4]. At the core of

the Recombinant Cognition Synthesis architecture is the
implementation of a metadata model, which abstracts an
object in the problem space into its constituent spatial,
temporal, and semantic attributes. With each object in a
homogeneous aggregate collection possessing at least one
of these trans-dimensional attributes, it allows for
recombination with other collections, which intersect each
other at one or more fusion points within this trans-
dimensional feature space. The term trans-dimensional is
used to distinguish it from another important characteristic
in data fusion and predictive analytics called high-
dimensionality [5][6], which refers to an abstract solution
space of a dependent variable as a point in n-dimensional
space, whose dimension is determined by the number of
independent features variables. These n-feature variables
in turn may comprise one or more spatial, temporal, and
semantic vectors.

Analysis of single-dimensional feature sets result in
fragmented views of the problem and solution space. Note
that multi-modal data fusion has been very successful for
fusion level 1, which leads to determining the object and
its attributes from several different input sources (e.g.
sensors). Nevertheless, there is a gap in considering rich
multi-source data in order to formulate a clear context of
the level 2 and 3 domain space. A realistic COP comprises
the aggregation and fusion of trans-dimensional rich
feature sets, upon which pattern discovery and detection
are applied. Figure 1 depicts this juxtaposition.

Fig 1. Recombination is a key factor in a holistic view
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2 The RCS Fusion Domain Space

Arguably, E.F. Codd was the first to define the
relational data model and its normal rules, to which
Raymond F. Boyce later added, thereby forging the
framework for Dr. Peter Chen’s Entity-Relationship (ER)
model [7][8][9]. Data modeling paradigms then extended
to include the Object data model, which encapsulates
complex data-types and the methods which operate on
them, and its hybrid, the Object-Relational model.

These data model paradigms serve to abstract the
domain objects and their interrelationships. In data fusion,
“joins“ akin to those of the parent-child relationships in
ER are sought - albeit within more complex dynamics and
among heterogeneous objects whose bonds are created by
sharing common attributes in either point-intersections
(e.g. common trans-dimensional attributes) or interval
thresholds (e.g. a common range, a buffer) along shared
trans-dimensional domain of space, time, and semantics.

2.1 The Trans-Dimensional Vector Space

The RCS framework is predicated on trans-
dimensional objects; it is the next step taken after fusion
levels 0 (sub-signal/signature assessment) and 1 (object
refinement) are processed. In the revised-JDL model,
fusion levels 0 and 1, multi-modal/source input such as
voice, radar, imagery, video, biometrics etc, have specific
fusion techniques, whose purpose is to combine the
modality information to detect, characterize, locate, track
and identify objects. Functions performed in fusion levels
0 and 1 include data alignment, correlation, attribute
estimation, and object identity estimation [10][11]. At
level 1, objects may be identified and fused based on their
shared modality signatures, e.g. fingerprints, DNA,
spectral, thermal properties. Levels 0 and 1 for the most
part fuse objects within the same feature-set. For higher
level JDL processes such as 2 and 3, the RCS architecture
enables fusion of objects and aggregates that span trans-
dimensional vectors.

Objects with geo-spatial attributes are related in
terms of spatial connectivity, contiguity, thematic
overlays, proximity and so forth. This is the domain of
Geographic Information Systems (GIS), which provides a
rich set of functionality that operates on spatial primitives
such as points, lines and polygons, as well as more
complex topologies in 2-D and 3-D geometric space.
Traditional solutions include spatially enabled databases,
which allow for the storage of the coordinate geometry of
its objects. Mature architectures exist which provide
advanced solutions for analysis, exploitation and
visualization of spatial data [12].

Temporal objects coalesce about a point-in-time (e.g.
timestamp), or within a time-interval (e.g. start and end);
periodicity is modeled as a special case (derived or
inherited) of either representation according to the
particulars of the event or object. This attribute dimension

leverages techniques such as trend and forecasting
analysis, regression analysis, and more complex
algorithms such as interval time-series analysis [13][14].

The semantic dimensional vector imputes meaning
and context to the objects in a feature-set, and extends the
traditional ER model to include any object’s qualifying
attributes. These attributes may be numeric (e.g. age,
salary), categorical (e.g. color, name, profession), intra
and inter object relationship properties (e.g. social,
family), kinematics (e.g. speed, acceleration), behavioral
(e.g. threatening, loitering), as well as other information
that provides semantic context. Paradigms like Web
Ontology Language (OWL) and Resource Description
Framework (RDF) triplets, which specify complex
interactions and support inference methods, can also be
aggregated to the semantic vector. All of the above trans-
dimensional vectors are indeed structured, in that they
possess specific attributes and can be stored in a database
system – that is a key design component in RCS. This
enables all attributes in the problem space to be effectively
recombined. Unstructured data, such as free text on the
Web, or documents, can be incorporated into the fusion
process, after algorithms are applied. For example, Latent
Semantic Indexing (LSI) [15][16][17], a technique in
Natural Language Processing (NLP), specifically vectorial
semantics, exploits relationships among documents. Once
unstructured data has been transformed and ingested into
its corresponding structure equivalent, within the RCS
vector space, LSI can be further applied to additional
components of the semantic trans-dimensional vector,
thereby extending its original applicability. Other
structured frameworks such as RDF and OWL can be
linked to the RCS semantic vector, further enriching the
context of the fusion domain space.

2.2 An RCS fusion scenario

Spatial and temporal objects can be technically
represented solely by geographic (e.g. id, x-coordinate, y-
coordinate, for a point in 2-D space) and time attributes
(e.g. id, timestamp or id, start-time, end-time) respectively.
By themselves, devoid of any semantics, these objects
would not be very useful – note that the “id” attribute is
devoid of any meaning, and is used only to organize or
index the objects within the feature-set.

Seldom is this the case, as these trans-dimensional
vectors usually further qualify a semantic object (i.e. an
object imputed with specific meaning and context, e.g.
John Doe, Age 45, Height 5’7’’, Weight 180, Id
1234567890 lived at 123 Mystreet, Anytown between
August 1967 and September 1984). Nevertheless, in
instances when only minimal information is available for
the target, knowledge can be synthesized from other
objects of different feature sets within the Situation
Awareness Envelope (SAE) whose trans-dimensional
vectors intersect the target object. An SAE is analogous to
an Area-of-Interest (AOI), but specific to the RCS fusion
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domain space, and it encompasses all three trans-
dimensional vectors. It serves to define the problem and
solution space.

The following example illustrates this trans-
dimensional fusion concept. The scenario is as follows: at
t0, Saturday, February 16, a burglary is reported at the
Lakepointe community clubhouse; an expensive collection
of comic books was taken. Two individuals were seen
getting into two separate vehicles and leaving the premises
at about the same time and within five minutes of the
intrusion alert. A crime has been committed and it must be
solved using unknown-vehicle tracks comprised of a
connected series of locations xn, yn at time tn, and
disambiguation by recombination. Fortunately, and due
mainly because of the high Home-Owners Association
fees, the community enjoys a sophisticated surveillance
system. Two overhead platforms using Electro-Optical
(EO) and Radio-Frequency (RF) modalities, capture
Moving Target Indicators (MTIs). Imagery Intelligence
(IMINT) is also used during this Fusion level 0 and 1
processing, and summary tracks from the MTIs are
generated using a Multi-Hypothesis Tracker (MHT) [18].
This Level 1 output is then fed into the downstream Level
2 and 3 fusion processes performed within RCS.

Fig 2. Multi-Source Trans-Dimensional Fusion

In figure 2, the dashed lines represent Movement
Intelligence (MOVINT), i.e. the tracks generated from
MTIs; in this particular case Ground MTIs (GMTIs).
Shown are four vehicle tracks in blue (VB), black (VK),
green (VG) and red (VR), depicting their start (s) and end
(e) points. Note that the output of Level 0/1 fusion of
summary tracks may well have included kinematic
attributes such as speed and direction, but not necessarily
other object characteristics (e.g. whether it is a car, truck
or tank) - this scenario assumes only geo-coordinates and
time are available for the vehicle movement feature set.

The following post-processed feature sets are
available within the Situation Awareness Envelope: (a) a
License Plate Reader (LPR) at location (1) which takes
pictures of vehicle license plates as they pass by – for this
example lets assume that the VG, and the VR were

photographed (still-image) at location (1) at t1 within a
small fraction of time of each other, plates FLABC and
FLXYZ where captured. (b) Signal Intelligence (SIGINT),
in this case Cell Phone detection ellipsis (CELL) at
locations (3) and (5) at t3 and t5 respectively. A Cell phone
ellipsis indicates that a particular cell phone was in use
between tn and tn+δ within an area represented by the
corresponding error ellipsis. Cell number 555-1234 and
555-0000 were coincident with VB and VR at space and
time frame (3), and cell number 555-5555 was coincident
with VK at space and time frame (5) (c) Human
Intelligence (HUMINT) was collected at location (2) at t2

by a security guard patrolling the neighborhood, who
noticed VR cutting off VB at the intersection. It happened
too fast for him to write down the license plate, but he was
able to note the color, make and model of the vehicle – a
green Honda Civic. (d) Property Appraiser records were
collected from Open-Source Intelligence (OSINT) (4) and
fused geospatially with a GIS to match information from
all end points of all four vehicles with their corresponding
address and homeowner information. The result: John
Doe, Jane Smith, Bart Simpson™, and Juan Valdez™,
and their corresponding domiciles are now linked to each
of the four MOVINTs.

Data for driver’s license and registered vehicles were
retrieved from the Department of Motor Vehicles (DMV)
and fused by owner names and addresses that matched the
properties records. Cell Phone numbers and records,
which also included calls made and received, their start
time, duration and approximate location, were likewise
collected. It turns out that Mr. Bart Simpson, who lives at
8413 Lexington Dr., drives a green 1999 Honda Civic; a
match with the HUMINT information (2). The license
plate of Mr. Simpson’s vehicle, FLABC, also matched one
of the plates captured by the LPR at (1). Furthermore, Mr.
Bart Simpson’s phone number is 555-1234, and a match at
the space and time frame with one of the two numbers
captured by the SIGINT at (3). A criminal background
check reveals that Mr. Bart Simpson has been detained
and interrogated twice within the last 4 months concerning
other illicit activities in the community.

Using Support Vector Machines (SVM) as a one-
class classifier for anomaly detection, it is determined that
Mr. Simpson’s behavior and other relevant attributes in
the SAE, flagged him as an outlier with respect to other
members of the community [19][20]. Mr. Simpon’s home
was placed under surveillance, and his social network was
mined using link-analysis [21][22]. His associations
include individuals with questionable backgrounds, who
themselves have been under suspicion of involvement in
similar criminal activity. Based on all the correlated data,
there is a 92% probability that Mr. Simpson was the driver
that left the burglary location at t0 and is implicated in the
incident. Minimum Description Length (MDL) [23]
algorithms were applied to rank attribute importance; it
was determined that the SIGINT was the least effective
variable in predicting the target value. Accordingly, the
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corresponding collection platforms were removed. The
cost savings were applied to procure an additional LPR,
which was located at a strategic intersection based on
suspicious MOVINT and traffic volume to and from
sensitive areas. Authorities are confident that further data
mining will lead to the ring-leader, and that predictive
analytic techniques will reveal the gang’s likely next
target; the case is on-going.

2.3 RCS Fusion Level 2 (SA)

Powerful machine-learning algorithms, statistical
analysis, and data mining techniques are available, yet
they mostly focus on a limited view, specifically applied to
single dimensions of single source data. The RCS fusion
and exploitation method proposes a pragmatic architecture
for the implementation of a domain-agnostic JDL Level 2
to 4 integration. RCS focuses on three key correlation and
fusion dimensions. This trans-dimensional abstraction for
Situation Awareness comprises objects in their time-space,
and semantic continuum. The semantic dimension also
includes the object’s context, which is defined by its inter
and intra feature-set relationships at the object and
aggregate level (e.g. granularity and cardinality), and with
its environment.

The resultant object vectors define the boundary of
the features-sets’ container at t1. Adding new information
at t1+Δ results in a vector displacement within the envelope
that can be used to ascertain the dynamics of the system;
in this model t0 is reserved for a precondition. Therefore,
the situation awareness envelope is fluid, in contrast with
static AOIs, and as such an SAE is able to more accurately
and pragmatically represent any given situation.

Fig 3. Three-dimensional abstraction of the SAE

Figure 3 depicts the concept of feature-set containers
within the trans-dimensional domain. All three of these
main vectors comprise more complex associations. Note

that signatures such as fingerprints, spectral sources,
voice, DNA, iris-scan, etc. are mostly used to correlate
information and identify an object within the same
homogeneous modality; and is generally a fusion 1
process. The concept of a cross-modal signature in a trans-
dimensional space is equivalent to a pattern innate to a
particular solution space e.g. the collective trans-
dimensional attributes that identify a locus of objects
implicated in a specific situation or threat. The
recombination of multi-source object metadata effectively
promotes the discovery and detection of such complex
trans-dimensional patterns. Accordingly, this model
provides a comprehensive awareness of the situation,
where all dimensions are considered, and facilitates
relationship traversal along the space, time, and semantic
vectors, as well as the ability to drill-down to particular
attributes and at different levels of granularity (e.g.
domain, container, feature-set, object ). Algorithms used
in fusion, data mining and predictive analytics are
probabilistic more so than they are deterministic, thereby
imputing the process with a stochastic characteristic. The
result is a buffer around the boundary of the solution
space, representing the variability due to the bias and
error, attributed to considerations such as computational
and algorithm accuracy, data reliability, data quality, and
the models being used [24][25][26][27].

Fig 4. Selected RCS Fusion Metadata Attributes

Figure 4 depicts selected fusion enabling attributes.
These are maintained in a master table at different levels
of element abstraction (e.g. feature, feature-set, collection,
container, and environment). A feature-set and attribute
look-up process provides the driver for recombination;
therefore normalization is preserved for single
dimensional processing. Denormalization is designed for
specialized cases (e.g. data-marts with multi-dimensional
aggregation, performance). The distinction between
recombination and fusion is that fusion is the superset of
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processes and algorithms that establishes relationships
between and among objects within homogeneous and
heterogeneous feature sets. In contrast combination is a
more simple type of fusion, whereby objects are linked by
shared attributes in their trans-dimensional vectors. RCS
supports complex situational-awareness visualization,
enabling the display of spatio-temporal and semantic
attributes. This includes a GIS, and a time-series slider for
tracking objects across slices from t-n to tn; juxtaposing
selected time snapshots with reference to its past and
projected future states. Alerts, which are messages to end-
users or components outside the RCS system boundary,
are sent upon satisfying complex criteria, which may be
based on any SAE vector, or combination of vectors
within the COP. Likewise, triggers, which are internal to
the RCS mechanism, spawn tasks related to Process
Refinement. Additional quality and confidence metadata is
tagged at different levels of granularity. Output of the data
cleansing process is catalogued with its respective feature
set, and along with pedigree information, forms part of the
quality coefficients that are combined with reliability and
confidence values according to the algorithms used during
the recombination sequence. The result is that each slice
tn of the SAE is qualified to provide the analyst with
reliability and probability guidance. Refresh and update
rates are propagated forward through the process flow to
provide an expiration and aging value to the current
situation assessment. This bounds the window where a
Course-Of-Action (COA) strategy is valid and alerts the
user when it becomes obsolete.

2.4 RCS Fusion Level 3 (TA)

The Threat Assessment Envelope (TAE) comprises
the following vectors: capability/means, intent/motive and
opportunity (CIO) [28][29]. Figure 5 depicts this three
dimensional model.

Fig 5. The CIO weighted-coefficient TAE

Each attribute that is part of the TA model is
assigned a weighted coefficient. Subsequently, a threshold
for each vector axis is adjusted for sensitivity by
classifying the range into threat levels (e.g. low, medium
high). Appropriately, these ranges can be adjusted
contingent on the threat scenario being modeled to
compensate for safety and reliability margins, or other
preferences.

For example, weapons, training, and financial
backing along the Capability vector may be assigned
weighted coefficients (Wc) 0.5, 0.3, and 0.2 respectively.
Threats and alliances along the Intent vector may be
assigned coefficients (Wi) of 0.7 and 0.3 respectively.
Strategic Position, Target Vulnerability along the
opportunity vector may be assigned a weighted coefficient
(Wo) of 0.5 each. Additionally, a game-theory component
[30], based on Training and Doctrine (TRADOC) for
example, can be factored into the TA model. Recombining
predictive analytics for each target attribute along the CIO
vectors, and then multiplying the outcome by their
corresponding weighted coefficients, results in a
probabilistic threat scenario within the TAE solution
space. When projecting non-numeric attributes, the results
are quantified by assigning a value based on its category.
For example when predicting whether a weapon is likely
to be a knife, pistol, or machine gun, the ranges can be set
for 0 to 20, 20 to 50, and 50 to 100 respectively. After this
assignment, the result is multiplied by its weighted
coefficient for the weapons category. The CIO vector is
calculated as defined by formula (1), where the sum of
each vector component weighted coefficient for
Capability, Intent, and Opportunity equals 1. Just like the
SAE, the TAE boundary is fluid due to the inherent
uncertainty, represented by the system entropy (H) vector
of the model.
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Based on the corresponding threat scenario and its
probability, a counter-offensive can be modeled. These
blue-force countermeasures are ranked by the effect they
have on particular red forces threat vectors. Blue and red
are used in military symbology to depict friendly and
enemy forces respectively. Analogous to the SAE model,
the TAE carries data refresh and update rates, and
allocates an effective threat and countermeasure time-
window, according to the quality, reliability and
obsolescence of the data used in the model.

2.5 RCS Fusion Level 4 (PR)

Process Refinement in RCS is implemented by
feedback loops to determine key process related variables,
such as attribute relevance, quality and confidence. These
process and data qualifying factors are fed to upstream and
downstream tasks to adjust the models using them, thereby
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compensating for attribute weights or covariance effects.
Alerts are also sent to external components linked to
collection and tasking processes, thereby allowing cue and
tipping of collection platforms and facilitating resource
management. This aids in determining an optimal location
for a particular sensor, or may flag a collection modality
which is most effective for a given threat scenario.

To enable inter-fusion processing node collaboration,
RCS metadata is standardized using the ISO 19115
geospatial metadata model. This model is extended with
its own community-of-interest fusion profile, promoting a
consistent usage and facilitating discovery among fusion
nodes.

These metadata attributes include lineage of the
source data, as well as a history of recombination with
other objects in the problem space, uncertainty parameters,
quality, etc. This metadata effectively becomes available
to upstream (Level 0, 1) and downstream (Level 2, 3, 5, 6)
fusion processes across distributed nodes. Figure 6 depicts
the ISO 19115 metadata model, which consists of
mandatory (core) and optional classes, and provides for
the inclusion of domain specific attributes [31].

Fig 6. Fusion metadata extension to the 1SO 19115 model

2.6 An RCS Fusion Scenario… continued

The case of the Lakepointe community burglary
remains unsolved. Authorities are now using the RCS
TAE model. Surveillance of Mr. Simpson has revealed e-
mail traffic among his cohorts indicating that they need to
raise money to subsidize their group’s expansion into
other illicit enterprises – this data is modeled as Intent.

Credit card purchase records at the local home
improvement store list items of a suspicious nature such as
night-gear and locksmith equipment – this data is modeled
as capability. The community newsletter announces the
exhibit of a rare and valuable comic book collection at
their clubhouse this upcoming weekend starting Friday,
June 29th – this is modeled as opportunity.

RCS is linked to another fusion node operated by the
Interpol, which has detected a suspected cohort of Mr.
Simpson arriving from Europe Friday morning, and

returning late Sunday – an unusual short trip; by itself it
would not necessarily trigger any alerts. The Interpol
metadata catalogue is compatible with the local authority’s
RCS and this new information is included in the threat
scenario.

Now the CIO vector has fallen within the established
“high” threat threshold. A COA is generated to place
special surveillance and personnel to stake out the
clubhouse Friday and Saturday evenings. At that time,
Mr. Simpson and his cohort are caught in flagrante.

During interrogation and faced with the
overwhelming evidence collected in the fusion process,
Mr. Simpson cuts a deal for a suspended sentence by
revealing the whereabouts of the collection stolen back in
February, which is returned to its owner – case closed.

3 Architecture and Methodology

This section presents a high-level overview of
selected elements of the RCS architecture and its
functional flow methodology. The specific implementation
of the architecture leverages Commercial-Off-The-Shelf
(COTS) software and custom development.

3.1 High-level Architecture Components

ESRI™ ArcGIS 9.2 with the Track Analyst
Extension, ArcSDE, Oracle™ 11g, Oracle Spatial, and
Oracle Data Mining are selected items from a
comprehensive list of some of COTS integrated within the
RCS architecture that satisfy the GIS, DBMS, and
algorithm engine component solutions respectively.
Additional algorithms are stored outside the DBMS as
well.

A fusion matrix manages the selection of specific
algorithms and pairs them to target feature sets according
to its domain and scenario. Another look-up matrix tracks
feature sets and their trans-dimensional attributes. The
fusion process recombines algorithms and feature sets, and
the process output is evaluated for modeling quality,
discovery, verification, and detection.

Fig 7. High-Level RCS architecture and data-flow
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RCS combines elements of the Service Oriented
Architecture (SOA) paradigm with the Open Geospatial
Consortium (OGC) metadata query and spatial services
standard to facilitate interoperation among distributed
fusion processing nodes. The discovery and query of
fusion-enabled metadata is made accessible through a
fusion catalogue that complies with the ISO 19115
metadata standard and the community-of-interest fusion
profile.

3.2 Data Flow Management

The link between the output fusion level 1 and the
RCS framework for levels 2 to 4, is an Extract-Transform-
Load (ETL) process. The extraction supports distributed
and disconnected sources. The data from this process is
loaded in a staging area, where after inter feature-set
realignment and data cleansing it is transferred to the main
data repository composed of a DBMS and a GIS.

This repository also uses data warehouse and data
mart structures to support On-Line Analytical Processing
(OLAP). Additionally, fusion-enabling metadata such as
quality, lineage, ingest-time, update rates, obsolescence,
and confidence are recorded for at different levels of
granularity (e.g. entities, feature-sets etc). The data
cleansing process also partially mitigates the problem of
data explosion and data incest, whereby the sheer volume
of data, and redundancy adversely impacts the model
processing, as well as quality due in part to duplication.

Disambiguation is also part of preprocessing used to
align trans-dimensional attributes, where elements
representing the same object characteristic among feature
sets are paired. These tasks are necessary in large fusion
nodes to manage the successful evolution from data to
information, and ultimately to knowledge. Figure 8 depicts
the relationship between knowledge-exploitation
complexity and the corresponding volume of data that is
ingested and generated during high-level fusion processes.

Fig 8. Risk introduced due to data explosion

4 Conclusion

“Data fusion is deceptively simple in concept… but
enormously complex in implementation” - a quote from
the US Department of Defense, 1990, that truly captures
the fundamental challenge facing the field of data fusion.
Successes are often confined to a selective area of the
comprehensive JDL fusion model 0 to 6, and tend to be
descriptive rather than prescriptive - stating characteristics
of things to do, rather than explicit directions on how to do
them. The fusion field is extremely complex both in its
vertical and horizontal functions, which requires in-depth
expertise to process each modality, as well as the
understanding of specialized algorithms and models that
may only be applicable to a specific problem space, or
scenario. RCS recombines existing fusion capabilities, and
provides an extensible framework that can be integrated
among the fusion processes by viewing data in its trans-
dimensional vector primitives. The ultimate goal is to
work the problem top-down first, having Subject Matter
Experts (SMEs) analyze the scenario, and then move back
up the fusion ladder. This is easier when the problem
space is well understood; however, significantly more
difficult when the problem space is unknown.
Notwithstanding, the JDL integration process has started,
but the most difficult challenges still lie ahead.

A stimulating proposition is to examine the value of
using causal sets, where points in space-time are related by
a partial order, which represents a physical meaning of
causality relations among space-time points. This theorem
postulates that there is a map between past and future
distinguishing space-times, which preserves their causal
structure. It would be interesting to explore whether this
theory from the field of quantum gravity can be extended
and applied to multi-source trans-dimensional data fusion
by adding the semantic vector to the time-space manifold,
and using a tensor field framework for analysis.

How close is the solution? Depends on the definition
of what the solution space really is - it is unlikely that
human intuition will be modeled anytime soon, and
ultimately it is knowledge combined with intuition, which
is key in defining a COA. If the ability for human
reasoning and deduction could ever be replaced by
algorithms – it must be asked… whether it should. The
implication is that fusion models will continue to require a
human-in-the-loop; albeit advances will help in processing
and managing data faster, with higher reliability, and more
importantly with a comprehensive COP. RCS proposes
such a paradigm - to be a guideline, upon which human
intuition and experience are added, thus enabling optimal
informed decision-making.
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