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Abstract - Context is used in data fusion – and in 
inferencing in general – to provide expectations and to 
constrain processing. It also is used to infer or refine 
desired information (“problem variables”) on the basis of 
other available information (exogenous “context 
variables”). Context is used in refining data alignment and 
association as well as in target and situation state 
estimation. Relevant contexts are often not self-evident, but 
must be discovered or selected as a means to problem-
solving. Therefore, context exploitation involves an 
integration of data fusion with planning and control 
functions. Structural Equation Modeling techniques are 
used to evaluate dependencies between latent and observed 
problem and context variables. Discovering and selecting 
useful context variables is an abductive data fusion/ 
management problem that can be characterized in a utility/ 
uncertainty framework. An adaptive evidence-accrual 
inference method – originally developed for Scene 
Understanding – is presented, whereby context variables 
are selected on the basis of (a) their utility in refining 
explicit problem variables, (b) the probability of evaluating 
these variables to within a given accuracy, given candidate 
system actions (data collection, mining or processing), and 
(c) the cost of such actions.   

Keywords: Model-based reasoning, evidence accrual, 
context variables, Structural Equation Modeling, factor 
analysis, path analysis. 

1 Introduction 

Automatic inferencing for state estimation and prediction or 
for planning has often been pursued assuming a closed-
world view of problems. When context is considered it is 
typically don so in terms of a predefined set of exogenous 
factors that the researcher or developer presumes to be of 
use in solving a given type of estimation or planning 
problem. In [1] we examined concepts and methods for 
adaptive and opportunistic exploitation of contexts. In that 
paper we discussed several lines of research found in the 
literatures of these fields (e.g., methods discussed in [2-8]).   

The present paper applies the formalism of Structural 
Equation Modeling (SEM) to develop methods for 
recognizing useful contextual factors and for applying them 
to inferencing problems. SEM can be viewed as a 

generalization of  factor analysis, path analysis and 
Bayesian Networks methods, allowing latent (i.e. not 
directly observable), nonlinear and non-Gaussian factors 
and cyclical dependencies among factors [9-14]. 

2 Situations and Contexts 

Exploiting context in fusion and other inference 
applications requires that we (a) clarify concepts such as 
situation and context and (b) properly account for the 
aspects of uncertainty inherent in fusion problems as they 
apply to contextual reasoning. 
 Building on concepts of situation logic [15], we have 
defined a situation as a set of relationships [16]. Loosely 
speaking, a relationship is an instantiated relation.1 
 As examples, marriage is a relation, but Mark 
Antony’s marriage with Cleopatra is a relationship. The 
Battle of Actium and the Roman Empire can be construed 
as situations.2 
 Contexts are situations. They are situations that are 
differentiated by a person (or other agent) for some 
purpose. 
The purposes with which we are concerned in this paper 
relate to problems of inferring entity and situation states. 
Generally speaking, context is used in inferencing to 

                                                 
1 More precisely, a relationship is a vector <r(m),u1,…,un>, 1<n<m, 
comprised of a relation and one or more arguments of the relation. A 
relation is an abstraction, represented by an m-place predicate. 
Relationships are concrete if n=m. They are abstract if they have free or 
bound variables. For convenience we include relations and relationships 
where m=1; viz. abstract and instantiated attributes. A relationship  
<r(m),u1,…,un> is equivalent to Devlin’s “infon” (r(m),u1,…,un,h,k,p) with 
free variables for place, time and polarity [15,16]. This definition is a 
generalization of the familiar RDF triples <subject, relation, object>, 
amenable to representation as labeled directed graphs (e.g. the Semantic 
Web). The generalization to n-tuples of arguments, however, is amenable 
to representation as factor graphs. As described in Section 2, the SEM 
method also allows factor graph representation, as in Figure 3. The 
reification of relations allows us to reason over relations. In this way 
attributes of relations can be inherited. It is useful to reify relationships as 
well, to distinguish them both from abstract concepts (relations) and from 
the spatio-temporal setting in which a relationship occurs (as in an infon).  
 
2 They can also be construed as individuals by ignoring their constituent 
relationships. Similarly, a physical object – say, an automobile – may be 
construed either as an individual or as an assemblage (i.e. as a “situation”). 
The implications for the JDL data fusion model of this duality are treated in 
[17], with refinement in [16]. 
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• refine ambiguous estimates; 

• explain available data; and 

• constrain processing, whether in cueing/tipping or 
managing the data acquisition and fusion processes. 

Context can be assessed either from the outside-in or from 
the inside-out [1]. These uses correspond to the notions of 
“context-of” and “context-for” introduced in [8] and 
summarized in Figure 1: 

a) We can have certain expectations based on situations; 
as in “in the context of the present economic and 
political situation, we would expect an increase in 
property crime”;  

b) Alternatively, we can assess referenced items – 
whether individual entities or situations – by 
establishing a relevant context: “the economic and 
political situation provides a context for 
understanding this crime”. 

• C-O: A situation of interest that provides constraints and 
expectations for constituent entities, relationships and activities 

“In the context of the present economic situation, we expect an 
increase in property crime”

– Constraints
– Expectations (e.g. priors)
– Recognition: Deduction
– Prediction: Induction

• C-F: A situation that is selected to help solve a problem
“The town’s economic situation provides a context for

understanding this crime”
– Sense-making
– Resolving Ambiguities
– Explanation: Abduction
– Planning

Inference

Discovery + Inference
 

Figure 1. "Context-Of" (C-O) and "Context-For "(C-F) [1] 

In the C-F use, context is differentiated relative to a 
problem to be solved. More specifically, a C-F is 
differentiated relative to a selected problem solution. A 
problem in military intelligence – for example, infering the 
potential threat posed by an adversary –  might be assessed 
by considering various contexts: the disposition of forces, 
local geographic features, ambient weather and other 
physical conditions, aspects of the geo-political situation, 
cultural factors that could influence acceptable attack types, 
etc.  
 As argued in [1], a data fusion problem may be stated 
in terms of  

1. a set of observed and latent “problem variables” to be 
evaluated given a problem statement and problem 
decomposition scheme and 

2. a utility function on the resolution of these variables.  

Problem variables are those that are explicitly to be 
evaluated. In a target recognition problem these can include 
target type, serial number, configuration, activity state, 
location, etc. The system user explicitly or implicitly assigns 
a utility to the accuracy to which each of these variables is 
evaluated. This can be described in terms of a utility 
function on the estimation error of each of these variables. 
Such utility will be time-variable, reflecting the user’s 
changing needs and urgency.  

3   Estimation and Inference 

Let us consider how contexts can be used in evaluating 
problem variables to meet utility objectives.  

A general functional and epistemological distinction 
can be drawn between refinement and inference of values of 
variables.  

In many data fusion problems, multiple measurements 
of a given variable are used to refine the estimate of that 
variable; exploiting independence in the measurement-to-
measurement noise. Bayesian and Dempster-Shafer 
classifiers are examples of refinement, or filtering, 
processes.3 
 Often, however, the variables to be evaluated are not 
themselves measured (i.e. they are latent variables), or they 
are not measured with sufficient accuracy to meet users’ 
needs. In such cases, the values of problem variables may 
be inferred totally or partially on the basis of other 
variables. We do not directly observe a target’s identity, 
capabilities and intentions; they must be inferred from 
observed attributes and behaviors. Organizational or social 
relationships can generally be inferred only on the basis of 
other inferred attributes and relationships and, ultimately, 
on the basis of observables. 
 Adapting the terminology of Structural Equation 
Modeling (SEM), our problem variables of Section 2 are 
termed endogenous variables. Context variables are 
exogenous variables that the system selects as means for 
evaluating problem variables. Accordingly, we can 
distinguish problem-related variables as 

η  a mx1 vector of latent endogenous variables (i.e. 
unobserved problem variables); 

ξ  a nx1 vector of latent independent, or exogenous, 
variables; 

y  a px1 vector of observed endogenous indicators of 
latent endogenous variables η; 

x  a qx1 vector of observed exogenous indicators of latent 
exogenous variables ξ. 

Exogenous variables may be selected for evaluation as 
means to resolving observed or latent problem variables. 
Selection of these exogenous variables establishes the 

                                                 
3 the familiar tracking filters – KF, etc. – filter not the input measurement 
variables but inferred target state variables. 
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context for the given inference problem. Figure 2 represents 
relationships among problem and contextual elements. 

Universe of Discourse

Exogenous
Variables

Observed Problem 
Variables y

Latent Problem 
Variables η

Observed

Unobserved

Selected Observed 
Context Variables xS

Selected Latent 
Context Variables ξS

Endogenous
(Problem)
Variables

Observed variables x

Latent variables ξ

 
Figure 2. Problem variables, exogenous and contextual 

variables  

 Exogenous variables might be selected to resolve a 
target’s state. These might include its location relative to 
other entities consistent with expected deployment patterns; 
e.g. for military units. Information about other factors in the 
physical, military or geo-political environment might also 
be exploited. For example, we may take knowledge about 
ambient weather, force structure relationships, tactical 
doctrine, maintenance history, crew training and morale, 
etc. as contextual variables for use in evaluating the stated 
problem variables: the location, type and activity state of a 
given weapon platform. 
 Context plays an essential role in higher-level fusion, 
in which variables of interest include relation- and 
situation-variables. Besides being useful in evaluating 
specific object attributive and relational states, context 
provides a means for understanding expectations for and 
implications of such states. Generally, the larger context in 
which a problem is considered, the more fully will it be 
understood. 
 Because the variables to be estimated in Situation 
Assessment are almost always latent, Situation Assessment 
is largely dependent on structural models to recognize 
dependencies among problem variables and exogenous 
variables.  

Values of latent problem variables can be inferred 
indirectly to the extent that they can be correlated directly 
or indirectly with observable variables.  

Factor analysis and path analysis methods – e.g. in 
Bayesian Networks – are useful in establishing causal 
relationships among observed variables. However the 
linear-Gaussian and acyclic nature of Bayesian Networks 
can be too restrictive for evidence exploitation in general. 
Structural Equation Modeling (SEM) can be viewed as a 
generalization of these methods. It allows nonlinear and 
non-Gaussian factors and cyclical dependencies among 
factors. Also, unlike many factor analysis and path analysis 
methods, SEM permits the inclusion of exogenous and 
endogenous variables that are latent (i.e. not directly 
observable) [0].  

The causal relationship between exogenous variables 
and latent endogenous (problem) variables is expressed by 
means of a Structural Model 

.ςξΓηη ++= B           (1) 

Measurement Models define each latent construct as a 
common factor underlying associated observables: 

;δξΛ
εηΛ

+=

+=

x

y

x
y               (2) 

where   
B  a mxm coefficient matrix of the latent endogenous 

variables η in the structural relationship (B has zeros 
in the diagonal; I-B must be non-singular); 

Γ  a mxn coefficient matrix of the latent exogenous 
variables ξ in the structural relationship; 

Λy a pxm coefficient matrix of the regression of y on η; 

Λx a qxn coefficient matrix of the regression of x on ξ; 

ζ a nx1 vector of the equation errors (residuals) in the 
structured relationship between η and ξ; 

ε, δ   vectors of random measurement errors. 

It is assumed that δ is uncorrelated with η, that ε and δ 
are uncorrelated with ξ, and that ε, δ, ζ are mutually 
uncorrelated [10]. 

The structural model defines relationships among latent 
and observable elements. Often these relationships are 
linear, but SEM allows for the inclusion of non-linear 
relationships.  

SEM employs methods to evaluate regression 
parameters λx, λy and measurement error covariance 
matrices cov(ε) and cov(δ). Values of latent problem 
variables are inferred by minimization of residuals ζ. 

An example of an abstract Structural Equation Model is 
shown in Figure 3. Regression relationships are represented 
by one-headed arrows, labeled γ for the regression of an 
endogenous construct on an exogenous construct or β for 
the regression of one endogenous construct on another. 
Covariance relationships are labeled φ. 

We use the term context variables to indicate 
exogenous variables that an agent selects for resolving 
observed or latent problem variables. Context variables are, 
therefore, dependent on a particular agent’s selected 
solution to a given problem. Correspondingly, a context for 
(C-F) a particular problem solution is a situation containing 
the context variables selected for that solution. 

Context variables may be directly observable (x in the 
model) or may be themselves latent (ξ), requiring inference 
from other observables or latent factors. For example, we 
may choose to predict a target vehicle’s position based 
partially on the trafficability of the local road network. The 
latter is decomposable into elements many of which are not 
directly observable 
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Figure 3. Example of a Structural Equation Model [11] 

.  
Figure 4 depicts a simple Structural Equation Model 

for the ground target tracking problem. The problem 
variables η – i.e. those stated by system users – include 
such items as vehicle type, maximum achievable speed, 
current speed and course and predicted position. As shown, 
there are dependencies among these problem variables and 
some observable indicators y for some problem variables, 
all of which are latent (not directly observable) in this 
example. 

Furthermore, such exogenous factors as roadway 
firmness, capacity, and traffic density can be selected as 
context variables ξ to contribute information for inferring 
values of problem variables. Generally these particular 
exogenous variables are not directly observable, but can be 
inferred by selection of further exogenous variables, to 
include observable ones x. 

Both context variables and problem variables can be 
either static or dynamic and their observability can vary 
with systems and conditions.   
 As in Artificial Intelligence, Automated Data Fusion 
has been hampered by lack of attention to context. Among 
contextual factors that should be considered for inferencing 
at the various data fusion levels are: 

• Level 0 (Signal/Feature Assessment): What objects are 
in the vicinity? What is their operating state that could 
influence observable phenomenology? What are the 
observing conditions? Clutter and interfering entities? 

• Level 1 (Object Assessment): What forces are in the 
vicinity? What is their mission? What constraints or 
opportunities are provided by operational, terrain and 
ambient conditions? 

• Level 2 (Situation Assessment): What objects are in the 
area? What is their composition and operational state? 
What is the broader political, economic, social, weather 
(etc.) situation? 

• Level 3 (Impact Assessment): What capabilities, 
opportunities and constraints determine feasible and 
likely courses of action? What does the adversary 
know/ believe? What is our mission? What are our 
goals and priorities? 

• Level 4 (Process Assessment): What are the ambient 
operating conditions? What data is available to 
calibrate/characterize system performance? What are 
the system’s goals and priorities?  

 

Traffic 
density

Capacity

Roadway
firmness

Roadway 
metrics

Observed
past/ current 

positions

Current
speed & course

Observable 
vehicle

attributes

Predicted 
positionCurvinessEdges

SlopeDistances

Maximum 
achievable 

speed

Roadway 
type

Spectral
features

Textural
features

Observable 
vehicle

attributes
Vehicle typeSubsurface

water
Precipitation 

measurements

Problem 
Observables y

Problem 
Latent 

Variables ηExogenous Latent Variables ξ
Exogenous 

Observables x

 
Figure 4. Structural Equation Model practical example 
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3.1 Context-Sensitivity in Estimation and 
Understanding 

The input data variables used in a solution of an estimation 
problem may themselves be measurements of the problem 
variables. In such a case, the fusion problem involves direct 
estimation or filtering. On the other hand, an input may be a 
measurement or a report of a variable other than an explicit 
problem variable. Rather, it may be correlated in some way 
with one or more problem variables. In other words, it may 
be a context variable.  
 Context variables are typically chosen on the basis of 
their utility in solving a given problem. Utility, of course, 
depends on the person posing the problem and the problem 
type. Data fusion includes problems of data alignment, data 
association (hypothesis generation, evaluation and 
selection) and estimation. 
 In inferencing, context variables are selected on the 
basis of the information their evaluation provides in 
resolving the given problem variables to some degree of 
accuracy and the net utility of that resolution, given a user-
provided (or assumed) utility function on such resolution 
and the cost of the planned action. 
 Utility in inference is defined as a problem-specific 
function Ωηω →~:S  on residuals of problem variables, 

.|)(|~ ηηη −= E   
 Within the context of a given problem s, resolving an 
observable exogenous variable xi to within some ix~ has 
utility only as it contributes to the resolution of one or more 
(endogenous) problem variables ηj: 

.)~()~( ~∫∑∑=
j

jS
j k

kjikiS x
η

ηωγλω        (3) 

 Endogenous observable variables may independently 
have their own problem-specific utility assignments 

).~(' hS yω   
 Therefore, the utility for an endogenous variable of a 
problem s is the sum of its intrinsic and contributory 
(contextual) values: 

.)~()~(')~( ~∑ ∫+=
j
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j

yy
η

ηωβωω      (4) 

 The problem-specific utility of an information 
acquisition plan a is defined in terms of the Bayesian cost: 
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ωωω
    (5) 

where c(a) is the cost of performing the action. 

3.2 Context-Sensitive Data Association 
Data fusion functions often require data association as a 
precondition for state estimation. A familiar problem in data 
fusion is that of report-to-track association. Context 
variables may be selected on the basis of the information 

their evaluation provides in associating data to perceived 
entities (“tracks”).  
 Familiar examples in level 1 data fusion include 
trafficability-constrained tracking, feature-aided tracking 
and target recognition via scene understanding. A level 2 
example is the assessment of a suspect’s prior convictions 
as a means of determining the likelihood that he committed 
a particular crime. 

3.3 Context-Sensitive Data Alignment 
Data alignment directly affects, and is often taken as is a 
necessary precondition for, data association and estimation.  
 Among data alignment functions are format 
normalization, spatial registration, measurement calibration 
and confidence normalization.  
 In data alignment, context variables may be employed 
to improve the accuracy of these alignment terms. For 
example, selected fiducial objects or tie-points in imagery 
are used to register images beyond that achievable via the 
absolute navigation estimate derived, e.g., from GPS and 
inertial sensors. 

4 Methodology and System Design  

Context-sensitivity can be built into a system design, as is 
routinely done with feature-aided trackers or trafficability-
constrained trackers.  
 Alternatively, it may be useful for a system to exploit 
context opportunistically in mission, as dictated by the 
current information needs and perceived opportunities for 
satisfying these needs. The process can be recursive: some 
context variables can themselves be evaluated by inference 
from yet other context variables.  
 Figure 5 presents a technical architecture as a 
framework for implementing adaptive context-sensitive 
data fusion. Note that the architecture incorporates both 
data fusion nodes (shown in blue) and resource 
management nodes (in green). For example, the Fusion 
Management Node at the lower right controls the Data 
Fusion process underneath; e.g. selecting batches of data for 
processing, selecting and sequencing processing algorithms 
for the data batch and setting decision thresholds through 
the sequence. 
 A “context-free” data fusion architecture is one in 
which the selection of context variables is pre-defined. 
Context-sensitive data fusion adds resource management 
and fusion functions (dashed orange boxes in the figure) 
that adaptively select, acquire and evaluate context 
variables. 
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Figure 5. Technical architecture for context-sensitive fusion 

4.1  Selection of Context Variables 
One of the major challenges of modeling and exploiting 
problem contexts is determining the selection of context 
variables. In general, such selection should be based on an 
ontology of domain variables and their interdependencies. 
In effect, an ontology encodes a structural model, thereby 
establishing the relevancy of exogenous variables to any 
selection of problem variables in the domain. 
 A context-sensitive fusion system such as depicted in 
Figure 5 can select context variables for evaluation as a 
means to evaluating given problem variables. This is done 
on the basis of three factors as given in equations (3)-(5):  

• the utility assigned to the given degree of problem 
variable accuracy;  

• the probability of achieving that accuracy by some 
course of action (e.g. by selection, acquisition and 
processing of context variables); and 

• the cost of the course of action, which may involve 
costs of data collection, communications and 
processing, as well as lost opportunity costs. 

The problem of selecting context variables is complicated 
by the fact that all of these three factors are often time-
variable. The mission-driven information needs and fusion 
processes are often dynamic; making the utility of 
information (e.g. of refining a problem variable) time-
variable.  

Situations of interest are often dynamic, such that the 
availability of any sought data may also be time-variable. 
Furthermore, the cost of data acquisition and processing 
varies with resource and situation state. The method of 
modeling these utility, likelihood and cost factors is one of 
the challenges of contextual reasoning. 

4.2   Adaptive Evidence Accrual 
Adaptive evidence accrual methods are being explored in a 
series of programs sponsored by the U.S. Defense 
Advanced Research Projects Agency (DARPA), developed 

primarily for target recognition and tracking applications 
[18].  
 We have broadened this approach to the general 
problem of adaptive context-sensitive inferencing. Figure 6 
depicts a conceptual system for such a process. System 
operation is as follows: 
 Information Needs Generation parses user requests for 
information into sets of observable and latent problem 
variables yh, ηj and associated utility functions 

).~(),~(' jShS y ηωω  
The Information Acquisition Planner  

a) generates sets of candidate context variables ξ, x, and 
corresponding Information Acquisition Plans. 
Information acquisition may include retrieval or 
extraction of some such data from accessible data stores 
or data collection from system sensors or other 
information sources; 

b) evaluates these plans in terms of the expected utility for 
evaluating problem variables and the cost of the 
planned actions as functions of time; and 

c) selects an Information Acquisition Plan by means of 
some local or global optimization method. 

 Collection Management assigns sensors or other 
information sources to measure observable context 
variables per the selected plan.  
 Data Retrieval/Mining retrieves collection data and 
context data, models and hypotheses.  

Inference aligns and associates acquired data to given 
Information Acquisition Plans and infers values of problem 
variables yh, ηj, inferring values of exogenous variables as 
necessary to do so.  

Needs Satisfaction Determination calculates the utility 
of the returned problem solution by evaluating the estimated 
accuracy of the inferred problem variables in terms of the 
associated utility functions. Unsatisfactory solutions my 
induce goal revision either automatically by the Information 
Needs Generation function or by operator direction. 

5 Status and Future Directions 
Methods for evaluating and exploiting dependencies 

between latent and observed problem and context variables 
are being developed using Structural Equation Modeling 
techniques.  

In a companion paper [19] we discuss the application 
of these methods to the problem of characterizing 
information sources 

 Among the difficult problems requiring considerable 
research is that of discovering and selecting useful context 
variables. This is an abductive data fusion/ management 
problem that can be characterized in a utility/ uncertainty 
framework. The adaptive evidence-accrual inference 
method described in Section 4 is being evaluated to select 
context variables on the basis of (a) their utility in refining 
explicit problem variables, (b) the probability of evaluating 
these variables to within a given accuracy, given candidate 
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system actions (data collection, mining or processing), and 
(c) the cost of such actions.   

Inference Engine
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Information 
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Generation

Context DBs
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Collection Data

Info Needs
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Data Collection
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Figure 6. Conceptual Adaptive Evidence Accrual Process 
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