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Abstract— Information Fusion consists of organizing a set of data 
for correlation in time, association over multimodal collections, and 
estimation in space. There exist many methods for object tracking 
and classification; however video tracking suffers from exact 
methods in object labeling, the ability to correlate tracks through 
dropouts, and determination of intent.  Our novel solution is to fuse 
video data with text data for better simultaneous tracking and 
identification. The need for such solutions resides in answering user 
queries, linking information over different collections, and providing 
meaningful product reports. For example, text data can establish that 
a certain person should be visible in a video. Together, video-to-text 
(V2T) enhances situation awareness, provides situation 
understanding, and affords situation assessment. V2T is an example 
of hard (e.g., video) and soft (i.e., text) data fusion that links Level 5 
User Refinement to Level 1 object tracking and characterization. A 
demonstrated example for multimodal text and video sensing is 
shown where context provides the means for associating the 
multimode data aligned in space and time.  

Keywords: Information Fusion, Level 5 User Refinement, High-Level 
Information Fusion, Semantic Lablel, L1 tracker, Hard-soft fusion 

I. INTRODUCTION  
Information fusion has a long history of development starting 
from data and sensor fusion to information fusion and 
management [1]. Low-level information fusion (LLIF) 
consists of filtering, estimation and control for target tracking 
and classification. High-level information fusion (HLIF) 
consists of sensor, user, and mission (SUM) management [2]. 
Management of information includes resource data (e.g., text) 
that can be gathered a priori or developed from external 
sources that is matched to current collections (e.g., video). 

A. Linking HLIF to LLIF 
Figure 1 highlights the elements of information fusion from 
which context is provided from the user (e.g., mission) to the 
machine and the machine provides analytics (e.g. visual) to 
perform functions of object tracking and classification (LLIF) 
as well as situation and impact assessment (HLIF) [3, 4].  To 
support both assessment and analysis, context provides 
information from the sensor, target, and environment 
operating conditions [5]. The user must use judgment (e.g., 
intuition, experience, decision making, trust, etc.) in the 
analysis [6] that comes from contextual understanding of the 
situation [7, 8].  Contextual assessment is an important concept 
that needs to be matched with context management [9]. 

Context information includes geospatial intelligence (such as 
road networks [10] and locations of interest), target types (such 
as vehicles), cultural factors (social networks), and mission 
objectives. In each case, context provides information to guide 
the assessment of real-time collected information for such 
applications as target tracking [11] and classification [12]. 
Likewise, new information (such as target intent classification 
from text reports) could be associated for target tracking and 
identification [13, 14] from multiple observations [15].   

 
Figure 1 – Information Fusion Levels. 

For multi-intelligence gathering systems, such as Figure 2, 
there is a need to understand, integrate, and deduce the 
situation from multiple types of information [16, 17]. 
Typically, geographical information provides a unifying 
picture for video and text analytics. 

 
Figure 2 – Multi-Intelligence System. 



II. VIDEO AND TEXT ANALYTICS 

A. Hard (Video) Tracking 
Obvious examples of hard measurements from radar, electro-
optical, and biomedical data are widely available. Video 
tracking has been widely studied so we focus on activity 
analysis through multi-intelligence fusion for context 
assessment. Standard methods such as appearance-based (e.g., 
color, structure, etc.) image tracking support activity analysis. 

One approach is to bridge the gap between low-level image 
features and high-level semantic representations [18] such as 
extracting keywords from a news broadcast. Capturing 
relevant text attributes in the video can provide audio 
(linguistic semantics) and video (image features) for context. 
Likewise, semantic video modeling [19] could include objects 
(e.g., person), verbs (e.g., motion), pruning (scene 
descriptors), and attributes (fast, slow, north). Results 
demonstrated the ability to identify relevant videos related to 
semantic concepts. 

Pattern analysis includes many forms of data aggregation such 
as motion information detected from tracking using a Dynamic 
Bayesian Network (DBN) [20]. In [21], a Hidden Markov 
Model (HMM) to determine complex events based on tracks. 
They use a spatial distance as a semantic relationship “close” 
to link when a vehicle is close to an airplane. Additional 
developments [22] include a DBN as a generalization to a 
HMM to model events, and when tracks are fragmented can 
better link objects with observed recognition (or identity). 
Using semantic labels for events (e.g., truck is close to plane); 
then the tracklets can be combined for a complex event (e.g., 
plane refueling) through analysis of an event log-likelihood 
score. 

Pixel level probability density functions (pdfs) of object tracks 
can be modeled as a multivariate Gaussian Mixture Model 
(GMM) of the motion (destination location and transition 
time) and the size (width and height) parameters of the objects 
at that location [23]. Track outputs, with unsupervised 
expectation-maximization-based learning of every GMM and 
scene modeling detect local as well as global anomalies in 
object tracks. Other techniques include clustering [24, 25], 
histogram of gradients [26, 27], and bag of visual words [28] 
that can label pattern of life [29] activities.  

The semantic differences between people and vehicles can be 
modeled using their size and movement characteristics. A good 
example is the human-behavior markup language (HBML) 
based on the environment, entities, behaviors, and observations 
[30]. Behaviors come from cyber (websites), social 
(interaction), spatial (proximity), and logistics (transactions). 
Likewise, audio-visual features labeling over vehicles [31] and 
people activities for video indexing and retrieval [32]. 
Together, the use of context, [33], from the machine or human 
helps refine and highlight activities in the video tracking [34].  

B. Soft (Text) Fusion 
Soft data (not to be confused with soft processing such as fuzzy 
logic) typically includes text [35]. One common example of 
text data is the synthetic counterinsurgency (SYNCOIN) data 
set [36]. Other text data collections analysis includes Twitter 
[37]. 

Clustering is a popular detection method for imagery (pixels), 
tracks (groups), and text (topics) to bin content into classes for 
labeling. For the text, however, we first seek Information 
Extraction (IE) from a chat message (i.e., microtext) or a 
document (e.g., using Sphynx or Apache NLP) as an automated 
approach [38]. In addition to employing Information 
Extraction, the use of text analytics techniques for prediction 
(classification) enhances content extraction [36]. Prior work in 
relational learning has demonstrated that significant 
improvements in model accuracy are possible by leveraging 
feature relations [39], including when modeling microtext. For 
example, recent work with microtext has demonstrated that 
Higher Order Naive Bayes (HONB) statistically significantly 
outperforms learning approaches based on a non-relational 
feature space [40, 41].  HONB is a relational learning approach 
based on Higher Order Learning™ [42]. For the analyst, the 
goal is useful text analytics to provide semantic indications and 
warnings to video data [43]. 

Given the developments in video and text processing, we seek 
to combine these for effects-based analysis. 

III. V2T FUSION 
V2T fusion includes determining the attribute (signal, feature), 
classification (type), and identification (allegiance) from video 
or text data. Notions of hard-soft fusion include filtering, 
correlation, and association of data types.  

A. Effects based labelling 
Many times an operator desires not only the type/allegiance 
semantic label, but also the impact that the target might have 
on their operations. The threat can come from many sources: 

• Spatial (location relative to own forces) 
• Speed (method of travel) 
• Equipment (types of weapons) 
• Intent (a prior known interests) 

Figure 3 demonstrates information fusion of multi-INT data 
from a paradigm of effects-based operations (EBO) [44].  The 
Data Fusion Information Group (DFIG) process model [45] 
Levels (L) are indicated on the left, over cognitive, 
information, and physical domains.  

 
Figure 3 – Fusion of information using Effects-Based Reasoning. 

The physical domain includes data characterization (L0) and 
object assessment (L1). The information domain builds on the 
data from the physical domain for situation (L2) and impact 



(L3) assessment with sensor management (L4). The cognitive 
domain includes user (L5) and mission (L6) refinement. 

From Figure 3, information fusion progresses from object 
analysis to shared awareness through context.  A key issue in 
the analysis is uncertainty reduction that comes from tracking 
spatial accuracy [46] and temporal context [47]. A shared 
ontology [48] is needed to characterize the uncertainty 
reduction in decision making [49]. The uncertainty reduction 
can be determined from the planning, querying, and sensor 
management over situation beliefs [50], measures of 
performance [51] and measures of effectiveness [52, 53].  

B. Query-based Analysis 
When a user is processing a video, there are multiple ways 
they can interact such as passive (autonomy) and interactive 
(automation). If the user interacts with the video system, they 
are reasoning over the image, providing annotations, and 
assessing the exploitation results. Future systems would allow 
the user to manually query over the image to request more 
information such as filtering, highlighting, and call-outs to 
prescribed events.  Another option is to allow the user to 
audibly query the image analysts such as for requesting a label. 
The difficulty then is to determine where and what the audible 
query is referring to. One could call out a semantic label (e.g., 
white car), but then image processing system needs to know 
where in the image the semantic entity is. One proposed 
method is to provide location-specific labels. These types of 
queries need to be refined over the questions being asked. 

Table 1 provides a framework for video based processing with 
text information. For the image label, it is a contextual 
analysis which can be gathered from the essential elements of 
information (EEI) requests for the image location and 
abstracted from the metadata. Within the image there would 
need to be descriptors of the person, other, vehicle (POV) 
designation of the object of interest. In the image, references 
are needed as to the pixel location for spatial analysis. The 
spatial call-out provides notions of edge detection for the 
imaging routine. Likewise, the time of the event is needed to 
highlight interactions for the tracking such as track start and 
kinematic behavior. Given the various classification labels, 
there is a still meta-reasoning needed as to the track and 
identification analysis. Identification, as opposed to 
classification looks at the behavioral analysis to determine the 
intent. Intent is usually associated with an activity [such as 
positioning an improvised explosive device (IED) as per the 
example in the SYCOIN challenge problem]. 

Table 1: Semantic Query Analysis 
Semantic Label Question Information 
Image Label Who EEI 
Object Label What POV 
Edge Label Where Space 
Track Label When Time 
Track and ID label Why Intent 
 

Since we are concerned with V2T versus static imagery 
analysis, the labels will change due to the dynamic context in 
the image. The querying analysis must allow for stimulus-

response capabilities. One good example of man-machine 
interaction is a check list (e.g., pilot check list).  A goal is to 
then design both a check list for the machine to refine 
estimates as well as an annotation system where the user can 
associated information based on their intuitive knowledge, 
experience, and reasoning. The video-to-text fusion is thus a 
systems approach in which a user can call out key information 
they are interested in as well as manual refined the annotated 
information (Level 5 fusion). 

Our design is shown in Figure 4. On the lower right, the user 
interacts with the system through a User-defined Operating 
Picture (UDOP)[1] viewer. In a passive mode, the user can 
accept the autonomy of the video exploitation and text 
extraction results. However, for automation, the user would 
start by providing query requests. These queries process the 
text data (i.e., chats or external reports). Both the video and 
the text then need to have space-time designations. With V2T 
synchronization and alignment through filtering, V2T is 
enabled. Given multiple possibilities, V2T reasons over events 
and activities of interest (AOI) to find the salient requests that 
respond to the queries. Then, a video clip is provided over the 
time-space analysis and place in a database for continuity. 

Figure 4 – Video to Text Design. 

B. Video and Text Descriptors for Association 
We want to enable dynamic adaptation to changing mission 
requirements or operating conditions. The first concern is to 
determine the usefulness of the audile information which is 
relevant, irrelevant, and clutter. Additionally, there are call-
outs to the video, discussions with multiple users, and then 
text that is collected from outside. For example, when 
watching a sports game, the announcer calls-out what is 
happening in the game, provides internal discussions with the 
other commentator, and then brings in outside facts of 
previous performances of the players. Sometimes there are 
discussions associated with the microphone which is clutter, 
but a call-out. Internal clutter discusses the scene between 
users and external clutter might be how the team got to the 
game. Non-relevant information also has to be designated.  
Table 2 then lists the key concepts for text. 

 Table 2: Text Descriptor Categories. 
TEXT Relevant Clutter
Call-outs Player, other How do I use the mic?
Internal Clarifications How to zoom camera?
External Commercial break Score of other game?



 
The text information can be mapped to the video constructs. 
Table 3 lists some designations between relevant and non-
relevant information. The typical analysis for the image 
processing community is to key the target credibility results 
with high-probability. 
 
Table 3: Video Descriptor Categories. 

VIDEO Relevant Non-relevant
Detections Players, ball location Birds, people on sidelines
Tracks Those players in the 

designated area 
Other team members, 
referees 

Classes  Home, Away Other teams in audience
IDs Offense, Defense,

Other (threats based 
on activity) 

Distant actions not in 
designated areas 

   

Credibility High Probability Low Probability
 
Clutter includes spurious signals inducing change detection, 
many short tracks, low probability of classification, false 
alarms, and neutral or routine activities. 

C. Context as a menas of correlation for Video and Text  
The use of context can be of many forms such as context 
aware tracking. A scenario is defined as π = f(s, t, g, c), where 
s is spatial location, t is time, g is geography, and c is culture. 
Given some context (g, c) from historical analysis, we need to 
determine if the hypothesis is true which can be done for 
association. The hypothesis assessment is done over the 
relevant information which has been decomposed from the 
text and video observable quantities. Context, such as roads, 
can refine the hypothesis space. To determine the validity of 
the hypothesis, we can use context information in relation to 
the utility of the information against the query.  

Other approaches include graphical fusion methods that link 
tracking networks to semantic networks. For example, if a 
semantic network links people from a social network, then it is 
likely that these people move together. With text extraction of 
external reports and video detections of suspicious activities, a 
positive tracking and identification could be rendered as to an 
activity of interest.   

Given space limitation, we next describe only the video 
tracking method used for the V2T association, where the 
HONB is described in [40-43]. 

IV. L1 TRACKING FRAMEWORK 
The L1 particle filter tracker [54, 55, 56, 57] takes advantages 
of the sparse representation and compressive sensing 
techniques. The original L1 tracker was computationally 
expensive due to the intensive computation of L1 solutions. 
But several techniques have been developed to speed up the 
process for near real time analysis.  

A. Particle Filter 
The particle filter provides a means to sequentially estimate 
the posterior distribution of random variables related to 
Markov chains. In visual tracking, it serves as an important 
tool for estimating the target in the next frame without 
knowing the concrete observation probability. It consists of 
two steps: prediction and update. Specially, at the frame t, 

denote xt as the state describing the location and the shape of 
the target, y1:t−1= {y1,y2,···,yt−1} the observation of the target 
from the first frame to the frame t −1. Particle filter proceeds 
in two steps with following two probabilities: 
 𝑝(𝑥 |𝑦 : ) = ∫ 𝑝(𝑥 |𝑥 )𝑝(𝑥 |𝑦 : ) 𝑑𝑥   (1) 

 𝑝(𝑥 |𝑦 : ) = ( | ) ( | : )( | : )                                       (2) 
 
The optimal state for frame t is obtained according to the 
maximal approximate posterior probability: x∗t = arg maxx 
p(x|y1:t). 
 

The posterior probability is approximated by using finite 
samples St = {x1

t,x2
t,···,xN

t} with different weights W = 
{w1

t,w2
t,···,wN

t}, where N is the number of samples. The 
samples are sampled according to the sequential importance 
distribution Π(xt|y1:t,x1:t−1) and weights are updated by:  

 𝑤 ∝ 𝑤 ∏( | : , : )                                        (3) 
 

When Π(xt|y1:t,x1:t−1) = p(xt|xt−1), the above equation takes a 
simplified form 𝑤  ∝ 𝑤 𝑝(𝑦 |𝑥 ) . Then, the weights of 
some particles may keep increasing and fall into the 
degeneracy case. To avoid such a case, in each step, a re-
sampling strategy is used to generate samples with equal 
weights according to previous sample weights distribution. 

B. Spare Representation 
The sparse representation model aims at calculating the 
observation likelihood for sample state xt, i.e. p(zt|xt). At the 
frame t, given the target template set Tt=[t1

t,t2
t,···,tn

t], let St 
={x1

t,x2
t,···,xN

t} denote the sampled states and Ot 
={y1

t,y2
t,···,yN

t} the corresponding candidate target patch in 
target template space. The sparse representation model can 
then be written as: 
 𝑦 = 𝑇 𝑎 +  𝐼𝑎 ,    ∀𝑦 ∈ 𝑂 ,                         (4) 
 
where I is the trivial template set (identity matrix) and ai

t = 
[ai

T;ai
I] is sparse in general. Additionally, nonnegative 

constraints are imposed on ai
T for the robustness of the L1 

tracker. Consequently, for each candidate target patch yi
t, the 

sparse representation of yi
t can be found via solving the 

following L1-norm related minimization with nonnegative 
constraints: 
 min 𝑦 − 𝐴𝑎 + 𝜆‖𝑎‖ , 𝑎 ≽ 0,                      (5) 
 

where A= [Tt,I,−I]. 
 
Finally, the observation likelihood of state xi

t is given as: 
 𝑝 𝑧 𝑥 = exp −𝑎 𝑦 − 𝑇 𝑐 ,                     (6) 
 

where α is a constant controlling the shape of the Gaussian 
kernel, Γ is a normal factor and ci

T is the minimizer of the L1-
norm minimization restricted to Tt. Then, the optimal state x∗t 
of frame t is obtained by: 
 𝑥∗ = arg max ∈ 𝑝 𝑧 𝑥 .                              (7) 

 



In addition, a template update scheme is adopted to overcome 
pose and illumination changes. 

C. A Modified Version to Deal with Occlusion and Noise  
There are two types of dictionary templates: target templates 
and trivial templates. The target templates are updated 
dynamically for representing target objects during the tracking 
process. The trivial templates (identity matrix I) is for 
representing occlusions, background and noise. However, 
since parts of objects may also be represented by the trivial 
templates, the region detected by the original tracker 
sometimes does not fit the target very accurately. 

We use a modified version for improving tracking accuracy. 
The new model is based on the following observation. When 
there are no occlusions, the target in the next frame should be 
well approximated by a sparse linear combination of target 
templates with a small residual. Thus, the energy of the 
coefficients in a associate with trivial templates, or trivial 
coefficients, should be small. On the other hand, when there 
exist noticeable occlusions, the target in the next frame cannot 
be well approximation by any sparse linear combination of 
target templates, the large residual (corresponding to 
occlusions, background and noise in an ideal situation) will be 
compensated by the part from the trivial templates, which 
leads to a large energy of the trivial coefficients. The 
minimization is obviously not optimal since it does not 
differentiate these two cases. 

To optimize the usage of the trivial templates in the tracking, 
we need to adaptively control the energy of the trivial 
coefficients. That is, when occlusions are negligible, the 
energy associated with trivial templates should be small. 
When there are noticeable occlusions, the energy should be 
allowed to be large. This motivation leads to the following 
minimization model for the L1 tracker: min ‖𝑦 − 𝐴 𝑎‖ + 𝜆‖𝑎‖ + ‖𝑎 ‖ , s. t.  𝑎 ≽ 0,     (8) 
 
where A' = [Tt,,I], a = [aT; aI] are the coefficients associated 
with target templates and trivial templates respectively, and 
the parameter μt is a parameter to control the energy in trivial 
templates. In our implementation, the value of μt for each state 
is automatically adjusted using the occlusion detection 
method. That is, if occlusions are detected, μt =0; otherwise μt 
is set as some pre-defined constant. The benefit of the 
additional L2 norm regularization term is that the trivial 
templates coefficients from minimization are small and lead to 
better tracking results. 

D. Minimum Error Bound 
A minimal error bounding method is proposed to reduce the 
number of needed L1 minimizations. Actually, the method is 
based on the following observation: 
 ‖𝑇 𝑎 − 𝑦‖ ≥ ‖𝑇 𝑎 − 𝑦‖ , ∀𝑎 ∈ ℝ ,                            (9) 

 
where,      𝑎 = 𝑎𝑟𝑔 min ‖𝑇 𝑎 − 𝑦‖                                    (10) 
 
Consequently, for any samples xi

t, its observation likelihood 
has the following upper bound: 
 

𝑝 𝑧 𝑥 = exp −𝑎 𝑦 − 𝑇 𝑐 ≜ 𝑞 𝑧 𝑥          (11) 
 
where q(yi

t|xi
t) is the probability upper bound for state xi

t. It is 
seen that if 𝑞(𝑧 |𝑥 ) < ∑ 𝑝( 𝑧 |𝑥 ), then the sample xi

t 
will not appear in the resample set. In other words, xi

t can be 
discarded without being processed. Thus, a two stage resample 
method is used to significantly reduce the number of samples 
needed in tracking. 

The L1 tracker outputs the results in the form of tracks that 
need to be associated with the text processing. The text 
processing analysis is described in [38].  

V. V2T EXAMPLE 
For many cases, there is cultural information available either 
from video sensing (geography) or human reports (text and 
situation call-outs).  Figure 5 highlights the association where 
HLIF includes the mission requirements that the user is 
interested in. The LLIF is the tracker and text information. For 
the text, there is both an individual user (call-outs), a team 
(internal text), and then external messages. Shown on the left 
is context management [8]. Together the V2T must output a 
target log of processing, situation awareness visualization and 
any related story content. 

 
Figure 5 – V2T System Description 

A. Text from SYNCOIN  
The story content we use comes from the SYNCOIN data.  
Methods of SYNCOIN analysis have been reported for vehicle 
borne IED that we leverage (see ISIF ETURWG) use cases.  
From the SYNCOIN data, we get some data associated with 
the activities of interest. For example, from SYNCOIN [36]:  
 

Citizen 
Tip 

A local citizen in Rashid states that a group of people
were seen loading a large tank onto a Toyota flatbed 
truck in the early afternoon 

Tipline 
Call 

line caller from Qadisiya says, “Everyone inside (the 
Green Zone) has lights and air-conditioning, fresh 
produce and we have none of that…when will Baghdad 
again be enjoyed by Iraqis?” 

TUAS 
Video 

T-UAS observes a white truck matching the description of 
one of two Toyotas in the designated area. The truck 
turns and parks at a gas station in a parking lot near a 
coalition checkpoint.

IED-
attack 

A large explosion occurred outside of the Green Zone 
some 500 meters from the US checkpoint

 



Note that the red refers to a text report and the blue is a video 
report. We seek to associate activities extracted from the text 
and the video so as to improve situation understanding. The 
first step is data registration (synchronization, alignment) to 
correlate information in time and space [58]. For associating 
the text to the video we utilize semantic descriptions to link 
entities in space (e.g., near) [59] and form activity patterns 
(e.g., kinematic movement and semantic labels) with event 
demarcations in time.  

We perform semantic labeling by extracting information from 
text to form an activity pattern. An activity pattern is a graph 
in which we represent the activities, entities, and relations 
between them that form the pattern. In this case, we have a 
loading pattern, as shown in the left side of Figure 6. In a 
similar fashion, we process the video to track and characterize 
objects in the scene. In this case, we detect a white pickup 
truck stopping, resulting in the activity pattern on the right 
side of Figure 6. From this representation, we can form a 
semantic track whereby we associate activity patterns derived 
from text and video to each other based on correlations 
between kinematic and attribute information, such as color and 
type of vehicle. We also use the activity patterns to learn 
patterns of life with our Multi-Intelligence Activity Pattern 
Learning Engine (MAPLE) for rendering activity density heat 
maps of detected activities (e.g., vehicle stops) and alerting to 
activities that are spatially or temporally anomalous. 

 
Figure 6 – V2T Association. 

B. Video Analysis 
Using the SYNCOIN example, the mission storyboard 
identifies that something is happening and we need video 
exploitation. Using the L1 tracker, we can get track information 
on people and vehicles in the videos, shown in Figure 7-9. The 
video analysis labels the relevant objects and the associated 
activities (walking, stopped) as well as people activities 
(groups).  This use case, as part of the SYNCOIN scenario only 
provides information as to the surveillance up to the story 
board analysis (for example, not a video with explosion).  Here, 
we have a forensic analysis of the attributes of key observations 
between the times of the video collection. With the SYCOIN, 
we can initiate tracks and determine a time, location, and set of 
activities for analysis. For the V2T association between the 
video and the SYNCOIN external text, we also have call-outs 
associated with someone watching the video. 

    

••••

      
Figure 7 – People Movement Detection (Person-Person Interaction). 

 

 
Figure 8 – People Activity Detection (Person-Environment Interaction). 

 

 
Figure 9 – Person Getting into Car (Person-Object Interaction). 

 

C. Video to Text Correlation in Space 
For the videos, we have designated call-outs that provide meta-data 
for time and space: 
 

0:08-0:18 People walking in on road 
0:30-1:15 People enter parking lot 
1:55-1:96 People milling around a building 
2:39-2:50 Person Running 
2:56-3:15 Person gets into a parked car (near gas station) 
3:22-4:26 Person gets out of car, with others 
5:05-5:08 Black car drives away 

Using the SYNCOIN format, we can correlate in space and 
time the tracks and the text that relates to the information 
needs. Figure 10 overlays the information from a database that 
provides context information (e.g. building numbers). The 
pink is contextual information such as buildings and relevant 
information such as roads, buildings and water towers. The 
blue is the semantic information. The blue then represents 
significant activity. In the lower left, the yellow highlights a 
track of which the blue indicates that a target is turning. 
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=

=
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Figure 10 –Visualization with Google Earth. 

Figure 11 shows the extended tracks with the key semantic 
associations where the video events are plotted in JVIEW [60].    
The JVIEW UDOP affords data rendering, filtering and 
analysis for a user to confirm V2T associated relevant 
activities, filter over results, and make annotations. The 
geospatial information provides situation awareness, while the 
text overlaid cues a user to key attributes. Together the context 
perspective allows a user to refine estimates of key events in 
space where entities of interest support the analysis.  

 
Figure 11 – Track data with semantic Call-outs for Space Time Correlation. 

D. Video to Text Correlation in Time 

Fusing the text reports (e.g., SYNCOIN) with the video data 
affords a joint probability density fusion (pdf) analysis. The 
reports cue video collections and the user exploiting the video 
provides call-outs of significant activities. When these events 
happen together, there is a weighted function of their 
associations. A measure of significance is implied from the 
joint PDF in time (Figure 12). Just by correlating the timelines 
of events (MOP) from video and text reports activities and 
doing a sum of Gaussians, we can determine when significant 
(MOE) activity is happening and segmentation between 
activities. 

 
Figure 12 – Multimodal V2T Fusion in Time. 

Another example is to align reports with a relevance factor.  
By fusing the report timelines, we can weigh the automated 

V2T product as a relevant.  Assume we are looking for a target 
turning (Figure 8, SYNCOIN TUAS), then by collection 
association, we can rank the videos of importance shown in 
Figure 13. The text with video exploitation offers a semantic 
ranking of relevant video collections [61] that cure uses which 
clips are important as well as techniques for video 
compression, indexing, storing, and archiving. 

 
Figure 13 – Multimodal Time Multimodal Time Analysis. 

From this notion, a user can extract previous video collections 
annotated with the relevant semantic overlay from the 
continuity folder. 

VI. CONCLUSIONS 
We demonstrated a methodology for doing video-to-text 
(V2T) fusion that incorporates hard (e.g., video) and soft (e.g., 
text) data. The video exploitation produces tracks and the text 
content extraction supports semantic labels. Together, these 
are fused for activity and event characterization to provide a 
more meaningful understanding of the situation. Context (from 
SYNCOIN) provides the mission needs, utility function, and 
story to augment real-time V2T analysis. The next phases 
include information management [62], pattern learning [63], 
and performance evaluation over contextual information to 
include cyber [64] and satellite imagery [65]. 

ACKNOWLEDEGMENTS 
Erik Blasch was supported under an AFOSR grant in Dynamic Data-
Driven Applications Systems and support from AFRL. Contracts for 
the work were supported by the Air Force Research Lab (RIEA). 
Additional technical thanks go to Steve Scott, Alex Aved, Juan 
Vasquez, Dave Williamson, Rob Snyder, Jeff Graley, Mark Pronobis, 
Mike Hinman, Guna Seetharaman, Mike Bilinski, Chris Janek, 
Zhonghai Wang, Georgiy Levchuk, Dustin Burke, Hillary Holloway, 
Andrew Kaluzniacki, Mike Morefield, and Amitha Perera. 
 
REFERENCES 
[1] E. Blasch, E. Bosse, and D. Lambert, High-Level Information Fusion 

Management and Systems Design, Artech House, Norwood, MA, 2012. 
[2] E. Blasch, “Sensor, User, Mission (SUM) Resource Management and 

their interaction with Level 2/3 fusion” Int. Conf. on Info Fusion, 2006. 
[3] E.  Blasch, D. A. Lambert, P. Valin, M. M. Kokar, J. Llinas, S. Das, C-

Y. Chong, and E. Shahbazian, “High Level Information Fusion (HLIF) 
Survey of Models, Issues, and Grand Challenges,” IEEE Aerospace and 
Electronic Systems Magazine, Vol. 27, No. 9, Sept. 2012. 

[4] P. Foo, G. Ng, “High-Level Information Fusion: An Overview,” J. Adv. 
Information Fusion, Vol. 8 (1), June 2013. 

[5] B. Kahler and E. Blasch, ”Sensor Management Fusion Using Operating 
Conditions,” Proc. IEEE Nat. Aerospace Electronics Conf.,  2008. 

[6] M. R. Endsley, D. J. Garland, (Eds.) Situation awareness analysis and 
measurement. Mahwah, NJ: Lawrence Erlbaum Associates, 2000. 

[7] E. Blasch, S. Plano, “Level 5: User Refinement to aid the Fusion 
Process,” Proc. of SPIE, Vol. 5099, 2003. 



[8] A. Steinberg, C. Bowman, et al., “Adaptive Context Assessment and 
Context Management,” Int’l Conf. on Information Fusion, 2014. 

[9] E. Blasch, I. Kadar, J. Salerno, M. M. Kokar, S. Das, et. al., “Issues and 
Challenges in Situation Assessment (Level 2 Fusion),” J. of Advances in 
Information Fusion, Vol. 1, No. 2, pp. 122 - 139, Dec. 2006. 

[10] C. Yang and E. Blasch, “Fusion of Tracks with Road Constraints,” J. of. 
Advances in Information Fusion, Vol. 3, No. 1, 14-32, June 2008. 

[11] Y. Bar-Shalom, P. K. Willett and X. Tian, Tracking and Data Fusion, 
YBS Publishing, 2011. 

[12]  M. Mallick, V. Krishnamurthy, and B-N. Vo, Integrated Tracking, 
Classification, and Sensor Management, Theory and Applications, 
Wiley, 2012. 

 [13] E. Blasch, Derivation of A Belief Filter for High Range Resolution 
Radar Simultaneous Target Tracking and Identification, Ph.D. 
Dissertation, Wright State University, 1999. 

[14] E. Blasch and S. Plano, “JDL Level 5 Fusion model ‘user refinement’ 
issues and applications in group Tracking,” Proc. SPIE, 4729, 2002. 

[15] E. T. Senlap, “Coordination of sensor platforms for tracking and  
identifying objects: Performance measures,” Int’l. Conf. on Information 
Fusion, 2013.  

[16] E. Blasch, Z. Wang, H. Ling, K. Palaniappan, G. Chen, D. Shen, A. 
Aved, G. Seetharaman, “Video-Based Activity Analysis Using the L1 
tracker on VIRAT data,” IEEE Applied Imagery Pattern Recognition 
Workshop, 2013. 

[17] E. Blasch, G. Seetharaman, K. Palaniappan, H. Ling, and G. Chen, 
“Wide-Area Motion Imagery (WAMI) Exploitation Tools for Enhanced 
Situation Awareness,” IEEE Applied Imagery Pattern Recognition 
Workshop, 2012. 

[18] A. Hoogs, J. Mundy, and G. Cross, “Multi-Modal Fusion for Video 
Understanding,” IEEE Applied Imagery Pattern Rec. Workshop, 2001. 

[19] A. Hoogs, J. Rittscher, G. Stein and J. Schmiederer, “Video Content 
Annotation Using Visual Analysis and a Large Semantic 
Knowledgebase,” IEEE CVPR, 2003. 

[20] N. Denis and E. Jones, “Spatio-Temporal Pattern Detection Using 
Dynamic Bayesian Networks,” IEEE Conf. on Decision &Control, 2003. 

[21] M. T. Chan, A. Hoogs, J. Schmiederer, M. Petersen, “Detecting Rare 
Events in Video Using Semantic Primitives with HMM,” International 
Conference on Pattern Recognition, 2004. 

[22] M. T. Chan, A. Hoogs, Z. Sun, J. Schmiederer, R. Bhotika, and G. 
Doretto, “Event Recognition with Fragmented Object Tracks,” Int’l. 
Conf. on Pattern Recognition, 2006. 

[23] A. Basharat, A. Gritai, M. Shah, “Learning object motion patterns for 
anomaly detection and improved object detection,” IEEE CVPR, 2008. 

[24] E. Swears, A. Hoogs, and A. G. A. Perera, “Learning Motion Patterns in 
Surveillance Video using HMM Clustering,” IEEE WMCV, 2008. 

[25] E. Blasch, C. Banas, M. Paul, B. Bussjager, et al., “Pattern Activity 
Clustering and Evaluation (PACE),” Proc. SPIE, Vol. 8402, 2012. 

[26] K. K. Reddy, N. Cuntoor, et al., “Human Action Recognition in Large-
Scale Datasets Using Histogram of Spatiotemporal Gradients,” IEEE 
Int’l Conf. on Adva. Video and Signal-Based Surveillance, 2012. 

[27] P. Liang, et al., “Multiple Kernel Learning for Vehicle Detection in 
Wide Area Motion Imagery,” Int. Conf. on Info Fusion, 2012. 

[28] C. Yuan, X. Li, W. Hu, H. Ling, and S. Maybank, “3D R Transform on 
Spatio-Temporal Interest Points for Action Recognition,” IEEE Conf. on 
Computer Vision and Pattern Recognition (CVPR), 2013. 

[29] J. Gao, H. Ling, et al., “Pattern of life from WAMI objects tracking 
based on visual context-aware tracking and infusion network models,” 
Proc. SPIE, Vol. 8745, 2013. 

[30] N. F. Sandell, R. Savell, D. Twardowski, and G. Cybenko, “HBML: A 
Representation Language for Quantitative Behavioral Modeling in the 
Human Terrain,” Social Computing and Behavioral Modeling, H. Liu, JJ 
Salerno, and MJ Young (eds.), Springer 2009. 

[31] T. Wang, Z. Zhu and R. Hammoud, “Audio-Visual Feature Fusion for 
Vehicles Classification in a Surveillance System,” IEEE Conf. on 
Computer Vision and Pattern Recognition (CVPR), 2013. 

[32] I. Kim, S. Oh, B. Byun, A. G. A. Perera, C-H. Lee, “Explicit 
Performance Metric Optimization for Fusion-based Video Retrieval,” 
European Conference on Computer Vision (ECCV), 2012. 

[33] J. G. Herro, L. Snidaro, and I. Visentini, “Exploiting context as a binding 
element for multi-level fusion,” Int’l Conf. on Info. Fusion, 2012. 

[34] E. Blasch, J. Garcia Herrero, L. Snidaro, J. Llinas, G. Seetharaman, K. 
Palaniappan, “Overview of contextual tracking approaches in information 
fusion ,” Proc. SPIE, Vol. 8747, 2013. 

[35] M. A. Pravia, O. Babko-Malaya, M. K. Schneider, et al., “Lessons 
Learned in the Creation of a data set for hard-soft information fusion,” 
Int’l. Conf. on Information Fusion, 2009. 

[36] J. L. Graham, D. L. Hall, J. Rimlan. “A synthetic dataset for evaluating 
soft and hard fusion algorithms,” Proc. SPIE, 8062, 2011. 

[37] A. Panasyuk, et al., “Extraction of Semantic Activities from Twitter 
Data,” Semantic Technol. for Intelligence, Defense, and Security, 2013. 

[38] T. Wu and W. M. Pottenger, “A Semi-Supervised Active Learning 
Algorithm for Information Extraction from Textual Data.” J. of the 
American Society for Info. Sci. and Tech., Vol. 56 (3): 258-271, 2005. 

[39] M. C. Ganiz, C. George, and W. M. Pottenger, “Higher Order Naïve 
Bayes: A Novel Non-IID Approach to Text Classification,” IEEE Tr. on 
Knowledge and Data Engineering, vol. 23 (7): 1022-1034, July, 2011. 

[40] B. Liu, E. Blasch, Y. Chen, D. Shen, G. Chen, “Scalable Sentiment 
Classification for Big Data Analysis Using Naive Bayes Classifier,” 
IEEE Intl Conf. on Big Data, Oct. 2013. 

[41] C. Nelson, H. Keiler H., W.M. Pottenger, Modeling Microtext with 
Higher Order Learning, AAAI Spring Symposium, 2013. 

[42] www.intuidex.com, accessed 3/13/2014 
[43] A. Preece, D. Pizzocaro, D. Braines, D. Mott, G. de Mel, and T. Pham, 

“Integrating hard and soft Information Sources for D2D Using 
Controlled Natural Language,” Int’l Conf. on Information Fusion, 2012. 

[44] E. A. Smith, Effects Based Operations: Applying Network Centric 
Warfare in Peace, Crisis, and War, Command and Control research 
Programs (CCRP), 2003. 

[45] E. Blasch et al., “DFIG Level 5 (User Refinement) issues supporting 
Situational Assessment Reasoning,” Int. Conf. on Info Fusion, 2005. 

[46] O. Straka, J. Duník, and M. Šimandl,  “Randomized Unscented Kalman 
Filter in Target Tracking,” Int. Conf. on Information Fusion, 2012. 

[47] P. Liang, H. Ling, E. Blasch, G. Seetharaman, D. Shen, G. Chen, 
“Vehicle Detection in Wide Area Aerial Surveillance using Temporal 
Context,” Int’l Conf. on Info Fusion, 2013. 

[48] P. C. G. Costa, K. B. Laskey, E. Blasch and A-L. Jousselme, “Towards 
Unbiased Evaluation of Uncertainty Reasoning: The URREF Ontology,” 
Int. Conf. on Info Fusion, 2012. 

[49] J. Dezert, D. Han, Z-G Liu, J-M Tacnet, “Hierarchical DSmP 
transformation for decision-making under uncertainty,” Int. Conf. on 
Information Fusion, 2012. 

[50] A. J∅sang, P. C. G. Costa, et al., “Determining Model Correctness for 
Situations of Belief Fusion,” Int’l Conf. on Info Fusion, 2013. 

[51] E. Blasch, K. B. Laskey, A-L. Joussselme, V. Dragos, P. C. G. Costa, 
and J. Dezert, “URREF Reliability versus Credibility in Information 
Fusion (STANAG 2511),” Int’l Conf. on Info Fusion, 2013. 

[52] E. Blasch, P. Valin, and E. Bossé, “Measures of Effectiveness for High-
Level Fusion,” Int’l Conf. on Info Fusion, 2010. 

[53] E. Blasch, R. Breton, and P. Valin, “Information Fusion Measures of 
Effectiveness (MOE) for Decision Support,” Proc. SPIE 8050, April 
2011. 

[54] H. Ling, L. Bai, et al., “Robust infrared vehicle tracking across target 
pose change using L1 regularization,” Int’l Conf. on Info. Fusion, 2010. 

[55] X. Mei, H. Ling, et al., “Minimum Error Bounded Efficient L1 Tracker 
with Occlusion Detection,” IEEE Comp. Vision and Pattern Rec., 2011. 

[56] X. Zhang, W. Li, W. Hu, H. Ling, et al., “Block covariance based L1 
tracker with a subtle template dictionary,” Pattern Recognition, 2012.  

[57] X. Mei, H. Ling, Y. Wu, E. Blasch, and L. Bai, “Efficient Minimum Error 
Bounded Particle Resampling L1 Tracker with Occlusion Detection,” 
IEEE Trans. on Image Processing (T-IP), Vol. 22 (7), 2661 – 2675, 2013. 

[58] E. Blasch, “Enhanced Air Operations Using JView for an Air-Ground 
Fused Situation Awareness UDOP,” AIAA/IEEE Digital Avionics 
Systems Conference, Syracuse, NY, Oct. 2013. 

[59] R. T. Antony, J. A. Karakowski, “First-Principle Approach to 
Fucntionally decomposing the JDL Fusion Model: Emphasis on Soft 
Target Data,” Int’l Conf. on Information Fusion, 2008.   

[60] R. T. Antony, J. A. Karakowski, “Homeland security application of the 
Army Soft Target Exploitation and Fusion (STEF) system,” Proc. SPIE, 
Vol. 7666, 2010.   

[61] E. Blasch "Introduction to Level 5 Fusion: the Role of the User," 
Chapter 19 in Handbook of Multisensor Data Fusion 2nd Ed,  Eds. M. E. 
Liggins, D. Hall, and J. Llinas, CRC Press, 2008. 

[62] E. Blasch, A. Steinberg, S. Das, J. Llinas, et al., "Revisiting the JDL 
model for information Exploitation," Int’l Conf. on Info Fusion, 2013. 

[63] R. I. Hammoud, et al., “Multi-Source Multi-Modal Activity Recognition 
in Aerial Video Surveillance,” Int. Comp. Vis. & Pattern Rec., 2014. 

[64] G. Chen, D. Shen, C. Kwan, J. Cruz, et al., “Game Theoretic Approach 
to Threat Prediction and Situation Awareness,” Journal of Advances in 
Information Fusion, Vol. 2, No. 1, 1-14, June 2007. 

[65] E. Blasch and Z. Liu, “LANDSAT Satellite Image Fusion Metric 
Assessment,” Proc. IEEE Nat. Aerospace Electronics Conf., 2011. 


