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Abstract. In this paper we present a closed loop mixed reality training system
that provides automatic assessment of trainee performance during kinetic mili-
tary exercises. At the core of our system is a hierarchical behavior analysis
approach that integrates a number of data sensor modalities including Au-
dio/Video, RFID and IMUs to automatically capture trainee actions in a
comprehensive manner. Our behavior analysis and performance evaluation
framework uses a finite state machine (FSM) model in which trainee behaviors
are the states of the training scenario and the transitions of states are caused by
stimuli that we refer to as trigger events. The goal of behavior analysis is to es-
timate the states of the trainees with respect to the training scenario and quanti-
fy trainee performance. To robustly detect each state, we build classifiers for
each behavioral state and trigger event. At a given time, based on the state esti-
mation, a set of related classifiers are activated for detecting trigger events and
states that can be transitioned to and from the current states. The overall struc-
ture of the FSM and trigger events is determined by a Training Ontology that is
specific to the training scenario.

1 Introduction

Infantry training, from basic training at home stations to joint exercises prior to dep-
loyment, can become more effective through automated behavior analysis and
performance evaluations. In this paper, we present an automated behavior analysis
and performance evaluation computational framework for a wide range of training
objectives.

We model trainee behavior (individually and in teams) as states, and the causes of
state transitions as trigger-events. Each state has a set of performance metrics. The
overall goals of the training exercise are captured as hierarchical Finite State Ma-
chines (FSM) with associated performance metrics. Our behavior analysis module
uses sensor data as observations to estimate the states that the trainees are in. The
performance evaluation module computes the performance metrics given the esti-
mated states of the trainees. Trigger events that result in transition from one state to
another are detected using a Histograms of Oriented Occurrence (HO2) algorithm for
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individual and group activity recognition that captures the interactions of multiple
players in one feature vector.

The system uses a suite of multi-modal sensors INS RFID
to capture training exercise (see figure 1). Each
trainee’s location, weapon and head orientations
are computed using a combination of GPS or
RFID, inertia navigation sensors (INS) data and
video analysis. Gunshots are captured through
trigger sensors and laser shot detection system.
Videos and detected events are overlaid on a 3D-
model of the training site for enhanced AAR and
situational awareness experiences. Additionally,
our AAR allows searching and browsing of training
events and the computation of statistics. Our {;;Etss
system estimates behaviors and corresponding
performance metrics in real-time, and ingests both
into a database. Experimental results from out pro-
totype training system have shown improved train-
ing efficiency and effectiveness as a result of the
system.

Fig. 1. Multi-modal sensor suite
used to instrument trainees

2 Automated Behavior Analysis and Event Detection

Our training domain (military exercises) circumscribes the space of observable beha-
viors to a controllable list. Taking advantage of this fact we are able to develop a
behavior analysis framework that uses a finite state machine (FSM) model where
participants’ behavior are the states and the transitions of states are caused by stimuli
that we refer to as trigger events. The goal of behavior analysis is to estimate the
states of the participants and the states that the participants should be in at any given
time. The former are used for exercise and scenario control and the later are used for
performance evaluation. To robustly detect each state, we build classifiers for not
only for each state, but also for each trigger event. At a given time, based on the state
estimation, a set of related classifiers are activated for detecting trigger events and
states that can be transitioned to and from the current states.

We model a training exercise as a finite state machine (FSM). A FSM is a quin-
tuple (%,S,s0,0,F), where:

2 is the input alphabet (a finite and non-empty).

S is a finite, non-empty set of states.

So 1S an initial state, an element of S.

d is the state-transition function that returns a set of transition probabilities:

0:SxXX— P(S).

e  Fis the set of final states, a subset of S.
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For training,

Y is the set of stimuli or trigger events

S is the set of possible behaviors, i.e. states of the participants.

So 1S an initial state.

4 is the reaction to a stimulus. & contains both the correct reactions to stimuli
defined in a TTP and incorrect reactions that need to avoid.

e Fis the end state of a training exercise.

For a training system, states S can only be perceived through sensor observations, O.
Then, behavior analysis is to estimate states S={s,s,,..,5,/ given sensor observation
0O={0y,0y,..,0,}. In our system, the sensor inputs include positions of all participants,
their head, body and gun poses and shot/hit data (figure 1). However the definition of
state S and transition trigger events depends on the Training Ontology discussed next.

2.1  Training Ontology

The training ontology captures knowledge related to a set of training objectives in-
cluding TTP (Techniques, Tactics and Procedures), training scenarios and perfor-
mance metrics. This is a machine understandable graphical-representation of the
TTP that includes comprehensive data on scenario context, parameters for behavior
recognition, and expected performance evaluation thresholds. Our training taxonomy
is divided into two sub-hierarchies — a set of concepts representing states (nouns) and
a set representing trigger events (verbs). Using Protégé [Noy, 2001], we assign a node
to each state, along with
the corresponding defini-
tion. Similarly, we assign
a node to each trigger
event and its definition.
All states and trigger
events form the taxonomy
in our training ontology.
For each state, we also
store associated attributes
including classifier and
the performance metrics
for the state. For each
state and a given trigger
event, the ontology also
captures all states that it
can transition to. Figure 2
illustrates an example
exercise model that in- \
cludes speech and ges-

tures so that they can be

Hand Signal
-Coordinate,
assessed in the same over-

all framework. Fig. 2. Example Ontology of Exercise Room Clearing

Entering
two rooms
imultaneous!

Speech & Gesture
Additions to Ontology
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2.2  Hierarchical Behavior Analysis

The training ontology helps us define the FSM that represents only the top layer of
our hierarchical behavior analysis module. As illustrated in figure 3 at the lowest level
is the Action Detection module that classifies atomic actions performed by the partic-
ipants. These atomic actions span a wide array of low-level trainee behaviors like
“walking”, “group formation”, “weapon sector scanning”, ‘“weapon fire” etc. In most
cases classifiers for these atomic actions are trained on static features extracted direct-
ly from the raw sensor data. For instance to detect “group formations” the track
locations of the trainees are used to match against a shape template pertaining to a
“diamond” or “wedge” formation. In the middle layer, we generate Trigger Events
which are mid-level abstractions of trainee behavior that result in a meaningful transi-
tion from one state in the scenario to another. These trigger events typically represent
a dynamic activity that require features to be extracted over a window of time frames.
Figure 3 illustrates some examples of these including “Cordon Formation”, “Crossed
Danger Zone” etc.

Threat Neutralized
Resume Patrol

Upper Layer: Finite State
Machine (FSM)

1

Mid Layer: Trigger Events

]

Lower Layer: Shared

Walking  Aiming Firing Looking Waiting Running  Blocking Primitive Actions

Current Context gun pose line of fire angular sector of fire

Multi-modal sensor data

Fig. 3. Hierarchical framework for behavior analysis

Adaptive space-time aggregated features Histogram of Oriented Occurrences
(HO2) are computed and trained with SVM to classify atomic actions and trigger
events. In its most generalized form, space-time context is the histogram of occur-
rences of entity classes of interest over a partition of a spatial-temporal volume with
respect to a reference entity or a reference location. Existing activity or event exploi-
tation approaches represent these events using features that only measure pair wise
relationships between entities at a time, such as relative distance and relative speed.
Due to the limitations of the pair wise entity relationship descriptors, this class of
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events is mainly defined and recognized using rule-based approach. HO2 captures the
interactions of all entities of interests in terms of configurations over space and time
through a histogramming process. Using this new space-time context representation,
our activity exploitation approach captures both environmental context and spatial-
temporal characteristics of the entities in a unified framework. Using HO2, we
have been able to detect multi-agent events such as VIP arriving or depicturing with
security details.

Vehicle  People 1

Fig. 4. HO2 computation using log-polar partition function. The reference entity is the middle
vehicle in a three-vehicle convoy. The people icons represent a pedestrian crossing the street.
The histograms of vehicle and people occurrences are shown in the middle. The resulting
space-time context feature vector is shown on the right.

Finally, as already discussed at the third and highest level a finite state machine
(FSM) is used to model the training scenario as a set of behavioral states predicated
with trigger events (mid-level). The overall structure of the FSM and trigger events is
determined by a Training Ontology that is specific to the TTP (techniques tactics and
procedures) of the training scenario.

2.3  Trainee Performance Evaluation

Performance metrics are computed by comparing trainee actions to canonical execu-
tions based on the TTP. Our system computes performance metrics associated with
each state during a training exercise. Low-level data including location, weapon
orientation etc. is used to compute these metrics. For our MOUT application training,
the following performance metrics are computed:

e 360 degrees Security: The percentage of a full 360 degrees that is either covered
by a Warfighter’s weapon or is blocked by a cover.

¢ Blocking: The fraction of the time that all danger spots were blocked by the war-
fighters, i.e. at least one warfighter points his weapon at each of the danger spots.
The danger spot may be a possible sniper position or an approaching vehicle, etc.
We use “Aim Margin” to determine the blocking accuracy which needs to be
achieved.
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e Cover: The fraction of time that all warfighters maintain cover. The source of
cover can be natural objects such as trees, ravines, hollows, reverse slopes, etc. or
man-made such as vehicles, trenches, and craters.” [USMC, 2006]. The Warfigh-
ters are maintaining cover if the minimum distance of each warfighter from any of
the source of cover against the threat direction is below the ‘Cover Margin’. The
sources of cover are computed from the 3D-model of the training environment. We
use Hausdorff distance as the distance measure.

e Flagging/Muzzling: A warfighter points his weapon at a friendly. The Flagging
score is the total number of detected flaggings.

e Dispersion Measure: The average nearest-neighbor distance (NND) per unit time
for the warfighter team. Depending on the context, dispersion measure can be use-
ful for signaling “bunching”. For instance, “bunching” may be preferred in an ur-
ban context when a unit approaches the corner of a building; it is dangerous in
open spaces in a rural context where the entire unit may be exposed.

3 Visualization and AAR

We have developed visualization tools that allow a user to view not only videos cap-
tured during an exercise, but also tracks trainees, and events in an interactive and
easy-to-use manner. Two displays are provided by our system and they are used si-
multaneously in a synchronized fashion. They are (1) Symbolic Map Display and (2)
Video Flashlight Display.

(a) Symbolic Map Display for AAR (b) Video Flashlight Display for AAR

Fig. 5. Visualization and AAR

3.1 Symbolic Map Display

In Figure 5(a), we show a snapshot of a typical exercise as it is displayed by the Sym-
bolic Map Display. The left side of the Symbolic Map Display shows a 3D-model of
the MOUT environment. The Symbolic Map Display allows users to view an exercise
at any instant and track movements forward and backward in time. A user can also
drag the red time line to any location and play back from there.
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3.2 Video Flashlight Display

Our system uses multiple video cameras to cover a MOUT facility and captures the
entire exercise. For this purpose we developed the Video Flashlight Display system
[Kumar, 2003, Hsu, 2000] that can seamlessly integrate multiple video streams into a
unified live display. Each of the videos is projected on the 3D-model of the environ-
ment. An example of the Flashlight Video display is show in Figure 5(b), where two
video streams are projected onto the 3D-model of the scene.

4 Experiments

Our prototype training system has been tested on mock warfighter training exercises
including both indoor room clearing and outdoor patrol scenarios. Two of the outdoor
training exercises that we have focused on are “React to IED Threat” and “Patrol-
ling”. Figure 5 shows an illustration of one of the simulated “React to IED Threat”
exercises performed by a group of eight trainees. To perform the exercise correctly
first the Marine unit needs to move towards the building to obtain cover. Once in
cover one team blocks the sniper with their weapons while the other team moves
across to engage and neutralize the threat.

i+
Location: sarnctfoencznio
Purpose: Ssmoffoeamin

Category Score.

Marine? SetupCP SetupCP ~
Marine? StopPerson  Stopierson

SookCover
FormCordon
Patiol

Fig. 6. Bird's eye view illustration of a "React to IED threat" exercise

In Figure 6 we show the metrics computed by our system for the “React to IED”
exercise illustrated in Figure 5 (exercise 343). For “Flagging” and “Blocking” we
used an “Aim Margin” parameter of 10 degrees. The “Cover Margin” parameter for
“Cover Score” was set at 2 meters for this exercise. These values were selected based
on empirical testing. A number of observations can be drawn from the plot in Figure
6. Only one “High Dispersion” event was detected indicating that the trainees main-
tained good nearest neighbor distance. On the other hand there is large number of
“Faulty Blocking” and “Faulty Cover” events detected. An interesting comparison is
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to view performance of two different teams on the same exercise. In figure 7 we show
performance metrics comparing two teams doing the same exercise. Such compari-
sons are extremely useful in evaluating the impact of training and identify what me-
trics are more pertinent than others.
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Fig. 7. Performance metrics for an exercise. Events corresponding to metrics like "Muzzling",
"Cover" and others are shown.
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5 Conclusions

We have developed a computational framework for automated behavior analysis and
performance evaluation that effectively incorporates TTP and designed training sce-
narios. Our approach is to use a hierarchical framework that uses a FSM at the top
level to capture TTP objectives. Trigger events that transition the state machine from
one state of the scenario to another are detected using classifiers on the HO2 feature.
To capture trainee behavior, the prototype training system captures and computes
tracks, poses and actions of the participants and automatically assesses the perfor-
mance of warfighters using a training ontology. We have developed a prototype sys-
tem that has been demonstrated to accurately detect participants’ states, mistakes,
such as muzzling, automatically. The detected events and computed performance
metrics provide power tools for advanced AAR capabilities.
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