INTERNATIONAL JOURNAL OF INTELLIGENT CONTROL AND SYSTEMS
VOL.16,N0.2,JUNE 2011,52-66

Assessing Unmanned Ground Vehicle Tactical Behaviors Performance

Marshal A. CHILDERS, Barry A. BODT, Richard CAMDEN

Abstract- The U.S. Army Research Laboratory Robotics
Collaborative Technology Alliance (RCTA) has made significant
advances in perception and planning that enabled true unmanned
ground vehicle autonomous navigation. Perception advances included
laser radar sensing and near- and mid-range perception algorithms.
Planning aspects included global/local route planning, shared map
data, and the ability to use time as a planning factor. True
autonomous navigation is characterized as a capability for both
planning the vehicle course and controlling the position of the vehicle
on the route. This opened the door to a myriad of operational-like
capabilities, which we call tactical behaviors. This paper provides an
overview of the assessment process in the RCTA and illustrates a
successful feedback loop with developers supported by periodic field
assessment of developing technologies.
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performance, field experimentation, tactical behaviors, unmanned
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1. INTRODUCTION

At the conclusion of the U.S. Army Research
Laboratory (ARL) Demo Il program [1], unmanned
ground vehicle (UGV) capability could be described as
semi-autonomous mobility, moving from A to B following
closely spaced waypoints, following the planned path
within a specified distance (~50 m), and calling for
operator assistance when needed. The ARL Robotics
Collaborative Technology Alliance (RCTA) made
significant advances in perception and planning that
enabled true UGV autonomous navigation, which is
characterized as a capability for both planning the vehicle
course and controlling the position of the vehicle on the
route [1,2]. Perception advances included laser radar
(LADAR) sensing and near- and mid-range perception
algorithms.  Navigation planning aspects included
global/local route planning, shared map data, and the
ability to use time as a planning factor. This opened the
door to a myriad of operational-like capabilities, which we
call tactical behaviors. ARL periodically conducted field
experiments throughout the RCTA to assess the progress
and readiness of RCTA-developed technologies.

This paper provides an overview of the assessment
process in this program and illustrates a successful
feedback loop with developers supported by a periodic
field assessment of developing technologies. We begin by
discussing experimental philosophy in the program; that is,
we provide a statistically grounded, responsive, and
opportunistic assessment intended to incrementally move
the program toward long-range technology goals. We
follow by laying out the broad framework for the
assessments  performed, which includes envisioned
challenges for UGVs in an operational setting, enabling

technologies, and experimental methods. A more detailed
discussion of three specific assessments is then given to
illustrate how the experiment was conducted and what was
learned. We conclude with an overview of the most
important advances in the robotic technology and address
some of the measurement challenges that persist in field
experimentation of UGVs.

2. EXPERIMENTAL PHILOSOPHY

Performance assessment of robotic systems is a
developing area. Since we have been engaged for several
years in a development/assessment cycle, it is appropriate
to share our approach to the task. To suggest this as our
philosophy is perhaps an overreach; the ideas are not new,
and maybe a collection of tenets is more to the point than a
philosophy. Still, we approached the work in the manner
presented here for several reasons, which were influenced
broadly by our military setting, our statistical training, and
special challenges of autonomous ground systems.

The RCTA was a sequel to the Demo Ill program in
UGV research and development and represented a major
portion of the Army investment in robotics technology. It
was incumbent on the RCTA to be responsive to leadership
and to periodically offer convincing arguments on the
return on investment. Initially, the focus was on basic
capabilities measured by, for example, the distance
traversed autonomously and the number of operator
interventions required; however, the focus soon shifted to
notional scenarios consistent with tactical operations of an
envisioned robotic system in complex urban and cross-
country terrain—e.g., reconnaissance of a clearing beyond
a forested region. Exposure to such situations addressed
what the technology could or might do, but a convincing
argument also had to be made on progress toward those
goals.

To make defendable arguments, we turned to formal
experimentation rather than demonstrations. The purposes
of the experiments were to both benchmark progress and
encourage innovation. Initially, progress was judged
according to a technology readiness level schedule,
especially with regard to testing in relevant environments
[3]. We encouraged innovation by producing empirical
evidence that would challenge developers—in a manner
consistent with a feedback loop outlined in a classic text in
statistics [4]—to revise their understanding and make
advances in technology development. Annual reviews of
all RCTA activity, including assessments, and frequent
informal exchanges between assessment and development
arms of the RCTA ensured the dissemination of assessment
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results. Two recent books concerning military system
development [5,6] influenced our thinking by suggesting
that operational relevance should be included in
developmental testing, by emphasizing the importance of
early discovery of failure modes in the acquisition cycle,
by identifying rigorous statistical investigation as essential,
and by stressing the importance of valid, reliable, and
credible metrics. With regard to metrics, “Unless good
decisions are made in this arena, no amount of analysis or
interpretation will generate a successful experiment.” [6]
However, that is not to say that a suitable metric has to be
complex. In some instances, conformance with expected
behavior as declared by subject matter experts or
simulation prior to making runs was what was measured.

Autonomous ground systems offer special challenges
for assessment. For example, we took the position that it
was too ambitious to develop a metric to assess the degree
of completeness or correctness of what the system
perceived around it in a complex environment. This would
have been even more difficult later in the program when
various levels of a priori map data were fused with locally
perceived information. Further, aside from how the robot
planned in light of what it perceived, it is unclear what
would constitute merit for such a metric. Rather, an
expected behavior for the entire system was the focus
when planning experiments. What the robot saw at the time
of an unexpected or undesirable behavior was pursued after
the fact through graphic displays of the perceived scene
and other developer software tools synchronized with the
time of the behavior.

Consistent with these principles in DoD system
development, our general strategy was to (1) envision
plausible mission profiles where robotic ground system
technologies would be applicable. The Future Combat
System at the time helped drive this by identifying roles for
unmanned systems. The Unit of Action Maneuver Battle
Lab at Ft. Knox helped define roles by advancing a
reconnaissance mission scenario to illustrate how the
technology might be used. (2) We identified first-step
capabilities toward accomplishing a notional mission,
which could be supported by some combination of
perception, planning, and human-robot interface. (3) We
assessed the capabilities using sound experimental practice
that included a thorough consideration of the design space
for independent factors in the context of the mission,
nontrivial runs to explore that design space, and sensible
response measures, e.g., speed and the number of
emergency stops (e-stops). (4) Opportunistically, in
consideration of technology advances and in partnership
with developers, we would raise the bar on challenges in
the next round of assessment, driving toward technology
consistent with a fielded system that could accomplish the
mission profiles in (1) and sometimes modifying aspects of
those missions to make them more ambitious in light of
technology advances achieved.

Others have considered guidelines for performance
evaluation specific to unmanned systems [7-9]. Although
we have not followed them overtly, there is overlap.
Following initial RCTA experiments in 2002 and 2003, it
became apparent to ARL that a solid framework for
specifying and testing autonomous system requirements
did not exist. The ARL and the National Institute of
Standards and Technology funded an effort in this regard,
which became known as ALFUS (Autonomy Levels for
Unmanned Systems) [8]. ALFUS formulates, through a
consensus-based approach, a logical framework for
characterizing the unmanned system autonomy, covering
issues of levels of autonomy (later renamed Contextual
Autonomous Capability [CAC]), mission complexity, and
environmental complexity. Using the ALFUS framework,
we could parse the various aspects of tactical behaviors
enabled through the research and development of the
RCTA into the three aspects of UMS autonomy found in
ALFUS. We discuss this more precisely later.

The Defense Advanced Research Projects Agency
DARPA Grand Challenge competitions [10] offer another
model for assessment and encouraging innovation. In the
urban challenge, the time to successfully accomplish a
number of urban-specific behaviors was the principal
measure and was adjusted downward with penalties for
behaviors judged inadequate according to the rules of the
challenge. The level of a priori data assumed in the
DARPA challenge competitions was well beyond what we
assumed in many of our experiments. Indeed, whereas
DARPA had the luxury of knowing where the robot would
likely travel over the course, there was seldom a unique
solution to a cross-country challenge presented in our
experiments. We had to be willing to have operational
definitions covering a wide range of “solutions” so that we
could consistently score the success or failure of a run.

Ultimately, this philosophy for experimenting in the
RCTA was executed in field experiments, which can stress
even the best design and analysis strategies.

3. FIELD INVESTIGATIONS FRAMEWORK

There is no recipe guaranteeing the success of field
investigations in their role to advance the understanding of
robotics. Field investigations are inherently difficult and
sometimes messy, but venturing out from the safety of the
lab is essential for system development (e.g., in the
discovery of operational failure modes). The success of
field investigations in that role is largely determined by the
difficulty of the field challenge itself and the maturity of
the technologies applied to meet that challenge, but it is
also greatly influenced by the experimental philosophy of
the program. Is it an experiment to stress the technology in
application or a demonstration to showcase what is, for the
most part, known? In the RCTA program the reward to
developers of understanding the limits of performance of
their particular technology was always deemed worth the
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risk of some failure. It is within this framework of
challenge, technology, and experimental philosophy that
the success of RCTA field experimentation should be
viewed.

3.1 Tactical Behaviors Challenge

Over the length of the RCTA, as technology advanced,
the definition of tactical behaviors expanded until it
included the very ambitious capability of autonomous
navigation on roads, trails, and cross-country and urban
terrain while

» detecting, classifying, and avoiding static obstacles,

e detecting, classifying and avoiding people in
various sizes, postures, and movements,

e detecting and avoiding moving vehicles,

e following the rules of the road,

e achieving a designated goal point in spite of
obstacles or blocks on the original planned route,
and

e minimizing the need for operator assistance.

Thus, the basic challenge was to accomplish simple
mobility as a driven vehicle might accomplish over varied
terrain.

Beyond simple mobility, however, using a notional
reconnaissance mission as the context, autonomous

navigation must be accomplished with a purpose, such as
the following operational-like behaviors (see Fig. 1):

e avoid being observed

*  observe an area of interest

e use terrain features

e understand military control measures

Fig. 1. Tactical behavior challenges (SP [start point], OP [observation
point], LOS [line of sight])

Each challenge was experimentally investigated at some
point in the program. The approach taken throughout the
RCTA was to integrate developing technology and
software onto the experimental unmanned vehicle (XUV)
and then stress the system by exposing it to these

progressively difficult operational-like challenges while
collecting meaningful measures of performance [11]. Some
highlights illustrating the process follow. More details for
specific experiments are discussed in Section 4.

In early work, the focus was for the XUV to
autonomously arrive at an assigned observation point (OP),
with soldier operators determining the initial global route
on the operator control unit (OCU), monitoring XUV
progress, and remotely assisting the robot when it got stuck,
relying only on the OCU information and teleoperation
cameras. Success in autonomous mobility paved the way
for consideration of a mission context [2]. Operators would
then initiate, receive, and interpret a reconnaissance,
surveillance, and target acquisition (RSTA) scan from the
one or two robots under their direction. Operators were
stressed with varying workloads and observations, and
XUV performance metrics were collected, the results of
which contributed to changes in the OCU/RSTA control to
enable more effective and efficient soldier control [12].

Follow-on experiments examined the XUV capability to
find and maneuver to a specified OP with a threshold
visibility to a named area of interest (NAI) as determined
by the local sensors. When at the OP (designated by the
operator), the XUV visibility to the NAI was frequently
blocked by local vegetation. This led to the development of
the OP Finder—an algorithm that used locally sensed data
to enable precise repositioning of the robot to improve
visibility.

The autonomy challenge for a RSTA mission was
increased further to include situations where the robot
needing to travel 1 to 2 km would discover nearly
insurmountable route challenges on the way to an NAL. In
practice, these would occur for a variety of reasons (e.g.,
inaccurate or incomplete global map data used to set the
route or downed trees and other local obstacles consistent
with cross-country terrain). A representative and common
cause of failure for autonomous navigation was the
vegetated cul-de-sac, a naturally occurring area in the
course with impenetrable vegetation on three sides and a
depth exceeding the range of local perception. The XUV
would enter a cul-de-sac and, finding no direct way toward
the goal, would try to navigate out by backing up a limited
distance along its path to gain a different perspective on
potential local routes. This approach was only successful
if the cul-de-sac was shallow enough that the new
perspective would show a path out that would be within the
deviation tolerance of the global route; otherwise, the
operator was called for help. Detecting and solving a cul-
de-sac or roadblock became a major metric of autonomous
navigation success and was a driving force in the
improvements of planners and in how map data was
acquired and managed.

A further capability shortfall was the inability to
navigate on roads following the normal rules of the road
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and avoiding moving vehicles and pedestrians. The Demo
Il Planner was incapable of handling moving obstacles
because it could not reason with time. Successfully
detecting and avoiding dynamic obstacles (vehicles and
pedestrians) became another significant metric.

3.2 Enabling Technologies

In this section we describe the critical technologies
developed to enable a UGV to overcome the operational
challenges.

3.2.1. Platform and sensors

The platform used throughout the experiments was the
XUV (Fig. 2). Sensors mounted on the XUV over the
course of the RCTA program included proprietary General
Dynamics Gen Ill and Gen IV LADARSs; front, side, and
rear SICK LADARs; a monocular teleoperation camera;
stereo cameras for obstacle detection and classification;
and an RSTA camera and rangefinder suite. The OCU
(Fig. 3.) was mounted in a high-mobility multipurpose
wheeled vehicle (HMMWYV), which served as the control
vehicle. The OCU provided a map for situational
awareness and interfaces for planning and monitoring,
teleoperation, and control of RSTA sensors [11].

Fig. 3. Operator Control Unit (OCU)
3.2.2. Navigation (planning) algorithms

A High-Maneuverability Planner (HMP), capable of
planning maneuvers in tight spaces (e.g., around an OP),
and an OP Finder, which used local perception to find a
location with maximum visibility to the area of interest,
were developed after the early OP experiments.

The most significant solution consisted of bidirectional
information flow (BIP) and a hybrid global/local planner
[13-15]. Near-range data sensed by the XUV was used
locally while simultaneously updating the global map.
When called upon, the global planner would incorporate
this new information, often leading to a feasible route
opportunity to which the XUV could follow to the goal.
Prior to this improvement, the XUV would not have been
able to return to find that opportunity because it was
limited by a prescribed backup procedure and by a
specified maximum deviation from the initial route plan.
To this latter concern, the XUV was untethered from the
initial global route through a new planner that balanced
costs from the local route (within sensor view) with global
costs from the initial route and allowed more flexibility for
the robot to advance toward the goal. Feature data was
also leveraged to support the choice of a stealthy route
relative to a predetermined threat location. RSTA
operations were refined to include new strategies in local
repositioning of the XUV at the OP to overcome
foreground vegetation occluding the view to the area of
interest. Building on this multilevel planning approach, the
RCTA developed a Dynamic Replanner (DR) to provide
several alternative routes for planner consideration each
second, based on a continuous updating of the global map
with locally sensed information. HMP enabled the XUV to
transition to new plans, which often required tight initial
turns [16].

Later work integrated knowledge of rules of the road
into a separate Traffic Planner (TR), which enabled
planning in time, thus placing the moving object precisely
in the local map and predicting future locations in time.
This enabled the XUV to maneuver correctly in the
vicinity of dynamic objects.

Finally, the integration of the DR for off-road use and
the TR for on-road use and the ability to transition between
the two via the HMP provided seamless autonomous
navigation in any environment during the RCTA Capstone
Experiment [11].

3.3 Experimental Methods

Preparation for field assessments included consideration
of test conditions and environment, experimental design,
and analysis of response measures.

3.3.1. Test conditions and environment
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In each experiment the principal variable conditions
were chosen to reflect the technology being assessed, the
capability that it provided, and the factors likely to
influence XUV performance. For example, in the OP
Finder experiments, the principal conditions were OP
Finder algorithm (2 levels), % NAI to be observed (2
levels), and the range of the OP Planner (2 levels). In the
most recent tactical behavior experiments, the principal
conditions were planning algorithms (4 levels), a priori
data (3 levels), and the number and location of blocked
paths (3 levels).

All experiments were conducted at Fort Indiantown Gap,
PA, Tactical Vehicle Maneuver Area-Bravo (TVMA-B).
This maneuver area provided a limited but rich
experimental environment, including roads, trails, trees,
dense and light vegetation, and streams typical of a tactical
maneuver area. This was considered an operationally
relevant environment.

Many factors were uncontrolled by their nature. Most
experiments carried over several days, hence weather
varied. The time of year brought its own variations of
snow, rain, and foliage. Between experiments, other
military users of the terrain altered the environment by
forging new trails and creating large ruts. During any one
experiment, no single course was usually suitable to
provide the terrain challenges necessary to examine all the
technologies under scrutiny; thus, several courses were
generally laid out to provide the venue to evaluate each
experimental condition. Each course was usually given a
unique name for identification, such as the Gold course or
the Black course.

3.3.2. Experimental design

The experimental conditions were usually arranged in a
factorial structure with replications to be run according to a
randomized schedule to the extent practicable. A protocol
for the test was established, and rules for how to handle
and score anticipated situations in the field were
established. The factorial integrity of the design was
usually maintained; however, there was occasionally a
deliberate modification based on existing knowledge and
knowledge gained during experimentation so that range
time was used well. Time and resources were always
constrained in the field experiment. To maximize the
collection of useful information and to save time,
occasionally some replications were not completed when it
was clear that additional runs would result in identical
results.

For example, in the final (Capstone) experiment of the
RCTA, conducted in fall 2009 on the Gold course, the
progression of challenges could be considered sequential,
in that the four-blockage condition was not attempted until
the easier no-blockage and two-blockage challenges had
been exhausted. In addition, the Autonomous Mobility

(AM) Planner (i.e., without BIP and a global/local planner)
was not carried forward to the four-block condition
because its inability to solve the deep cul-de-sac problem
created by this condition had been established in a previous
experiment [16]. Taking the opportunity, we substituted
the Mixed Planner (combination of the DR and Traffic
Planners) that was concurrently performing well on the
Red course for AM under the four-block challenge in the
principal factorial design on the Gold course. When range
time was made available, we conducted additional runs
with DR and Mixed Planners under the four-block Gold
course challenge [11].

One could view experimental design planning in terms
of ALFUS. On the mission complexity axis, we varied the
nature of the mission (movement to point or RSTA
operations), distance traveled, number of waypoints
provided, number of targets presented, and mission
package workload. On the environmental complexity axis,
we varied the terrain type, vegetation type, on/off roads,
frequency of cul-de-sacs encountered, level of a priori data
available, day/night operations, nature of obstacles (static
or moving), and human obstacles (static, moving, various
postures and groupings). On the level of autonomy (or
CAC), we varied the degree of operator intervention
allowed (teleoperation or none), planner capability (4
versions), type of OCU, UGV/operator ratio, and operator
workload.

3.3.3. Analysis plan

An analysis plan accompanied the experimental design.
When possible, if a suitable response measure could be
determined, we conducted a standard analysis of variance.
For example, in pedestrian detection studies, a variance-
stabilizing transformation on the proportion of detections
allowed an analysis of variance on the response. In other
studies, time to complete a mission or time to teleop a
robot out of trouble would support analysis of variance or
regression. Lacking solid quantitative measures, we
sometimes assessed performance in terms of the ratio of
challenges overcome to the challenges presented. This was
a key measure in the Capstone experiment. Despite
planned analyses, sometimes the important findings were
gained through exploratory data analysis of individual runs
or segments of a specific run in a post-hoc analysis.
Occasionally, behaviors were merely recorded and
evaluated by developers and evaluators in a subjective
manner; however those individuals were subject matter
experts in the technology and/or military operations.

Throughout the program, there were struggles with
finding measures of performance. Establishing meaningful
response measures in an operational experiment is
inherently difficult because it is not possible to control
extraneous, potentially lurking variables not directly under
study. Further, the experimental unit whose performance is
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to be measured is the system of integrated technologies as
opposed to an isolated subsystem. Terrain, which clearly
drives perception and planning, can only be selected
through wholesale adoption of a course; another course
with similar macro terrain features may yield a different
outcome because of nuances at the micro level. The
presence of dust, rain, and other environmental conditions
cannot be controlled, nor can the malfunction of hardware
not related to the technologies under study. When a
system success occurs, all subsystems are credited with the
achievement, but when a failure occurs, which is to blame?
Toward the end of an acquisition cycle, one might not care
which is to blame (failure or success will suffice), but
upstream in the applied research phase it is important to
both gauge system promise and provide subsystem
feedback. Doing so often required dissection of
performance within a run.

4. THREE FIELD ASSESSMENTS

We present three examples of RCTA experimentation in
practice. The first is a two-part study addressing RSTA
missions for the first time and span of control for operators
over multiple assets. The second explores OPfinding. The
third summarizes the Capstone experiment in tactical
behaviors. A complete accounting of each experiment will
not be given; rather, certain aspects will be highlighted to
illustrate the previous discussion, with most emphasis on
the most recent investigations.

4.1 RSTA and Span of Control 2005-2006

By May 2005, robot control had moved beyond a Unix
window display—common at the beginning of the
program—to a new OCU interface with improved features.
Among those features were the capability of controlling
more than one robotic asset and the capability for operators
to issue spot reports of entities on the field by fixing a
position on the OCU display corresponding to the entity
location. The latter feature was to be used in conjunction
with a live RSTA scan. That RSTA technology had not
been integrated on the XUV, but a way to simulate the scan
was developed so that both new features could be
examined in an assessment.

An experiment was formulated to focus on the new
features while, in addition, examining operator workload in
the mission task of issuing a spot report on an RSTA scan.
The experiment used a complete factorial arrangement of
three factors at two levels in two replications. Two
operators alternated in controlling the robot, and the OCU
vehicle either remained in a fixed location or was on the
move. The OCU motion was a potential stressor in operator
workload. An additional workload stressor, the third factor
in the design, was the task of acquiring a live RSTA feed
from a small fixed-wing unmanned aerial vehicle (UAV).
A total of sixteen runs were conducted.

As the XUV progressed over the route chosen by the
operator, it would come in proximity to six preset locations
on the course, each causing a simulated scan to appear to
the operator as if it were a live RSTA scan (Fig 4.). These
images were randomly presented. The images consisted of
a panoramic stitched image of actual photos of the scene,
which include military vehicles that were arranged so that
they would appear in the scene in a left, right, or center
position or the scene would be clear. At most, three
vehicles were in one scene. Automated Target Recognition
(ATR) was spoofed by using a photo editor to designate a
suspected target with a box. Operators were told that the
ATR was not 100% accurate; interpretation of the scene
was not to rely on the ATR.

Fig. 4. Simulated RSTA image with three designated targets

The results of this study can be broken out according to
human factors findings and technology evaluation. We
only address the latter, even though the design of the study
supported analysis of variance on an index used to evaluate
workload. The response errors on a scan could be, for each
of three locations on the scan, a missed target, a
misidentified target, or a false alarm. In 96 scans and 288
image locations, only 30 errors were made. Over a third of
those were missed M113 vehicles in hard-to-see locations
in two scenes. With regard to spot report accuracy, there
was no difference between fixed and on-the-move, but one
operator tended to be more accurate. The impact of the
fixed-wing UAV could not be evaluated because that
aspect of the test was abandoned after three runs. Image
stability impacted by wind made scene interpretation from
the UAV too difficult, and spotty communication links
prevented a continuous video feed.

In April 2006, a follow-on experiment was conducted.
The focus of this experiment was span-of-control, but the
RSTA mission was retained as the operator task. Simulated
RSTA scans were expanded in the number of scan
locations on the course and the library from which scenes
could be randomly drawn. The newly integrated live RSTA
on the XUV was also demonstrated at the end of some runs
to view an NAI approximately 1 km away. The OCU
interface had also been migrated to a Tablet PC, so there
was a human factors question to explore on the difference
between that and the full-size display. This experiment
marked the first time that soldiers interacted with the OCU,
with two participating from the Mounted Maneuver Battle
Lab.

The experiment primarily examined operator control
issues and repeated a portion of a course from an
autonomous mobility test, Technology Readiness Level 6
(TRL-6), run four years earlier. This experiment was prior
to the development of more advanced planners, so the
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Demo Il paradigm of backing up three times before
calling for operator intervention was still in effect. The
metrics shown were those used in the TRL-6 experiment.
All of the major metrics applied in 2006 (average speed,
kilometers between backups, and kilometers between
operator interventions) showed improvements over the
TRL-6 results (see Table 1).

Table 1: TRL-6 and April 2006 Experiment Rerun Results

TRL-6 Black Course*
Dist Avg Speed km btw km btw
Experiment |Date (km) (kph) backups teleops
TRL-6 Dec 02-Mar 03 [ 100 5.2 0.23 1.5
Rerun 6-May 54.7 8.1 0.33 2.5
* cross country and trails

It was observed that one operator could successfully
manage two robots in the missions in this experiment. As
expected, operator workload increased in two-robot
missions. The HMMWYV-mounted 21-inch OCU screen
and the handheld tablet were both satisfactorily used by the
soldiers.  This study also resulted in many interface
improvements offered by the soldiers as feedback to the
OCU developers [12].

4.2 OP Finder Experiment 2008
4.2.1. Background

Soldiers use OPs to observe enemy locations or
movements and locate potential targets. There are many
aspects to finding and occupying a good OP as discussed in
various Army field manuals (e.g., Headquarters,
Department of the Army. Reconnaissance and Scout
Platoon; FM 3-20.98; Washington, DC, 3 August 2009.)
Two important aspects of a “Good OP” are being able to
see what you want to see and not being seen by the enemy.
Accomplishing this task autonomously with a UGV is a
challenge.

A February 2008 assessment of OP Finders and HMP
was conducted as a follow-up to the 2006 study because of
several key technology advances: (1) two independent OP
Finder algorithms had been further developed and
integrated with a more capable HMP for precise
relocations at the OP, and (2) a stabilized multiple field-of-
view RSTA camera and laser rangefinder system had been
completed and integrated onto the XUV and deemed ready
for field use (see Fig. 5).

The capability to autonomously find and occupy an OP
is important for the survivability of UGVs and is needed to
relieve the operator of the burden of trying to assist the
UGV to find a “Good OP” through tedious and
communications-intense interactions with the UGV. If
successful, this capability would also contribute to stealthy
tactical movements and to increased ability to conduct
overwatch and similar tactical movements.

Fig. 5. XUV with stabilized RSTA suite

4.2.2. OP scenarios

Four OP courses were selected to provide a variety of
environmental challenges in the way of near-field obstacles,
distance to OP, differences in elevation, and availability of
a priori feature data. The four courses were (a) an OP at
the crest of a small hill overlooking a roadway at 200 m, (b)
an OP behind a row of trees in a low-lying marshy area at
100 m, (c) an OP at the intersection of two trails looking
up at a road and assembly area 1400 m away, and (d) an
OP among bushes and trees overlooking a building and
road 1000 m away.

Each experimental run consisted of a short XUV move
to an OP that overlooked an NAI that was populated with
recognizable features, such as silhouettes evenly spaced
along a horizontal line, road intersections, and a gravel
pile. Operators were asked to use the RSTA camera to
identify the silhouettes seen at each NAI. Silhouettes were
green plywood with painted white heads and white
numbers to ensure that the targets were readily visible to
the operator, as illustrated in Fig. 6.

Fig. 6. Silhouettes within an NAI

When the XUV arrived within 30 m of the OP, the OP
Finder algorithms were invoked to find an acceptable OP.
When the XUV stopped moving, pictures of the NAI were
taken automatically with the RSTA camera, stitched
together in a mosaic, and sent to the operator at the OCU.
Each algorithm reported its success or failure to achieve a
good OP. The operator would look at the RSTA image on
the OCU, identify targets, and take additional RSTA
images as desired to clarify his assessment of the visibility
to the NAI and the identification of targets.
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4.2.3. OP finder experimental design

Two OP Finder algorithms were used in the experiment.
The goal of each OP Finder was to find a location near the
OP that provided a measure of visibility to the NAI
exceeding a threshold value (70%).

An original experimental design of 2 algorithms x 3
sites x 4 replications was planned. Showy weather and
technical failures during the experiment window caused
some deviation to the plan during the execution of the
experiment. Based on the experience of the first several
days of experimental runs, excursions were added to look
at the visibility threshold value needed for achievement of
a good OP and the scan size of the area in which the OP
Finder looks for a new OP. A fourth OP-NAI combination
(“The Barn”) was added to expand the variety of OP
locations used. At each location we attempted a balanced
set of runs. Seventy-two runs were completed with full
data collection, which included RSTA scans, OCU logs,
RSTA metadata, mission plans, screenshots from the OCU,
algorithm-reported results, and observations from the
observer/data collectors.

Four performance measures were obtained on each run.
The first was a “yes” (Y) or “no” (N) as to whether a
“Good OP” had been reported by the OP Finder algorithm.
The second measure was the number of repositions that
were made for each run, i.e., the number of times the XUV
moved before finding a “Good OP.” The third was the
number of targets reported by the operator based on his
analysis of the RSTA pictures. The fourth measure,
percentage of NAI coverage, was derived from a post-
experiment analysis of the RSTA images taken at the final
OP.

The RSTA picture manual analysis estimated the
amount of coverage of the NAI that was actually observed
within the RSTA photograph. Two independent raters
manually estimated the percent of coverage of the NAI,
and the average served as the coverage estimate.

Several extraneous occurrences during a number of the
72 runs rendered some of the data unsuitable for use in
data analysis. These reasons included heavy snow and fog
obscuring RSTA pictures, emergency stops, software
crashes, and RSTA system failures. After these
considerations, 57 runs were included in the data analysis.

4.2.4 OP finder results

The data analysis shows that both OP Finder algorithms
significantly improve the quality of selection of an OP
location with respect to visibility to the NAI. Using the
algorithm-reported results, OP Finder A improved the OP-
finding performance from 31% to 69% and OP Finder B
improved the OP-finding performance from 24% to 76%.
A summary of the algorithm-reported results are shown in
Table 2.

Results reported by the algorithms were optimistic
when compared to the RSTA analysis results, and the
performance varied between algorithms. Based on all runs,
algorithm A self-reported 69% (22/32) “Good OPs,” and
the manual RSTA analysis of these runs yielded 25% (8/32)
“Good OPs.” Algorithm B self-reported 76% (19/25)
“Good OPs,” but the manual RSTA analysis of these same
runs yielded 56% (14/25) “Good OPs.” This indicates that
OP Finder B holds up better against the manual RSTA
picture analysis but that the algorithm-reported NAI
coverage is not well calibrated to the actual coverage.

Table 2: Results of finding a "*Good OP"*

OP Finder Algorithm

A B

Total Runs 32 25
First stop is a "Good OP" 10/32 6/25
% "Good OP" 31% 24%

OP Finder is invoked 22 19

can't find a "Good OP" 10 6

finds a "Good OP" 12 13
Total "Good OPs" 22/32 19/25
Total % "Good OP" 69% 76%

4.2.5 Other results

OP Finder algorithm speed varied inversely with the
search area (scan size) for a new OP. Several excursions
with larger scan size gave no evidence that scan size was a
significant factor.

Finding a “Good OP” may be dependent upon the
“goodness” of the original OP location designated by the
soldier. OP locations input by the operator were varied
slightly (+/-10 m) around the original OP. There were
several instances when the variation of the OP location
subjectively appeared to the data collectors and operator to
result in differing levels of visibility achieved by the OP
Finder, although this was not confirmed by the data.

RSTA and OP operations are central to the ongoing
assessments of UGV autonomous operations. Since this
was the first experiment with a live stabilized RSTA suite
and the automatic OP Finders, many technical issues that
affected the operational performance of the OP Finders and
the HMP were reported back to the developers for their
consideration.  These included observations on the
calibration of the OP Finder self-reporting, the need for
HMP to point the XUV toward the NAI after moving to the
OP, and suggestions for operator-related improvements to
the OCU-RSTA interface.

This exercise was based on a simplified concept of
movement to an OP and exposed the need for an
overarching concept of how OP operations with a UGV
will eventually be conducted in an operational environment.
Following this experiment, a senior noncommissioned
officer and one of the experimenters generated a more
complete OP Finder definition, including the required
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interplay between XUV and operator. In this process, we
identified parameters that should be available to operators
for their decision and use. As the OP tactical behavior is
further developed, determining the best process for “OP
finding” will include active consideration of the part that
the operator will play in assessing the adequacy of the
identified OPs.

4.3 Capstone Experiment

4.3.1 Background

Terrain challenges to autonomous navigation, such as
the vegetated cul-de-sac, motivated the advances in
planning technology mentioned earlier. A pilot study
conducted in 2008 and a field experiment in 2009 explored
two approaches to two-level planning, which helped to
shape the Capstone experiment where these advances were
assessed. Based on pilot studies and simulation runs, the
performance of two-level planners proved to be sensitive to
parameters balancing the weight allocated to local and
global costs of the overall plan and to other parameters
relating to the height and density of grass and brush
returned by the LADAR. The tuning of planner parameters
was too expensive to be accomplished in the field, so the
experimental conditions were modeled in the Robotic
Interactive Visualization Experimentation Toolbox, a high-
fidelity = Hardware-In-The-Loop  simulator.  Planner
parameters were studied over a variety of conditions and
scenarios. The simulation results enabled the planner
developers to establish a reference set for expected
performance of the planners in scenarios similar to ground
truth at Ft. Indiantown Gap, PA (FTIG).

As the name implies, the Capstone Experiment served
as the culminating experiment to assess autonomous
tactical behaviors enabled by technologies developed under
the RCTA. The primary focus was on the assessment of
the ability to autonomously overcome difficult navigation
challenges in a wide variety of terrain types, a priori data
sets, dynamic (moving) obstacles, and man-made route
blocks. Secondly, we incorporated other RCTA
technologies such as water detection, terrain classification,
RSTA operations, and OP finding as well as scenarios to
examine operator span of control and workload.

The Capstone scenarios stressed the XUV autonomous
capabilities beyond previous field experiments so that
limits could be explored. With a notional reconnaissance
mission as a framework, the XUV was required to
autonomously navigate, using varying levels of a priori
terrain knowledge, from a start point to a goal over roads,
trails, and cross-country and urban terrain, and around road
blocks, cul-de-sacs, and moving vehicles. XUV
performances were compared to the autonomous mobility
capability that existed at the beginning of the RCTA
program, providing a measure of progress toward UGV
autonomous navigation. The Capstone experiment

measured the ability of newly developed technologies to
provide autonomous navigation in the most diverse and
relevant operational environment ever presented to an
autonomous UGV. We report on the primary focus of the
Capstone experiment: autonomous navigation, a priori data
levels, and dynamic obstacles.

4.3.2 Two-level navigation planners

Researchers from the ARL RCTA developed several
new approaches to combining local and global planning
into a hierarchical approach to autonomous navigation.
Demo 11l autonomous mobility planning was done at the
local (XUV) level only. The requirement to operate in
diverse terrain types and among dynamic obstacles was the
driver to create autonomous planners capable of dealing
with the challenges found in each terrain type.

Four planning algorithms were used in the Capstone:
AM Planner, DR, TR, and a Mixed Planner that combined
the DR and TR.

AM Planner. Inthe DEMO I11 planning mode (referred
to as AM Planner), the XUV received an initial global
route generated by a global planner and relied only on
locally sensed information to advance along the route.
This planning mode most closely resembles the
performance at the conclusion of the Demo Ill program
and is used as the baseline capability. The AM Planner
considers the kinematic constraints of the XUV and plans
the least-cost mobility route for 40 m ahead but has no
information on conditions beyond the LADAR range.

Dynamic Replanner (DR). In the DR mode, the XUV
received an initial route generated by a high-level planner
based on a priori data. En route to the goal, the global map
was continuously updated with locally sensed terrain data,
and the DR responded with a continuous generation of new
potential global routes. When a new global route
substantially improved the route to the goal, the new global
route was automatically sent to the XUV to replace the
current route.

Traffic Planner (TR). The TR incorporates a priori road
network data from the world model and generates planned
XUV positions and heading over time in highly cluttered,
dynamic environments. By utilizing a road network, the
planner is capable of finding the safest route while obeying
traffic rules and responding to “on-the-fly” perception of
dynamic obstacles.

Mixed Planner. The Mixed Planner is a combination of
the TR (used when on the road network) and the DR (used
off-road). Transition from one planner to another is
accomplished autonomously using HMP.



Childers et al: Assessing Unmanned Ground Vehicle Tactical Behaviors Performance 61

4.3.3 Dynamic and static obstacles

Safe operations requiring autonomous operation of an
unmanned ground system in proximity to humans and
vehicles required advancements in perception and
intelligent control. Only with regard to road rules and
other vehicles is it included in this study.

Dynamic obstacles served as a course challenge in the
Red course and the Combined Arms Collective Training
Facility (CACTF) course (Fig. 7.). In all cases, the

obstacles were vehicles (HMMWYV or truck) that would
interact with the path of the XUV, forcing it to adjust its
route in some manner (e.g., plan around, slow, or stop).
Specifics of how dynamic obstacles were employed were
unique to the course.

Fig. 7. Dynamic obstacles in CACTF course

Static obstacles were placed in the Gold and Red
courses to create cul-de-sacs and roadblocks that required
the XUV to find and execute alternate routes (Fig. 8.).

Fig. 8. Static obstacles in Gold course

4.3.4 A priori data

Autonomous navigation is naturally affected by the
level of prior knowledge of the terrain (elevation and
feature data in the global map). The RCTA Program is
built on the assumption of the absence of a priori data

because this is often an operational reality. It is important
to know, however, what the operational impact is of
varying levels of a priori terrain data. In the Capstone,
three types of map information were used as factor levels
in the experiment: (1) road network, (2) maps generated by
rotary-winged UAV flyover data, and (3) maps generated
by structure from motion. The third is omitted here.

Road network a priori data is shown in Fig. 9, and
combined with 20-m elevation posts, it served as the
baseline map. Map inaccuracies, owing to the continually
changing face of the terrain, added to the realistic situation
where a priori maps cannot be taken as ground truth.

Road network apriori data

Fig. 9. Road network a priori data

Flyover map data was generated using an autonomous
rotary-winged UAV and compact LADAR sensor (100
KHz, 265-m range, 5-mm accuracy).

The onboard 3-D mapper produced dense, colorized 3-
D point clouds, which were interpreted by terrain
classification algorithms as terrain types and combined
with the road network map (Fig. 10). This method
provided the most accurate update of feature data free from
contamination from maneuver area alterations and
differences in foliage.

Fig. 10. UAV-generated terrain map of FTIG
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The Capstone built on numerous technologies generated
during the RCTA in addition to several new capabilities
not previously assessed. The Mixed Planner was a
significant new capability, combining the DR for cross-
country use and the TR for on-road use. Autonomous
switching between modes was also a new capability. Two
of the Capstone courses ran through both terrain types, and
the Mixed Planner was created for just this situation.

Three courses discussed in this paper (Gold, Red, and
CACTF) were designed to be traversable by the XUV in
the baseline AM mode most of the time. During the
experiment, the scenarios were made increasingly difficult
by placing man-made blocks at key locations on the course,
creating cul-de-sacs or complete roadblocks and by
introducing moving vehicles into the scenarios. No single
test course was suitable to examine the wide variety of
technologies and capabilities, so several courses were used.

4.3.5 Course scenarios

Gold Course. The Gold course (Fig. 11) contained
cross-country terrain, trails, and roads. A natural cul-de-sac
240 m deep and 50 m wide occurred early in the scenario.
That cul-de-sac had two trail entrances that could be
discovered by the perception system and would allow
egress at the end of the cul-de-sac. Trails served as
convenient locations for man-made blockages. Depending
on the experimental factors for each run, one or the other
of those entrances would be included in the global plan or
would serve as an alternative route to be explored. The
latter situation arose, for example, when the a priori map
data did not include the trails, and the initial global route
was an impassible path through the trees. In the two-block
scenario shown in Fig. 13, one of the blocks is placed at
the entrance to the north trail. If an alternative route was

required, there was ample maneuver room in the cul-de-sac
for the XUV. The road network associated with the Gold
course also contained several areas where the road could
be easily blocked. The on-road block required a cross-
country bypass or an on-road backtrack to continue the
route. This is shown midway through the Gold course.

Fig. 11. Gold course with two blocks

The Gold course was used to examine the effects of
three levels of planners (AM, DR, and Mixed), three types
of a priori data (road network, structure from motion
(SFM), and Rmax), and three levels of terrain challenges
(no blocks, two blocks, and four blocks).

Red Course. The Red course start and end points were
chosen so that the initial global plan would make use of the
existing road network in the a priori data (see Fig. 12). To
acquire the goal point, the XUV had to leave the road
network for the final 50 m and travel on a cross-country
segment. Fixed blockages and dynamic obstacles were
included in the scenario. One block could be solved only
with an on-road alternative route, and the other required an
off-road, cross-country solution. In addition, each run
involved interaction with two vehicles (pickup trucks) via
choreographed movement. Three separate route pairs for
these trucks were randomized over the runs. Interaction
types within these routes required the XUV to pass by an
oncoming truck, overtake and follow a truck, and react to a
truck pulling in front of the XUV.

The Red course was used to examine the effects of three
levels of planners (AM, Traffic, and Mixed), three types of
a priori data (road, network, and UAV), and two levels of
terrain challenges (no blocks and two blocks). The Red
course runs included vehicles serving as dynamic obstacles.

Fig. 12. Red course with two blocks

The experimental conditions exercised on each course
were initially arranged in a factorial structure to be run
according to a randomized schedule. On the red and
CACTF courses, the design was adhered to; however, there
were changes necessitated by findings during testing in
combination with existing knowledge.

CACTF Course. The CACTF course consisted of one
loop around the CACTF facility road network shown in
Fig. 13. This was an urban course with buildings, open
space, walks, intersections, and one traffic circle.
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Fig. 13. CACTF course at Fort Indiantown Gap

The a priori data for the CACTF road network had two
single lanes of opposing traffic. The start, end, and two
intermediate waypoints were provided and are shown as
circles in Fig. 13. The start and end locations were within
75 m on the east side of the course, and the XUV moved in
a clockwise direction. The intermediate waypoints, far
removed from the start and end points, were necessary to
make the XUV travel to the west side of the course before
returning to the goal. Based on these points, the global
planner determined the initial route. Along the route, the
XUV encountered one or two vehicles executing a
choreographed movement that would interact with the path
of the XUV. Event locations appear as squares in Fig. 13.
There were no fixed blockages along the course for the
principal block of runs—only those interactions with
dynamic vehicles. Vehicle movements were constructed
so that the XUV would need to find alternative paths
constrained by rules of the road (see Fig. 14).

A

- | A-Stop r| A-Stop & Go i | A-Stop/B-Block

' &

— —
B

m | A-Stop/B-Block | A-Slow A/B Cross/Clear
l h &Go f

A J

B il
XUV L F—

Fig. 14. XUV and dynamic obstacle movement patterns

The CACTF course was used to look at two levels of
planners (AM and Traffic) in a constrained, “rules-of-the-
road” scenario with six distinct movement patterns of the
vehicles, A and B, interacting with the XUV. The
movement names are suggestive of the interactions (A-
Stop, A-Stop & Go, A-Stop/B-Block, A-Stop/B-Block &

Go, A-Slow, A/B Cross/Clear). Some purposefully
resemble movements in the DARPA Urban Challenge.
This course required the XUV to process time and motion
of objects in its path and to behave appropriately on a road
network. It was expected that AM would not quickly
overcome the shadowing created by objects passing in
front of the XUV but that the newer planner would. The
objective of each run was to avoid vehicles and navigate to
the goal.

4.3.6 Results

Performance was assessed according to whether or not
presented challenges were overcome in each instance and
whether the goal point was reached. The approach taken
was to identify mobility challenges along each route and
record whether or not they were overcome. Except in a
few exploratory cases, the first mobility challenge that
defeated the system ended the run.  Consequently,
successful performance resulted in more challenges being
presented. Achieving the goal point or not was also
recorded, but as that binary outcome was subject to other
issues (e.g., communications, platform failure) it is not
regarded as a good measure of performance. To assist in
this approach, usually two or three data collectors
participated in each run, making notations about what the
robot was doing in each situation. That information was
combined in a database and provided a drill-down
capability for use in after-action review.

The analysis strategy was simple. The fraction of
challenges overcome to those presented were summarized
for each treatment combination, tabled, graphed, and
interpreted via the database of observer comments. It is
important to note that the denominator was fixed to
challenges encountered and not challenges possible.
Sometimes challenges later in the course were not
presented because of failure modes unrelated to the
technologies under study.

Gold Course. The Gold course presented up to five
challenges during a run: (1) find the open exit at the north
trail of the cul-de-sac or avoid this trail if blocked, (2) find
the open exit at the south trail of the cul-de-sac or avoid
this trail if blocked, (3) discover and avoid the roadblock
on the main tank trail by moving through trees to the right,
(4) discover and avoid the roadblock on the tank trail
entering the canopy area by backing up and going off-road
to the left, and (5) discover a path up the hill to the
helicopter pad. Results are included in Table 3.

As the difficulty of the course increased from 0 to 2
blocks, AM performance degraded and the DR solved
every challenge. With 4 blocks on the course, DR solved
16 of 17 challenges and Mixed Planner solved 25 of 26
challenges. In a previous study, it was shown that AM
could not solve any of the 4 blocks. Two-level planners
are very effective in solving terrain challenges when faced
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with unanticipated terrain blockages in both cross country
and on-road situations (62/69).

Table 3: Gold Course Terrain Challenge Results
Count of terrain challenges solved (Gold course)

Twa blocks (1 block@cul-de-sac | Four blocks (2 blocks@cul-de-sac + 2
Blocks No blocks and 1 road block road blocks + path to helo pad)
Planner AM DR | Mixed| AM DR | Mixed [ AM DR Mixed
Road network only
apriori data n | n 02 | 41 617 0
Rmax + road
network aprioridata| 22 | 212 34| 4 1010 | 2324

Without a priori data, AM solved 1 of 4 challenges, DR
solved 12 of 13 challenges, and Mixed Planner solved 2 of
2 challenges. With Rmax a priori data, AM solved 5 of 6
challenges, DR solved 16 of 16 challenges, and Mixed
Planner solved 23 of 24 (96%) challenges. The most
important observation here is that AM performed poorly
without a priori data while both DR and Mixed Planners

performed equally well with and without good a priori data.

This is consistent with the RCTA intent of operating well
in unknown and unmapped terrain.

Red Course. The performance on the Red course is
summarized in Table 4. With no blocks on the course, all
planners performed well, although AM was slightly lower
in percent of challenges solved. With two blocks, AM
failed on every challenge, TR solved half of the challenges,

CACTF Course. The CACTF course presented up to
three challenges during a run. Each vehicle encounter was
considered one challenge. Finding the way to the goal was
another challenge. Also important was the manner in
which the planning challenge was met. It was expected
that the AM Planner, not having any notion of the rules of
the road, would continue to take a low-cost local route,
which would often lead it off the road onto sidewalks and
through yard areas. To prevent damage to the CACTF
facility, these runs were administratively stopped at the
point the XUV left the road. In order to score perfectly on
the run, the XUV had to successfully plan around
challenges and reach the goal without being
administratively stopped for leaving the road.

The results of the CACTF course trials are given in
Table 5. Entries are the number of challenges met over the
number of challenges presented. In all runs, the XUV was
able to avoid and pass vehicles intersecting its path. Under
the AM Planner, the XUV had to be administratively
stopped for each run, and failure to achieve the goal is the
reason why each AM ratio shows fewer solved challenges
than presented challenges. Shadowing and pursuit of a
low-cost solution without regard to the road hindered the
performance of the AM Planner, but it was able to
physically clear traffic blockages.

Table 5: CACTF Course Ratio of Traffic Challenge Outcome

i 0,
and Mixed Planner solved 90% of the challenges. Vehicle Movement/Planner AM Traffic
Table 4: Red Course Terrain Challenge Results

A-Stop 2/4 4/4

A-Stop & Go 2/4 4/4

Blocks No blocks + Two traffic vehicles | Two Blocks + Two traffic vehicles A-Stop/B-Block 4/6 4/6
Apriori data/Planner | AM | Traffic | Mixed | AM | Traffic | Mixed A-Stop/B-Block & Go 4/6 6/6
Road network only | 1/2 1/1 U1 | 0/2 | 2/4 3/4 A-Slow 2/4 4/4
Rmactoadnevork | 202 | 2;2 | 212 | o2 | 2i4 | el6 A/B Cross/Clear 416 414

When the difficulty of the course was increased with the
addition of two blocks, the Mixed Planner far
outperformed the Traffic and AM Planners because it
could transition from the TR to the DR when required to
generate an off-road path around the road blocks.

Without a priori data, the Mixed Planner outperformed
the Traffic and AM Planners because it could transition
from the TR to the DR when required to generate an off-
road path around the road blocks.

With either a priori data set, the Mixed Planner solved
more challenges than the TR, which, in turn, solved more
challenges than the AM Planner. The Rmax data set
increased the performance of each planner about uniformly,
showing that accurate a priori data assists all planners in
solving terrain challenges. With Rmax a priori data, the
Mixed Planner far outperformed the Traffic and AM
Planners because it could transition from the TR to the DR
when required to generate an off-road path around the
roadblocks.

The TP handled the six movements almost perfectly in
accordance with normal traffic behavior. Only when the
road was blocked in the A-Stop/B-Block condition was a
challenge not met. In that instance, the XUV planned a
path around vehicle A to the right on the edge of the
sidewalk.

5. DISCUSSION

Assessing the readiness of UGV technologies is a
challenge in an environment where every major factor
seems to be changing—technology improves, new
capabilities are achieved, terrain features change with
seasons and weather, and the XUV has inherent mobility
limitations. Radio communications between the XUV and
OCU controller, while never a controlled factor in an
experiment, often exerted unforeseen influence on
operational aspects of the experiment.  Technology
innovations are often on the edge of readiness when taken
to a field experiment, and developers are often still refining
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the algorithms and parameters that affect performance.
This is a normal and highly useful practice for developers
but creates difficulties when the objective is to assess a
technology in a structured experiment where responses are
measurable and attributable. Every experiment required
flexibility on the part of developers and experimenters.

The metrics applied during the course of these
technology assessments provided a qualitative measure of
UGV-integrated performance and in some instances a
quantitative evaluation of subsystem technologies. These
assessment results kept ARL and Army leadership
informed on the state of the art in UGV research and
ensured that research funds were properly invested.
Considering the nature of applied research with technology
at various levels of development and maturity, it was
assumed that the metrics used to evaluate system
performance had to take into account end-to-end
performance in a relevant environment if those measures
are to be meaningful with respect to assessing capabilities
in tactical behaviors. It is a worthy goal to derive
additional metrics that can be applied across experiments
so that improvements in performance can be assessed over
time. We were able to accomplish this with very basic
capability measures, but for more comprehensive measures
capable of capturing the essence of a military function, this
remains an open question.

We found that to formalize assessments as experiments
rather than demos is a winning strategy, and good
scenarios created in the planning of an experiment are as
important as metrics to furthering understanding. There is
always much to be gained by developers and testers from
the consideration of basic questions concerning, for
example, design factors, variables to be controlled, and
response measures. We exercised the system over a wide
range of representative scenarios for relevant environments
and were opportunistic in the application of findings to
raise the bar for subsequent development and assessment.
Much can be learned from a good scenario by simply
recording whether the challenge was or was not met.

In the cycle of model, deduction, data, induction, and
remodel, there is more than one path to the goal. We would
advocate broad notions of advancement to guide in a
progression of rigorous experiments, thoughtful reflection
at each stage, and openness to revise both the goals and the
path. Frameworks for performance assessment and some
standard metrics may provide a useful structure for this
activity, especially for those unaccustomed to formal
experimentation. We would caution against overscripting
to favorite metrics or an idealized scenario because either
is likely to lead developers to a brittle solution that has not
properly taken into account the complexity of the
environment.

In this paper we have provided an overview of the UGV
assessment philosophy and practice associated with the

RCTA program in the area of tactical behaviors. Details of
specific field experiments highlighted the vast benefits to
understanding afforded by a vigorous assessment program.
The information provided to developers in a healthy
feedback loop impacted both the direction and speed of
technology advances. A program that began having only
demonstrated semiautonomous mobility concluded having
shown significant promise in full autonomy consistent with
real operational challenges for the Army.
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