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ABSTRACT

A GIS-based simulation model has been developed for military path planning of unmanned ground
robots in a hazardous combat environment. Critical factors (such as slope of terrain, surface travel
distance, degree of bumpiness in various land-uses, and exposure to enemies) that affect the path
planning in a combat environment are carefully reviewed and modeled. Line-of-sight analysis and
probabilistic decision making process are also modeled for the effective military path planning. In
the model, the path planning is dealt with two sub-problems: (i) global path finding and (ii) local
navigation. These two sub-problems are recursively processed during the simulation; a temporary
least-cost path is calculated in the first stage, and navigation of the unmanned ground robot along
the path is then processed in the second stage. The simulation ends when the robot reaches a target
location. The proposed model has been applied in different environments with various GIS data. The
result shows that the model performswell for the military path planning, and can be useful for testing
and evaluating tactical missions to be performed by the robot before its deployment in a real-world
situation.

Keywords: decision making, distance transformation, Gl S-based simulation, military path planning.

1 INTRODUCTION

1.1 Background and scope

Due to the uncertainties and higher risks of fatality in combat situations, the role of robots
(e.g. unmanned ground robot [UGR]) has become an important part of many applicationsin
real world problems. Many robotic units have been developed and are actively being devel-
oped for their usage in an outdoor environment over a wide variety of terrains to carry out
critical military operations (such as rescuing friendly agents and searching for hostile
obstacles).

This study seeks to develop amilitary path planning method that effectively positions and
routes UGRs in a complex battlefield environment. Critical factors associated with the path
planning are reviewed and modeled for the system development. A GlS-based simulation
platform, which tests and eval uates the proposed path planning method, is also developed. As
such, the sensitivity of the result from the path planning method to various UGR capabilities
and environments can be analyzed through the computer simulation before its actual field
deployment. A variety of GIS data and known/unknown information about the obstacle are
employed in the proposed method (as an input) to find the best paths of the friendly UGR as
well asto help it safely navigate in the environment.

The proposed path planning problem isdealt with two sub-problemsin this study: (i) global
path finding and (ii) local navigation. These two sub-problems are recursively processed dur-
ing the path planning simulation. In the first stage, atemporary least-cost path between start
and target | ocations of the UGR is calculated. Navigation of the UGR in asimulation environ-
ment is then processed in the second stage based on the least-cost path found in thefirst stage.
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1.2 Brief literature review

The robotic units in combat situations often face multiple hazards and complex decisions
while carrying out their tactical missions through unfamiliar and hostile battlefield environ-
ments. In such cases, they must evaluate and change their plans and positions by processing
all available information directly obtained from the environment as well as through the com-
munications with other units and/or the control center. Many decision support systems that
fuse the available information and process it for the military path planning have been devel-
oped. However, identification of ideal positions, paths, and rates of advance for the military
unit is still avery challenging problem due to the complexity of the battlefield environment.
Although existing path planning systems (e.g. RIUGV (Remote imagery for unmanned
ground vehicles) and Ecognition WAFE with Pathfinder) have proven to work well to some
degreein providing feasible routes for robot operations (Frederick et al. [1]), dataused in the
systemslargely rely on known and static information, such as slope of terrain and distance to
target. It should be noted, however, that the information of unknown obstacles (such as enemy
locations and dangerous areas that may be stationary or dynamically changed over time) and
friendly robot’s response to the obstacles are not systematically analyzed and modeled in
current path planning systems.

Many mathematical models and technol ogies have been proposed for intelligent robot path
planning, uncertainty of surrounding environment, and human—robot interaction and con-
trols. Among them, the most popular, yet challenging one, isthe transportation path planning.
It is generally defined as the search for paths (from certain points to destinations) that satisfy
specified objectives under various conditions. To date, a variety of approaches have been
developed to solve the problem, such as genetic algorithms [2, 3], neural networks [4], dis-
tance transformation (DT) [5-8], and analytical methods [9].

Through a careful review of the available literature, although genetic algorithms are com-
mon for many path planning applications, DT is one of the most popular, fast, and effective
methods for searching shortest paths in outdoor environments under different circumstances.
This approach not only incorporates complicated terrain information for the path search, but
also can handle uncertainty about the target location and obstacles movements. In addition,
DT can be applied for a path finding problem with multiple starting points and multidimen-
sional spaces. As such, this study adopts the concept of a DT algorithm to find least-cost
paths of friendly UGRs.

The remainder of this paper begins with investigating factors affecting the robot path
planning in a hazardous environment. Mathematical formulation for finding the least-cost
pathsis also discussed in this section. Next, navigation of the friendly UGR is discussed in
Section 3. Radial line-of-sight (RLOS) and probabilistic decision making process are mod-
eled in this section. Section 4 describes the input/output of the proposed model with
discussion of the path planning simulation. In Section 5, we demonstrate the performance of
the model with various simulation examples. Finally, we conclude with the summary of this
study and future work.

2 PATH FINDING METHODOLOGY
Many factors (such as slope of terrain, surface friction of land covers, travel distance, expo-
sure to enemies, and dangerous choke points) affect the path planning of the friendly UGRs
in hostile environments, and they may possess, partially known, or unknown information.
This section discusses the characteristics of such critical factors and develops a method for
finding the best paths of the UGR between any points.
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2.1 Factors affecting UGR path finding

2.1.1 Slopeimpact

Slope is generally defined as the maximum rate of change in z values (elevation) from one
cell to its neighbors. The maximum change in elevation over the distance between the cell
and its neighbors identifies the steepest downhill descent from the cell; the lower the slope
value, the flatter the terrain; the higher the slope value, the steeper the terrain. Note that the
slope value can be calculated using the average maximum technique reported in Burrough
and McDonedll [10].

The energy consumption of the UGR may vary depending on the slope of terrain on which
it travels. If it ismoving downhill, its energy consumption will decrease; if it is going uphill,
the energy consumption will increase. To represent such slope impacts in estimating the
travel cost of the UGR, avertical factor isintroduced in this study. The vertical factor (denoted
as FV) is computed based on the slope between two adjacent points, and can be expressed as
ESRI [12]
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FI.ZJ. = Vertical factor between two adjacent points (4;_, and 4,)

A= ith point in an input elevation map (i.e. search space); 2 = (%, ¥ Z)

a4, a, = Parameters used for calculating the vertical factor

0._, . = Slope between two adjacent points

O rine Orvax = Minimum and maximum slopes of terrain that UGR can climb

UGR's hill climbing ability is considered in the proposed model, by introducing minimum
and maximum slopesthat it can overcome for moving on ahilly terrain. If aslope between two
adjacent points falls in between 0, and 0., the UGR can move forward with the vertical
factor value estimated from egn (1). It cannot travel to locations where slopes are outside 0, ;,
and 0, limits, and vertical factor 1 represents aflat terrain. Slope would also be an important
factor for finding suitable drop locations of the UGR (if it is air-dropped). Areas of relatively
flat terrain are preferred for a safe landing; on the contrary, areas beyond the limit should be
prohibited to avoid possible risk of accidents from an unstable landing (Kang et al. [8]).

i—1,i

2.1.2 Surface distance

The surface distance is the actua length of a path along which the ground robot travelsin a
complex terrain to reach atarget. The surface distance isthe 3D length of the line segment of
the path projected on a surface. It is either more than or equal to the planimetric distance
because the surface distance takes into account the variation in z values. These variations
increase the measured length of all line segmentsthat are not flat. An elevation map (typically
in araster format; e.g. DEM) may be required as a model input to calculate the surface dis-
tance. The line segments of the path are sampled for height, using bilinear interpolation, at
their vertices plus at adistance no morethan the cell size of theinput raster. It should be noted
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that the raster cell size (resolution) affects the calculated surface distance. Decreasing the
raster cell size between sampling points allows the line segments to more closely conform to
the actual surface.

DS = (5=, + (33 + (2 2) ©

where
D?, . = Surface distance between two adjacent points.

2.1.3 Bumpiness of surface

The surface of terrain in a hostile environment may consist of various land uses, such as
desert, forest, water, built-up area with paved and unpaved roads, or combination of those
complexities. Different land uses have different degrees of bumpiness on their surfaces.
More fuel consumption may be required for the UGR to travel on a rough and/or bumpy
surface. In the proposed model, travel distance over the friction (which compensates the
degree of bumpiness on the surface) is considered to realistically represent the fuel consump-
tion of the UGR. A GIS map, which contains various land-use features, is employed in the
model to compute the friction factor (denoted as FF), and it is calculated with an equation
expressed as:

F' = b+ By xexp(L]) (@)

where
F.F =Value of friction factor at it point,

B, B, = Friction parameters

L.V = Land-use index at i" point (0: open space with flat terrain; 1: agricultural or farm-
land; 2: desert; 3: forest; 4: built-up; 5: water or swamp; 6: rocky mountain)

Among various land uses in the environment, there may be areas to which the UGR should
not travel or at which its landing (if air-dropped) is prohibited. Such land use types as river
and enemy facilities should be regarded as ‘No-Go’ areas and removed from the feasible
areas of its operation.

2.1.4 Exposure to enemy

Many obstacles (such as mobile and stationary enemies) may also exist in a hostile environ-
ment. These obstacles significantly affect the path planning of the friendly UGR, and make
its surrounding environment more complex. Thelocations of some enemies may be identified
by UGR in advance; however, many of those are unknown to it. It isimportant to note that the
UGR should avoid its exposureto the enemiesif at al possible for a safe and efficient mission
completion. We thus consider the UGR exposure to the enemiesin the proposed model asone
of the important factors for finding the least-cost path, by evaluating enemy locations and
their ranges of surveillance in the environment. Some assumptions made for this are;

e Thefriendly UGR prefers to avoid enemies rather than fighting against them.

e Among a set of enemies distributed in the environment, only the information of known
enemies is employed to generate an enemy exposure map with which friendly UGR'’s
degree of exposure to the enemiesis cal culated.

e The friendly UGR can detect unknown enemies during the navigation. If any unknown
enemy is newly detected, thisinformation is used to reconstruct the enemy exposure map.
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where
F E = Friendly UGR’s degree of exposure to all known enemies at it point (%),
= Friendly UGR'’s exposure probability to ki enemy at Ais

df = Visible distance from the UGR to k" enemy at /,,

R‘ = ki enemy’s effective search limit (measured in distance),

R . = Kh enemy’s maximum search limit,

n(Eknown) = Total number of known enemies whoes locations are known.

Taking all these considerations into account, friendly UGR’s degree of exposure to the ene-
mies (called the enemy factor) at it" point can be expressed as egn (5). It isthe sum of the UGR
exposure probabilities to al known enemies, and can be used for calculating the weighted
travel cost with the other factors defined earlier.

We would also consider radar systems of enemy bases designed for the surveillance of
friendly air-carriers (if the UGR is air-dropped). The drop location should be outside the
surveillance limit, and the areas within the limit should be regarded as ‘ No-Drop’ areas, and
thus removed from the feasible drop locations.

2.2 Weighted travel cost

Due to the complexity of the environment, finding best paths of the friendly UGR based only
on the minimum distance to the target is not sufficient and lacks reality. The best path should
guide the UGR to reach the target as quickly as possible and to avoid not only no-go areas but
aso highly risky regions exposed to enemies. As such, aweighted travel cost function which
comprehensively evaluates friendly UGR's energy consumption (with consideration of ter-
rain slope, surface distance, and friction) and degree of exposure to the enemiesis devel oped
here to find the best path. A mathematical formulation that minimizes total travel cost of the
UGR under specified constraints can be expressed as egn (7).
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where

CTo, = Total travel cost of the friendly UGR from start point to target;

CTi—l,i = Weighted travel cost between two successive points of A;

S, vV, oF, wF = Weights for DS, FY, FF, and FF, respectively;

A = A set of successive points between the start and target locations;

45 € A =[Ageesdipenipiqls A 1S @subset of the search space (O);

n'® = The total number of pointsin A;

Ag 4= Start and target locations of friendly UGR, respectively; Aq= Aq A= 4 ypsrs

iupper, Ziow = Upper/lower limits of the search space; }vupp = (xupp, Yupp! zupp), Jiow = Kiowr

ylcvw' Z|0w) .

Ay = No-go areas in the search space

Four types of constraints are used for the formulation, and these are (i) upper and lower
limits of the search space, (ii) No-go areas, (iii) slope constraints, and (iv) enemies’ sensor
search range. The path finding problem can now reduce to finding a set of successive
points, and distance transformation (DT) algorithm is employed to find the best set of
points.

2.3 Distance transformation

DT isasimple algorithm that determines a transformed distance between a particular point
and target point. It isvery popular for solution of path planning with both initially known and
unknown field topol ogy, and has been widely used for robot path planning in various environ-
ments [5-8]. In DT, the path is generated by following the steepest gradient of the distance
transform values from start to target. It can provide efficient path in the presence of obstacles,
and the minimum cost obtained by DT is the summation of incremental distances from one
cell to another on a grid map. The weighted travel cost function shown in egn (7) is used to
find the least-cost path of the friendly UGR from any point to the target in the search space.
DT propagates from the source cell (i.e. target), marking all free cells with an incrementing
value. Once all cellsthat are not prohibited have been marked, a search from a selected start
point can be made. If the start point has been marked with a DT value, a path is possible;
otherwise a path does not exist.

Various Gl Slayers are employed to generate aweighted travel cost map, and it isthen used
to find the least-cost path (i.e. A4*) of the UGR through the DT process. Each cell of the out-
put map resulting from the DT process stores the least accumulative cost to the target. Thus,
aleast-cost path from any point to the target can be found by backtracking all |east-cost cells
from that point to the target. The input and output of the DT processis shown in Fig. 1, and
DT process is described as follows:

DT process:

Stepl: Target cell isidentified.

Step2: Weighted travel cost to each neighboring cell that adjoinstarget cell is determined.

Step3: Each of the neighboring cellsislisted from least costly to most costly.

Stepd: The cell with the least cost is removed from the list.

Step5: The least accumulative cost to each of the neighboring cells removed from the list
is decided.

The processisrepeated until all cells on the output raster have been assigned an accumula-
tive weighted travel cost.
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Figure 1: Screen capture of input and output of DT process.

3 NAVIGATING UNMANNED GROUND VEHICLE

Information used for finding the initial least-cost paths of the friendly UGR (e.g. start, target,
and known obstacles locations) is limited and may change over time. Thus, the UGR may
encounter new situations if it keeps traveling along the path. Navigation of the UGR in the
proposed model is decided based on theresult of (i) Radial line-of-sight (RLOS) analysisand
(i) Survival probability to enemies. Enemy information is periodically updated during the
navigation with newly detected ones through the line-of-sight analysis. Accordingly, the
least-cost path (A") is recal cul ated repeatedly with response to the change of its surrounding
environment. Note that the start point of the UGR is initially given, and any intermediate
point in the least-cost path (4, € A") can be astart point of anew path during the navigation.

3.1 Radial line-of-sight

During the UGR navigation, the RLOS analysis is repeatedly processed, and through which
not only visible areas where it can view from its current location but also distance to the
obstaclesidentified in the visible areas are measured. Key parameters required for the RLOS
analysis are as follows:

e Sensor Height (h) of the optical sensor equipped on the friendly UGR, and is measured
from the ground surface (see Fig. 2(a)).
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Figure 2: (a) UGR sensor parameters and (b) Possible outcomes from radial line-of-sight
analysis.

e Maximum Search Limit (R%,__) of the optical sensor from the observer point, for which
the visibility is calculated; areas beyond the limit are excluded from the RLOS analysis.

o \ertical Angle (A, AVup) defines the sensor search angle above and below the horizon.

¢ Horizontal Angle (A" AHup) defines the azimuth range of the sensor.

low’

Figure 2(b) shows possible outcomes from the RLOS analysis. It shows that depending
on terrain complexity, enemies may not be detected although it is within friendly UGR’
sensor limit.

3.2 Probabilistic decision making

Thefriendly UGR should be able to evaluate any perceived information during its navigation,
and make a proper decision based on the evaluation result. For example, a decision whether
to change its current position, recalculate a new path, and/or fight against the enemy should
be effectively made when it encounters any enemy threats during the navigation. For this
purpose, a probabilistic decision making processis incorporated in the model. Few assump-
tions made for this are:

o If the friendly UGR detects an enemy at its current location through the RLOS analysis,
the following two events are evaluated, and its survival probability is calculated for each
event:

Event A®: defeat the enemy

Event B*. avoid the enemy

Enemies are independent of each other

If the UGR decides to avoid the enemy, the least-cost path isimmediately recal culated; the
time lag required for information update and for least-cost path calculation is negligible.
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Note that p(Afk) and p(Bie‘S can be expressed as a function of (i) killing success rates of

friendly UGR and enemies, respectively, (ii) visible distance between them, and (iii) UGR’s
maximum search limit.

p(Afk)= [(ma)x(l_ma)dfk} if diek SR,.
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where
P(A) = Friendly UGR's survival probability by defeating ki enemy at /,,
m, = Friendly UGR'skilling success rate,
p(B,*) = Friendly UGR’s urvival probability by avoiding ki enemy at /,,
=1 —enemy’s probability of killing the friendly UGR,
m = ki enemy’s killing success rate.

3.2.1 Joint survival probability

If multiple enemies are detected through the RLOS analysis, friendly UGR’s path planning
decision should be determined based on itsjoint survival probability to them. Assuming that
each enemy is independent of each other, the joint probability can be expressed as egn (10).
Note that the total number of possible events (N;°) to be evaluated for the joint survival prob-
ability is 2"&) where E; is a set of enemies detected at /.. For example, if two enemies are
detected at /;, N;° becomes 4.

B = 1 Max| p(47 ). p(B)] (10

where
PS" = Friendly UGR'sjoint probability of survival to all enemies detected at /,
n(E;) = Total number of enemies detected at 4; e E,.

3.2.2 Cumulative survival probability

If the friendly UGR keeps moving in a hostile environment without prior knowledge ahead,
its chance of survival will be getting reduced. Assuming that itsjoint survival probability is
independent, for all theintermediate points, of the least-cost path (V /€ 4%, its cumulative
survival probability can be expressed as egn (11). The cumulative survival probability
(PrJ.CS) is used as a key measure of effectiveness (MOE) during the navigation for making a
proper decision.

J
Pre =[P Vi€ A4 =[hg o Ay cdypua]” (11)

i=0

where
Pr;®=UGR's cumulative survival probability until it reaches j™ intermediate point.
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4 SIMULATION MODEL STRUCTURE
Five GISinput layers are used in the proposed model to realistically represent a hostile envi-
ronment where the friendly UGR operates for its critical mission. These are (i) initial start
points for UGR operation, (ii) targets, (iii) obstacles, (iv) ground elevation, and (v) land-use
information. The GI Sinput can be classified into a static and/or adynamic entity as shown in
Table 1 based on its mobility characteristic.

It isimportant to note that each GIS input layer requires its own attribute field to represent
roles and characteristics during the UGR navigation simulation. For example, the enemy
layer (EnemyP) needs five attribute fields (named I D, Known, Moving, MovePtn, and Alive),
which are interactively referenced during the simulation. Moving field is used to define the
mobility of elements; known and unknown enemies are distinguished with Known field;
MovePtn field is for representing enemy’s moving pattern and direction; and finally a matter
of enemy’slife or death isdetermined with Alivefield. Note that only thelive enemy of which
Alivefield value = 1 is activated during the simulation, and it is changed to O if destroyed by
the friendly UGR. Details of all attribute fields that characterize the input GIS layers are
presented in Table 2.

The simulation model provides a control loop driven by an external timer to handle the
navigation of the friendly UGR and to give the other dynamic entities an opportunity in per-
forming their own processing. The mobile enemy usesthistime slice to make arandom patrol
or scheduled patrol, while the friendly UGR travelsfrom its start point to target. Theland use,
fixed enemy, and ground elevation layers are not active entities, and therefore they do not
require the processing time.

A simulation process for friendly UGR’s path planning in a hostile environment is
described in Fig. 3. At the beginning of the simulation, parameters which specify the capa-
bility of the friendly UGR are initialized. Next, a database storing only known information
about the environment is retrieved to find an initial least-cost path from its start point to
target. The UGR then begins to move from one point to another along the least-cost path
while performing its radial line-of-sight (RLOS) analysis. If no enemy is detected or if
enemies are detected but they do not detect the UGR, it keeps traveling along the current
path. Otherwise, its cumulative survival probability is compared with a threshold value for
making a right decision. If the decision is to avoid the enemy (with a higher survival

Table 1: Property of input GIS layers.

Fields used for the
GIS layer Classification Type attribute table Description
StartP Static/Dynamic Point ID, Known Initia start
location of robot
TargetP Static/Dynamic Point ID, Known Initial target
location
EnemyP Static/Dynamic Paint ID, Known, Fixed and mobile
Moving, enemies
MovePtn, Alive
SurfaceG Static Polygon ID, Known, Land-use of the
Value, LandUse environment

ElevR Static Raster Value Ground €elevation
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Table 2: Attribute fields describing the input GIS layers.
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Field name

Datatype

ID
Known

Moving

MovePtn

Alive
Vaue

Land use

Element ID number
0 = Unknown; 1 = Known

0 = Fixed; 1 = Moving

1= Moveinx direction
2=Moveiny direction
3=Moveinxy direction

4 = Random movement
0=Dead; 1 = Live element
Raster value that represents
Ground elevation (for ElevR)
Land-use index (for SurfaceG)
Land-use type

Integer
Boolean

Boolean

Integer

Boolean
Double
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Figure 3: Simulation flow chart for military path planning.
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probability than the threshold value), the least-cost path is recal culated. When recal culating
the path, the current location of the friendly UGR is set to be the start point of the new path,
and any new information obtained until this point is used for updating the UGR database.
For instance, if the detected enemy is unknown, then its property is changed to be known,
and thus the UGR can keep track of its movement during the navigation. If the decisionisto
defeat the enemy, the enemy operation is deactivated as if it is killed, and the UGR keeps
traveling along the current path without path recalculation. The simulation program ends
when it reaches the target.

5 EXAMPLES
Several case studies have been conducted to demonstrate how the proposed simulation model
works in different environments. Real GIS data for various terrain and land-use maps
(obtained from USGS Seamless database for several mountainous areas in Afghanistan) are
employed to construct different examples, and some hypothetical obstacles are added to
make the example more complex. UGR parameters used for the test are the hill climbing abil-
ity and sensor height.

5.1 Hill climbing ability

Recall that the least-cost path of the friendly UGR is determined based on the comparison
of elevation difference between two neighboring points and its ability to move on those
points. Thus, if the hill climbing ability (i.e. maximum slope that the UGR can overcome)
is higher than the slope between its current and next points, it then can move to the next
point. Figure 4(a) shows least-cost paths of the friendly UGR in a hilly terrain with different
maximum climbing slopes. As shown in the figure, the UGR can cut across the hilly terrain
with +40° of the climbing slope to reach the target location, and thusit is the shortest among
the alternatives described in the figure. However, with £3° of the climbing slope it is
observed that the UGR travels only through the plain area, producing the longest travel
distance.

5.2 Least-cost paths from multiple start points

Assuming that there is no enemy in the simulation environment and that the mission of the
friendly UGR isto reach a known target, Fig. 4(b) shows least-cost paths to the target from
multiple starting points. Note that the maximum climbing slope that the friendly UGR can
overcomeis set to £14° (25%) in this example. As shown in the figure, all the six paths com-
pletely avoid the high slope regions in mountainous areas and are relatively straight to the
target. The result indicates that the surface distance and slope factors are simultaneously
evaluated to find the least-cost path.

5.3 Sensor capability

The sensor capability of the friendly UGR is also very important for its safe and effective
navigation in a hazardous environment. This is because the UGR depends most likely on the
sensor for monitoring and detecting hostile obstacles in its surrounding environment. With a
low sensing capability, the friendly UGR would be able to detect the obstacles only close to
it. On the contrary, with a high sensing capability it can detect the objects that are much far
fromiit.
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Figure 4: (a) Least-cost paths with different hill climbing abilities and (b) Least-cost paths
from different start locations to the target.

Figure 5(a) shows points (along the initia least-cost path) where an unknown enemy is
identified for thefirst time by the friendly UGR with different sensor heights. As shown in the
figure, the UGR is ableto detect the unknown enemy much earlier with ahigher sensor height
and change its route to a recalculated least-cost path. With alow sensor height, however, it
would not be able to detect the enemy athough the enemy is already within the sensor search
limit. Such a case is encountered when aterrain blocks its line-of-sight. For example, at the
72" intermediate point (4,,) of the initial least-cost path, the friendly UGR cannot detect
enemy’s existence with the sensor height of less than 50 meter due to the blockage of aterrain
in between them. The UGR with 10 meter sensor height cannot detect the enemy until it
reaches 4,,, where it would also be exposed to the enemy whose sensor search limit is 600 m.
Figure 5(b) shows line-of-sight diagrams at the corresponding enemy detection points.
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Figure 5: (a) Location where the friendly UGR first detects unknown enemy with different
sensor heights and (b) Corresponding line-of-sight at the enemy detection point.

5.4 Path planning in a static environment

Suppose that a mission assigned to the friendly UGR is to reach a known target as quickly as
possible, and the simulation environment where it operates is static (see Fig. 6(a)). At the
beginning of the simulation since no enemy information is given, UGR’s initial |east-cost
path isrelatively straight and running through low elevation and land-use friction areas. How-
ever, once the locations of known enemies (.) are identified, itsinitial path is recalculated
to have a new one that guides the UGR in a much safer way without exposure to the known
enemies. While traveling along the recalculated path, the UGR detects an unknown enemy
(O) at a certain point through its RLOS analysis, and thus the path is recalculated again to
avoid engaging with the enemy. If additional enemiesare not further detected, the UGR keeps
moving along the new path until it reaches the target.

5.5 Path planning in a dynamic environment

In this example the target of the friendly UGR is a moving object, and its surrounding envi-
ronment is time-varying where the elements of the environment change over time. Some
large and small hilly mountains are located in the middle of the simulation environment, and
three mobile enemies areinitially placed in a southwest region of the friendly UGR. The mis-
sion assigned to the UGR isto chase and destroy the enemies distributed in the environment.
Thus, calculation of least-cost paths, enemy movement, and UGR’s exploration to catch the
enemy are iteratively processed during the simulation. Figure 6(b) shows trajectories of the
moving objects during the simulation. When the simulation begins, the friendly UGR first
chases Enemy-M1 (i.e. target 1) because it is the closest from the UGR. After the first target
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Figure 6: Path Planning for (a) Reaching a stationary target in a static environment and
(b) Chasing multiple mobile enemiesin adynamic environment.

is destroyed (i.e. deactivated), the UGR moves for the next closest targets (Enemy-M2 and
Enemy-M 3 sequentially). The simulation runs until al the enemies are destroyed.

In most of the simulation runs, it has been observed that the friendly UGR catches al the
enemies since the UGR is assumed to be faster than the enemies. However, if the UGR speed
islessthan or equal to that of the enemies, it may not be able to catch al the enemies unless
it hasintelligence to predict their movementsin advance. The path planning method proposed
in this study will be further improved with consideration of variable speeds and intelligent
behaviors of moving objectsin a future study.
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6 CONCLUSIONS AND FUTURE STUDIES

This study developed a Gl S-based path planning model that finds best paths of maobile robots
(i.e. UGR) and simulates its mission under various conditions. A weighted travel cost func-
tion with distance transformation (DT) algorithm is developed to find the best paths, and a
probabilistic decision making process based on a radial line-of-sight (RLOS) analysis is
modeled for a safe robot navigation in ahostile environment. The path finding and navigation
areiteratively processed during the simulation of robot path planning. The simulation model
has been applied in different examples. Various GIS data that describe terrain, land uses,
targets, and obstacles of the examples are employed in the model as an input. The result
shows that the model performs well in the transportation path planning under various condi-
tions, and that it has great potential for testing and eval uating various missionsto be performed
by the robot before its deployment in a real-world situation. Despite demonstrated capabili-
ties, the model can benefit from many technical and methodological improvements. Some
future works to be considered are:

e Model speeds of mobile robots based on time-varying information and mission charac-
teristics.

e Model intelligence of mobile robots to predict obstacles movement.

e Model cooperation between friendly robots against threats from hostile obstacles.

o Develop an experience-based decision making process in which military units faced with
new decisions can act on the basis of experiences gathered from previous operations.

e Develop a cognitive hierarchy model through which meaningful knowledge can be
obtained from available information.
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