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Abstract
Using the latest in technology, we wish to assist firefighters, who routinely en-

counter hazardous situations in their occupation. One plausible way of offering assis-
tance without risking additional human lives is by deploying a robot team, equipped
with various sensors, alongside a firefighter. While it is difficult for humans to func-
tion well in a smoke filled, high temperature environment, there are sensors available
which are designed to operate in such conditions. A robot team can potentially provide
a number of services to improve the safety of firefighters, but knowing the firefighter’s
location is essential for the team to coordinate these services. In our proposed system,
range measurements from sensors mounted on robots will be used for firefighter posi-
tion estimation. Using only range sensors introduces the challenge that the location of
the robot team members with respect to the firefighter will affect the uncertainty of the
firefighter’s location. This paper discusses a cooperative control algorithm to minimize
the uncertainty in the location the firefighter by actively positioning a robot team with
respect to the firefighter’s location. Three results were found using a cooperative con-
trol algorithm with a team of four robots. First, it was qualitatively shown that using
a sensor with the capability of ranging through walls performed much better than ones
that required line of sight (LOS). Secondly, a simple team coordination algorithm does
not improve results due to the dynamic nature of the problem. Finally, the ideal dis-
tance to position the robots from the firefighter, a parameter in the cooperative control
algorithm, is highly environment dependent.
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1 Introduction
Firefighters routinely encounter hazardous environments where information obtained
from human senses is extremely limited. Smoke obscures vision while heavy equip-
ment and heat create a physically challenging situation. Under these extreme condi-
tions, firefighters can easily lose orientation and sense of direction. Robots can provide
assistance in dangerous environments, while simultaneously preventing the loss of ad-
ditional human lives.

Creating a communications network or monitoring the firefighter’s path are exam-
ples of how robots can assist firefighters. A communications network with robot nodes
can form a voice and or data link to a location outside of the building. This link can
facilitate directional guidance, the exchange of hazard information, or enable calls for
assistance. Even without supporting a voice link, the robot team forming the network
can be used to evaluate the safety of the firefighter. For instance, if the position of fire-
fighter has stopped changing for an extended period of time, it may be an indication of
an injury. Although the applications for robot assistance are numerous, the necessary
functionality of the robot team is the ability to track the firefighter over time.

At a high level, tracking involves processing and fusing sensor information into a
position estimate. For illustration purposes, suppose that a fire department gets a call
about a fire and a robot team are deployed alongside firefighters. The job of the robot
team is to track a single firefighter during the time she is inside the building. Compo-
nents or information required by the system would include the following: a map of the
building, a localization algorithm to process sensor information from the robot team,
and sensors that provide range and perhaps bearing. Map information can be obtained
either from a pre-existing floor plan or generated from a mapping algorithm. Examples
of localization algorithms include particle filter or kalman filter approaches [4, 6, 17].
A wide variety of sensors can provide range and/or bearing such as laser rangefinders,
sonar, GPS and any vision based system. However, there are shortcomings with each
aforementioned sensor in regard to effectiveness in an indoor smoke filled environment
at high temperatures. Due to its inability to receive a powerful enough satellite signal
indoors, GPS would not function well in this environment. Laser rangefinders, sonar
and vision based systems perform poorly with airborne particulates.

Our proposed sensors are radios that have the ability to obtain range measurements
even when having no line of sight (LOS). Active ranging radios, which use time of
flight information to measure range, are currently being developed and are based on
Ultra Wideband (UWB) technology. These radios have the ability to function in indoor
smoke filled environments. However, like any sensor, the range values obtained from
these radios are expected to be noisy. With noisy range values, the accuracy of the
position estimate will depend on configuration of the range sensors in relation to the
firefighter.

To obtain the best location accuracy with range only sensors, we wish to use cooper-
ative control to actively position team members so that the uncertainty of the firefighter
will be minimized. Figure 1 shows a diagram of the entire system which takes sensor
range values, feeds them into a localization algorithm and finally uses map information
and position estimates to reposition the members of the team. This paper addresses the
last block of the system as shown by the grey box in Figure 1. To decouple the system,
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Figure 1: System diagram

I assume that other components of the system provide information to the cooperative
control algorithm. All examples and experiments shown in the remainder of the pa-
per, use a simulated four member multi-robot team with ranging radios mounted on
each robot∗. The information provided to the team includes a known floor plan and the
positions of each robot and firefighter from the localization algorithm.

Multiple challenges must be addressed in the cooperative control algorithm. Tak-
ing information given by the map and localization algorithms, the algorithm must po-
sition the robots in a dynamic, complex team environment. Tracking a moving person
requires constantly changing robot goals. Although the algorithm needs to perform
well in static situations, the main requirement is performance in dynamic scenarios.
Deployment of robots into buildings means that the algorithm need to accommodate
complex environments (e.g. typical floor plans) in addition to functioning in open ar-
eas. Lastly, multiple robots are required for position estimation when using range only
sensors. However, when working with multiple robots, a coordination scheme must be
implemented to produce the desired cooperative behavior.

2 Background

2.1 Ranging Radios
One application of a recent technology, UWB based ranging radios, is for location
tracking [16]. UWB radios are short range, typically 30 feet indoors, and do not require
line of sight (LOS). Intuition tell us that ranging sensors without LOS requirements
will outperform sensors requiring LOS due to an extended coverage area. However,
we would like to quantify the benefit of ranging through walls and obstacles through
experimentation. Some typical challenges of traditional radio frequency (RF) systems
include obstacle penetration and multipath, the phenomenon of a signal arriving at a
receiver via two or more paths. UWB’s immunity to multipath and its ability to operate

∗The team size is arbitrary; four members provides a reasonable balance between computational speed
and a plausible real-world scenario
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at the lowest frequency band possible allows it penetrate through more materials and
makes it ideal for functioning in indoor environments [19]. One downside of UWB is
that since it is short range, the ranging sensors must maintain a shorter distance to other
ranging sensors. Because we would like to range to the firefighter, one solution to this
problem is to have mobile sensors deployed with the firefighter inside the building.

3 Related Work

Specifying goals for a team of robots can be viewed as the multiple or multi-depot
traveling salesman problem (TSP) [2]. In the multiple TSP problem, rather than having
one salesman in the classic traveling salesman problem, we have multiple salesman
traveling to multiple cities. If the best team configuration is determined a priori, and
each position of configuration can be represented by a city, then our problem can be
generalized as a multiple TSP. Here, each city corresponds to the goal positions for
each member of the team. Although there are coordination schemes, such as traderbots
[3], that perform well in a multiple TSP scenario, our solution needs to additionally
handle constantly moving goals (cities) as the firefighter moves.

One approach of trying to minimize the uncertainty of the moving human with a
team of robots to find the best formation for the team and try to maintain it as the human
travels through the environment. Saber et al. uses an optimization based approach
for tracking in formation [15]. Tracking in formation is achieved by first generating
cost functions based on formation control, collision avoidance and tracking. Then the
generated cost functions are used to pose an optimal control problem that is in turn
solved using the nonlinear trajectory generation (NTG) software package at Caltech.
Fierro et al. presents a framework for the cooperative control of a robot that is broken
up into two major parts: control law selection and trajectory generation [5]. Naffin
and Sukhatme present a method to dynamically grow and maintain formations through
negotiations [14]. While the previous approaches address maintaining formations in
free space and with relatively few obstacles, these approaches do not explicitly mention
how they handle cluttered environments. In a floor plan, for example, it would hard to
predetermine which formations would minimize uncertainty most in irregularly shaped
spaces or to incorporate team members behind obstacles (e.g. walls) into a formation.

Another area of closely related work involves having robots deploy a network of
radio beacons to assist with the localization of the robot team. Howard et al. describes
a method for an incremental deployment of mobile nodes for the purposes of building
a mobile sensor network [9]. Applications for the network include navigation, cover-
age and exploration of the environment. However, the use of static radio beacons are
outside the scope of this work because the focus is using only mobile team members
to assist firefighter tracking rather than using nodes for coverage. It is possible that
if a network of radio beacons were deployed efficiently, it could assist with firefighter
tracking.
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4 Evaluating Configurations
In order to develop a method that actively positions each robot we need a metric to
identify good configurations. Since it may be hard to visually distinguish robot config-
urations, the metric quantifies the strength of a configuration as it relates to minimizing
uncertainty in firefighter position. One metric used in the Global Positioning Sys-
tem, called the Geometric Dilution of Precision (GDOP), relates the configuration of
ranging devices to location error. Assuming that ranging devices are inherently noisy,
certain configurations will magnify sensor error more than others. Kelly uses Dilution
of Precision by evaluating a robot’s position error using the landmarks configuration
for localization purposes [10]. We are in essence using a similar technique in reverse
by having robots be the ”landmarks”.

GDOP was chosen as a metric because of its ability to judge the strength of a con-
figuration given noisy range values. Additionally, it is a well known and a widely used
metric in GPS. In GPS, longitude, latitude, height and time are incorporated into the
GDOP value. For our purposes, I use a two dimension version of the GDOP formula-
tion [1] that only incorporates longitude and latitude. In the 2D case, the best GDOP
value is achieved when GDOP = 2√

N
where N is the number of robots or ranging de-

vices and the worst value can grow to infinity [12]. The problem domain is only in two
dimensions so I will refer to 2D GDOP as GDOP for the remainder of this paper.

The method for GDOP calculation is as follows:
For N robots, the range measurement from the firefighter to robot i is

Mi =
√

(Rxi − Fx)2 + (Ryi − Fy)2.

Fx and Fy are x and y position of the firefighter and Rxi and Ryi are x and y positions
of the ith robot.

The directional derivatives for x and y are:

∂Mi

∂x
=

Rxi − Fx

Mi

∂Mi

∂y
=

Ryi − Fy

Mi

Using the directional derivatives, we create a matrix, H .

H =




∂M1
∂x

∂M1
∂y

∂M2
∂x

∂M2
∂y

...
...

∂Mn

∂x
∂Mn

∂y




If we now let the position vector x = the actual firefighter position, x̂ = the firefighter
position estimate, and P = (HT H)−1, then

Cov[x̂] = σ2P

E ‖ x− x̂ ‖2 = σ2(P 0,0 + P 1,1)

GDOP =
√

P 0,0 + P 1,1

rms(Position error) = σ · GDOP
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(a) GDOP=1.000 (best) (b) GDOP=1.134 (c) GDOP=3.724 (less desirable)

Figure 2: Example configurations and their corresponding GDOP values

GDOP gives a sense of how configuration will magnify range errors. A more in
depth derivation of GDOP is covered by Mishra et al[13].

It is important to note here that GDOP values only depend on the global configura-
tion angle of the team and not on the distances between each robot and the firefighter.
In other words, GDOP is affected by the angular spacing between team member if the
firefighter is treated as the vertex. Figure 2 shows example robot team configurations
and the corresponding GDOP values. The firefighter is located in the center while the
angle between the four team members are varied to form different configurations.

5 Coordinated Control Algorithm

Now that desirable configurations can be identified, a cooperative control algorithm
to actively position the robots can be developed. In this section, I identify three key
choices in algorithm implementation.

5.1 Team vs. Individual Planning

Although there are numerous approaches to centralized and distributed planning in
agent or robot teams, I chose to take a simplified approach to centralized and distributed
planning. I consider two types of approaches: team planning and individual planning.
Here, I define a plan as a path consisting of a series of waypoints ending with a desired
goal. The only information available to create the plan are the positions of other team
members.

In team planning, team members use identical planners to create the best plan for
every team member. If all robots then execute their portion of the team plan, this should
also result in the most desired team behavior, assuming all team members use identical
information in constructing their plan. In contrast, for individual planning, each robot
considers its teammates as part of the environment and plans accordingly. Each robot
creates a plan to position itself with the belief that all other teammates are stationary.
These two approaches try to limit assumptions for communication and coordination.
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If each robot plans with the knowledge of only team member position then there is no
need for the negotiation of goals, communication of intentions, etc.

To analyze the complexity of the team planning approach, Figure 3 shows the num-
ber of configurations to be evaluated before finding the configuration corresponding
to the minimum GDOP. Although, it may be feasible to know which configurations
produce the best GDOP in an open area, it is more difficult in a cluttered environ-
ment where all configuration must be evaluated before the best GDOP value is found.
Due to the dynamic nature and time constraints of evaluating so many configurations,
individual planning was implemented instead of team planning.

Figure 3 shows the possible configurations for 2,3 and 4 robots at 1◦ increments.
In each figure, the possible positions of each robot are chosen so that all distinct con-
figurations can be achieved. A distinct configuration is defined by a unique unordered
angle spacing between team members. For example, if the angles between robots 1,2
and 3 are 30◦, 90◦, 240◦ respectively, the configuration of 90◦, 30◦, 240◦ would not
count as another unique configuration. Since we only focus on angles between robots,
each configuration is subject to a rotation about the center point (firefighter), which
would result in additional configurations.

5.2 Cost Map

A discretized cost map is used for planning to decouple global planning from local
navigation. Once a plan comprised of waypoints is produced, it can be passed off to
another algorithm for local obstacle avoidance and waypoint following. Each robot
initializes its cost map using an occupancy grid representing the floor plan. Every grid
cell represents a possible goal location and is assigned a cost based on configuration of
the team and distance from the firefighter assuming that the robot was located in that
cell. The most desirable location of the robot corresponds to the cell with the lowest
cost, while the best path to the goal is generated using a wavefront propagation path
planner [11].

The cost of each cell is comprised of two parts, one that represents the desirability
of configuration and one that represents the desirability of distance from the firefighter.
Distance from robots to the firefighter needs to be incorporated into the cost equation
so that robots are not too close to obstruct the human but not so far so that they are out
of sensor range.

Figure 4(a) shows the original robot configuration with the firefighter at the center,
while Figures 4(b), 4(c), 4(d) show contour maps of weighted distance, global angle
configuration and both distance and angle combined from the perceptive of the black or
top-most robot. To generate costs, the top-most robot evaluates a global angle config-
uration and a weighted distance at every grid cell as if it was located in that cell. Dark
areas represent regions of higher cost while lighter areas show regions of lower cost.

5.2.1 Determining a policy for global angle configuration

Since a metric was developed for global team angle configuration, a logical first step is
to use the same metric to generate the configuration portion of the cost. However, when
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(a) 2 robots: 180 configurations

(b) 3 robots: 28,350 configurations (c) 4 robots: 7,396,313 configurations

Figure 3: Number of distinct configurations for 2, 3 and 4 robots. The configuration
corresponding to the best GDOP can be found after evaluating all distinct configura-
tions. The arrows show robot position ranges to obtain all unique configurations

using GDOP to generate the configuration cost, it was noted that multiple configura-
tions mapped to equivalent GDOP values. For four robots, a number of configurations
map to equivalent GDOP values. In the case of the minimum GDOP of 1, configura-
tions are equivalent as long as there are two pairs of robots at 90◦ (see Figure 5). From
experimental analysis, some configurations mapping to the same GDOP were more ro-
bust to cluttered environments than others. For example, the configuration shown in
Figure 5(a) is preferable to the configuration shown in Figure 5(c).

A desirable configuration that corresponds to the best GDOP is one where all the
robots are at a vertices of a regular polygon. In the case of four robots, this would
be a square (see Figure 5(a)). An equivalent configuration is one where there are two
pairs of robots forming a 90◦ angle with the firefighter (see Figure 5(c)). In a tracking
scenario, if a robot team was configured like Figure 5(c), the robots can easily become
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(a) Original robot configuration

(b) Weighted distance contour (c) Global angle contour (d) Combined weight and angle

Figure 4: Contour maps generated by top-most robot with shown team member posi-
tions. The top-most robot determines the best location to be is the lightest region in the
combined weight and angle contour map

(a) (b) (c)

Figure 5: Examples of robot configurations that result in the best GDOP value of 1
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(a) Initial positions (b) End positions

Figure 6: A scenario illustrating how an initial configuration with a good GDOP
quickly becomes a configuration with a bad GDOP after the firefighter executes a sim-
ple motion to the left.

clustered together resulting in a bad GDOP if the firefighter travels around a corner (see
Figure 6). As the robots spread out, any one obstacle will affect fewer robots, resulting
in a more stable and better GDOP.

As an alternative to GDOP, we would like a policy that prefers stable GDOP con-
figurations. To accomplish this, we needed a function that spreads the robots evenly
around the firefighter. The formula that was developed, called Mean angle, produces a
score according to how much the configuration deviates from an equal angle spacing
between robots. Mean angle can be calculated using the following:

n∑

i=1

exp

∣∣∣∣∣
360
n
− 6 i,mod(i + 1, n)

∣∣∣∣∣− 1

The minimum Mean angle score is 0 while the maximum score depends on the number
of robots. For the case of four robots, the maximum score is e0+e0+e0+e0+e360−4 =
e360 − 1 with the corresponding configuration of 0o, 0o, 0o and 360o.

5.2.2 Determining a policy for distance

A weighted distance is needed to bias robots so they are not out of sensor range but not
too close to obstruct the firefighter. The weighted distance function in Figure 7 contains
a range of ideal distances for robot team, shown by the flat portion of the graph, and
a gradient at all other non-ideal distances. The distance cost rises as robots become
either closer or farther away than the ideal distance range.

I evaluated two different types of distance policies: Euclidean distance and Wave-
front distance. Wavefront distance is produced from the wavefront propagation planner
and is defined as the shortest distance while traveling around obstacles. Comparing
these two variations, experiments using Wavefront distance yielded better results than
Euclidean distance. Because we are dealing with a cluttered domain, using a distance
policy without regard to obstacles results in worse performance. For example, a robot
using a Euclidean distance policy may find that the best position is located inside a
room and moves into the room. Meanwhile, the continuously moving firefighter, will
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Figure 7: Weighted distance function

eventually force the robot to travel back out of the room first in order to continue
tracking her. During the course of travel out of the room, the firefighter may fall out
of sensor range from the robot or force a bad team configuration, both resulting in a
worse GDOP. In comparison to a Euclidean policy, a Wavefront policy will set a robot
goal location with a guaranteed shorter or equivalent path distance to the firefighter.
Wavefront distance accounts for the path around obstacles yielding a more stable and
better GDOP.

5.2.3 Final cost map

Figure 8 shows contour maps from the perspective of the white robot (far right cross)
with light regions symbolizing lower or better cost and dark regions symbolizing higher
or worse cost. The black crosses are other members of the robot team while the circle
is the firefighter. Figure 8(b) shows the global angle contour map using mean angle
policy; Figure 8(a) shows the weighted distance using the wavefront policy. Finally,
8(c) shows a contour map of the overall cost with angle and distance combined.

6 Implementation
The cooperative control algorithm was implemented in Player, a robot server, and
Stage, a simulated 2-D robot environment. Each robot executes the cooperative control
algorithm with its own version of the cost map. Initially the cost map is populated with
obstacles contained in the provided floor plan. The distance and angle based costs are
then filled into the remainder of the grid cells.

At every planning iteration, the new positions of team members and the firefighter
are updated, subsequently requiring the cost map to be updated. Using the updated
cost map, the wavefront planner generates a new path for the robot to follow. The new
path which consists of a sequence of waypoints, is passed off to the built in Vector
Field Histogram (VFH) driver in Player/Stage for waypoint following and local ob-
stacle avoidance. The VFH driver implements the Vector Field Histogram Plus local
navigation (VFH+) method by Ulrich and Borenstein [18]. VFH+ provides real-time
obstacle avoidance and path following capabilities for mobile robots. Replanning takes
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(a) Weighted wavefront distance contour map

(b) Global angle contour map using GDOP

(c) Combined angle and distance contour map

Figure 8: Final contour maps using wavefront and GDOP policies

11



place at a minimum of every three seconds and occurs if any of the following values
is greater than a user defined threshold: distance firefighter has traveled, distance robot
itself has traveled, distance teammates have traveled. The algorithm implementation
relies on frequent replanning and as a result, robots almost never reach their current
goal and will typically choose different goals at every iteration.

Using this implementation, in certain cases robots will choose a goal that forces
a path that passes too close the firefighter. To avoid this problem, a circular obstacle
around the firefighter is added to the cost map during the goal selection step. When
a wavefront planner is run to fill distances in each grid cell, goal cells with paths that
previously passed to close the firefighter are blocked and are now assigned a higher
distance cost.

6.1 Player/Stage
Simulations were run using software from the Player/Stage Project, an open source
project that supports research in robots and sensors [8, 7]. Player is a device server
that supports multiple clients while interacting with the real world or either of the
simulation back ends (Stage and Gazebo). The following experiments used Stage, a
2D simulator that models interactions of robots and sensors with a simulated world.
Player relays information from the simulation backends to client programs that can
include a data logger, a data visualizer and a robot controller.

6.2 Experiments in Player/Stage
Different Player/Stage simulation runs of the cooperative control algorithm using the
GDOP based metric were compared. For each test, a robot representing the firefighter
traveled on a predetermined path while a team of four robots continually positioned
themselves according to the commands generated by the cooperative control algorithm.
The members of the team did not have a priori knowledge of the firefighter’s path; the
only information available to the team was the current firefighter position. During each
iteration, GDOP was calculated using only robot positions within sensor range of the
firefighter.

Because the algorithm should perform the best without obstacles, experiments were
run comparing the original floor plan (Figure 9(a)) to ones run using an “empty” floor
plan, the original floor plan without interior walls (Figure 9(b)). In addition to using
the floor plan for locations of obstacles, it was also used to determine whether two grid
cells have LOS. The primary path used in the following experiments is shown in Figure
10(a). The “mixed” path was chosen so that the firefighter traveled through a blend
of open areas and hallways. The “cluttered” path was chosen so that the firefighter
traveled through mostly cluttered areas such as hallways (Figure 10(b)).

Histograms of the following experiments show bins of GDOP values recorded dur-
ing the entire firefighter path. The x-axis shows GDOP bin values while the y-axis
shows the normalized histogram counts. Normalization was needed to compare ex-
periments with different length data sets. Even though the predetermined path was
identical, the length of experiments varied depending on the additional distance the
firefighter traveled to avoid obstacles. To normalize the bin counts, each bin count was
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(a) Original Floor plan

(b) “Empty” Floor plan

Figure 9: Floor plans with initial robot positions. The firefighter is represented by the
right-most robot.

(a) Mixed Path: A path through cluttered and
open areas

(b) Cluttered Path: A path through mostly clut-
tered areas

Figure 10: Firefighter paths
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Figure 11: LOS vs. non-LOS on the “empty” floor plan

divided by the total number of recorded GDOP values. The percent valid shown on
each graph is amount of time a valid GDOP value was obtained(i.e. when 2 or more
robots are in range).

6.2.1 LOS vs non-LOS sensors

Intuitively, we know that sensors with the ability of ranging through walls will improve
firefighter tracking abilities. To quantify the difference between LOS and non-LOS
ranging performance, experiments were performed using GDOP as the evaluation met-
ric. Only robots with LOS to the firefighter contributed to GDOP. In order to have
robots biased towards areas that have LOS, cells without LOS to the firefighter have
additional cost.

When comparing LOS vs non-LOS sensors on the empty floor plan, experiments
using the LOS sensor were slightly worse (see Figure 11). This is due the lack of
LOS in the initial starting positions when the firefighter will immediately move into
the building. In the case with interior walls, the LOS case clearly performs worse (see
Figure 12). When the LOS requirement is added to the algorithm, it greatly limits pos-
sible robot locations preventing the team from achieving the best GDOP. For example,
if the firefighter is moving through a long hallway, the best possible configuration is to
be located to either side of the firefighter. This configuration, however, does not yield
a good GDOP.

6.2.2 Naive Goal Sharing

A cooperative control implementation using individual planning and only team member
position information leads to many situations where team members will choose the
same or nearby goals. This most likely occurs in situations when the team is within
close proximity to each other. Even though robots typically replan before reaching
their goals, having all team members plan towards the same goal can be wasteful. For
example, the entire team can start moving towards a single goal but half the team can
entirely change directions a few seconds later. To alleviate the problem, I implemented
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Figure 12: LOS vs. non-LOS on the original floor plan
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(b) Goal Sharing

Figure 13: Position Sharing vs. Goal Sharing on an “empty” floor plan

planning based on naive goal sharing rather than position sharing.
In naive goal sharing, robots plan in a specific order using their teammate’s last

goal. An ordered approach avoids dealing with negotiations and race conditions. If all
robots were allowed to plan simultaneously, it is very likely that two or more would
chose the same goal, resulting in a need for a negotiation scheme to resolve the situ-
ation. Instead, goals are initialized with robot positions and starting with the second
iteration, each robot waits to plan in turn using only previous goals from other team
members. In between replanning, robots continue to execute its plan and moving to-
wards its goal.

Naive goal sharing was compared to position sharing by running experiments on
both the original floor plan and empty floor plan. Both experiments assumed a non-
LOS ranging ability. Goal sharing performed worse on both the empty and original
floor plan (see Figures 13 and 14). Typically, the end goal configuration yielded a good
GDOP but as discussed earlier, robots rarely reach their goals. While in transit to the
goal, the team forms worse configurations. Another observation is that due to ordered
planning, sometimes goals were not properly matched to the closest robot and there
were cases where robots would nearly switch positions while traveling to their goal.
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Figure 14: Position Sharing vs. Goal Sharing on the “original” floor plan
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Figure 15: Standard Deviation of GDOP values

6.2.3 Robot Positioning Distance

The third experiment attempts to determine the ideal robot positioning distance, a pa-
rameter of the cooperative control algorithm. To determine the best positioning dis-
tance, we examine percentage of the map diagonal vs. standard deviation of the GDOP
value. While it may be difficult to visually compare the histogram distributions, look-
ing at the standard deviation may give more insight. Since most simulation runs have
GDOP values biased towards the lowest bin, using the standard deviation of the his-
togram might give a quantitative value to represent the histogram distribution. I com-
pared mixed and cluttered paths shown in Figures 10(a) and 10(b). The results are
shown in Figure 15. The graphs seem to imply that the positioning distance varies de-
pending on path and the environment and needs to be set accordingly. A good distance
in a cluttered environment, from observation, would be a distance that is large enough
to utilize the ability to range through the walls.
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7 Conclusion
I have developed a cooperative control algorithm for a robot team to minimize the un-
certainty of a moving object’s position and implemented it in a simulation environment.
Using a decentralized cost map based approach, the cooperative control algorithm lo-
cates the lowest cost position for the robot and then finds the lowest cost path to reach
that position. This cost contains two components: a weighted wavefront distance and
a mean angle cost. Configurations were evaluated using the GDOP metric, which is a
measure of how team configuration will magnify sensor error.

Using experiments running the cooperative control algorithm in Player/Stage, some
interesting aspects of the algorithm were investigated. To explore the possible use of
UWB based non-LOS range sensors, the effect of LOS vs. non-LOS sensors on team
performance were compared. The non-LOS sensors greatly improved performance. In
an attempt to improve the efficiency of the team, a coordination scheme based on goal
sharing rather than position sharing was implemented. However, using goal sharing
did not improve the performance of the algorithm due to the dynamic nature of the
problem. Finally, robot positioning distance was varied as a function of the percentage
of the map diagonal. Experiments implied that there was no best robot positioning
distance because it varies depending on the environment. In a cluttered environment,
robots should remain at a distance large enough to utilize the ability of ranging through
obstacles. If the ideal distance is too short, robots will not be able to utilize ranging
through walls resulting in a behavior similar to the LOS case.

8 Future Work
There are many avenues to explore when extending this cooperative control algorithm.
Within the current framework, a more sophisticated team coordination method and
robot failure detection will improve the algorithm’s robustness and flexibility. The
aim of coordination should be to create a path in which GDOP is minimized during
the first few meters of travel since robots will continually replan. An intelligent goal
sharing algorithm may generate more efficient paths by taking teammates goals and
positions into account. Robot failures are important to detect because in a hazardous
environment, malfunctions are common. For robustness, a team should be able to
detect if a robot has stopped or is out of range and compensate for the loss in their
behavior.

A few additional functionalities for the overall coordinated control algorithm can
include having robots map the environment or form a communications network. Al-
though the assumption is that existing floorplan is provided, in reality the floorplan may
be inaccurate or unavailable. Lastly, more information may be gained by factoring in
a predictive human movement model in robot positioning. If robots can predict where
the firefighter will move, it will result in a shorter response time to achieve the desired
configuration.
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