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Abstract — This paper suggests a framework for multi-
sensor multi-target tracking with mobile sensors. Sensors
negotiate over which targetsto track (possibly sharing tar-
gets to benefit from data fusion technology) using a game
theory based algorithm. Sensors' preferences over negotia-
tion offers are articulated with individual utility functions
which encompass both information gain and directional
derivative. An approach to consider terrain effects on mo-
bile sensorsis also explained. Smulation results show that
the negotiation algorithm has interesting advantages con+
pared to a greedy algorithmthat seeks to optimise informa-
tion gain without consideration to derivatives. We notice
that the negotiation procedure forces sensors to share tar-
gets, while improving robustness to sensor failure. Sensors
also tend to proactively reconsider their target assignments
for long-termimproved information gain.
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1 Introduction

dinate the system promises to provide the system with op-
timal coordination. However, such a system is both vulner-
able (e.g., if the centralised control node is destroyed, the
whole system will fail) and slow (e.g., sensors have to await
orders from the centralised control). Decentralised control,
on the other hand, assumes that the system is mainly con-
trolled by its components (e.g., mobile sensors), allowing
it to “degrade gracefully” if some of its components fails.
However, achieving good performance with decentralised
control is a, by far, greater problem.

Distributed artificial intelligence (DAI) is a research field
that concerns itself with coordinated interaction among dis-
tributed entities, known aegents [3]. Game theory, consti-
tuting a toolbox of methods for analysing interactions be-
tween decision makers [4], has attracted a lot of attention
from the DAl community.

Game theory offers models for distributed allocation of
sources and provides at the same time mechanisms to
handle uncertainty. An important subtopic of game theory
is negotiation. As part of negotiation there are ways to gen-
erate multi-objective optimisation results that are at least

Mobile sensing resources (amobile sensors for short) Pareto optimal. At the same time, these methods allow for
provide a flexible aid to decision support systems fopbust handling of game/agent configurations which makes
decision-making in dynamic, spatially extensive environt robust to jamming and use of sensors with limited avail-
ments. Their sensing capabilities contribute with observability.
tions to the decision support system and their mobility al- Works in DAI seldom consider uncertainties [5] such
low them to adapt to a changing world state and altered those imposed by the physical world (e.g., estimation

mission requirements.

errors) which are inherent to target tracking applications.

Sensors is a limited resource and to achieve good perfbieteworthy, recent exceptions concerning target tracking
mance in a system with mobile sensors, allocation and ugelude [6] and [7]. In [6], static sensors form coalitions

of sensors is a key aspect to considgansor management

(groups) where each coalition track a certain target. The

is the process that aims at controlling sensors to improrembers of a coalition fuse their measurements to improve
overall system performance [1]. Typical factors of concetarget state estimation. In [7], mobile sensors form coali-
for a practical sensor management system are probabitityns to track targets, each sensor capable of sensing one
of target detection, track/identification accuracy, probabtiarget at a time. Movements of sensors are decided by a hi-
ity of loss-of-track, probability of survival, probability of erarchy of coalition leaders, each responsible for a certain
target kill, etc [2]. geographical area.

One aspect of managing mobile sensors is coordinationn this paper, we address the issue of management of mo-
of their actions. Choosing eentralised approach to coor- bile sensors for the multi-sensor target tracking problem.
“Tel: +46-8-790-6724, Fax: +46-8-723-0302, E-mail: fo@nada.kth. a1 1K€ [7], we do not consider the same level of compre-
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than appointing this task to some external process. offer, o, is a specification of allocations, that assigns groups
The management, in our approach, is performed usioftargets to sensors. Unlike the previous work, the target
negotiation models from game theory. We utilise an alggroups may overlap. From the preceding work, we bring
rithm for agent negotiation which we have previously de¢he negotiation procedure and the notionsr@fard and
veloped and evaluated [8]. In the previous work, senssensor information gain. The negotiation procedure was
agents negotiated about which targets to track, dividing tekown to have the interesting property that the first propos-
set of targets among themselves. Sensors were static, ibgtagent of a round of negotiations could, given that the
now we apply the same algorithm to the case with mobitgher agents were benign (i.e., cooperative), propose an of-
sensors and allow sensors to share targets. Our work cfar-that all other agents immediately would accept (hence,
stitutes a framework for future studies of management ofinimising usage of communication resources). To evalu-
distributed mobile sensors in the face of uncertainties aatk offers, agents used a utility function based on the con-

sensor failures. cepts of reward and sensor information gain. The informa-
Section 2 presents the primary objectives of this work, ition gain was
cluding management of mobile sensors and sharing of tar- gj(i) = ||HiTjRi_leij I, 1)

gets. Section 3 explains the negotiation procedure and its
utility functions. Section 4 presents some results of using., the information gain on targgtby a sensoi. The
the negotiation strategy and, finally, Section 5 concludegncept of information gain originates from the target state

and suggests future research. estimation error covariance in Kalman filter theory (e.g., in
_ _ _ [10]). The reward function of an agent integrated the gains
2 Prlmary objectlves on all targets into a representative value for the performance

In this paper, we extend the preceding work [8] by incoﬁf the sensqr. ) b I ) ¢ mobil
porating the following three aspects: For negotiation about target allocation of mobile sensors,

we consider both the reward for each sensor as well as its

Mobile sensors We allow sensors to move to increase seflirectional derivative in the preferred direction of motion.
sor performance. We further allow the characteristidg1® reward, as we will see, is calculated somewhat differ-
of the terrain to affect thereferred direction of mo-  €ntly than in the previous work and does not immediately
tion. yield the negotiation utility. The preferred direction of a

sensor platform is the spatial direction in which the sensor

Shared targets We extend the previous work by allowingwould like to travel. When we do not consider terrain char-
sensors to track the same targets (previously, the taeteristics, the preferred direction will simply coincide with
gets were divided between the sensors). Through uge gradient of the reward function.
of multiple sensors tracking the same target, it is pos-in the next section, we will first present an approach
sible to improve the performance on state estimatestasconsider mobility in the negotiation. In the subsequent
typically found in the multi-sensor tracking and multisections 3.2-3.4, we will discuss how to calculate both
sensor fusion literature (e.g., [9]). Here, this problenme reward for the novel considerations of overlapping tar-
is studied in the context of target assignment and pegjet groups and decreased tracking performance, and the
formance optimisation. preferred direction. We also address the resulting multi-

. jectiv timisation problem.
Performance loss when tracking many targetsWe objective optimisation proble

model that the measurement performance on each Lo

target tracked by a sensor decreases with the numed  Negotiation

of targets tracked by the same sensor. The reason isgefore we start to discuss the details about reward and
of course, that a sensor has limited time and resouregfectional derivative, we will for this work assume that ev-
for its measurements and if it has to track more targedsy sensor agent has the required information and is capable
and divide its resources among the targets, then atsicalculating both objectives for all sensdrslence, given

the measurement error covariance will increase farsensor agetS (Sbeing the set of all sensor agents) and
every target (hence, decreasing sensor performargeoffer of allocations of sensors to targetsO (O being

on every target). the set of offers), we can calculate rewaydR and direc-
tional derivativer! ;€R, i.e., a sensor and an offer yield a

¢ I? ord?r ttcr: allow the n:rc:bgllty of senlszcrs to hhave "’;ﬂy Creward and preferred directioBxO—RxR. HeredeA is
ect, we lurther assume that sensor piatiorms have the agys preferred direction, amiithe set of unit vectors.

ity to move at a speed that is comparable to the speed of t Ve want to consider both factors, reward and derivative
targets. '

(measured as change in reward per length unit), simultane-
1 Cog : ously to acquire a combined utility metric for our negotia-
3 Utlllty and Negotlatlon for Mobile tion. The problem we are facing is that of multi-objective
sSensors -
. . In a practical application, the complete knowledge is not going to be
Sensor agents negotiate by making offers that the othgXijaple to all sensors, but for an initial study it is convenient to make this
agents might accept or reject. As in the previous work, assumption.




optimisation. Whereas elaborate approaches to this prob= &
lem has been proposed (such as [11]), in this work we pre-% I g
fer to study the results of an approach that does not sugge& | @‘@»,._,;__C"_?f? of order 1
a preference of one factor over the other. (Hence, it might 4, e ®
not work optimally for every application, but is expected to h h
work well for every application.) We order the offers only
according tadominance.

A sensor agent, will prefer an offero; to another of-
fer oz, 010y, if and only if o, dominates,. An offer oy
can only dominate another offes if one of the reward and
directional derivative values af is greater than the corre- .
sponding value of; and the other one at least as great as its e e
counterpart, i.e.j(01) > ri(02) andr] 5(01) > r/ 5(02) and Reward
at least one of the inequalities should be strict. If neither
nor o, dominates the other, we writg ~;o. Figure 1: Twenty offers plotted according to derivative of

We elaborate further on the topic of dominance. Figupgreferred direction and reward. Offers which belong to the
1 shows twenty offers, here depicted with circles, plotted same class are connected with lines.

a graph according to the reward and derivative in the pre-

ferred direction of a certain agent (in general, of course,

the graph will look different for every agent). We find tha@ffers for all agents. Furthermore, according to the negoti-
there are, in this example, five offers that are not dominataton procedure described in [8], the utility of an offer ac-
by any other offer. We conclude that these are the “begiepted at time + 1 is always less valuable than the same
offers the agent could get. We call the setdiass) of these Offer accepted at time. Therefore we need to construct
the offers of the first order. We iteratively classify the rest 2 utility function that is dependent on the time step of the
of the offers, knowing that an offex, which is dominated negotiation:

by an offero, of orderl, will be a member of orddr+ 1 or . _ .

greater. Each offer in Figure 1 belongs to one of five orders Uifo.t) =ay(K—t) —orderi(0), ay >0, (2)
and the members of each order are connected to each oifie&reorder;(0) is a function that maps offers to its order

Derivative of preferre

with dashed lines for illustration. for sensor agent Thus, offers of low order (which are
A more formal definition of class of offers for a particulagesired by the agent) yield a high utility value.
agent is as follows. The interpretation of the utility function in Equation 2 is

that the agents will accept less offers the longer the negoti-
ation continues.

The negotiation procedure in the preceding work is virtu-
&Ily unaffected by the extensions we make in this work. The
reason for this is that all the novelties (in Section 2) have
been encapsulated in the calculations of the utility func-
A class may not be empty, but may contain a single offéion. However, the result of the negotiation will of course
0s iff V0j30,[0j~0s/\0j~0k—0k>0sVOc<0g]. In order to be quite different.
strictly define class order, we first define the notiowlags An agent that has several “best” offers to choose from
dominance. should select one according to some second criterion. This
could for instance comprise minimising the sum of or-
ders for all agents, i.e., if the set of best offersQ§
then the offer to select should be the arfethat satisfies
0* = argmino’ jorderi(0). Another suitable criterion

We use the following recursive definition to define ordegould be to select the offer i@’ that minimises maximum
of class. order for any sensor, i.eg" = argmin,cor max order;(0).

o . . _If there are still more than one offer that fulfills the crite-
Definition: Class of first order A classC of offers is said (jon then one offer could be selected randomly.

to be of the first order iff none of its offers are dom- )
inated by another offerr3omcO\Clom~0j] for all 3.2 Workload effect on tracking perfor-

0jeC. mance

Definition: Class ofkth order A class of offer<C is said A sensor is expected to make less certain measurements
to be of ordek iff its members are dominated only byfor each target if it tracks many targets than if it tracks only
members of classes of ordeand less. afew. Let us assume that sensors have some sort of resource

(e.g., time, energy, money, samplings) that they can utilise
Now, we will express the utility function for sensors. Usto make measurements. The maximum amount of this re-
ing our notion of orders we can assign a utility value to theource available to a sensiofor a time unit ispj max and

Definition: Class of offers All pairs of offers
(01,02), 01,0,€0, that fulfill the condition that
01~02A—30me0 [(om~0jAom>0x)] for j#k and
j,ke{1,2} are said to belong to the same class
offers.

Definition: Class dominance A class of offersC; is
said to dominate another class,, Cy-Cp, Iff
30,30 [02>-0p], 02€Ca,0pECh.



the amount it chooses to use to track some tajgstde- i.e., the relative contribution of senddo the state estimate
notedpjj. We model that the measurement noigein the of target;.
Kalman measurement model is dependent on the dedicatethis definition of sensor reward"(D;), has the effect
resource amourpij. The measurement noise is Gaussiathat the same amount of information gain from a sensor on
i.e.,vij~N(0,R), with zero mean and the measurement e& target will yield different rewards depending what other
ror covariance matriR. sensors track the same target. This makes sense since the
R is composed of standard deviation functions for tharget reward does not improve linearly with the informa-
measurement variables. The functioog(p), will take a tion gain (e.g., in a target tracking application, tracking air-
minimum, Omin; > 0, for p = pmax and will increase to- borne targets at high speeds, to go from metre to centimetre
wards infinity when the dedicated resource decreases poecision in position estimates should not yield much extra
wards pmin, limg_s . i) 0i(p)—o, wherepnin(j) is the reward since the improved precision can not be efficiently
minimum resource amount necessary to track tayget utilised).
Hence, a varying workload on a sensor will affect the . .
standard deviation and the measurement error covariase@ Preferred direction
matrix, which in turn will have effect on the refined sensor Given the measurement reward functiaif}(D;), for
gain expression which we will discuss in the next sectioneach sensor, the gradient can be calculated in this way:
Note that using this model, we allow sensors to allocate S
different amounts of resources to different targets. gadr"=0r"= (aL aL), (8)

0% ' oy

3.3 Target allocation . . .
) » _wherex; andy; are the spatial coordinates of sengsipo-
In the preceding work, the specific task was studiegion.

where every target was tracked by exactly one sensor. Inrhe gradient vector points in the direction in which the
this work, we relax that restriction and allow sensors tQ.vard for sensoi will increase the mo<t. This model
“share” targets. Thus, we are able to reduce uncertainiyyes the subtle (and incorrect) assumption that the targets
by fusing measurements from different sensors and geL@ static. However, it is a fairly good approximation that
higher grade of sensor usage than in the case of disjoint gk ,1d be refined in the future: possibly by predicting and
get groups. , exploiting future target states. The gradient would be the
Our approach here to determine the reward for every Sefiatered direction to move for the sensor if terrain proper-
sor,ri, is to divide thetotal reward on every targety ; 1§(Sj)  ties were not considerédHowever, the terrain may make
(Sj being the set of sensors tracking targktamong the 4461 in the direction of the gradient difficult or perhaps
sensors ||§j proportionally to their individual contribution. o ay impossible, and a more passable path, although less
We define the reward on every target to be rewarding, might be a better preferred direction.
Now assume we can construct a (possibly rough) ter-

(g) 2 —a;gj (S . : I
r(S) =1-e %9, a;>0, () rain dependent function, which discounts the reward change
where in various directions. Let the&errain function bet(p,ep),
(S) = HE R THi ||, 4y Wherep is a two dimensional position in the environment
9(S) k; 1Hg R Ha | ) andeg is a unit vectorfe|[0, 2m). Furthermore, let the ter-

] rain function assume values between 0 and &,[0,1].

l.e., the total mforma_ltlon gain on targgt Here,.we mlght The terrain function(p, eg) takes high values in directions
want to replaceg; with some measure from informationhere the sensor platform can easily move (such as in the
theory. Previously, we used sensor |nformat'|on gan, bH'f:rection of a good road) and low values in directions where
now, as we allow multi-sensor fusion, we deflieS;) as i cannotmove very well (zero in the direction of an unpass-

above and notice that whenegrcontains a single sensorgpe ghstacle). We assume that the value reflects the pass-
i 0j(S5j) = g;j(i) (equivalent to Equation 1).

- ability in the chosen direction in the following time step.
Now, the net reward for every sensor (similarly ex-  rpg girectional derivativel, in any directiongg, is sim-
pressed as in the previous work) is ply a projection of the gradient ongg, i.e., rge =eger™,
netmy A . _ ®) The parameted is the angle between the gradient asgd
M (0i) = ai+ (1 —o)r(Di), 0<ai<1, Now, we propose that the preferred directidh, is the
whereD; is the group of targets tracked by sengax; re- unit vector that corresponds to the largest directional deriva-

flects the willingness of a sensor agent to compromise abd¢ discounted by(p, es), i.e.,
offers, and the measurement reward is

!/
) & =arg rgeax{t(p,eg) Tey ) 9)
m
i)=Y viri(S) 6) — — L

€D Note that we are, in this work, only considering the current target
states when calculating the gradient. Prediction of future target states to

and further improve the performance of the mobile sensors is left for future

N HT -_-1H" work.

Vii LY i) _ I TIATRAY I (7) 3Hence, in the case of airborne sensors, the gradient would suffice as a

9i(S) Yies; ||HiTRi7lei |’ preferred direction.



We now expand our field of view to study the preferredmount used to track each of the targetsis p(n) = pmax/nN,

directions from a macro perspective. Figure 2 shows t ?elding the scale factor (pmax/n -1 1 for the standard
directional derivatives in various positions in the plane. o o Prmex )
eviation. From this discussion, we suggest the following

target in position(400,350) (the small “x”) attracts a sen-
sor platform. An obstacle (representing almost unpassaﬂ@ﬂ'dard d
terrain) has been positioned to the left in figure. We note
that the derivatives are small in the periphery and close to

the target, and large in betweer) (th.ese are pharacteristicsrﬁé first two factors are always greater than zero and d>0.
the measurement reward function in Equation 6). The prepe coefficient ¢ > 0 controls how greatly the distance from
ferred directions direct the sensor platform away from thgneor to target affects the measurement error covariance.

obstacle, while trying to preserve a course towards the taryg require that the target tracking system always tracks
get. For instance, along the upper and lower edges of Wftargets (i.e., negotiation offersthat do not include assign-

obstacle, the preferred directions are along the edge of fhgnisto all targetswill beignored by all sensor agents).
obstacle rather than into the obstacle.

Even though the approach with terrain functions prét.1 Target tracking with mobile sensors
sented here looks nice in this example, it is indeed short-por the simulations with mobile sensors, we use the util-

sighted. There is a risk that sensor platforms get stuck b@;function in Equation 2, but we will for now assume that
hind obstacles. However, this does not necessarily M&gB terrain has no effect on the negotiation.

that the tracking will fail, rather it means that the current por eyguation, we devise a comparison agorithm, a

allocation has been given a new value which will possibiyreedy” tracker (G tracker), which operates indepen-
affect the outcome in the next round of negotiations (i.gjently of the negotiation-based tracker (Nt racker). We
another allocation, with a better preferred direction, mighg; the G-t r acker reconsider the sensor to target assign-
be a more appealing alternative). ment asoften astheN- t r acker does. After having selected
the most optimal assignment, the sensors travel, at full
speed, in the direction of the gradient. Whereas that seems

leviation expression for our experiments

Otot = Opmin-N-(1+ cd?). (10)

Directional derivatives

o > >\ s .
600> i\\\\s § i i f ? ?// reasonable, we will see exampleswherethe G-t r acker en-
R N X VL L L o .
TSNS N VY e counters difficulties.
e~ N N N s o . . .

400\/ R C i In our first simulation, we want to know whether our
=2 e reward function makes sensors try to fixate one target or
I oL LIS if they tend to locate themselves where measurement per-

20— NN formance on all targets is good. In Figure 3, two sensors
ettt L/ B/ 3 SN track four targets. In this and the following figures that de-
////////f% %\\\\ , g _ gfg

Y A NANN ict snapshots of target tracking, the crosses are targets, the
Y A B L A S N P a 9 9 g
A R A A A A S U WL N tiny circles are the mobile sensors, and the line that extends
PN RN from the centre of each sensor indicates the current direc-
0 200 400 600

tion of motion of the sensor (it does not, however, indicate
the speed of the sensor). Additionally, in some of the fig-
ures, dotted lines are drawn from sensors to targets. These
lines clarify which sensors are tracking which targets.

The simulation starts at timet = t;, and at this time the
targets are divided between the two sensors in such a way
that the upper sensor iswilling to track the two upper targets
and the lower sensor is willing to track the two lower tar-
gets. The upper targets are moving upwards and the lower
targets are moving downwards. We see that the sensors,
which in this simulation have the ability to catch up with
the targets, prefer to situate themselves in between the tar-
gets.

In our next experiment, we study a scenario where the
G tracker runsinto problems. In this case, sensor 51 (in
Figure 4(a)) wants to track the targets 1, and t,. However,
they move in opposite directions, leaving s; with a result-

Figure 2: An obstacle (representing very rough terrain) is
situated in the left part of the figure. The generated pre-
ferred directions tries to steer the sensor platform away
from the obstacle while preserving a course towards the tar-
get (the’'x’).

4 Experimental results

For our simulations,* we assume that the standard de-
viation, oy, Of the measurement noise covariance, R, is
equal for every measurement component and tracked target.
We, furthermore, assumethat it increasesinversely linearly
with the dedicated relative resource amount, i.e., the stan-

-1
dard deviation is scaled by afactor (pimax) , and quadrat-

ically with the Euclidean distance d between target and
sensor. If the tracking resource, discussed in Section 3.2,
is divided evenly between n tracked targets, the resource

4In  this paper, merely snapshots of simulations are
shown. However, full animations are available at this URL:
http://ww. nada. kt h. se/ “rj o/ pubs/ nobi | e/ ani ni .

ing zero gradient, i.e., s; gets stuck while the targets move
away (as seen in Figure 4(b)). Sensor s, on the right has a
similar problem sinceitstargetsare also moving in opposite
directions. After awhile, however, the G t racker assigns
targets 11 and T3 to sensor 1 and the othersto s, allowing
sensor s; to escape from its deadlock. If we align targets
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Figure 3: The Figure shows three superimposed snapshots,
at timesty, t; and tz (1 <tz < t3), of a scenario where two
sensors track two targets each.

T3 and T4 with sensor s, and rerun the simulation, we can
actually make both sensors get stuck forever.

TheN-t racker, run on the same scenario, yieldsamore
appealing result. To begin with, we see that the negotiation
brings about a somewhat surprising assignment of targetsto
sensors (Figure 5(a)); s tracks 13 and 14, and s, the other
two, contrary to the allocation of the G-t r acker (see once
again Figure4(a)). Thereasonisof coursethat the“ greedy”
dlocation yields very low directional derivatives which al-
lowstheN-t racker to reach other solutions.

After ashort while, sensor s; starts to follow the targets
T2 and 14 that are moving downwards, and the other two are
followed by sensor s, (Figure 5(b)).

In Figure 6, we compare the results of the N-t racker
and G tracker interms of reward. At timet = 10, the
N-tracker decides that sensor s; should track targets 1o
and 14 and quickly receives atotal reward which is greater
than that of the G-tracker. At timet = 27, aso the
G tracker decides that one sensor should track the tar-
gets moving upwards and the other the ones going down-
wards. That explains the negative slope of the curvein the
end. However, aswe can see from therewardsin thefigure,
the G-tracker isunable to catch up with the N-t racker .
Since the targets in this scenario are allowed to travel at a
higher speed than the sensors, the reward drops rapidly and
at timet = 40 and beyond, both algorithmsreceive very low
rewards.

In the final experiment of this section, we study the sce-
nario in Figure 7. Three sensors track four targets. The
targets travel in two pairs, one pair entering from the left
and one from the right. The flight paths of all targets are
shown with dashed linesin the figure.

We run both the G tracker and the N-tracker and
compare the results in Table 1. We compare three values
for the two trackers. Reward is simply the average reward
of every round of negotiations, redundancy is the average
number of targets being tracked by one or more sensors,
and lost targets is the average number of targets without
any sensor tracking them if one of the sensorsfails. We see
that the N-t racker is defeated in measurement accuracy

Tli TaT
oS Xqﬁ( S,
X
IzL w
Time =3
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Sy P s,
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Figure 4: (@) In this scenario, two sensors s; and s, track
four targets t; to 14. Targets 11 and 13 are moving upwards
and 12 and 14 downwards. Initialy, the G t racker assigns
Ty and 12 to 51 and 13 and 14 to Sp. (b) After some time,
the targets have moved, but due to the greedy allocation
of targets to sensors, the sensors are stuck between their
assigned targets and have hardly moved.

(its average reward was 90% of that of the G tracker).
However, the N-tracker instead impresses by its robust-
ness with an average of 1.39 targets being tracked by one
or more sensors and an average of 0.87 (27% better than
theresult of the G t racker) of lost targets if one sensor is
lost. The reason for this result is that the sensors, through
the negotiation, are forced to share targets with each other,
and, hence, yield better robustness for the target tracking
system asawhole.

Table 1: Comparison between G-t racker and N-tracker

G-tracker N-tracker Relative
Reward 3.7372 3.3765 0.90
Redundancy  0.4510 1.3922 3.09
Lost targets  1.1830 0.8693 0.73

4.2 Mobile tracking with terrain considera-
tions

Until now, we have not considered terrain effects on mo-
bile sensorsin our experiments. Since it is highly unlikely
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Figure5: () Initialy, the negotiation algorithm assigns tar-
gets 13 and T4 to sensor s, and the rest to sensor ;. (b)
After some time, the negotiation algorithm assigns targets
T, and 14 to sensor s; and the rest to sensor sp.

that the designer of a mobile sensor system can expect aho-
mogeneous environment, we need to consider varying ter-
rain and its effects. In Section 3.4, we discussed how a
so-called terrain function can be used to discount the direc-
tional derivative generated by a certain assignment.

In the scenario in Figure 8, we have put an obstacle into
the environment. This obstacle has the property that when
a mobile sensor tries to cross it, the maximum speed of
the sensor reduces drastically. Such an obstacle represents,
for instance, rough terrain or a steep hill. In this example,
the speed reduces to 30% of the maximum speed it could
achievein anideal terrain. Close to the obstacle, the terrain
function discounts directional derivativesthat lead into the
obstacle.

We notice that the G t r acker , which does not consider
terrain, leadsthe sensors straight into the obstacle, as shown
in Figure 9(a). As a result of this, the sensors lose touch
with the targets. In the case of the negotiation algorithm,
the sensors switch targets close to the border of the obsta-
cle, as shown in Figure 9(b). Onereason for thisis that of-
fersthat give directionsthat lead into the obstacle get small
derivatives and are suppressed.

5 Conclusion and future work

In this paper, we have presented a game theoretic model
for assigning targets to mobile sensors. Sensor agents ne-

Relative rewards

o

5 10 15 20 25 30 35 40
Time

Figure 6: This graph compares the total rewards of the
G tracker andtheN-tracker to each other. Therelative
reward of the N-t racker compared to the Gt r acker has
been plotted.
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Figure 7: In this scenario, three mobile sensors (s, s, and
s3) track four targets (11 to 14).

gotiate by proposing offers of allocations that involve all
sensors. Each agent can evaluate each offer to decide its
individual utility.

We showed, in the experimentsin Section 4, two interest-
ing properties of our negotiation algorithm: first, the nego-
tiation forces sensorsto share targets, improving robustness
to thetarget tracking system (e.g., the scenario in Figure 7).
Secondly, considering directional derivatives allow sensors
to proactively reconsider target assignments, possibly im-
proving long-term information gain (e.g., asin Figures 5(b)
and 9(b)).

Further studies should investigate under what circum-
stances these properties imply advantages to the target
tracking system. With the support of these early results, we
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Figure 8: Initialy, sensor s; tracks target 11 and sensor s,
target T,. The rectangle represents an area which slows
down mobile sensors that enter it.
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Figure 9: (a) TheG tracker does not consider terrain and
leads the sensors into the obstacle, where they are slowed
down considerably. (b) The negotiation algorithm decides
to switch targets between the sensors instead.

anticipate interesting discoveries in our future exploration
of negotiation-based, distributed sensor management.

Some of the most salient, concrete directions for future
studies are:

e introduction of uncertainty (e.g., in target or sensor
state) into the negotiations,

e prediction of (near) future target and sensor states to
improve tracking performance,

e to explore and devise a policy to select negotiation
strategy depending on the state of the environment.
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