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Abstract— In this paper we design coordination policies for substantial. For instance, incorrectly identifying an nokn
a routing problem requiring human-assisted classification of gbject in a surveillance mission can have dire consequences
targets through analysis of information gathered on-site by In this paper, we consider a binary decision task, loosely

autonomous vehicles. More precisely, we consider the following . . -
problem: Targets are generated according to a spatio-temporal NSPired by the US Air Force COUNTER program [5],

Poisson process, uniformly in a region of interest. It is desired Where it is desired to classify these targets as, &ignds
to classify targets asfriends or foes. In order to enable human  or foes. In order to enable human operators to classify a
operators to classify a target, one of the vehicles needs to trdve target, one of the vehicles needs to travel to the target
to the target's location and gather sufficient information. In  |5cation and gather sufficient information. In other wortthe,

other words, the autonomous vehicles provide access to on-site tonom vehicl rovid t n-site information
information, and the human operator provide the judgment autonomous venicies provide access 1o on-site informatio

capabilities necessary to process such information. The objecév  and the human operator provide the judgment capabilities
of our analysis is to design joint motion coordination and necessary to process such information. The objective of our
operator scheduling policies that minimize the expected time analysis is to design joint motion coordination and operato

needed to classify a target after its appearance. In addition, we geheqyling policies that minimize the expected time needed
analyze how the achievable system performance depends on the

number of autonomous vehicles and of human operators. We to classify a target after its a_ppearance; in addition, we
present novel coordination policies between the vehicles and Want to analyze how the achievable system performance
operators and compare the performance of these policies with depends on the number of autonomous vehicles and of

respect to asymptotic performance bounds. human operators.
The inspiration for the problem setup of this paper can
. INTRODUCTION be traced to the field ohuman supervisory controle.g.,

see [6], [7], where the idea is to allocate mundane tasks to
the automation system and leave complex tasks for human
supervisors. The scenario that we consider in this paper is

2 mission. low-altitude UAVS must orovide coverage of also related to the one considered in [8]. The architecture
. o . Ly ge ot '&scussed in this paper for the classification task is also
region and investigate events of interest as they manlfels

themselves. In particular, we are interested in cases intwhi eminiscent of a simple queuing network [9] with two
- P ' components in series, first of which is a spatial queue with

close-range information is required on targets detected l%hicle as servers and the second iscaventionalqueue

high-altitude aircraft, spacecratt, or ground quttemd the with human operator as servers. The human decision-making
UAVs must proceed to the locations to provide a target-

" ! . . : 2~ process suitable for the binary task considered in this pape
specific service, possibly enabling further action undezai o .
N . . . . has been studied in the form of a two-alternative forced-
operator supervision. Possible services can include tdsks hoi K 101 [111. wh h K f h
athering on-site information (such as video or still inglge choice task, e.g., see [10], [ ]'. where the t_as or a iuman
?ar et classification. localization. etc to choose between two alternatives, under time pressure and
9 X ' o . ._with uncertain information has been studied.
The vehicle routing formulation that we adopt in this

inall din th f the D > The contributions of this paper are threefold. First, we
paper was originally proposed in th€ name of the Uynamif, ., ;516 5 novel vehicle routing problem requiring human

Traveling Repairperson Problem (DTRP) in [1]. Variatiofis O gecision making and provide a framework for studying such

problems falling in that class have been studied by numemﬁoblems. Second, we propose novel joint coordination and
:ﬁsearchers liecently, e'?r']’ tSEeA\gZ]’ (31, [4]!' I;owe\ier,oall task allocation strategies between vehicles and human oper
€ prior work assumes tha S are perlectly autonOmoUg, ¢ ¢4y the dynamic target classification task and thirel, w

and do not require any supervision from a human operat fovide an analysis for the dependence of the classification

at any time during the mission. Even th'ough one can fprqs fhe on the number of vehicles and human operators for
UAVs to have completely automated guidance and nav'gat'%eaningful scenarios

modules in the near future, the role of human operators Due to space limitations, the proofs are either briefly

will t_)e indis_,p_ensable_when the se_rvicing of targets inV‘;fl\.'esketched or completely omitted and will be presented in a
on-site decision making that require high level of cogeitiv future extended version

capabilities provided only by a human. In particular, thiero
of a human operator becomes critical in decision making [l. PRELIMINARIES
processes where the penalty for taking a wrong decision j§ Notations

One of the prototypical missions involving Uninhabited
Aerial Vehicles (UAVs), e.g., in environmental monitoring
security, or military setting, is wide-area surveillanoesuch

. . . Let Q c R? be a convex, compact domain on the plane,
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targetsover time, which are associated to pointsdnwith  time or classify it ajoewhenz; crosses-1 for the first time.
finite time intensity A > 0. Furthermore, the points are Even though the classification statgt) is not observable by
sampled from an absolutely continuous spatial distrilbutiothe system, we assume that it can be shared perfectly among
described by the density functign: @ — R_,. The spatial the operators. This is possible, for example, thgging a
density functiony is normalized such thaafQ v(q) dg =1. target with information representative of its classifioati
In this paper we concentrate on the case in which the targettate which can bdecipheredby any operator to extract the
are generated uniformly i@, i.e., ¢(q) = 1/ A. classification state. This assumption allows the possijluli
This process can be thought of as a collection of functiorsn operator finishing or continuing classification of a targe
{P : R, — 22 such that, for any > 0, P(t) is a random that was left incomplete (for instance, due to lack of stgfiti
collection of points inQ, representing the targets generatednformation at that time) without any loss of information
in the time intervall0, ¢), and such that from the past.
« the total number of targets generated in two disjoint The amount of information required by the human opera-
time-space regions aiadependentandom variables; tors for classification of a target is a random variable, Wwhic
« the expectechumber of targets generated in a measue denote bys. Let s ando? be the mean and the variance
able regionS C Q during a time interval of lengti\¢  Of this random variable. We assume that these quantity are
is given by: independent of the type of the target, i.e., it being a friend
a foe, and that th&S has knowledge about the distribution
E[card ((P(t + At) — P(t)) N S)] = AAt - Ar%(s). of s, e.g., from data collected from previous missions, etc.

The dynamically arriving targets are assumed to be hd=xample: Drift Diffusion Models for Decision Making
mogeneous. These dynamically arriving targets are to beWe now give an example for a human decision making
classified adriends or foes The classification task is to be model which fits our requirements as stated in the earlier
carried out by a team composed raf autonomous vehicles section. In the following, we briefly describe the Drift
andn remotely located human operators. The team is cleariffusion Models (DDM) for modeling decision making
heterogeneous, and each class of agent provides a uniquecess of humans when faced with choosing between two
capability: the vehicles provide access to on-site infdioma ~ alternatives, under time pressure and uncertain infoonati
and the human operators provide the judgment capabilitiéss the following, we have adopted the description of DDM
necessary to process such information. In order to collefiom [11] to fit into our framework.
information about a target, one of the vehicles needs In DDM, one accumulates the difference between the
to travel to the target location; the amount of informatioramounts of evidence supporting the two hypotheses, which
gathered is proportional to the amount of on-site time spein our case are classifying the target as a friend or a foe. Let
by the vehicle at the target location. The vehicles move with; () denote the accumulated value of this difference on the
speedv, are identical and have unlimited capacity. basis ofr amount of external information and assume that
x; = 0 represents equality in the amounts of integrated evi-

B. Human DeC|§|on Making ~ dence. In the pure DDM, one starts with unbiased evidence,
We now describe a state-space model for human decisiga. z;(0) = 0, and accumulate according to

making in the context of the classification task of this paper

We associate a real valuedassification stater;(t) with dz; = Adt + cdW, ;(0) =0,
the classification status of targétat time ¢, and let the
evolution of the classification state in presence of infdafom
be described by a stochastic differential equation which
written in Langevin formas follows

wheredzx; denotes the change ifx; as a result of additional
dr amount of information, which is comprised of two parts:
the constant driftAdr represents the average increase in
evidence supporting the correct choice per unit amount of
#i(t) = f(xi(t), T;,C) x;(0) =0 for every target, information. The second termdIV, represents white noise,

N ~ which is Gaussian distributed with me@and variance?dr.
whereC denotes the set of cognitive parameters associatefbnce, »; grows at rated on average, but solutions also
with the decision making process for the human operatorgjffyse due to accumulation of noise. In the free-response
We assume that;(t) = 0 in absence of any external infor- paradigm, the decision is made whenreaches one of the
mation, i.e., the operator does not engage in any cognititg fixed thresholds, each corresponding to a hypothesis. If
task related to the classification of a target in absence ghih the alternatives are equally probable, the thresrariels
any information about it. The observahleyi(t) € {0,1}  symmetric. The value of at thefirst cross-over pointi.e,
is the actual classification status of target, whgi) = 1 the point at which ther; crosses one of the two thresholds

implies that the classification of targehas been completed for the first time represents the total amount of information
by time ¢ and y;(¢) = 0 implies otherwise. The relation required for target classification.

betweeny;(t) andx;(t) is described as follows: an operator

setsy;(t) = 1 when z;(t) crosses a threshold, e.g., it canC. Support System Architecture

classify the target asfriend whenz; crossesl for the first We propose an automation Support System (SS) to fa-
1 N . _ cilitate the cooperation between vehicles and the human
The classification status of the target is observable in émses that an

operator can notify the system as soon as it thinks that itchessified a Pper_ators- The overall arch|tecture_ of thQ SS is deplcted
target, for example by pressing appropriate button on itsalen etc. in Figure 1, where we show the interaction between the



Target locations The SS schedules these attention requests and offline
information from the vehicles to the human operators. In

Target Target addition, the SS also keeps track of thetesfrom earlier
. video Support | video classification rounds. While allocating a human operator to a
UAVS "| system Human particular target, it also supplies that operator with theea
TTarget | 69 [ Target | operators (if any) of that target.
——locations classification 77 For every task assigned by the SS, a human operator
m deciphers the notes for that target (if any) and does the
following:

Classified targets (i) If the task is attending an attention request from a

vehicle, the operator processes the information online,
i.e., asitis being collected by the vehicle until it makes
a classification, at which point it notifies the SS about
the classification,

If the task involves offline processing of information,
the operator notifies the SS if he/she has classified the
target after or at any time while processing the infor-

Fig. 1. Support System Architecture

SS, vehicles and the operators for the scenario where th%i)
target information is in the form of video. The detailed
interaction between the vehicles, human operators and the
SS is described in the following. _ mation. We assume that the amount of time required
The target locations are assumed to be transmitted to the 5 process information by an operator is same as the
SS instantaneously with their generation. Before the sfart amount of time required to collect it.
ithee rlrc];f;%nr{sﬂ\ﬁseraes;:gnvseIrﬁggénv%;ﬁsﬁgﬁ :ﬁeth%gir;ff:\’/e The classification of a target is finished as soon as an
a.\n.,tar ets alloted to them. During the course o¥the mi Sioﬁperator notifies the SS about it. If an operator has not
y targ " '9 >S90 assified a target after processing a given segment of of-
the SS allocates target locations in batches to each vehicle . ™. ) : g e
N o . ) .~ fline information, that target is retained as unclassified an
addition, it also specifies thmode of information collection

for each of those target locations. There are two modes %fneeds additional information. As mentioned before, the

) . . . . . AVs navigate autonomously and do no require assistance
information collectiononline andoffline Roughly speaking, from the SS or human operators for the same. In summary,

the online m.O(.je involves collecting mform.atlon undgr thea typical control policy for the SS consists of:
direct supervision of an operator and the offline mode insplie™ - T T ; ; .
autonomous information collection by the vehicle which (i) assigning loitering locations for the vehicles, formin
would be later used by the operator. While specifying offine ~ Patches of unclassified targets and allocating them to
mode for a particular target, the SS also specifies the amount ~ the vehicles while specifying the mode of information
of time the vehicle should spend collecting information at _ collection at those targets, and _
that location. Note that the SS could, on recommendation(i) scheduling and allocating incoming attention reqeest
from the operator, also add further specifications in the  @nd offline information from the vehicles to the oper-
offline mode, e.g., collecting video from a particular view ators
angle, etc. However, we assume that, for a given amount bf the course of this paper, we would be interested in
time over which sensor data are collected, ihirmation designing control policies for the SS that yield a desired
contentof the data is independent of other factors. quality of service.

Every vehicle deals with the batches in the order thaé Problem Formulation
they are received. For each batch of target locations asgign™
to it, the vehicle determines the shortest tour through them Letthe seD(¢) C Q represent theemandi.e., the targets
starting with its current location. We assume that eachokehi Whose classification is outstanding at tiheand we define
navigates autonomously along straight line paths betweet) = card(D(?)). Let = be a typical control policy of the
two locations. Hence, the shortest tour for the vehicle ovérS. The objective is the design of a policy that allows the
a collection of target locations would be the Euclideadimely classification of the targets. A policy for the SS is
Traveling Salesperson tour over those target locations. F8aid to bestabilizingif, under its effect, the expected number
every target, once the vehicle has reached its location, Gf outstanding unclassified targets,, does not diverge over
does the following: time, i.e., if

(i) if the mode of information collection for that target is Tir = lim E[n(t) : SS executesr] < co.
online, the vehicle issues attention requesto the SS =00
and waits until it gets attention of a human operatointuitively, a policy is stabilizing if it facilitates coagation
Once it gets attention from a human operator, it collectsetween the team of vehicles and the human operators in
information under the supervision of the operator untisuch a way that the rate of classification of targets is, on
asked by the SS to stop, average, at least as fast as the rate at which new targets
(i) if the mode of information collection for that target are generated. Lef; be the time elapsed between the
is offline, the vehicle collects information for the generation of thej-th target, and the time it is classified.
specified amount and concurrently transmits that inH the system is stable, then the following balance equation
formation to the SS. (also known as Little's formula [12]) holdsi, = T,



whereT . := lim;_, . E[T}] is the system time under policy Theorem 3.1:The classification timéTopt satisfies the
w, i.e., the expected time a target must wait before beinigllowing lower bound.

classified, given that th8S implements the policyr. Note
that the system tim&, can be thought of as a measure of
the quality of service collectively provided by ti%s.

At this point we can finally state our problem: we wish
to design a policy for th&S that is (i) stabilizing, and (ii)
yields a quality of service (i.e., system time) achieving, o
approximating, the theoretical optimal performance gikgn

H(Q)

Topt 2 + s.

The lower bound in Theorem 3.1 is obtained by assuming
that, at the time of generation of every target: (i) there are
no other outstanding targets (ii) the vehicles know the exac
time of generation of the target but do not know its location;
they position themselves to minimize the expected distance
from the target location to the nearest vehicle, and (ii§ th
human operators are idle. Theorem 3.1 is useful to compare

In the following, we are interested in designing computaPerformances of proposed policies when the vehicles and the
tionally efficient control policies that are within a consta human operators are performing under light load conditions

inf
7 stabilizing

Topt - Tﬂ— .

factor of the optimal, i.e., policies such thatT, < kT ,pt
for some constant.

Ill. L OWER BOUNDS

Next, we state a lower bound which is inspired by a lower
bound on the system time for the multi-vehicle DTRP in [1].
Theorem 3.2:There exists a constaft~ 0.07 such that

the classification time satisfies the following lower bound.

In this section, we provide various lower bounds on the _ _ A 5(1—2p,)
ification ti i Topt > 7 - .
average classification time. These results will then be used P m2v2(1 — p,)? 20,
as a standard to compare performances of the algorithms forrna |ower bound in Theorem 3.2 is obtained by assum-
asymptotic working conditions. To define these asymptotifyy that a human operator is always available to process
working conditions for the vehicles and the operators Wgytormation. We then use lower bound for the system time
define the vehicle load factgr, := \s/m to be the fraction for the DTRP from [1]. Theorem 3.2 is useful to compare

of time spent by the vehicles collecting on-site informatio
about the targets. Similarly, we defipg :

performances of proposed policies when the human operators

= As/ntobe the  are performing under light load conditions and the vehicles

fraction of time spent by the human operators processing thge working under high load conditions. Finally, we state a

information provided by the vehicles. Using these defingio

lower bound on the classification time for the case when the

one can immediately see that that a necessary condition fQf,man operators are working under heavy load conditions.

stability is thatp, < 1 and p, < 1. We would say that

Theorem 3.3:The classification time satisfies the follow-

human operators are working under light load conditions ﬁhg lower bound under heavy load conditions.
pr 1S close to zero and that they are working under heavy

load conditions whempy, is close to one. We define light and
heavy load conditions for vehicles in a similar fashion.

T Ao

S

> ——>=_+73 as 1.
opt =Z 2ﬂ2(1 —ph) +s Ph —

Before stating our first lower bound, we briefly review aThis lower bound is obtained by assuming that, at the time

problem from geometric optimization. Given a tc R?
and a set of points = {p1,p2,...,pm} € Q™, the expected
distance between a random poiptsampled from a uniform
distribution overQ, and the closest point ip is given by

MA@Q%=E[, nm—qﬂ
ieq

= [ b alda
i—1 Y Vi(p)

whereV(p) is the Voronoi partition of the se discussed
earlier. The function,, is known in the locational opti-
mization literature as theontinuous multi-median functipn
see, for example, [13] and references therein.

The m-median of the se® is the global minimizer

pt (Q) = argmin H,, (p, Q).
peQm
We letH},(Q) = Hm(p,(Q), Q) be the global minimum of
H.. We will not pursue the issue of computation of the
median and of the correspondirig’, (Q), but will assume
that these values are available.

min
1,...,m}

of generation of every target: (i) there is at least one \ehic
which is idle and is present at the target location, (ii) rore
over, this vehicle knows the exact amount of information
required by a human operator to classify that target, aid (i
the vehicle acquires that information instantaneouslyesth
assumptions are then used results along with results for the
system time for a G1/G/n queue [9] to arrive at the lower
bound.

Remark 3.4:We believe that the lower bound obtained in
Theorem 3.3 is overly conservative since it is obtained by
assuming that the target information does not incur anyydela
from the moment of the target generation to the moment it is
broadcast to the SS and that the inter arrival time of theetarg
information to SS has zero variance. We conjecture that one
can obtain a tighter lower bound by proper consideration of
these two factors in the classification time:

A/ + 02 /n?)

T, 5, as 1,
Pt = 2(1 - pp) e P

for somec < 1.

After stating numerous lower bounds in this section, we now
proceed to the next section where we design control policies

We now state our first lower bound on the average clasdier the SS and compare their performances to these lower

fication time.

bounds.



IV. ALGORITHMS AND UPPER BOUNDS median locations of). The SS forms batches of one target

The first policy, the Median Based Assignment Policy, tha®ach and assigns it to the team whose loitering location is
we propose assigns depotfor each vehicle and schedulesclosest to the target location. Among the vehicles in thetea
the operators in such a way that every target is classified {fié target is assigned to an available vehicle that is ddses

the online mode. The policy is formally described as followsthe target location. The mode of information collectionas s
to online for all the targets. The incoming attention redsies

The Median Based (MB) Assignment Policy from the vehicles are scheduled to match the order in which
The loitering locations for the vehicles are themedian targets were generated and they are assigned to the human

locations for the region@. The SS forms batches of oneoperators on a first come first serve basis.

target each and assigns it to the vehicle whose loitering Let T'wtg be the system time obtained by implementing

location is closest to the target location. The mode dhe MTB policy. The following theorem states an upper

information collection is set to online for all the targethe bound onTyrg.

incoming attention requests from the vehicles are assignedTheorem 4.3:Whenm is an integral multiple ofr, the

to the human operator on a first come first serve basis. classification time given by the MTB policy is upper bounded
Let Ty be the system time obtained by implementingas follows:

the median based assignment policy. We now analyze the _ A(1/A2 + 02/n?)

performance of this policy first for the case when both the Tmrs < 31 pZ) +2H,, /. (Q) + 5.

Y;;éc::eosn;rt}gr;tge human operators are operating under IlghtRernark 4.4: (i) Although we assumedn to be an
Theorem 4.1:The classification time obtained by imple- integral multiple ofn, the policy can be implemented
for any values of. andm and one could state a result

mentation of the MB policy satisfies the following upper - o
bound under light load conditions. ts(;r;x}lzr to Theorem 4.3 at the expense of additional

H;, (Q) (i) Theorem 4.3 implies that, whem /n — oo (i.e., when
v the number of vehicles per operator is large), the upper
The proof of Theorem 4.1 is obtained by realizing that bound on the classification time is of the ordar—
for a givenm, n, p, — 0 implies A — 0. Under these pn) L
conditions, there exists a finite time when all the vehicleg(ii) When m/n — oo, i.e., p,/pn — 0 and p, — 1,
are positioned at their depots and all the human operators  Theorems 3.3 and 4.3 imply that the MTB policy is
are idle. within n? /(A\202) factor of the optimal. However, the
Remark 4.2: (i) Theorem 3.1 and Theorem 4.1 show conjecture in Remark 3.4, once proven, will establish
that the MB policy gives the optimal performance that the MTB policy is withinl /c factor of the optimal
when the vehicles as well as the human operators are  asp,/p;, — 0 and p;, — 1.
operating under light load conditions. We now propose an another policy which is inspired by a
(if) Theorem 4.1 also implies that when the rate of gensimilar policy for the multi-vehicle DTRP in [1]. This poljic
eration of targets is so low that the vehicles and thg best suited for scenarios where both the vehicles and the
vehicles and human operators &ddde most of the human operators are working under heavy load conditions.
time, adding or removing some of the human operators . » . .
would not have any effect on the classification time ad "€ Equipartition Based (EB) Assignment Policy
long as a human operator is always available when Select a locationy in Q arbitrarily and let this be the
required. However, it is interesting to note that everoitering location for all the vehicles. For some fixed irgeg
when the vehicles are idle most of the time, the average> 1, divide Q into [ sub-regions of equal area using radial
classification time can be affected by changing theuts centered &f (i.e., form! wedges of aread/l). As the
number of vehicles. This is because the tefy (Q) targets are generated, form batches: of targets each, with
in the expression of the average classification time itargets in each batch coming from the same sub-region. Once
Theorem 4.1 is of the order/\/m. a batch is formed, deposit them in a queue. The batches are
In the last scenario, we observed that when the humassigned to the first available vehicle in a First Come First
operators are idle most of the time, the classification tisme Serve (FCFS) basis. Optimize ovérand (. The mode of
independent of the number of human operators. information collection is set to online for all the targethe
We now propose a policy, the Median Team Based (MTBncoming attention requests from the vehicles are assigned
assignment policy. This policy is an adaptation of the MBo the human operator on a first come first serve basis.
policy and is better suited for scenarios where the vehicles Let Teg be the system time obtained by implementing the
are under light load and the operators are under heavy loajuipartition based assignment policy.
For simplicity of exposition, we letn to be an integral Theorem 4.5:There exists a constapt ~ 3.66 such that
multiple of n. the classification time given by the EB policy satisfies the

The Median Team Based (MTB) Assignment Policy following relations.

. . . . (i) For pn < py,

Form teams of vehicles witlw vehicles in each team. .
All the vehicles in the same team share the same loitering Teg _
location. The loitering locations for the teams are th¢n T

Tws = +35 asp, — 0andp, — 0.
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Fig. 2.
target, on the number of humansand number of vehicles: for a given

target generation rateé and average information required for classification

per target iss.

(i) For p, < pn,

A p;, — py chart showing dependence of average wait time for a

this paper does not necessarily get the most out of human
participation in the policy making. Specifically, we assume
that the operators are unable to share the classificatite sta
x;(t) with the SS. In the future, we intend to consider
different architectures which allow greater participatfoom

the human operators at different levels depending upon the
advantages that it brings along. This type of architecture
would allow for much more sophisticated policies including
for instance, a scouting mission upon which a larger plan is
based.

Another ongoing extension is to model human perfor-
mance based upon his or her utilization history. This allows
for a much more accurate model of performance and pre-
liminary work has been reported in [14]. Finally, we intend
to extend the framework introduced in this paper to other
cooperative tasks involving human decision making.
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Tes _ ~(pnl —Pu>2
— < = as 1.
Topr ’ <Pv L—pn e [1]
Remark 4.6:Note that the EB policy utilizes at most
human operators (even when > m). Part (i) of Theo- (2]
rem 4.5, along with Theorem 3.2, implies that the EB policy
gives ag factor approximation to the optimal. -

V. CONCLUSION

Our goal in this paper was to formulate and study a novel4]
routing problem requiring human decision and design ceordi
nation policies for the vehicles and human human operatorgs;
We considered a problem where the autonomous vehicles
provide access to on-site information, and the human oper-
ator provide the judgment capabilities necessary to peoceges)
such information. We designed joint motion coordinatiod an
operator scheduling policies and proved that they perfdrme[7
within a constant factor of the optimal for relevant asyntigto [g]
cases. The summary of the results is depicted in Figure 2,
where we have shown the dependence of the average Wei'éﬁ
time W :=Tg, — 5.

There are many outstanding issues within the scope of th]
problem formulated in this paper. It is worth pointing ougtth
none of the policies in this paper utilized the offline mode of11]
information collection. This is primarily because anahgi
policies with offline information collection mode and reslo
lead to open problems in queuing theory. However, the fagt?]
that the online mode based policies are optimal under certai
conditions even under the possibility of offline mode alsét®
shows the futility of the offline mode in those conditions.
We intend to investigate the performance of offline modé4l
based policies for other problem conditions through means
of extensive numerical experiments. Other open problems of
interest include extending this framework to include nogti
under constraints on capacity, fuel, communication, sgnsi
range and vehicle motion. The architecture proposed in
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