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Abstract—Mobile Backbone Networks are heterogeneous MBN, given the trajectories of the RNs over a finite time
wireless networks in which a subset of the nodes are more horizon. Our goa| is to optimize system throughput metrics
capablethan others. The more capable nodes are referred to along the lines of those presented in [11], averaged over

as Mobile Backbone Nodes (MBNs), whose primary role is to the ti hori d iderati Th del
provide a mobile infrastructure in order to facilitate reli able € ime horizon under consiaeration. The model we assume

end-to-end communication between nodes in the Network. In IS that the “throughput” achieved by an RN transmitting to
this paper, we consider the problem of optimally placing the the MBN is adecreasingfunction of the distance between

MBNs ove_r a finite _time horizon Spe_cifically, We _conside_r the the RN and MBN. Furthermore, the System throughput is
path planning of a single MBN and aim to maximize the time- proportional to the throughput achieved by thenimum

average system throughput. We present a discrete problem .
formulation, and develop an optimal solution for the single throughput RN(e.g. the farthest RN from the MBN). It is

step velocity-constrained MBN placement problem. Using tis ~ €xplained in detail in [11] that this is a reasonable model
as a sub-routine, we provide a greedy heuristic algorithm fo ~ for several practical wireless systems (e.g. CDMA, Slotted

the overall path planning problem. Next, we develop a dynanti  Aloha-based, etc.). We elaborate further on the matheaiatic
programming based approximation algorithm for the problem. specifics of the model in section III.

Finally, we compare the developed approaches via simulatio It is important to note that if the throughput metrics are

|. INTRODUCTION simply time-averaged and no consideration is given to the
actual movement of the MBN, then there is a straightfor-
Ward way to calculate the optimal MBN path. Specifically,

combining the optimal solutions at each time step yields the

than others. The more capable nodes are referred to gg, optimal path. For example, we can obtain such solu-

Mobile Backbone Nodes (MBNs), and the others as Regul%ns by employing the optimal algorithms developed in [11]

Nodes (RNs). The primary role of the MBNs is to provide : L
a mobile infrastructure in order to facilitate reliable etod independently at each time step. However, such an objective

d ication bet the RNs. Such a hi hi thr:ction can result in undesirable solutions for instanioes
end communication between the S Such a hierarc 'C\? ich the required MBN motion in consecutive time steps is

architecture, recently proposed and studied by Rubin et al, .
and by Gerla et al. (see [9],[15] and references therein),%ery large, even though the actual RN movement is small. In

. . pS rticular, instances exist in which the optimal MBN looati
applicable to both Wireless Sensor Networks (WSNs) an - . .
Mobile Ad-Hoc Networks (MANETS). ﬁﬁ)ves anarbitrarily large distance in response to a small

. . . .movement by the RNs [10]. Finally, there can be scenarios
In this paper, we consider the important problem of opti-

IIv placing the MBN finite time horizonPrevi in which it is undesirable to have large MBN movements
mally placing the SOVEr a finite IMe NOTIZaNFrevious ¢, o response to large RN movements, e.g. limited MBN

forrE:JIanohns of k’;he MgblledBackbor;e t\rl]etv\{(ork ﬁogsnuc;'iﬁ/elocity, energy constraints, MBN location predictalyilgtc.
problem have been based on only the knowledge of e, -4qeqq this issue, we introduce a constraint on the

instantaneous locations of the RNs. Specifically, at angrgiv MBN velocity. This immediately causes a dependence be-

tlmeR,l\}h’el MBth aret tphlatc?d anld dmogllltzh@dactlvitybased tyween the solutions at each time step, considerably incigas
?nk S olcla |02;aY ta.|me. ndee ’t' 'Sl was gappr?'atf e difficulty of the overall problem. In this paper we degelo
axen in [ ].’ [12]. Yet, in many practical scenarios entirq,, sojution approaches for solving the MBN path planning
RN trajectories are known a-priori (e.g. as waypoints fo roblem. The first is a greedy approach in which at any

particular miss_ions). If this is the case, .then placing th mestep and given a “current” MBN location, we relocate
MB';]ISt.by sc;lvm_g a placemelnt p[)obI?m ||nollepenc:_ently e MBN, subject to the velocity constraint, such that the
each ime sStep 1, in general, suboptimal. in particufar, l[tnroughput objective at the next timestep is maximized eNot

W|OU|d be ?;asw;\ble'\;%;olvet for thelenttrl]r_e optlraat]uen((:jzof that the presence of the velocity constraint makes optjmall
placementsor the s at once. In this paper, we addres olving the single step problem quite non-trivial, and thus

ch'S MBN path.![cl)lannmgoroblzm fr?m a'd|s;:|:ete pt?]rs?ecltlve.an important contribution of this paper is an algorithm for
or our exposition, we consider planning the path Sir@le ;¢ purpose. In the second approach we develop a dynamic-

This research was supported by NSF grant CCR-0325401, by @i~ Programming based algorithm that solves for the entire MBN
N000140610064, and by a grant from Draper Laboratory. path at one shot. We elaborate upon the advantages and

Mobile Backbone Networks are heterogeneous wirele
networks in which a subset of the nodes are mzapable
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disadvantages of the two methods later in the paper. time stept, i.e., d;(t) = d[M(t), pi(t)]. Finally, letd,,q.(t)
Finally, to our knowledge the MBN path planning (MPP)represent the distance from the MBN to the farthest RN at

problem with throughput maximization objective has notime stept, i.e., dyq.(t) = max; d;(t).

been considered in the literature. Yet, as mentioned incgect We assume the trajectories of the RNs are known a-priori

Il several closely related problems and formulations havever the full time horizont = 0,1, ..., K. Thus the goal is

been considered. The goal of this paper is to provide a bagdiz compute a path\/* = M (0), M(1),..., M(K) for the

discrete formulation, as well a characterization of twaunalt MBN given this information. We assume the initial position

solution methodologies. of the MBN M, is fixed and known, i.eM(0) = M,.
The remainder of this paper is organized as follows. Ifrinally, we enforce a hard constraint that the maximum

section Il we discuss related work. In section 11l we providespeed of the MBN is upper bounded B, i.e., d[M (¢t —

the problem model and formulation. We develop a greedy), M (t)] < VAL, Vi =1,...,. K.

solution approach in section IV and a dynamic-programming In this work we are concerned with maximizing the time

based approach in section V. Finally, in section VI we préseaverage of the system throughput. This throughput objectiv

simulation results comparing the two approaches. (without the time-averaging aspect) function was desdribe
in [11] as the Maximum-Fair-Placement-and-Assignment
Il. RELATED WORK (MFPA) throughput metric. Specifically, at a given timestep

To our knowledge the velocity constrained MBN patht, the system throughput is equal ®[d,,q.(t)], where
planning problem with a throughput maximization objectivef{ () is a decreasingunction that represents the throughput
has not been considered in the literature. Yet, severatlglos received by the worst case throughput RN. As is described in
related problems and formulations have been considerddl], for several practical system models (e.g. a CDMA-type
From a discrete perspective, the problem is closely rekated system), H[d,q..(t)] can serve as a proxy to describe the
several time-horizon network planning and facility locati system throughput. Thus we have that o#etimesteps the
works considered in the past, e.g. [13],[14],[6],[4]. Yet, time averaged throughput is equal %Zf:lH[dmaz(t)].
key difference between the MPP problem and the netwoWe term the MBN path planning problem with time average
planning works is that for the MPP problem, the set oMFPA objective function theMPP-MFPA problem, and
potential locations for the MBNs is infinite (i.e. anywhem o formulate it below.
the plane). By co_ntrast, the networ_k location work assumes,qplem MPP-MFEPA: Given the RN trajectories; (t), Vi €
that centers/medians (e.g. MBNs in our context) can onlp’t = 0,...,K and initial MBN position M (0) = M.
move along edges anq vertlce_s of_ the gra_ph. Moreover, Weompute the MBN pathV/* = M (0), M(1), ..., M(K)
consider general non-linear objective functions as welkas g ,cp, that the average MFPA throughput metric is maximized,
hard constraint on the MBN movement, as will be furthe'é.ubject to the maximum MBN speed boundedbyMath-

described later in the paper. . ematically, the problem is expressed as,

Along the lines of hard constraints on MBN movement 1 <K
(e.g. velocity) is the work of [2], in which they considerwiha ~ max 32—y H[dmaz(1)] 1)
approximation ratios to thenconstrainedl-center/median st dM(t—1),M®)]<VAt, V¥=1,....T (2)

metrics can be achieved when the ratio of the MBN to RN MO) = M 3
velocity is upper bounded. By contrast, we enforce a vefocit (0) = Mo )
bound on the MBN, but leave the RN velocity unbounded.lV. GREEDY APPROACH TO THEMPP-MFPAPROBLEM

Our focus is on characterizing the performance with respect | this section we develop a greedy approach towards
to the MBN velocity constrainePP objective function.  solving the MPP-MFPA problem. The most natural greedy
_Finally, it should be noted that time horizon network plangpproach to a multi-step optimization problem aims to opti-
ning and facility location problems have also been formedat mjze the 1-step instantaneous problem at each time step. We
in the continuous domain, e.g. [8], [10]. Yet, the problemsaye this approach, and present a high level algorithm below
considered and the solutions employed significantly differ
from those of this paper. Algorithm 1 High Level MPP-MFPA Greedy Algorithm
1: Initialize M (0) = M,
. - 2: for t=1,2,... ,Kdo
We consider a network consisting aV RNs P = . Compute the location for M (t) that maximizes
{P1_7p2,...7pN} _and a single MBNM, angl a finite time H{dpas (t+1)], subject tod[M (t—1), M(t)] < VAt
horizon [0, 7], discretized byAt-spaced time stepg = 4 return M* = M(0), M(1), ..., M(K)
0,1,....,K, K = T/At. We assume all of the nodes ’ v

in the network are situated on a 2-dimensional plane. We ) . ) ) .
denote byp;(t) 2 (p. (t),pi, (), t = 0,1,..., K, the x- The key step in the high level algorithm is the solution of

y position of RN p; at time stept. Similarly, we define the 1-st§p optim?zation prob_lem in line 3. A more complete
M(t) £ (M,(t), M,(t)) for the MBN M. Let d[u, v] denote formulation of this problem is as follows.

the Euclidean distance between two nodeandv. We let  Problem 1-step MPP-MFPAGiven the RN positions at time
d;(t) denote the distance between RNand the MBNA/ at ¢t + 1, p;(t + 1),Vi € P and previous MBN position} (¢).

I1l. PROBLEM FORMULATION
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) ) ) ) o Fig. 2. lllustration of the two unique ways the constrainedehter can
Fig. 1. lllustration of constrained 1-center instance iniciithe uncon-  pe defined. (a) By a single RN. (b) By a pair of RNs.
strained 1-center is outside the constraining circle.

. . . subject to the circular constraint. The proof involves first
Calculate the optimal MBN position at time+ 1, M (t+1), showing thatd, .o, (+1) is convexin M (¢ + 1) 2 [M,, M,].

SUCh_ t_hat the MFPA throughput metric at tim_e+ 1is This will allow us to conclude that from a given MBN place-
maximized, subjt_act to the maximum MBN velocity boundeqnent atM(i+1), changing the solution along the gradient
by V. Mathematically, the problem is expressed as, direction Vd,,,.. Will decreased,,,...(t+1). Note that while

max Hdpao(t +1)] 4 dmaz(t) 1s not differentiable at certain points, directional
M (t+1) derivatives exist everywhere [5]. Next, we assume that the
st d[M(t),M(t+1)] < VAt (5)  circular constrained optimal/(t+1), denoted)M*(t+1), is

With the above formulation, we note that the 1-step MPpaNn interior point of C. However, if this were the case, then
MFPA problem can be viewed as @nstrained 1-center there must exist another locatidd’(¢+1) along the direction

problent. Specifically, sinceH() is a decreasing function v %maz(i+1) such thath/’(i+1) is/ within C (i.e. either also
N dynas(t + 1), MINIMIZING dyaz (t + 1) will maximize the interior to C' or on §C). Th_us_M (t+1) n_1ust_y|eld a lower
objective function in (4). If not for the velocity constraim ~ V&lUe Ofdma.(1+1), contradicting the optimality of/" (¢+1).

(5), the problem would reduce to finding the unconstrained 1- 10 S€& Whydnq.(i+1) is convex in[M., M,] consider its
center, for which several efficient polynomial time alglonits full expansion, dropping the't1) dependence for legibility.

exist (e.g. [1]). Yet, with the constraint in mind we can view dpay = max d;

the problem as one in which we need to to find the 1-center iep

of the RNs at time + 1 such that it lies within a circle of = max {\/[Mz —pi ]2+ [M, *piy]Q} (6)
radiusV At aroundM (t). This is depicted in Fig. 1. icP :

The convex polygon constrained 1-center problem was We know from optimization theory that the maximum of
addressed in [3]. Yet, their algorithm cannot be applieche@ set of convex functions is also convex. Since the Euclidean
since a circular constraint cannot be expressed as a palygodistance function/;() is convex [5], the result follows. m
constraint. In the next section we develop a simple optimal Lemma 1 allows us to restrict our search faf(t + 1) to
algorithm to solve the circular constrained 1-center pgobl  the locus of points defined bjyC'. We define theConstrained

Cireular C ined 1-C CC-10) Algorith Minimum Spanning CirclC M SC) for the RNs at time
A. Circu ar o-nstrame 1'_ enter ( 1 )Ag_ont M ¢+ 1, as the circle with center at the optimal location of

We begin with the following observation, which providesps(t + 1) and radius equal to the corresponding value of
the first step in our algorithm to solve the circular consteai . (t+1). We denote the center and radius of th&/SC
1-center problem. Let denote the constraining circle of asqq,,50 and Rearse respectively. Consider the following
radiusV At with centerM (t) lemma regarding th€'M SC, illustrated in Fig. 2.

Observation 1:If the solution to the unconstrained 1- [emma 2:Assume the unconstrained 1-center is outside
center problem lies within the circl€’, then this is the the constraining circl€'. Then there are are two unique ways

solution to the constrained 1-center problem. the CM SC can be defined.
Thus the main difficulty lies in solving the constrained 1) By a single RNi € P. If this is the case, thefcarsc
problemwhen the unconstrained solution lies outsidée.g. is located at thefirst intersection betweedC and
—_—

shown in Fig. 1). The following lemma provides the first key
to solving this problem, where we have defingd as the
boundary of the circle”. 2)

Lemma 1:Assume the solution to the unconstrained 1-
center problem lies outside the cirdde Then, the solution
to the constrained 1-center problem must lied@n

Proof: By the previous discussion, the solution to the

constrained 1-center problem involves minimizifg, . (t+1)

the directed line segmenf\/ (t). Roamsce is equal to
d(gomsc, ).

By a pair of RNsi,j € P. If this is the case, then
qgocmsc 1S located at an intersection point between
0C and the perpendicular bisector ofand j. The
intersection point is chosen to minimiz@-y;sc =
d(gomsc, ).

Proof: Recall that by Lemma 1, the optimaksc
1The (unconstrained) 1-center problem places a single MBth shat must lie ondC'. We now go thrO.UQh several cases regarding

the farthest distance from any RN to the MBN is minimized. the farthest RN(s) fromcarsc. First assume exactly one RN
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is farthest fromgearse. In this case, in order to minimize o e e

Rcasc subject to the constraint thgtysc € 6C it is a T

basic geometric fact thatorrsc and Roayrse are defined . M@ MO MOME M
as in the first part of the Lemma. The same holds true wit e
respect to the second part of the Lemma if we assume that

1 MDD‘(K) anx(4) MEDK(S) Mnm(z) MDDK(O)‘ Mum(l)
exactly two RNs are simultaneously farthest frgan,sc. -

Finally, assume exactly>3 RNs are simultaneously farthest.

In this case, we have thatl pairs of the k farthest RNs must T ] S A A O B B

be equidistant from the center. Yet, a pair of equidistans RN Ao e e ’ ’
coupled with the constraint that the center must beS6h Fig. 3. single RN, Single MBN, 1-D example of greedy vs. optim
uniquely determines a center location (e.g. as per the secompproaches. Assumely(0) = Mop:(0) = p(0) =0 andV =2, At = 1.
part of the Lemma). Thereford, > 3 simultaneously far-

thest RNs represents an over-determined situation, wherei

the correspondingcarso, Romso tuple would have been needs to solve for the entire path at a single shot. In this
considered under the second part of the Lemma. ~ B gection we provide a dynamic-programming based algorithm
that does just this. We start, however, by motivating the

Algorithm 2 CC-1C Algorithm necessity of this type of algorithm by providing a problem
1: Compute the unconstrained 1-center locatiap;c, using an  instance in which the greedy approach has poor performance.
algorithm from [1] The example, involving a single RN travelling on a line

; i (igtirlr? V\gt{rytnflghsn is illustrated in Fig. 3. The trajectory of the RN is shown
4: Set Ry — 00 — e on top, and we assume that the MBN's speed is bounded by

5: for all singleRNsi € P do V =2, and thatAt = 1, i.e. K = T'. In the example both
6: Iﬂ)be the first intersection point between the line segmerthe RN and MBN start at the same location on the line, i.e.
iM(t) andéC. M (0) = p(0) = 0. Note that in the MPP-MFPA formulation,
7. Let Ry be the distance betweepandi, R, = d(q, i) the speed of the RN is not bounded, and in the example it
g; i ds(gt’ﬁéfql’)vi § fng?gjs = g"“‘" then travels at speed equal to 4 between time steps 1 and 2. In
10: for all pairs of RNs i, j € P do ! many scenarios, RNs might not travel faster then the MBNs.
11:  if the perpendicular bisector éfj and §C' intersectthen Yet, as mentioned earlier, the 1-center of the RNs can travel
12: Let ¢ be that intersection point which yields the lowestarhbitrarily faster than any particular RN movement. Thus on
value ofd(q,7). , , can also think of the RN in the example as a proxy for the
12 Let R, be the distance betweenandi, R, = d(gq,1) 1-center of a number of RNs.
: if d(q,k) < Rq,Vk € P andR; < Rpin then . . . .
15: Set M(t + 1) = ¢ and Rmin = Ry An MBN path obtained by applying a greedy (i.e. myopic)
16: return M (t + 1) approach that tries to maximize the instantaneous MFPA

objective at every time step is shown in the middle of the

: _ . . N
The Circular Constrained 1-Center (CC-1C) algorithm i%g‘;ure Notice that for all time steps> 2, the greedy MBN

hown above. The alaorithm. which finds th nstrained rails the RN by a distance of 2. This results in an MPP-
(S:e(r)ner 3v§rk(: b Zi?e?:?l al ,I in Cthe cc?nst(rau((::(t)iv: ifr‘1 ﬁc FPA objective of [H(0) + (K —1)H(2)]. By contrast, the
. ’ y 1y applying . R optimal MBN path involves accepting some sub-optimality in
tions of the previous discussion. It starts by checking Wwéet S ; e .
the first time step by staying at position 0 at time step 1.

it does not, we next check all possibig: R 9-|owever, doing this allows the optimal MBN to follow the
: P MSC, OMSC RN exactly for all time steps > 2, yielding an MPP-MFPA

tuples as outlined in Lemma 2 to see if they define a vahgb. - 1 .

A g : jective of -[H(2) + (K — 1)H(0)]. Depending on the
CM.SC (e if _they cover all the RNs). The Va".d CMSC with exact form of H(), this can be significantly larger than that
minimum radius is taken as the overall solution. achieved by the greedy approach

The computational complexity of the CC-1C algorithm is
O(N?), where N is the number of RNs. This is becauseA. DPA Algorithm

thus results in the most complex operation. The 30|Ut'°Broximation algorithm (DPA). We start by gridding the plane
of the unconstrained problem (line 1) can be found withyith vertical and horizontal spacing < VAt. Next, we
O(N log N) computational complexity [1]. construct K copies of the resultant grid points, denoted
by Y(1),Y(2),...,Y(K), where a grid pointv € Y(t)
represents a potential location for the MBN at timeFor
The greedy algorithm derived in the previous section hasotational convenience, we define the 8€0) to denote just
good performance for most problem instances. However, asassingle point,My, i.e. the given MBN starting position.
the case with any general path-planning type problem, thereWe next define an edgeweighted graph = (V', E),
exist certain “bad” problem instances in which a greedyetypillustrated in Fig. 4, as follows. Let the vertex 3ét consist
solution can be significantly sub-optimal, and for which onef all the Y'(¢)'s, t = 0,1,..., K. We add an edgéu,v)

V. DYNAMIC -PROGRAMMING-BASED APPROACH
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Fig. 4. lllustration of Trellis Structure. Edges betweemtices at consec- T
utive time steps are drawn only if the grid points they repn¢sare at most *
V At distance apart.

Fig. 5. MPP-MFPA Single RN, 2-D example. The RN travels adtgy to
a random waypoint model. Both DPA and Greedy ApproachesAuse: 1.
The plot show the MBNs spatial movement with respect to the & *'

i d to depict the starting | ti .
to E betweenu € Y(t), v € Y(t + 1), t = 0,..., K —1, = /5000 cepictine siaring focations

if d(u,v) < VAt, whered(u,v) is the distance between

grid pointsu andv. Constructing the edge set in this way

restricts the MBN to only travel between grid points inalgorithm isat least SO H (AL (1) + 2v/2te).
successive time steps that are at most a distanae apart. Yet, since the above Theorem simply shows a lower
Finally, we define the weight (u, v) of an edggu,v) € E, bound on the MPP-MFPA objective achievable by the DPA
uweY(lt),veYt+1),t=0,...,K—1toequal to algorithm, we do not know if this is a true reflection of the
the instantaneous throughput value assuming the MBN gorst case performance of the algorithm. As reflected in the
located atv at time ¢t + 1. Specifically, this is expressed following Theorem, it turns out the lower bound is tight in
as w(u,v) = H[max{d(v,p:(t + 1))}]. By construction, the sense that the difference betwekfy, (t) and dszt  (t)

the graph has the following property; this forms the maifan potentially increase without bound as a function of the

justification for the algorithm. number of time steps (i.e. assuming fixad).
Lemma 3:Assume the MBN is restricted to travel be- 1heorem 2:For an unbounded plane, there exists a worst
tween grid points during time steps= 1, ..., K. The opti- CaSe probleminstance Wh%@;{ddmpgz(t)—d%z(t)} = 00.

mal MPP-MFPA patlsubject to this restrictioms equivalent
to the longest (maximum weight) path @ from the vertex
Y (0) to some vertew € Y (K). In this section we present simulation results comparing
We next observe that the graph represents dlrellis the greedy and DPA algorithmic approaches developed in
Graph, or more generally, ®irected Acyclic Graphin such this paper. We start with the situation in Fig. 5. This shows
graphs thdongest pathcan be found efficiently in a similar a single RN instance travelling in 2 x 20 2-dimensional
manner to finding a shortest path, e.g. by slightly modifyingplane according to a Random Waypoint Model. In such
a well known dynamic-programming based algorithm knowm mobility model, RNs continually repeat the process of
as theViterbi algorithm[7]. For brevity we do not present the choosing a random location in the plane and travel there at a
algorithm here, although a detailed description can bedourrandomly chosen constant speed in the raige,., Vinaz]-
in [10]. The computational complexity of the algorithm isWe choseV,,,;, = 0.5, Vjae = 2, and assumed the MBN
equal to O((|Y(1)]) - ([#£AL])2 - K), where |Y(1)| is speed was bounded By = 2. We consider a time horizon
the total number of grid points. Note that for a plane of € [0, 30] with At = 1 for both algorithms, and = 0.2 for
dimensionsL x L, |Y(1)| = (| £] 4+ 1). the DPA. Finally, we assume the MBN startsldt, = (8,0),
Finally, we note that as mentioned in Lemma 3, the DPA&nd denote starting points with a star. From the figure, we
algorithm finds the optimal MPP-MFPA path subject to thecan see that early in the time horizon the greedy deviates
constraint that the MBNs must only travel between gridrom the DPA, but because the RN is not moving faster than
points. Yet, it would be desirable to calculate how clos¢he MBN it is able to catch up by time step= 5. As
this solution approximates the original unconstrainedhoglt the performance ratio plot in figure 6 would indicate, it is
MPP-MFPA solution. It turns out that for an unboundedip to here that the DPA algorithm seems to be performing
plane, this can be a function of both the grid spacings better than the greedy algorithm. Specifically, the DPA is
well as the end time stef’. In presenting the results of the worse than the greedy duringg < ¢ < 2, but better for
analysis, for brevity we omit the proofs, which can be found < ¢ < 5. For time stepg > 5 however, the greedy MBN
in [10]. We defined??? (t) to be the distance from the MBN is able to stay exactly on top of the RN, whereas the DPA
to the farthest RN at time stepin the optimal solution (i.e. MBN is restricted to travel between grid points. Again this
not constrained to lie on grid points). is reflected in the instantaneous time performance ratig plo
Theorem 1:For an unbounded plane, the MPP-MFPAsince for time step$ > 5 the throughput achieved by the
objective value of the solution path found by the DPAgreedy algorithm is either as good as the DPA or slightly

VI. SIMULATION RESULTS
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Thus in general the following observations can be made
L regarding the two solution approaches. First, while the
greedy approach can be vulnerable to certain “bad” problem
instances (e.g. Fig. 3), it performs well on average. Moegov
consider a problem instance in which the unconstrained 1-
center locations at consecutive time steps are alwaysrwithi
a distancé/ At of each other (e.g. a “slow RN” case). Also
assume that\/, is within VAt the unconstrained 1-center
location in the first time step. If this is the case the greedy
approach will find the exact optimal solution. By contraseg t
DPA algorithm would still only find an approximate solution,
since the MBN placements would be restricted to grid points.

0 5 10 15 20 25 30
Time, t

Fig. 6. Evolution of the greedy to DPA performance ratio widélspect to VIl. CONCLUSION
time. Plot corresponds to the 2D random waypoint exampleign % In this paper we considered the path planning of a single

MBN with the goal of maximizing the time-average system
throughput. To this end, we formulated a discrete MBN
path planning problem with velocity constraint as the MPP-
; MFPA problem. We developed two solution approaches: (i) a
] greedy approach based on an optimal algorithm for the single
" timestep problem, and (ii) a dynamic programming based
e ] approximation algorithm, for which we presented worst case
: ] results. Future work includes extending the single MBN
’ formulation to multiple MBNs, as well as a continuous
] formulation and solution of the MBN path planning problem.
] Additional work includes considering formulations in whic

; the hard velocity constraint is relaxed (e.g. as a penalty).

~5~ greedy/dpa (slow RN)
-0- greedyldpa (fast RN)
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