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Abstract. We consider the fundamental problem of scheduling data
mules for managing a wireless sensor network. A data mule tours around
a sensor network and can help with network maintenance such as data
collection and battery recharging/replacement. We assume that each sensor has a fixed data generation rate and a capacity (upper bound on
storage size). If the data mule arrives after the storage capacity is met,
additional data generated is lost. In this paper we formulate several fundamental problems for the best schedule of single or multiple data mules
and provide algorithms with provable performance. First, we consider
using a single data mule to collect data from sensors, and we aim to
maximize the data collection rate. We then generalize this model to consider k data mules. Additionally, we study the problem of minimizing
the number of data mules such that it is possible for them to collect
all data, without loss. For the above problems, when we assume that
the capacities of all sensors are the same, we provide exact algorithms
for special cases and constant-factor approximation algorithms for more
general cases. We also show that several of these problems are NP-hard.
When we allow sensor capacities to differ, we have a constant-factor approximation for each of the aforementioned problems when the ratio of
the maximum capacity to the minimum capacity is constant.
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Introduction

A number of sensor network designs integrate both static sensor nodes and more
powerful mobile nodes, called data mules, that serve and help to manage the
sensor nodes [25, 26, 33, 34]. The motivation for such designs are twofold. First,
there are fundamental limitations with the flat topology of static sensors using
short range wireless communication. It is known that such a topology does not
scale – the network throughput will diminish if the number of sensors goes to
infinity [23], while allowing node mobility will help [22]. Second, a number of
fundamental network operations can benefit substantially from mobile nodes. We
consider two example scenarios: sensor data collection and battery recharging.
?
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In both cases, data mules that tour around the sensors periodically can be used
to maintain the normal functionality of the sensors. In addition, data collection
by sensors using multi-hop routing to a fixed base station often suffers from
the bottleneck issue near the base station, both in terms of communication and
energy usage. Using short range wireless communication with a mobile base
station can fundamentally remove such dependency and avoid the single point
of failure [37].
Despite the potential benefits of introducing data mules with static sensors,
a lot of new challenges emerge at the interface of coordinating the data mules
with sensors. One of the most prominent challenges is the scheduling of data
mule mobility to serve the sensors in a timely and energy efficient manner. This
has been an active research topic for the past few years. However, as surveyed
later, most prior work is evaluated by simulations or experiments [3]; algorithms
with provable guarantees are scarce. In this paper we make contributions in this
direction. We formulate data mule scheduling problems with natural objective
functions and provide exact and approximation algorithms.
Our Problem. Suppose there are n sensors and a data mule traveling at a
constant speed s to collect data from these sensors. A sensor i generates data
at a fixed rate of ri and has a storage (“bucket”) capacity of ci where ci ≥ ri .
When a data mule visits a sensor, all current data stored in the sensor is collected
onto the mule. We assume that the mule has unbounded storage capacity. We
also assume that data collection at each sensor happens instantaneously, i.e.,
we ignore the time of data transmission, which is typically much smaller than
the time taken by the mule to move between the sensors. If the amount of data
generated at a sensor goes beyond its capacity (i.e., its bucket is full), additional
data generated is lost. Thus, a natural objective is to schedule data mules to
efficiently collect the continuously generated data.
We assume that the data collection and the data mule movement continues
indefinitely in time. Therefore, we are mainly concerned about the long-term
data gathering efficiency by periodic schedules.
The same problem arises in the case of battery recharging and energy management. In that case, each sensor i uses its battery with capacity ci at a rate
of ri . When the battery at a sensor is depleted the sensor becomes ineffective.
Thus, one would like to minimize the total amount of time of ineffectiveness,
over all sensors. We formulate the following three problems.
– Single Mule Scheduling: Find a route for a single data mule to collect
data from the sensors that maximizes the data collection rate (the average
amount of data collected per time unit).
– k-Mule Scheduling: Given a budget of k data mules, find routes for them
to maximize the rate of data collected from the sensors.
– No Data Loss Scheduling: Find the minimum number of data mules, and
their schedules, such that all data from all sensors is collected (there is no
data loss).
Our Results. We report hardness results, exact algorithms for a few special
cases, and approximation algorithms for all three problems. Our algorithmic
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results are summarized in Table 1. When we assume that the capacities of all
sensors are the same, we provide results for the different cases where the sensors
lie in different metrics. For the case where the capacities of the sensors are
different, we provide general results.
Without loss of generality, we assume that the minimum data rate is 1 and
the mule velocity is 1. In fact, we can further assume that all sensors have a
data rate of 1; if a sensor has data rate ri > 1, we can replicate this sensor with
ri copies, each with unit data rate and capacity ci /ri . Thus, in the following
discussion we focus on the case of all sensors having unit data rates and possibly
different capacities. When we consider the case where all sensors have the same
capacity, we simplify notation and let the capacity of all sensors be c.
We give the first algorithms for such data mule scheduling problems with
provable guarantees. In addition, we provide upper and lower bounds on the
optimal solution for both problems, and we evaluate the performance using simulations, for a variety of sensor distributions and densities.
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Table 1. Our approximation algorithm results for different settings. Note that m ≤
log( ccmax
) where cmax is the largest capacity and cmin is the smallest capacity. For the
min
results in the first four rows, we assume that the sensor capacities are all the same. ε
is any positive constant.
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Related Work

Vehicle Routing Problems. The problems we study belong to the general family of vehicle routing problems (VRPs) and traveling salesman problems (TSPs)
with constraints [9, 29, 32, 39]. But our problem is the first one considering periodically regenerated rewards/prizes and thus is the first of this type.
Related TSP variations stem from the Prize-Collecting Traveling Salesman
Problem (PCTSP) [10, 13] which was originally defined by Balas [11] as the
problem, given a set of cities with associated prizes and a prize quota to reach,
find a path/tour on a subset of the cities such that the quota is met, while
minimizing the total distance plus penalties for the cities skipped. (Some recent
formulations of this problem do not include penalties for skipped cities.) Archer
et. al. [4] provided a (2 − ε)-approximation algorithm for this formulation of
PCTSP where ε ≈ 0.007024.
The Orienteering Problem [21, 36] assigns a prize to each city and, given a
constraint on the length of the path, aims to maximize the total prize collected.
For the rooted version in a general metric space, Blum et. al. [14] had proven
that the problem is APX-hard and provided a 4-approximation algorithm which
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was improved to a 3-approximation by Bansal et. al. [12] and finally to a (2 + ε)approximation by Chekuri et. al. [15]. For the rooted version in <2 , Arkin et.
al. [6]give a 2-approximation, which was improved to a (1 + ε)-approximation
(PTAS) [16] for fixed dimension Euclidean space. For additional information we
refer to the review papers [20, 36].
Similar to our problems, the Profitable Tour Problem [8] balances the two
competing objectives of maximizing total prize collected and minimizing tour
length. In some problems, the profit collected is dependent on the latency [17].
Our problems are also very similar to many multi-vehicle routing problems
[5, 18, 19, 28]. Arkin et. al. [7] give constant-factor approximation algorithms for
some types of multiple vehicle routing problems including a 3-approximation for
the problem of finding a minimum number of tours shorter than a given bound
that cover a given graph. Nagarajan and Ravi [31] provide a 2-approximation for
tree metrics and a bicriteria approximation algorithm for general metrics. Khani
and Salavatipour [27] present a 2.5-approximation algorithm for the problem of
finding, for a given graph and bound λ, the minimum number of trees, each of
weight at most λ, to cover the graph (improving on a bound given in [7]).
Data Mule Scheduling. Increasingly, there has been interest in using mobile
data mules to collect data in sensor networks. A common question that has arisen
is how to schedule multiple mules effectively and efficiently. Many heuristics
have been proposed to schedule multiple mules with various constraints and
objective functions (e.g., evenly distributing loads [25], scheduling short path
lengths [30, 38], and minimizing energy [2]). Somasundara et. al. [35] address a
very similar problem to ours, but with different methods; we obtain provable
polynomial-time algorithms, while they employ (worst case exponential-time)
integer linear programming and explore heuristics.
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Single Mule Scheduling

Given a single mobile data mule with unit velocity, n sensors with uniform
capacity and unit data rate, the goal is to route the mule in effort to maximize
its data gathering rate. We explore this problem with sensors on a line, on a
tree, and in space.
3.1

Exact Algorithms on a Line or a Tree

Line Case We first look at the case when the sensors are on a line. We assume
that the input data is integral; specifically, the sensors pi are located at integer
coordinates and the capacities ci for all i are integers. With this assumption, the
optimal schedule can be shown to be periodic.
Lemma 1. The optimal schedule that minimizes data loss is periodic, assuming
integral input data.
Proof. If the sensors are located at integral positions, the distances between any
two of them are integers as well. Thus, all states of the problem can be encoded
by the position of the mule and the current amount of data at each sensor i. All
of these values are integers. Thus, the total number of possible states is finite;
4

after a state reappears we realize that the robot must follow the same schedule,
making the schedule periodic.

Theorem 1. Let there be n sensors, p1 , p2 , . . . , pn on a line. Assume that the
capacities and rates of all sensors are the same: ci = c and ri = 1, for 1 ≤ i ≤ n.
Then there exists an optimal path that minimizes data loss with the following
properties: (1) its leftmost and rightmost points are at sensors, (2) it is a path
making U-turns only at the leftmost and rightmost sensors.
Despite the simple and clean statement, the proof is in fact fairly technical.
To provide intuition for Theorem 1, note that paths that have U-turns not at
the outermost points are making a tradeoff of collecting more data from middle
sensors at the cost of having more overflow at the outer sensors. If this tradeoff is
worth it, then we can show it is also worth it to forgo collecting data from some
of the outer sensors. The main technical challenge is to figure out and compare
the data rate between the two choices. For the full proof, we refer to a more
detailed version of this paper posted on arXiv.
The immediate consequence from Theorem 1 is that one can find the optimal
schedule in O(n2 ) time, enumerating all possible pairs of extreme points.
It is important to note that it is sometimes necessary for the mule in the
optimal solution to gather data more than once from a given sensor in a period.
In Figure 1, sensors are split into six groups, where each group has either k
or 2k sensors. Within each group, each sensor has the same x-coordinate. In
the optimal solution, the data mule traverses the entire interval back and forth,
picking up data whenever it reaches a sensor. This solution has data gathering
= 5.25k. In comparison, the best solution that gathers data from a
rate 10.5k
2
sensor at most once per period has rate 4k.
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Fig. 1. The optimal solution repeats sensors

Tree Case We extend our results to a tree topology, with the sensors placed on
a tree network embedded in the plane. Then, we show that the structure of an
optimal schedule for the mule is to follow (repeatedly) a simple cycle (a doubling
of a subtree). Again we assume that all sensors have the same capacity c and the
same rate, 1, of data accumulation. We also assume that the input is integral,
i.e., c is an integer and the distance between any two sensors on the tree network
is an integer.
Theorem 2. Let there be n sensors, p1 , p2 , . . . , pn on a tree G. For all pi , 1 ≤
i ≤ n, let ci = c and ri = 1, i.e. let the capacity and rates of all sensors be the
same. There exists an optimal path that minimizes data loss with the following
properties: (1) it only changes direction at sensors, (2) it is a cycle obtained by
doubling a subtree.
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For the full proof, we refer to a more detailed version of this paper posted
on arXiv. A consequence of Thereom 2 is that we can compute an optimal
mule route (we can identify an optimal subtree of G) in time that is pseudopolynomial, using a dynamic programming algorithm.
It is unlikely that there is a strongly polynomial time algorithm for an exact
solution, since we show that the problem is weakly NP-hard.
3.2

Hardness

We show that single mule scheduling on a tree is weakly NP-hard. Further, we
show that the data gathering problem for a single mule and sensors in Euclidean
(or any metric) space is NP-hard.
Theorem 3. The data gathering problem scheduling a single mule among uniform capacity sensors on a tree is (weakly) NP-hard.
Proof. Our reduction is from PARTITION (or SUBSET-SUM): given a set
S = {x1 , . . . , xn } of n integers, P
does there exist a subset, S 0 ⊂ S, such that
P
xi ∈S 0 xi = M/2, where M =
i xi ? Given an instance of PARTITION, we
construct a tree as follows: There is a node v connected to a node u by an edge
of length M/2. Incident on v are n additional edges, of lengths xi ; the edge of
length xi leads to a node where there are exactly xi sensors placed. Also, at
node u there are M 2 sensors placed. (If one disallows multiple (x > 1) sensors
to be at a single node w of the tree, we can add x very short (length Θ(1/n))
edges incident to w, each leading to a leaf with a single sensor.) Consider the
problem of computing a maximum data-rate tour in this tree, assuming each
sensor has capacity 2M . Then, in order to decide if it is possible to achieve data
collection rate of M 2 + M/2 we need to decide if it is possible to find a subtree
that includes node u (where the large number, M 2 , of sensors lie) and a subset
of nodes having xi sensors each, with the sum of these xi ’s totalling exactly
M/2. (If the sum is any less than M/2, we fail to collect enough data during the
cycle of length 2M that is allowed before data overflow; if the sum is any more
than M/2, we lose data to overflow at u, which cannot be compensated for by
additional data collected at the xi nodes, since M 2 is so large compared to xi .)

Theorem 4. The data gathering problem scheduling a single mule among uniform capacity sensors in the Euclidean (or any metric) space is NP-hard.
Proof. We reduce from the Hamiltonian cycle problem in a grid graph where n
points are on an integer grid and an edge exists between two points if and only
if they are unit distance apart. If we place a sensor at each point with capacity
n, it follows that there exists a Hamiltonian cycle in this graph if and only if
there exists a data gathering solution with no data loss.

NP-hardness for this problem also holds for any general metric space.
6

3.3

Approximation Algorithm

Theorem 5. For uniform capacity sensors in fixed dimension Euclidean space,
there exists a (1/3 − ε)-approximation for maximizing the data gathering rate of
a single mule. For general metric spaces, a (1/6 − ε)-approximation exists.
Proof. In order to achieve this, we approximate the maximum number of distinct
sensors a mule can cover in time c/2, the amount of time for sensors to fill from
empty to half capacity (it can be shown that one half capacity is the optimal
choice). The result will be a path, to which we assign one mule to traverse back
and forth. The data gathering rate of this solution is equal to the number of
distinct sensors covered as a mule on a schedule with period t will collect exactly
t units of data from each sensor. We denote R to be the maximum number of
distinct sensors that can be covered by a path of length c/2. Note that R can be
approximated to within a factor of 1+ε in fixed dimension Euclidean space using
the PTAS for orienteering [16]. In general metric spaces, R can be approximated
to within a factor of 2 + ε [15]. Let R∗ be the data gathering rate of the optimal
solution. We now show that R∗ ≤ 3R.
Consider the interval of time c/2 in the optimal solution that has the highest
data gathering rate. This is an upper bound on R∗ . In this time period, we know
that the number of distinct sensors visited is at most R. We also know that
during this time period at most 32 c units of data can be downloaded from any
visited sensor (at most c units of data immediately downloaded and at most c/2
units of data downloaded after c/2 units of time have passed). Therefore, the
total amount of data collected in the optimal solution during this period of time
is at most 23 cR. Averaging the data collected over the time interval c/2, the data
gathering rate of the optimal solution is at most 3R.


4

k-Mule scheduling

Given a budget of k data mules, we now consider the problem of maximizing the
total data gathering rate of these mules. We assume the n sensors have uniform
capacity, unit data rate, and unit velocity. It is important to note that even with
sensors on a line, the optimal solution may not assign mules to private tours;
sensors may need to be visited by multiple mules. Consider an input with two
mules and sensors uniformly spaced c/4 apart from one another. Any time a
mule makes a U-turn, it will gather only c/2 data from the next sensor it visits.
In order to maximize the frequency of full buckets collected, we want to minimize
the frequency of U-turns made. This can be done by maintaining separation of
length c between the mules and having the mules zig-zag across (nearly) the
entire line (see Figure 2). Interestingly, this example also shows that mules can
travel arbitrarily far distances.
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mule 1
mule 2

Fig. 2. With two data mules and sensors uniformly spaced c/4 apart, many sensors
will be visited by both mules in the optimal solution.

4.1

Sensors on a line

Theorem 6. Given a budget of k data mules, for uniform capacity sensors on
a line, there exists a 1/3-approximation for maximizing the data gathering rate.
Proof. Similar to the case when k = 1, we find the maximum amount of distinct
sensors that k mules can cover in time c/2 (it can be shown that half capacity
is the optimal choice). The result will correspond to a set of disjoint intervals;
we assign one mule to each interval. The duration of a cycle for each mule
is the length of time a sensor fills up to capacity so no sensor is allowed to
overflow. Therefore, the data gathering rate of this solution, call it R, is equal to
the number of sensors covered. Note that R, the maximum amount of distinct
sensors that can be covered by k disjoint intervals of length at most c/2, can
be computed exactly in polynomial time using dynamic programming. Let R∗
be the data gathering rate of the optimal solution. It follows from the same
argument given for the k = 1 case (Theorem 5) that R∗ ≤ 3R.

4.2

Sensors in a general metric space

Theorem 7. Given a budget of k data mules, for uniform capacity sensors in
1
a general metric space, there exists a 31 (1 − e1β )-approximation with β = 2+ε
for maximizing the data gathering rate. In fixed dimension Euclidean space there
exists a 13 (1 − e1β )-approximation with β = 1 − ε.
Proof. The proof is similar to the proof of Theorem 5. In order to approximate
the maximum amount of distinct sensors that k mules can cover in c/2 time, we
compute an orienteering path with a travel distance budget of c/2 on the uncovered sensors. We repeat this operation for a total of k times. In the Maximum
Coverage problem, one is given a universe of elements, a collection of subsets,
and an integer k. The objective is to maximize the number of elements covered using k subsets. It has been shown by Hochbaum et al. [24] that greedily
choosing the set with the largest number of uncovered elements k times yields
a (1 − 1e )-approximation. Interestingly, Hochbaum et al. also show that using
a β-approximation for covering the maximum amount of uncovered elements in
each of the k rounds yields a (1 − e1β )-approximation. Computing orienteering k
1
times on only the remaining uncovered sensors, we achieve a (2+ε)
-approximation
1
1
each round and therefore a (1 − eβ )-approximation for β = 2+ε for covering the
maximum amount of sensors with k mules. Using similar arguments as the case
where k = 1 (Theorem 5), it is now easy to see that having mules traverse the k
orienteering paths back and forth yields a 13 (1 − e1β )-approximation.
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5

No Data Loss Scheduling

In situations in which it is not possible for a fixed number of data mules to collect
all data in the network, it is natural to increase the number of data mules and let
them collectively finish the data collection task. In the no data loss scheduling
problem, we seek to minimize the number of mules in order to avoid data loss.
Throughout this section we assume that all sensors have unit data rate, unit
velocity, and uniform capacity.
5.1

Exact Algorithm on a Line

When sensors all lie along a line, we show that the problem can be solved in
polynomial time. As before, we can assume that the sensors lie at integer coordinates so that, by the same argument as in Lemma 1, the mules in an optimal
solution follow periodic schedules.
Lemma 2. For the minimum cardinality data mule problem with no data loss, if
the sensors have uniform capacity and lie on a line, there is an optimal schedule
in which all mules follow periodic cycles, zigzaging within disjoint intervals, each
with length at most c/2.
We refer to a more detailed version of this paper posted on arXiv for the
full proof. By the above structural lemma, we can use a simple greedy algorithm
to minimize the number of data mules necessary to collect data, without loss,
for sensors on a line: Starting at the leftmost sensor, schedule a mule to zigzag
within an interval of length c/2 whose left endpoint is the leftmost sensor, and
then continue to the right, adding further intervals of length c/2 until all sensors
are covered. This is an O(n) algorithm for n (sorted) sensors.
5.2

Hardness

Even when the sensors lie on a tree, the problem of minimum cardinality data
mule scheduling with no data loss is already NP-hard.
Theorem 8. For uniform capacity sensors on a tree, the problem of minimum
cardinality data mule scheduling with no data loss is (strongly) NP-hard.
Proof. We reduce from 3-PARTITION. Given a multiset, S = {x1 , x2 , · · · , x3n },
of 3n integers with total sum M , 3-PARTITION asks whether there is a partition
of S into n subsets, S1 , . . . , Sn , such that each subset sums to exactly B = M/n.
It is known that we can assume that the integers xi satisfy B/4 < xi < B/2, so
that each subset Si must consist of a triple of elements (|Si | = 3). We create an
instance of a star having a hub (center node) incident on 3n edges (“spokes”) to
3n sensors, with edge lengths equal to xi . Each sensor has capacity 2M/n. Thus
if there is a partitioning of S into triples of integers that each sum to M/n, then
one (unit-speed) mule can traverse each corresponding 3-spoke subtree in time
exactly 2M/n, resulting in no data loss using n mules. On the other hand, any
solution using exactly n data mules and having no data loss determines a valid
partition of S into triples Si . Thus, the 3-PARTITION instance has a solution
if and only if n data mules suffice.
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For the general case, with sensors at points of a metric space or in a Euclidean
space, the problem of determining the minimum number of data mules necessary
to collect all data is also NP-hard. This can be seen by using a similar reduction
from Hamiltonian cycle, as in Theorem 4.
5.3

Approximation Algorithm

In the following we describe an algorithm achieving a constant-factor approximation.
It is tempting to think that an optimal solution will allocate each mule to
cover an exclusive set of sensors S 0 , that are not covered by other mules. We
denote such a set of tours as a private tour set on S 0 . However, the following
example shows that this is no longer the case when sensors lie in the plane.
Consider n > 2 sensors placed on a circle, uniformly spaced with adjacent sensors
at (Euclidean) distance exactly c − 1/n. The convex hull of these sensors is a
regular n-gon of perimeter n(c − 1/n) = nc − 1. The optimal solution would use
n − 1 mules, with each mule touring periodically at constant speed (1) along
the boundary of this n-gon, with time/distance separation of exactly c between
consecutive mules. This ensures that each sensor is visited exactly when its
storage (bucket) becomes full. However, any solution using private tours will
have to use n mules, since no mule can use a private tour to cover two or more
sensors (since it would have length at least 2c − 2/n > c).
While it may be that no private tour set is optimal, we now argue that the
optimal schedule using only private tours is provably close to optimal (in terms
of minimizing the number of data mules). Denote by k ∗ the minimum number
of cycles, each of length at most c, to cover all nodes, which is denoted as a light
cycle cover. And denote by m∗ the minimum number of data mules required to
collect all data.
Lemma 3. m∗ ≤ k ∗ ≤ 2m∗ .
Proof. First, note that using k ∗ mules, each traversing a (private) light cycle,
results in all data being collected; thus, m∗ ≤ k ∗ .
Now consider an optimal schedule of m∗ data mules. Mule i moves along a
schedule Ci . Consider any particular time t. Each sensor j is visited by at least
one mule. We assign it to the mule that visits it first, i.e., at the earliest time
after t. We know this time is at most c, since no data is lost at sensor j. Thus,
consider mule i, at current position pi (at time t) and all the sensors along Ci
that are assigned to it. They all lie on a path (along Ci ) of length at most c. Let
si be the sensor furthest away from pi , measuring distance along Ci . Let γi be
the corresponding path along Ci , from pi to si . Let bi be the midpoint of this
path. Place a clone of mule i at point si , and create two private cycles for mule
i and his clone: one cycle goes from pi to bi along γi , then returns to pi directly
(along a shortest path or a straight segment), the other goes from bi to si along
γi , then returns to bi directly. Mule i traverses the first cycle; his clone traverses
the second cycle. Do this for all mules.
We have doubled (via cloning) the number of mules, but now each mule/clone
has a private cycle, of sensors assigned only to it, and these cycles are each of
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total length at most c. Thus, this is a valid solution to the light cycle cover
problem. Thus, the minimum number of light cycles, k ∗ is no greater than 2m∗ .

By the above lemma, an α-approximation for the minimum light cycle cover
gives a 2α-approximation for the minimum number of data mules. Arkin et al. [7]
gave a 6-approximation algorithm for the minimum light cycle cover problem;
thus, we have a 12-approximation for minimum data mule scheduling. This is
summarized in the following theorem.
Theorem 9. For uniform capacity sensors within a general metric space or in
the Euclidean plane, computing the minimum number of data mules to collect
all data is NP-hard. There is a polynomial-time 12-approximation algorithm for
sensors in a general metric space.

6

Different Capacities

We now consider both the k-mule scheduling problem and the no data loss
scheduling problem on n sensors with potentially different sensor storage capacities. Each sensor has unit data rate. The result for the k-mule scheduling
problem obviously holds for the single mule problem (i.e. when k = 1).
6.1

k-Mule Scheduling

Lemma 4. With m groups of sensors, each group having the same storage capacity, optimally solving each group independently and taking the solution with
the highest data gathering rate yields a O(1/m)-approximation to the k-mule
scheduling problem.
Proof. Let r(·) be the data gathering rate of a solution. Let OP Ti be the optimal solution
Pmto group i and let OP T be the schedule with highest data rate.
r(OP T ) ≤ i=1 r(OP Ti ) ≤ m · max{r(OP Ti )}. The first inequality is from the
i

following observation. Consider the optimal schedule OP T and modify it such
that we only visit the nodes in group i. This is obviously a solution for collecting
data from group i and thus has data rate no greater than r(OP Ti ).

Let cmax and cmin be the storage capacities of the largest and smallest sensors respectively. We round the storage capacity of each sensor down to its
nearest power of two. Doing so, we create m groups of sensors where m is at
). Note that m may be significantly smaller than log( ccmax
). In the
most log( ccmax
min
min
rounding down process, the storage capacity of each sensor is at most halved,
thus the optimal solution on the new sensors has data gathering rate of at least
1/2 of the same solution before rounding. We approximate the optimal solution
to each of the groups within a constant factor and choose the one with highest
data gathering rate. By Lemma 4, we have the following.
Theorem 10. By rounding down the sensor capacities into m ≤ log( ccmax
)
min
groups, the group with highest data gathering rate has rate at least O(1/m) ·
r(OP T ) where OP T is the optimal solution to the k-mule scheduling problem.
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6.2

No Data Loss Scheduling

Theorem 11. By rounding down the sensor capacities into m ≤ log( ccmax
)
min
groups and solving each group independently, at most O(m) · |OP T | mules are
used in total, where |OP T | is the minimum number of mules needed to avoid
data loss.
Proof. Using the same rounding technique as the previous section, we again
). In the rounding down process,
obtain m groups of sensors with m ≤ log( ccmax
min
the capacity of any sensor is at most halved. Thus, the optimal solution on
the rounded down sensors requires at most two times the number of mules as
the optimal solution to the original set of sensors. Let |OP Ti | be the minimum
number of mules needed for no data loss to occur in group i and let |OP T | be the
number of mules in the optimal
Pm solution. Since |OP T | ≥ |OP Ti | for 1 ≤ i ≤ m,
we have that m·|OP T | ≥ i=1 |OP Ti |. Approximating |OP Ti | within a constant
factor for all i, we use O(m) · |OP T | mules.
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Conclusion

Our exact and approximation algorithms for single mule scheduling, k-mule
scheduling, and no data loss scheduling represent the state of the art results on
mule scheduling problems and greatly deepens our understanding of vehicular
routing with constraints. For future work, we would like to see if the approximation ratios can be improved, especially with sensors in Euclidean space.
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