
Revisiting Robotic Sensor Networks: A
Budget-Constrained Covering Salesman Approach

Soham Patil, Bin Tang
Department of Computer Science, California State University Dominguez Hills

spatil1@toromail.csudh.edu, btang@csudh.edu

Abstract—We focus on robotic sensor networks (RSNs) and
present a new algorithmic framework, the budget-constrained
covering salesman problem (i.e., BC-CSP). We propose a suite
of algorithmic solutions, including integer linear programming
(ILP), approximation, and heuristic algorithms. Using commonly
adopted mobility models of the robots and realistic battery power
measurements from robotic applications, we show that a) with
the same amount of battery power, our algorithms can collect
up to 56.6% more data packets than the most representative
CSP-based work and b) our algorithms perform within 91.0%
to 97.3% of the ILP-based optimal solution while taking two
orders of magnitude less amount of time than the optimal.
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I. INTRODUCTION

Background and Motivation. Robotic sensor networks (RSNs)
are wireless sensor networks consisting of static sensors and
mobile robots that collectively perform sensing, communica-
tion, and actuation in physical environments [14]. By com-
bining robots’ mobility and autonomy with sensor networks’
real-time sensing capabilities, RSNs significantly enhance our
ability to monitor and interact with the physical world. Tradi-
tional RSN applications include industry automation [15] and
environmental monitoring and disaster relief [26]. In recent
years, two new forms of RSNs that use autonomous under-
water vehicles (i.e., AUVs) for deep water exploration [28] or
unmanned aerial vehicles (i.e., UAVs and drones) for sensing
data collection [16] have attracted much attention. The existing
literature uses various names for mobile robots, such as drones
or UAVs [16], AUVs [6], and mobile data collectors [18]. We
use mobile robots throughout the paper.

Fig. 1. Battery-constrained
data collection in the RSN.

Research Question. Due to the
above intrinsic weakness of the
modern battery and its resulting
insufficient battery power, it could
happen that the robot does not
have enough battery power to
visit all parts of the sensing area
in an RSN application. This is
especially true for many large-
scale sensing applications, such
as disaster relief and underwater
exploration, in which robots are
dispatched to a vast area for a
relatively long period (e.g., one day). In this paper, we ask

the following question: how to find a path for a battery-
constrained robot to maximize its data-collection performance
in a large-scale RSN application?

Our Contributions. In our RSN model, the sensor nodes have
already generated various data packets from the environment.
We use the number of data packets to indicate the value of
information available at a node (and thus the importance of
visiting this node). A robot with limited battery power is
dispatched from an RSN depot into the network to collect
these data packets. The depot consists of a base station, where
the robot can upload collected data for further analysis and
actuation, and a charging station, where the robot can be fully
recharged. The robot collects the data packets wirelessly from
the sensor nodes it visits and from all the sensor nodes within
its wireless data-collecting range, as shown in Fig. 1. We
say the robot covers the sensor nodes from which it collects
packets. The goal is for the robot to visit a sequence of
sensor nodes (i.e., data-covering route) to collect as many
data packets as possible before it runs out of battery power
and returns to the depot, where it uploads its collected data
packets and fully recharges its battery. We refer to this problem
as data collection in RSNs (DCR).

Underlying DCR is a new graph-theoretical problem, which
we call budget-constrained covering salesman problem (i.e.,
BC-CSP). Given a graph in which each node has a prize,
each edge has a cost, and a salesman with a limited budget,
the BC-CSP aims to find a Hamiltonian covering tour that
collects the maximum number of prizes within the budget.
Here, “covering” means that the salesman collects prizes from
both the node he visits and those within covering distance
from a visited node. To the best of our knowledge, the network
community has not yet identified or solved BC-CSP.

We design a suite of algorithms, including optimal inte-
ger linear programming (ILP), approximation, and heuristic
algorithms to solve the BC-CSP. Using commonly adopted
mobility models of the robots and realistic battery power
measurements from robotic applications, we show that a) with
the same amount of battery power, our algorithms can collect
up to 56.6% more data packets than the most representative
CSP-based work and b) our algorithms perform within 91.0%
to 97.3% of the ILP-based optimal solution while taking two
orders of magnitude less amount of time than the optimal.



II. RELATED WORK

Covering Salesman Problem (CSP). CSP was initially pro-
posed by Current and Schilling [10]. Arkin et al. [4] designed
the first approximation algorithm for the geometric version
of the CSP, in which each node specifies a neighborhood
from which the salesman can visit. They provided performance
ratios for various neighborhood shapes, including parallel unit
segments, translations of a polygonal region, and circles.
Other approaches to solving the CSP include branch-and-
cut algorithms [19] and a generalized version of the CSP
[12]. Recently, Naji-Azimi et al. [3], [20] studied the time-
constrained maximal covering salesman problem and proposed
several mathematical programming models and heuristic algo-
rithms. Both works maximize the number of covered nodes,
implicitly assuming all the nodes have the same prizes. Our
work considers that different nodes have different prizes (i.e.,
data packets), and the goal is to find a Hamiltonian cycle that
maximizes the total prize collected by the covering salesman.
We propose a 2-approximation algorithm for a special case
of BC-TSP. In contrast, [3], [20] proposed ILP solutions
(which lack scalability) and heuristic algorithms (which lack
performance guarantees).

BC-CSP differs from the orienteering problem (OR) [25],
also known as the budget-constrained traveling salesman prob-
lem (BC-TSP). In BC-TSP, nodes have varying prizes and the
salesman has a budget (indicating the maximum distance he
can travel), the goal is to visit a sequence of nodes to collect
the maximum number of packets within his budget. OR is a
special case of BC-CSP where the covering distance is zero.

Robotic Sensor Networks (RSNs). Extensive research has
achieved various data collection objectives in the RSN [14].
One group aims to optimize resource provisioning objectives
of data collection [17], [18], such as minimizing the delay or
energy consumption of the data-covering tour or maximizing
the network lifetime. The other group achieves admission
control objectives [8], [7], [24], which require retrieving data
within a deadline or time duration. Some RSN applications
have recently emerged that use UAVs or drones [28], [16]. In
contrast, we focus on the robot’s limited battery power and
adopt a graph-theoretical approach (i.e., BC-CSP) to solve
the data-collection problem. Patil et al. [21] formulated the
data collection in RSN as a BC-TSP, in which the robot can
collect data only from the nodes it visits. As the robot collects
packets (i.e., prizes) from visited nodes and nodes within its
wireless data-covering range, BC-CSP provides much better
data-collection performance than BC-TSP.

III. PROBLEM FORMULATION OF DCR

System Model. We model the RSN as an area of len meter ×
wid meter, where n sensor nodes Vs = {1, 2, ..., n} are
randomly placed. Sensor node i ∈ Vs is located at (xi, yi),
0 ≤ xi ≤ len, 0 ≤ yi ≤ wid, and it has generated di > 0
data packets, each is of b-bit. A depot, denoted as s = (0, 0),
is located at one corner of the RSN, as shown in Fig. 1. The

depot serves as both a base station for uploading collected
packets and a charging station for the robot upon its return
from a data-collecting trip. Let c(i, j) denote the Euclidean
distance between any two nodes i, j ∈ V , where V = Vs∪{s};
c(i, j) =

√
(xi − xj)2 + (yi − yj)2. We assume the robot has

a wireless sensing range of Tr; that is, it can sense and collect
packets from any sensor nodes within Tr. We refer to Tr as
the robot’s data-covering range.

Mobility and Data Collection Model for the Robot. To collect
data packets, the robot moves directly to the location of a
sensor node, turns on its wireless sensing radio interface, and
senses and collects data packets from this sensor node and
all other nodes within Tr distance from this sensor node.
After collecting the data, the robot turns off its wireless radio
interface, moves to another unvisited sensor node, and repeats
this process. Our model differs from the “lawn mowing” model
[5], which finds the shortest tour for the mower such that every
point in a region is covered by the mower along the tour. In
our data collection, lawn mowing always requires turning on
the robot’s wireless radio, which is not energy-efficient and
further depletes the robot’s limited battery capacity. The robot
turns on its sensing radio interface only when collecting data
to conserve battery power.

Mobility Graph and Data Collection Graph. The above model
gives rise to two different graphs for the RSN. First, the robot’s
movement can be characterized by a complete graph G(V,E),
where the weight w(i, j) of any edge (i, j) ∈ E is c(i, j)×µ,
the robot’s mobility energy consumption moving from i to j.
We refer to this complete graph as the mobility graph of the
RSN. On the other hand, the robot’s data-collecting behavior
is modeled by a data collection graph G1(V,E1), where an
edge (i, j) ∈ E1 if c(i, j) ≤ Tr, ∀i, j ∈ V . For any node
i ∈ V , denote i’s 1-covered nodes as N1

i = {j|(i, j) ∈ E1}.
When the robot visits i, it collects packets from i and from all
its 1-covered nodes N1

i (if any). We say that both node i and
its 1-covered nodes N1

i are covered by the robot. Note that
G1 is a subgraph of G, as E1 ⊆ E. We thus use the mobility
graph G as the input graph for the DCR.

Energy Model. There are two primary components of a robot’s
energy consumption during its data-collecting process [27].
One is its mobility energy, the energy required to overcome
friction between its wheels and the terrain. The maximum
distance a wheeled robot of battery power E can move is
d = E

w×Ccrr
[27]. Here, Ccrr is the rolling friction coefficient

of the terrain, and w is the robot’s weight. We define a robot’s
mobility coefficient as the battery power consumed per unit of
traveled distance and denote it as µ; µ = w×Ccrr. For a robot
to move l meters, its mobility energy consumption, denoted
as Em, is Em = µ× l.

The other is robotics energy Ec, which powers the robot’s
sensing, computing, and communication capabilities. In data
collection, Ec primarily represents the robot’s wireless energy
consumption while sensing and collecting data packets from
sensor nodes. For a robot to collect a data packet of b-bit within



Tr, its robotics energy Ec = ϵe ·b, where ϵe = 100nJ/bit is the
energy consumption per bit on the circuit of the robot [13].

Problem Formulation of DCR. Given the mobility graph G, let
R = {s, t1, t2, ..., ta, s} be a data-covering tour of the robot,
where the robot starts from depot s, visits a sequence of a
distinct sensor nodes tj ∈ Vs, 1 ≤ j ≤ a, 1 ≤ a ≤ n, to
collect the data packets from tj and its 1-covered nodes, and
returns at depot s before running out of battery. The mobility
energy of the robot along R is thus Em = µ ×

(
c(s, t1) +∑a−1

i=1 c(ti, ti+1) + c(ta, s)
)
. Let NR =

⋃a
j=1 N

1
tj denote all

the sensor nodes that are 1-covered by at least one node in
R. Denote the total number of data packets the robot collects
when moving along R as DR; DR =

∑
j∈R∪NR

dj · b. Thus
the robotics energy of the robot is Ec = ϵe ∗ DR. Denote
the total battery power spent by the robot along R as ER;
ER = Em+Ec. Given the robot’s initial battery power E , the
goal of the DCR is to find an optimal data-covering tour R
that maximizes DR subject to ER ≤ E .

Mobility Energy vs. Robotics Energy. We compare the mobility
and robotics energy using a typical data collection scenario in
the RSN. Following [27]; we assume a robot’s weight w is
around 600Kg while a typical terrain type Ccrr = 0.17. Thus,
the mobility coefficient µ = w×Ccrr ≈ 100 Joule/m. Assume
a data packet is 1024 B; the energy required to collect one
packet is around 106 nJ. With one Jouel of battery power, a
robot can travel 0.01m in movement or collect 1000 packets
in data-collecting. In a large-scale RSN (kilometers in size),
the robot’s robotics energy is negligible.

Next, we formally define BC-CSP and show that it is equiv-
alent to the DCR. BC-CSP generalizes CSP, which generalizes
the classic traveling salesman problem (TSP), wherein the
covering distance in CSP is zero.

BC-CSP. Given a complete graph G′(V ′, E′) where a node
i ∈ V ′ has a prize pi ≥ 0 and an edge (u, v) ∈ E′ has a
weight w(u, v) ≥ 0. Each node i ∈ V ′ can cover a subset
of nodes Si ⊂ V ′, referring to i’s covering set. A traveling
salesman is located at r ∈ V ′ and has a budget of B, the
maximum distance he can travel before returning to r. When
the salesman visits a node i, he can collect prizes from i and
all nodes in Si (if they are still available). We assume each
prize can be collected at most once. Given a prize-covering
cycle R = {r = v1, v2, v3, ..., vx = r}, the total prize it
collects is PR =

∑
i∈R∪{j|j∈Si∧i∈R} pi and the cost along

R as CR =
∑x−1

i=1 w(vi, vi+1). The BC-CSP aims to find an
R that maximizes PR subject to CR ≤ B. BC-CSP is NP-hard
as its special case of CSP, where B = +∞, is NP-hard [10].
We give the theorem below without proof.

Theorem 1: DCR on the mobility graph G(V,E) is a BC-
CSP on G′(V ′, E′).

IV. OPTIMAL AND APPROXIMATION ALGORITHMS

A. Integer Linear Programming (ILP).

We formulate DCR as an ILP, as shown in ILP (A). We
introduce four decision variables: xi,j indicating if edge (i, j)

is on the data-covering tour of the robot; yi indicating if node
i is visited by the robot (i.e., on the data-covering tour); zi
indicating if node i’s data packets are collected by the robot
(i.e., i is either visited by the robot or 1-covered by a node
visited by the robot). Finally, ui is a position variable showing
the order in which the node i is visited. us = 1 shows that s,
being the depot, is both a starting and an ending node.

(A) max
∑
j∈Vs

di · zi (1)

s.t.
xi,j , yi, zi ∈ {0, 1}, ∀i, j ∈ V (2)∑
j∈Vs

xs,j =
∑
i∈Vs

xi,s = 1 (3)∑
j∈V

xi,j =
∑
j∈V

xj,i = yi ≤ 1, ∀i ∈ Vs (4)∑
i∈V

∑
j∈V

(di,j · xi,j · µ) ≤ E , (5)

zi ≥ yi +
∑

j:c(i,j)≤Tr

yj , ∀i ∈ Vs (6)

2 ≤ ui ≤ n, ∀i ∈ Vs (7)
ui − uj + 1 ≤ n · (1− xi,j). ∀i, j ∈ Vs (8)

Objective function 1 is to maximize the total number of
data packets collected from all the sensor nodes covered by
the robot. Constraint 2 shows the integer constraints of xi,j ,
yi, and zi. Constraint 3 ensures that the data-covering tour
starts from and ends at depot s. Constraint 4 ensures that
each sensor node in Vs is visited by the robot at most once.
Constraint 5 enforces the battery power constraint of the robot.
Constraint 6 is the covering constraint, indicating that if a node
is visited or within Tr of any visited node, it is covered by
the robot, and the robot collects its packets. Constraints 7 and
8 are Miller–Tucker–Zemlin (MTZ) formulations for subtour
elimination [2] that guarantee that the final data-covering tour
is a single tour rather than multiple tours.

B. Approximation Algorithm.

We consider a special DCR case wherein Tr = 0 and
di = dj , ∀i, j ∈ Vs, and refer to it as DCR-0. We propose
a primal-dual-based approximation algorithm for DCR-0 viz.
Algo. 1. The main idea of our algorithm is to reduce a
weighted optimization problem to an unweighted one by
following techniques proposed by Goemans and Williams [11],
wherein given an ILP of the problem and its feasible dual
solution y, it iteratively finds a feasible primal solution x that
obeys the complementary slackness conditions [23] w.r.t. y.

As ILP(A) is based on the MTZ formulation, which makes
it challenging to derive its dual, we present below another
primal ILP and its dual based on the cycle-cut intersection of
a graph. Given a cut S ⊆ V , let xS indicate if the robot will
tour S, and ye denote if an edge e ∈ E is on the tour. Let



δ(S) denote the set of edges with exactly one endpoint in the
set S. The primal ILP of DCR-0 is:

(B) max
∑
S⊆V

|S| × xS (9)

s.t.
xS = {0, 1}, ∀S ⊆ V (10)
ye = {0, 1}, ∀e ∈ E (11)∑
e∈δ(S)

ye ≥ 2×
∑

T :S⊂T

xT , ∀S ⊂ V (12)

∑
e∈E

ce × ye × µ ≤ E , (13)∑
S⊆V

xS = 1. (14)

Constraint 12 states that if the robot tours a subset T such
that S ⊂ T , there must be at least two edges across the cut
S. Constraints 13 and 14 enforce the battery constraint and
ensure that one tour is selected. Its dual linear program is:

(C) min λ1 × E + λ2 (15)
s.t.

2×
∑
T⊂S

yT + λ2 ≥ |S|, ∀S ⊂ V (16)∑
e∈δ(S)

yS ≤ λ1 × ce, ∀e ∈ E (17)

λ1, λ2, yS ≥ 0, (18)

where each primal variable and constraint in ILP(B) becomes
a dual constraint and variable in ILP(C), respectively.

Approximation algorithm for DCR-0. Next, we design the
primal-dual method viz. Algo. 1 to construct the data-covering
tour. Given the above ILP(B) for DCR-0 and its feasible dual
solution λ1 in ILP(C), Algo. 1 iteratively finds a feasible
primal solution y that obeys the complementary slackness
conditions [23] w.r.t. λ1.

Algorithm 1 An Approximation Algorithm for DCR-0.
1: First, it sets the value of λ1 and then uses it to construct

a full dual solution and corresponding potential tours.
These tours may not be feasible with respect to the battery
constraint.

2: Next, it adjusts λ1 to find a feasible solution with a
bounded approximation ratio. It sets all yS to zero and
the collection of active sets to all singleton nodes.

3: Then, in each iteration, it increases yS in the collection
of active sets (growth phase) until either a dual constraint
for an edge between two sets becomes neutral, where a
subset S ⊆ V is neutral if 2

∑
T⊆S yT = |S|.

4: It deletes edges in S to obtain the final path that spans
E/2 nodes (pruning phase).

5: Finally, the tour is obtained by starting from s of the
pruned tree while traversing all the edges at most twice.

Algo. 1 is similar to the 2-approximation algorithm for
a related prize-collecting TSP [22]. Its time complexity is
O(|V |2 · log|V |). We give Theorem 2 without proof that it
is a 2 + ϵ approximation for DCR-0 [22].

Theorem 2: Let O∗ be the optimal subset of vertices for
DCR-0. In Algo. 1, the primal problem yields more than 1/2
times the value of the feasible dual solution. This implies that
the resulting tour in Algo. 1 is with a factor of 2 + ϵ of O∗.

V. GREEDY DATA-COVERING ALGORITHMS

As the above ILP(A) is time-consuming to compute and
the approximation algorithm viz. Algo. 1 is challenging to
implement, we present two efficient and easy-to-implement
greedy algorithms: the prize-based covering algorithm (PCA)
and the spanning-tree-based covering algorithm (SCA).

A. Prize-Based Covering Algorithm (PCA).

To guarantee the salesman’s safe return to the depot before
running out of budget while maximizing the number of packets
collected, we define the following.

Definition 1: (Battery-Feasible Sensor Nodes.) Given that
the robot is currently located at node i ∈ V and with battery
B, the set of sensor nodes U that have not been visited by the
robot, its battery-feasible sensor nodes, denoted as F(i, B, U),
is the set of sensor nodes that the robot has not visited and
that it has sufficient battery to travel to and then return to s.
F(i, B) = {j|

(
c(i, j) + c(j, s)

)
× µ ≤ B ∧ j ∈ Vs ∧ U}. □

Definition 2: (Prize at a Sensor Node.) Given a sensor
node i ∈ Vs, its available prize, denoted as pi, is all the data
packets that can be collected by the robot when it visits i. I.e.,
pi =

∑
j∈Ni∪{i} d

c
j , where Ni is i’s 1-covered nodes, and dcj

is the current number of data packets available at j. Initially,
dcj = dj , and it becomes 0 when the robot collects j’s packets.
We denote a node i’s initial prize as poi =

∑
j∈Ni∪{i} dj . □

Definition 3: (Covered Prize-Cost Ratio of a Battery-
Feasible Sensor Node.) Given the robot’s current location i,
for a battery-feasible node k ∈ F(i, B, U), its covered prize-
cost ratio, denoted as pcr(i, k), is the ratio between the prize
available at k and the battery consumption of the robot moving
from i to k. That is, pcr(i, k) = pk

c(i,k)×µ . □
Definition 4: (2-Covered Nodes.) Given a sensor node j,

its 2-covered nodes are the 1-covered nodes of any 1-covered
node of j that are not 1-covered nodes of j, denoted as N2

j .
That is, N2

j = {i|i ∈ N1
k ∧ k ∈ N1

j ∧ i /∈ N1
j }. □

In Fig. 2(a), l is a 2-covered node of j, as l is a 1-covered
node of k, which is a 1-covered node of j, while l is not
a 1-covered node of j. Note that if l is a 2-covered node
of j, j is also a 2-covered node of l. Both 1-covered and
2-covered nodes are critical in the data-collecting and prize-
updating process in Algo. 2.

Observation 1: During the data-collecting and prize-
updating process, for a sensor node j’s packets dj and prize pj ,
if dj = 0, it is still possible that pj > 0; however, if pj = 0,
it must be that dj = 0. In particular, there are four possible
combinations of dj and pj : a) dj > 0 and pj = poi , meaning
neither j’s nor any of its 1-covered nodes’ packets have been
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Fig. 2. Four combinations of dj and pj . A sensor node j can be in one of
three scenarios: visited by the robot, not visited but its packets collected by
the robot, or not visited and its packets not collected by the robot.

collected by the robot (Fig. 2(a)); b) dj = 0 and pj = 0,
meaning both node j’s and all its 1-covered nodes’ packets
have been collected (Fig. 2(b)); c) dj = 0 and 0 < pj < poj ,
meaning j’s packets have been collected but at least one of its
1-covered nodes’ packets have not (Fig. 2(c)); and d) dj > 0
and 0 ≤ pj < poj , meaning i’s packets hav not been collected
by the robot but one or more of its 1-covered nodes’ packets
have been collected (Fig. 2(d)). □

Prize-Based Covering Algorithm (PCA). Algo. 2 works as
follows. First, all the necessary variables related to the robot’s
data-covering tour and battery power are initialized (line 1).
It computes the initial prizes for all sensor nodes (lines 2-
5) and then proceeds in rounds. In each round, located at
the current node i, the robot visits a battery-feasible node
j with the largest covered prize-cost ratio and updates all
the route-related information (lines 7-10). It then collects j’s
prize pj by collecting packets from j and its 1-covered nodes,
and the prizes of all the sensor nodes involved (lines 11-31),
as illustrated next. This continues until it no longer finds a
battery-feasible node, at which point it returns to s and outputs
the data-covering tour, the collected packets, and the robot’s
energy cost for this route (lines 34-35). In Algo. 2, the robot
visits at most n = |Vs| nodes. At each node j, it updates the
prizes by checking all of its 1-covered and 2-covered nodes,
which is O(n2). The time complexity of Algo. 2 is O(n3).
Prize-Updating. When the robot visits sensor node j, the data-
collecting and prize-updating process takes place in two steps.
First, it sets pj to 0, since all packets from j and its 1-covered
nodes k ∈ Nj (if any) will be collected (lines 12 - 20).
Note, we also update pk if node k has packets, as the robot
will collect them in this round (lines 17-19). Meanwhile, Aj

records all sensor nodes whose packets are collected by the
robot during its visit to j.

Second, we further update the prizes of node k and k’s 1-

Algorithm 2 Prize-Based Covering Algorithm (PCA).
Input: A mobility graph G(V,E), di, Tr, µ, E , and depot s,
Output: A data-covering tour R, PR, and CR.
Notations: R: the data-covering tour, starting from s;

CR: the energy cost of the robot on R, initially zero;
PR: the prizes collected on R, initially zero;
U : the set of unvisited sensor nodes, initially Vs;
i: the node where the robot is located currently;
Aj : nodes whose packets are collected when j is visited;
B: current battery power of the robot, initially E ;

1: i = s, R = {s}, CR = PR = 0, U = Vs, B = E ;
2: for (each i ∈ Vs) do
3: N1

i = {j|j ∈ Vs ∧ c(i, j) ≤ Tr ∧ j ̸= i};
4: pi = p0i =

∑
j∈N1

i ∪{i} dj ;
5: end for

// if there are still battery-feasible nodes for the robot
6: while (F(i, B, U) ̸= ϕ) do
7: j = argmaxk∈F (i,B,U)pcr(i, k);
8: R = R ∪ {j}, PR = PR + pj ;
9: CR = CR + c(i, j)× µ;

10: B = B − c(i, j)× µ, U = U − {j};
11: Aj = ϕ (empty set), pj = 0;
12: if (dj ̸= 0) then
13: dj = 0;
14: Aj = {j};
15: end if
16: for (each k ∈ N1

j ) do
17: if (dk ̸= 0) then
18: pk = pk − dk, dk = 0; Aj = Aj ∪ {k};
19: end if
20: end for
21: for (each k ∈ N1

j ) do
22: for (each l ∈ N1

k ) do
23: if (l ∈ Aj) then
24: pk = pk − dl;
25: else
26: if (l ∈ N2

j ∧ k ∈ Aj) then
27: pl = pl − dk;
28: end if
29: end if
30: end for
31: end for
32: i = j;
33: end while
34: R = R ∪ {s}, CR = CR + c(i, s)× µ;
35: return R, PR, CR.

covered nodes l ∈ Nk (lines 21-31). There are two cases. The
first case is that l’s packets are collected in this round (i.e.,
l ∈ Aj). In this case, it must be that l ∈ N1

j , as shown in
Fig. 3(a). We thus update k’s prize as pk = pk − dl (lines
23-24). The second case is that l’s packets are not collected
in this round, which is further divided into two subcases. One
subcase is that l is j’s 1-covered node. As its packets were
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Fig. 3. Prize-updating when node j is visited, where k is j’s 1-covered node.
(a) l is a 1-covered node of both j and k. (b) l is k’s 1-covered node and j’s
2-covered node.

not collected by the robot in this round, they must have been
collected in a previous round, so nothing needs to be updated.
The other subcase is that l is j’s 2-covered node (i.e., l ∈ N2

j ),
as shown in Fig. 3(b), then we need to check if k ∈ Aj (i.e.,
if k’s packets are collected in this round). If so, we update l’s
prize as pl = pl − dk (lines 26-28).

B. Spanning-Tree-Based Covering Algorithm (SCA).

SCA is based on the spanning tree-based covering algo-
rithm proposed by Ma et al. [18]. Its main goal is to select
a set of polling nodes from the sensor nodes so that the
robot can visit them power-efficiently while covering all sensor
nodes in the RSN. First, it uses a minimum-spanning-tree-
based greedy algorithm to select polling nodes in increasing
order of cost (defined next) until all sensor nodes are covered.
Then, it applies the well-known 2-approximation algorithm
for the traveling salesman problem [9] to the polling nodes to
find a data-covering route for the robot. It finds a minimum
spanning tree of all the polling nodes, duplicates all edges of
this tree, and then finds an Eulerian cycle of these edges.

However, [18] does not consider battery constraints. We thus
introduce a binary-search-based mechanism into SCA to iter-
atively find a subarea of l∗ meter ×wid meter, 0 < l∗ ≤ len,
where len and wid are the length and width of the entire RSN
area, such that the robot’s data-covering tour in this subarea
is close to but within E , its initial battery power.

Definition 5: (Cost of Selecting a Polling Node.) Let
P (l∗) denote the set of polling nodes P (l∗) for the subarea
l∗ meter×wid meter. Given P ′ ⊂ P (l∗), its 1-covered nodes
is C(P ′) = ∪i∈P ′N1

i ∪ P ′, and its uncovered nodes is
U(P ′) = Vs(l

∗) − C(P ′), where Vs(l
∗) = {i ∈ Vs ∧ 0 ≤

xi ≤ l∗}. The cost of selecting sensor node j ∈ U(P ′) as
a polling node w.r.t. P ′, denoted as cost(j, P ′), is the ratio
between the smallest battery consumption of the robot to move
from any existing polling node i ∈ P ′ to j and the number of
newly covered nodes due to j being a polling node. That is,
cost(j, P ′) =

mini∈P ′c(i,j)×µ

|U(P ′)∩N1
j |

. □

SCA works as follows. It starts by finding the energy power
CR of the data-covering route for the entire sensor nodes Vs

following [18]. If CR ≤ E , the robot has sufficient battery
to cover Vs, and it stops; otherwise, it reduces to half of the
area to find the battery power needed to cover Vs(

len
2 ). This

repeats the binary search until it finds a subarea where the

(a) Collected Packets. (b) Traveled Distance.

Fig. 4. Comparing PCA, SCA, and ILP.

difference between CR and E is within the threshold value ∆.
Its time complexity is O(logE×n2). Due to space constraints,
we omit its pseudo-code presentation.

VI. PERFORMANCE EVALUATION

Using measurements of battery power and mobility mod-
els of robots from real applications, we compare various
data-covering algorithms viz. ILP(A) (ILP), approximation
algorithm viz. Algo. 1 (PrimalDual), prize-based covering
algorithm viz. Algo. 2 (PCA), spanning-tree-based covering
algorithm (SCA), and finally, the budget-constrained TSP-
based algorithm (TSP) [21], which is the only work that we are
aware of that explicitly considers battery power of the robot
as the problem constraint in the RSN data collection. We use
CPLEX [1] for ILP computation. For SCA, we set the binary
search threshold ∆ as the 10% of |CR − E|.

Experiment Setup. We use small RSNs of 1000m × 1000m,
where 20 sensor nodes are randomly placed when the ILP
optimal solutions are computed, and large RSNs of 10, 000m×
10, 000m, where 100 sensor nodes are randomly placed. In
either case, the depot s is at (0, 0) of the BSN. Each sensor
generates a random number of data packets in [0, 100], each
of 1024B. We set the mobility energy coefficient µ as 100
Joules/m following [27]. Each data point in our plots is the
average of 10 runs, with a different RSN instance constructed
and applied to all algorithms for a fair comparison. The error
bars indicate 95% confidence intervals. We implement our
simulator in Java on Windows 11 with an AMD Ryzen 5 4000
Series 6-Core processor and 24GB of DDR4 Memory.

Comparing PCA, SCA, and ILP. Fig. 4 compares PCA,
SCA, and ILP in small RSNs by varying the initial battery E of
the robot from 50Wh to 110Wh. With a mobility coefficient
µ = 100 Joules/m, this battery range means the robot can
travel 1800m and 3960m, respectively. Fig. 4(a) shows that

TABLE I
EXECUTION TIME (MS) OF DIFFERENT ALGORITHMS.

Battery power E (Wh) PCA SCA ILP
50 4 41 353
70 5 45 575
90 6 52 1507
110 6 60 2053



with the increase of battery power, more packets are collected
for all the algorithms. Being an optimal solution, ILP always
collects the most packets. PCA performs very close to ILP,
though, with the number of packets ranging from 91.0% to
97.3% of optimal. Moreover, PCA significantly outperforms
SCA, collecting between 24.7% and 56.6% more packets.
Fig. 4(b) shows the distances traveled by the robot, showing
that in all the test cases, battery power is a constraint limiting
the traveling distance of the robot in all the algorithms.
Table I shows the execution time of different algorithms w.r.t.
E . The execution time of PCA is one order of magnitude
smaller than that of SCA, which is one order of magnitude
smaller than that of the ILP. This shows that PCA is the most
efficient data-covering algorithm among the three approaches.

Fig. 5. Comparing with PrimalDual.

Comparing PCA, SCA,
and PrimalDual. Next,
we compare the PCA and
SCA with the approxima-
tion algorithm PrimaDual
in small RSNs. As the 2-
approximation provided by
PrimalDual applies only to
the special case where the
robot’s data-covering range
Tr is 0 and all sensor nodes have the same number of
packets, we set Tr to 0 and di to 50 for all sensor nodes.
We didn’t implement PrimalDual because its design is very
complicated for deriving the approximation ratio. Instead,
since it is a 2-approximation, we assume that one-half of the
packets collected by the optimal ILP(A) are collected by the
PrimalDual. Fig. 5 shows that PCA and SCA collect more
packets than PrimalDual, showing that both are competitive
data-collecting algorithms.

VII. CONCLUSIONS

We propose a new algorithmic framework called the budget-
constrained covering salesman problem (i.e., BC-CSP). BC-
CSP is inspired by robotic sensor networks (RSNs), wherein
battery-constrained mobile robots, including drones and UAVs,
are dispatched to collect sensing data or maintain the network
in many sensing applications. We design algorithmic solutions
that outperform the state-of-the-art RSN research in solution
efficacy and time efficiency. Owing to this theoretical root, our
research not only applies to RSNs but also has the potential to
impact a wide range of modern robotic systems, where limited
battery power severely affects their operations.
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