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Abstract
The sweep coverage problem concerns the planning of routes
for mobile sensors, such as drones, to periodically visit a set
of points of interest while minimizing the total travelled dis-
tance. Although several approaches have been proposed, existing
methods are mostly heuristic or approximate and rarely consider
sensing ranges and coverage redundancy simultaneously. In this
work, we propose a cycle-based integer programming formula-
tion that explicitly incorporates both features. The problem is
approached through a master-pricing decomposition: the master
selects feasible routes subject to redundancy constraints, while
the pricing problem generates profitable ones under a length
constraint. These routes are computed using a GRASP-based
heuristic and, to certify optimality, a TSP-like formulation with
profits and sensing ranges. Primal and dual bounds are obtained
via a price-and-branch scheme. Computational experiments on
randomly generated instances demonstrate the effectiveness of
the proposed approach.

Keywords
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1 Introduction
The planning of mobile sensors, such as drones or unmanned
aerial vehicles, has gained increasing attention in recent years.
This class of problems arises in a wide range of application do-
mains, including indoor agriculture, emergency response plan-
ning, and wireless sensor networks, and involves deploying a
fleet of mobile sensors to perform tasks such as data collection
from points of interest (POIs) or collection and distribution of
goods from and to clients, while minimizing the total traveled
distance or operational cost. Among these problems, the coverage
problem, where a fleet of drones is required to ensure complete
coverage of a set of POIs within a monitored area, has become
particularly relevant.

Three main types of coverage problems have been investi-
gated: full coverage, barrier coverage, and sweep coverage [2].
This work focuses on the latter, which specifically aims to de-
termine routes of minimum total length or, alternatively, the
minimum number of mobile sensors required to periodically visit
a set of POIs. Typical applications of the sweep coverage (SCP)
include police patrolling, environmental monitoring, and farm-
ing field surveillance. Several procedures have been proposed
for the SCP under both homogeneous and heterogeneous sweep
period assumptions, including two centralized approximation
algorithms and a distributed heuristic in [2], as well as an ap-
proximation algorithm and a greedy heuristic presented in [7].
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More recently, the SCP has been extended to incorporate prac-
tical requirements, such as drone sensing radii and coverage
redundancy. The former accounts for the fact that a mobile sen-
sor can cover POIs within a non-zero sensing range around its
ground projection, as discussed in [8]. In that work, the authors
propose two approximation algorithms and a distributed solution
to minimize the trajectory length of a single mobile sensor. The
latter extension, introduced in [13], requires that each POI be cov-
ered by multiple mobile sensors to enhance robustness against
sensor failures. For this variant, called the (𝑡, 𝐾)-SCP, where 𝑡
denotes the sweep period and 𝐾 the redundancy requirement,
the authors propose a time- and position-based partitioning pro-
cedure. Additional variants of the SCP have also been studied,
including the chargeable-SCP, which introduces charging sta-
tions to allow mobile sensors to replenish their batteries while
performing routes that start and end at the depot [12]. Compre-
hensive surveys of coverage problems are available in [5, 17]. As
highlighted in [19], the SCP can be viewed as a variant of the clas-
sical vehicle routing problem (VRP) [20]. The authors addressed
the SCP heuristically by adopting a VRP-based framework that
combines insertion heuristics with simulated annealing. Never-
theless, the classical VRP does not account for vehicle sensing
ranges or coverage redundancy requirements. The first aspect is
partially captured by a generalized version of the VRP, in which
customers are grouped into clusters and a cluster is considered
served (covered) if at least one customer within the cluster is
visited [10]. In fact, this generalized VRP can be interpreted as a
discrete version of the SCP with sensing radii.

To the best of our knowledge, the sweep coverage with hetero-
geneous sensing ranges and explicit redundancy requirements
has not yet been addressed in the literature. Moreover, exist-
ing solution approaches mainly rely on heuristic (approxima-
tion) algorithms with no (coarse) performance guarantees. Mo-
tivated by this gap, we propose a cycle-based integer program-
ming formulation for the SCP that simultaneously incorporates
sensing range and redundancy constraints. Similarly to integer
programming-based exact approaches for the VRP, the problem
is decomposed into a master–pricing scheme: the master prob-
lem selects a minimum-length set of sensor routes that satisfy
redundancy requirements, whereas the pricing problem gener-
ates promising routes by trading off travel cost against profits
from POIs falling within the sensor sensing range. The pricing
problem, formulated as a mixed-integer nonlinear program, rep-
resents a novel variant of the traveling salesman problem (TSP)
with profits, incorporating 𝑖) the objective structure of the prof-
itable tour problem [6], 𝑖𝑖) the autonomy (resource) constraint
typical of the orienteering problem [9], and 𝑖𝑖𝑖) non-zero sensing
ranges, as in close-enough extensions of the TSP [1, 3, 16] and
the orienteering problem [18, 21].

Dual bounds to the SCP are obtained by solving the linear
relaxation of the cycle-based formulation via a column generation
(CG) scheme. Primal solutions are then computed through price-
and-branch (P&B). Moreover, as the exact solution of the pricing
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problem quickly becomes computationally demanding for large
instances, a heuristic procedure combining GRASP and local
search is employed to accelerate its solution.

2 CYCLE-BASED FORMULATION
We consider a scenario consisting of a set of𝑛 POIs 𝑃 = {1, . . . , 𝑛},
the 𝑖-th of which is located at coordinates (𝑥𝑖 , 𝑦𝑖 ) ∈ R2

+. Each POI
must be covered by mobile sensors at least 𝑑 times in order to
ensure redundancy. The sweep coverage is performed by a fleet of
𝑘 mobile sensors, such as quadrotors or other multirotor drones,
equipped with onboard sensing and computing capabilities that
enable fully autonomous operation. At any given time, each
mobile sensor can cover a circular area of radius 𝑟 centred at the
ground projection of its position. Therefore, to cover the POI 𝑖 ,
the sensor must be located at a point within the region

𝐷𝑖 :=
{
(𝑥,𝑦) ∈ R2

+ : ∥(𝑥,𝑦) − (𝑥𝑖 , 𝑦𝑖 )∥2 ≤ 𝑟
}
.

All mobile sensors are assumed to move at a constant and
identical velocity, maintain the same altitude, and operate within
a maximum allowable travel distance 𝑙 . This distance limit de-
pends on factors such as battery capacity, energy consumption
rate, and the required coverage frequency of each POI.

The SCP asks to select at most 𝑘 feasible cyclic paths, one for
each mobile sensor, that minimize the total travel length while
ensuring that each POIs is covered the number of times speci-
fied by the redundancy requirement. The initial cost for a mobile
sensor to reach the starting position of its route is considered neg-
ligible; therefore, no depot node is defined. Each route is a simple
cycle t = ⟨𝑝1, . . . , 𝑝𝑚, 𝑝1⟩ described by an ordered sequence of
visited POIs 𝑝𝑖 ∈ 𝑃 , 1 ≤ 𝑖 ≤ 𝑚, with 3 ≤ 𝑚 ≤ 𝑛 and 𝑝𝑖 ≠ 𝑝 𝑗 for
all 1 ≤ 𝑖 < 𝑗 ≤ 𝑚. Each cycle is embedded in the plane as an
ordered sequence of points ⟨(𝑥𝑝1 , 𝑦𝑝1 ), . . . , (𝑥𝑝𝑚 , 𝑦𝑝𝑚 ), (𝑥𝑝1 , 𝑦𝑝1 )⟩
with (𝑥𝑝𝑖 , 𝑦𝑝𝑖 ) ∈ 𝐷𝑝𝑖 . Moreover, the total length of the cycle must
not exceed the maximum allowable travel distance 𝑙 , namely,

𝑙t =

𝑚∑︁
𝑖=1
∥(𝑥𝑝𝑖 , 𝑦𝑝𝑖 ) − (𝑥𝑝𝑖+1 , 𝑦𝑝𝑖+1 )∥2 ≤ 𝑙,

with (𝑥𝑝𝑚+1 , 𝑦𝑝𝑚+1 ) := (𝑥𝑝1 , 𝑦𝑝1 ).
Let𝑇 be the set of feasible routes, and let 𝑥t ∈ Z+ be the integer

variable indicating the number of mobile sensors moving along
route t ∈ 𝑇 . Moreover, let 𝑎𝑖t = 1 if the 𝑖-th POI is covered by
route t ∈ 𝑇 , and 𝑎𝑖t = 0 otherwise. The cycle-based integer linear
programming formulation reads as follow:

[M] min
∑︁
t∈𝑇

𝑙t𝑥t (1)

s.t.
∑︁
t∈𝑇

𝑎𝑖t𝑥t ≥ 𝑑 ∀𝑖 ∈ 𝑃 (2)∑︁
t∈𝑇

𝑥t ≤ 𝑘 (3)

𝑥t ∈ Z+ ∀t ∈ 𝑇 (4)

The objective function (1) minimizes the total distance traveled
by the mobile sensors. Constraints (2) ensure that each POI is
covered at least 𝑑 times, while constraints (3) enforce the limit
on the maximum number of mobile sensors deployed for the
coverage.

The cardinality of 𝑇 generally grows exponentially with the
size of the problem. Therefore, a CG approach is required to
dynamically generate the routes as needed [14].

Let [R] denote the restricted master problem, i.e., the master
problem [M] restricted to a (possibly empty) subset of columns

𝑇R ⊆ 𝑇 , with the integrality constraints (4) relaxed. Let 𝝀 ∈ R |𝑃 |+
and𝜔 ∈ R− denote the dual variables associated with constraints
(2) and (3), respectively.

Let (𝝀̄, 𝜔̄) be an optimal dual solution of the restricted master
problem [R]. The reduced cost associated with cycle t is then
given by

𝑙t −
∑︁
𝑖∈t

𝜆𝑖 − 𝜔̄ (5)

The pricing problem computes a profitable cycle t in a com-
plete undirected graph𝐺 = (𝑃, 𝐸), where the nodes correspond to
POIs. Considering the maximum allowable cycle length 𝑙 , edges
can be filtered as:

𝐸 := {{𝑖, 𝑗} ∈ 𝐸 : ∥(𝑥𝑖 , 𝑦𝑖 ) − (𝑥 𝑗 , 𝑦 𝑗 )∥ − 2𝑟 ≤ 𝑙

2
}.

Let 𝑣𝑖 ∈ {0, 1} be a binary variable associated with POI 𝑖 , where
𝑣𝑖 = 1 if 𝑖 is covered by the cycle t, and 𝑣𝑖 = 0 otherwise. Fur-
thermore, for all {𝑖, 𝑗} ∈ 𝐸, let 𝑧𝑖 𝑗 ∈ {0, 1} denote the binary
variable indicating that edge {𝑖, 𝑗} is in the cycle. Let 𝑥𝑖 , 𝑦𝑖 ∈ R+
be continuous variables representing the point in 𝐷𝑖 chosen to
cover POI 𝑖 , and let 𝑙𝑖 𝑗 ∈ R+ be the Euclidean distance between
points (𝑥𝑖 , 𝑦𝑖 ) and (𝑥 𝑗 , 𝑦 𝑗 ) along the cycle. Finally, let 𝛿 (𝑆) be
the cut induced by 𝑆 ⊂ 𝑃 , i.e., the set of edges with exactly one
endpoint in 𝑆 .

𝛿 (𝑆) := {{𝑖, 𝑗} ∈ 𝐸 : 𝑖 ∈ 𝑆, 𝑗 ∉ 𝑆}.
The pricing problem is as follow:

[P] min
∑︁
{𝑖, 𝑗 }∈𝐸

𝑙𝑖 𝑗𝑧𝑖 𝑗 −
∑︁
𝑖∈𝑃

𝜆𝑖𝑣𝑖 − 𝜔̄ (6)

s.t.
∑︁

𝑗 :{𝑖, 𝑗 }∈𝐸
𝑧𝑖 𝑗 = 2𝑣𝑖 ∀𝑖 ∈ 𝑃 (7)∑︁

{𝑢,𝑤}∈𝛿 (𝑆 )
𝑧𝑢𝑤 ≥ 2 · (𝑣𝑖 + 𝑣 𝑗 − 1) ∀𝑆 ⊂ 𝑃

𝑖 ∈ 𝑆, 𝑗 ∈ 𝑃 \ 𝑆 (8)∑︁
{𝑖, 𝑗 }∈𝐸

𝑙𝑖 𝑗𝑧𝑖 𝑗 ≤ 𝑙 (9)

∥(𝑥𝑖 , 𝑦𝑖 ) − (𝑥𝑖 , 𝑦𝑖 )∥2 ≤ 𝑟 2 ∀𝑖 ∈ 𝑃 (10)

∥(𝑥𝑖 , 𝑦𝑖 ) − (𝑥 𝑗 , 𝑦 𝑗 )∥2 ≤ 𝑙2𝑖 𝑗 ∀{𝑖, 𝑗} ∈ 𝐸 (11)
𝑣𝑖 ∈ {0, 1} ∀𝑖 ∈ 𝑃 (12)

𝑧𝑖 𝑗 ∈ {0, 1} ∀{𝑖, 𝑗} ∈ 𝐸 (13)

𝑙𝑖 𝑗 ∈ R+ ∀{𝑖, 𝑗} ∈ 𝐸 (14)
𝑥𝑖 , 𝑦𝑖 ∈ R+ ∀𝑖 ∈ 𝑃 (15)

The objective function (6) minimizes the reduced cost defined
in (5), namely the difference between the cycle length and the
profits collected from covered POIs. Constraints (7) and (8) en-
sure that the solution corresponds to a simple cycle; notice that
the subtour elimination inequalities (8) are active only when the
relevant POIs 𝑖 and 𝑗 are covered. Inequality (9) limits the total
length of the cycle. Finally, for each POI, constraints (10) ensure
that the selected point (𝑥𝑖 , 𝑦𝑖 ) lies within the corresponding cov-
erage region𝐷𝑖 , whereas (11) compute the distance between each
pair of selected points. Note that setting 𝑣𝑖 = 0 makes constraint
(8) redundant, allowing 𝑧𝑖 𝑗 = 0. Consequently, the variables 𝑙𝑖 𝑗
do not affect either constraint (11) or the objective function (6),
i.e., the choice of point (𝑥𝑖 , 𝑦𝑖 ) becomes irrelevant when node 𝑖
is not part of the cycle.
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If the optimal value of [P] is negative, then the corresponding
cycle is profitable, i.e., it corresponds to a columns with negative
reduced cost that can be added to [R] to potentially improve its
optimal value. When no improving cycle exists, the CG procedure
terminates with the optimal solution of the linear relaxation of
[M], which serves as a valid dual bound. A primal bound is
then computed using a P&B procedure: the integrality of the
restricted master problem variables is restored, and an integer
primal solution is obtained via branch-and-bound.

The generalization of [M] to accommodate heterogeneous
mobile sensors can be obtained by typifying the sensors and
partitioning the set of feasible cycles accordingly. Consequently,
multiple pricing problems [Pℎ], one for each sensor type ℎ, are
solved at each iteration, with only minor differences. When mo-
bile sensors differ in autonomy and sensing ranges, constraints
(9) and (10) in [P] are adapted to account for the maximum travel
distance 𝑙ℎ and sensing radius 𝑟ℎ of sensor type ℎ, respectively.
Moreover, if sensor type ℎ can perform only specific measure-
ments, the pricing problem [P] considers only the POIs requiring
those measurements.

2.1 An Outer-Approximation Approach
The pricing problem [P] is a generalization of the profitable tour
problem and is therefore strongly NP-hard [6]. Moreover, it must
be solved multiple times during the CG process.

To accelerate the exact solution of [P], the mixed-integer non-
linear program is tackled via an outer-approximation approach
A [4]. First, bilinear terms in (6) and (9) are linearized through
standard McCormick technique [15]. Then, conic constraints (10)
and (11) are removed to obtain a mixed-integer linear program-
ming relaxation [P̃]. Solving [P̃] provides (ṽ, z̃, l̃, x̃, ỹ), namely
a cycle t̃, and a valid lower bound on the optimal value of [P].
The optimal positions and distances are computed by solving the
following second-order cone program (SOCP):

min
| t̃ |−1∑︁
𝑖=1

𝑙𝑖,𝑖+1 −
∑︁
𝑖∈𝑃

𝜆𝑖𝑣𝑖 − 𝜔̄ (16)

s.t.


∥(𝑥𝑖 , 𝑦𝑖 ) − (𝑥𝑖 , 𝑦𝑖 )∥2 ≤ 𝑟 2

∥(𝑥𝑖 , 𝑦𝑖 ) − (𝑥𝑖+1, 𝑦𝑖+1)∥2 ≤ 𝑙2𝑖,𝑖+1

𝑙𝑖,𝑖+1 ∈ R+
𝑥𝑖 , 𝑦𝑖 ∈ R+

∀𝑖 = 1, . . . , |t̃| − 1.

(17)

A SOCP solution (l, x, y) yields a valid upper bound for [P]
only when l · z̃ ≤ 𝑙 . If the upper bound does not exceed the lower
bound obtained from [P̃], then (ṽ, z̃, l, x, y) is an optimal solution
to [P]. Otherwise, linear inequalities are enforced in [P̃] for
outer-approximating (10) and (11) via first-order linearization at
the point (l, x, y). Moreover, an integer cut is added to [P̃] to
exclude t̃.

3 HEURISTIC FOR SOLVING [P]
A heuristicH is designed to rapidly compute feasible, although
possibly suboptimal, solutions of [P]. The proposed heuristic
incorporates two distinct phases: a construction phase, aimed
at generating an initial feasible solution, and an improvement
phase, used to refine both the initial solution and the positions
(𝑥𝑖 , 𝑦𝑖 ) of covered POIs.

The construction phase is performed using a GRASP-based
procedure, see Algorithm 1.

Algorithm 1 GRASP-based heuristic

Require: 𝐺 = (𝑃, 𝐸), 𝝀̄, 𝑙 , 𝑁G
Ensure: tG

1: 𝑙tG ← +∞, ΛtG ← 0
2: 𝑝1 ← arg max𝑖∈𝑃 {𝜆𝑖 }
3: for 𝜅 = 1 to 𝑁G do
4: (𝛼, 𝑙) ←setParams(𝜅, 𝑁G, 𝑙)
5: (t̂,𝑚) ←init(𝝀̄)
6: repeat
7: s←computeScore(𝐺, 𝝀̄)
8: RCL← populateRCL(s, 𝛼, 𝑙 )
9: 𝑝𝑚 ∼ Uniform(RCL)

10: t̂← ⟨t̂, 𝑝𝑚⟩
11: 𝑚 ←𝑚 + 1
12: until RCL = ∅
13: t← ⟨t̂, 𝑝1⟩
14: while 𝑙t > 𝑙 do
15: (𝑝ℎ, t) ←removeNode(𝐺, t, 𝝀̄)
16: end while
17: repeat
18: (ℎ, 𝑝ℎ, t) ←addNode(𝐺, t, 𝝀̄, 𝑙)
19: until 𝑝ℎ = 0
20: t←2Exchange(𝐺, t, 𝑙)
21: if 𝑙t − Λt < 𝑙tG − ΛtG then
22: tG ← t
23: end if
24: end for

The procedure starts by selecting the POI 𝑝1 = arg max𝑖∈𝑃 {𝜆𝑖 },
where 𝜆𝑖 are the optimal dual variables of the restricted master
problem [R] regarded as profits associated with the nodes 𝑃 .
Then, the current partial tour t̂ is iteratively extended by adding
one node at a time while preserving feasibility with respect to the
tour length constraint. Let t̂ = ⟨𝑝1, . . . , 𝑝𝑚−1⟩ denote the current
partial tour and Λt̂ be its total profit. Note that Λt̂ is not only
the sum of the profits of the nodes in t̂, but also includes the
profits collected from POIs whose covering regions 𝐷𝑖 intersect
the edges of the cycle. At each iteration, candidate nodes 𝑖 ∈ 𝑃 =

{ 𝑗 ∈ 𝑃 \ t̂ : {𝑝𝑚−1, 𝑖}, {𝑖, 𝑝1} ∈ 𝐸} are evaluated according to the
score

𝑠𝑖 =
𝜆𝑖

𝑑 (𝑖, 𝑝𝑚−1)
· 𝑠𝑖 , (18)

which resembles the classical profit-cost opportunity ratio. Here,
𝑑 (𝑖, 𝑝𝑚−1) is the Euclidean distance between nodes 𝑖 and 𝑝𝑚−1,
and 𝑠𝑖 , computed as

𝑠𝑖 =
1∑

𝑗 :{𝑖, 𝑗 }∈𝐸 𝑑 (𝑖, 𝑗)
,

measures the closeness of node 𝑖 to the other nodes, allowing
nodes with lower profit but better connectivity to be preferred
over highly profitable yet relatively isolated nodes. The term
𝑑 (𝑖, 𝑗) is the distance 𝑑 (𝑖, 𝑗) normalized by the maximum length
of any edge in 𝐸.

A restricted candidate list (RCL) is constructed by retaining
only the candidate nodes 𝑖 whose score is greater than

(1 − 𝛼)max
𝑗∈𝑃
{𝑠 𝑗 } + 𝛼 min

𝑗∈𝑃
{𝑠 𝑗 },

and such that appending the path ⟨𝑖, 𝑝1⟩ to t̂ results in a cycle
whose total length 𝑙𝑡 does not exceed 𝑙 . Parameter 𝛼 ∈ [0, 1]
controls the degree of greediness of the construction phase. As
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𝛼 approaches 1, a larger number of low-quality candidates is
included in the RCL, thereby fostering diversification. Conversely,
as 𝛼 approaches 0, the procedure converges to a purely greedy
algorithm. On the other hand, parameter 𝑙 ≥ 𝑙 allows, at this
stage, infeasible cycles that can later potentially be turned into
feasible ones.

Once the RCL has been generated, node 𝑝𝑚 is randomly se-
lected from the list and appended to t̂. The procedure for extend-
ing the partial tour is repeated as far as new candidate nodes
are identified, and the corresponding RCL is not empty. Then, a
simple cycle t is obtained by connecting 𝑝𝑚 to 𝑝1. If t is infeasible
due its length, nodes are removed iteratively according to the
following criterion [11]:

𝑝ℎ = argmin𝑖∈t\{𝑝1 }
𝜆𝑖

𝑑 (𝑖, 𝑖+1) + 𝑑 (𝑖, 𝑖−1) − 𝑑 (𝑖−1, 𝑖+1) . (19)

Here, the denominator measures the marginal increment yield
by node 𝑖 to 𝑙t. Thus, at each step, the node selected for removal
is the one whose exclusion most improves the feasibility of the
tour while minimizing the loss of collected profit.

Once feasibility is restored, insertion moves are evaluated us-
ing the same marginal increment criterion, but this time with the
goal of increasing the total collected profit Λt: for each candidate
node not in the current cycle, ratios in (19) are computed for all
insertion positions. The move that yields the largest ratio while
maintaining cycle feasibility is performed. The insertion phase
ends when no feasible insertion is found. A final 2-exchange local
search is performed to find improved feasible solutions.

After 𝑁G iterations, the best cycle tG according to (6) is re-
turned and serves as input to the improvement phase (see Algo-
rithm 2) which aims to find cycles with higher total profit and
shorter length, primarily by exploiting the covering regions 𝐷𝑖 .
Indeed, Algorithm 1 assumes (𝑥𝑖 , 𝑦𝑖 ) = (𝑥𝑖 , 𝑦𝑖 ), but significantly
shorter cycles can be obtained by allowing (𝑥𝑖 , 𝑦𝑖 ) ∈ 𝐷𝑖 .

Algorithm 2 SOCP-based heuristic

Require: 𝐺 = (𝑃, 𝐸), tG, 𝝀̄, 𝑙 , 𝑟 , 𝑁S
Ensure: tS

1: tS ← tG
2: for 𝜅 = 1 to 𝑁S do
3: t← tS
4: (𝑝ℎ, t) ←removeNode(𝐺, t, 𝝀̄)
5: (𝑞, 𝑝𝑞, t) ←addNode(𝐺, t, 𝝀̄,+∞)
6: 𝐹 ← updateTL(𝐹, 𝜏, 𝑝ℎ, 𝑝𝑞)
7: t←2Exchange(𝐺, t, 𝑙)
8: if ΛtS < Λt then
9: t← solveSOCP(𝐺, t, 𝑟 )

10: if 𝑙t ≤ 𝑙 ∧ 𝑙t − Λt < 𝑙tS − ΛtS then
11: tS ← t
12: end if
13: end if
14: end for

Removal and insertion moves, disregarding the length con-
straint (9), are applied to the current best cycle t to obtain cycles
with higher total profit. 2-exchange moves are then performed
to reduce the cycle length. To avoid local minima, selected nodes
are stored in a tabu-list 𝐹 and forbidden for 𝜏 iterations.

In the final step, the optimal positions (𝑥𝑖 , 𝑦𝑖 ) for each POI 𝑖
in the cycle t are computed by solving the SOCP program (16) -
(17).

4 COMPUTATIONAL EXPERIMENTS
All computational experiments were conducted on an Intel i5-
11400H processor running at 2.70 GHz, equipped with 6 cores and
8 GB of RAM. All algorithms were implemented in C++, and all
mathematical formulations were solved using Gurobi Optimizer
12.0.2. The subtour elimination constraints (8) were separated on
the fly and enforced as lazy constraints.

The proposed method was tested on 100 randomly generated
instances, divided into 20 groups {𝐺1,𝐺2, . . . ,𝐺20} according to
the combinations of the following parameters (see Table 1): the
number of POIs to be covered 𝑛 ∈ {10, 15, 20, 25, 30}, the number
of available mobile sensors 𝑘 ∈ {5, 7}, and the maximum cycle
length 𝑙 ∈ {30, 40}. Parameters 𝑟 and 𝑑 are both set equal to 1.
Positions of the POIs were uniformly sampled from the squared
domain [0, 25] × [0, 25] ⊂ R2

+.
Regarding the heuristic parameters, the values of𝛼 are selected

from {0.2, 0.4, 0.8}: 𝛼 = 0.2 and 𝛼 = 0.8 are each used for 15% of
the total number of iterations, namely 𝑁G = 100, while 𝛼 = 0.4 is
used in the remaining 70%. Moreover, 𝑙 takes values in {𝑙, 3

2 𝑙, 2𝑙},
each used for one third of the iterations. Finally, in the SOCP-
based heuristic, 𝑁S and 𝜏 are set to 40 and ⌊𝑛/10⌋, respectively.

Primal and dual bounds values are collected at two different
timestamps ts, that is 300 and 900 seconds of running time. A time
limit tl of 3600 seconds applies to the entire column generation,
with a limit of 900 seconds for the outer approximation algorithm
A.

4.1 Numerical Results
Table 1 reports computational results aggregated by instance
group and for different running times. Each row shows average
values over five instances per parameter combination; a dash
(“–”) denotes a not applicable entry due to early termination of
the algorithm.

Column ub1 reports the averaged primal bound obtained after
300 seconds of running time by solving the integer version of
the current restricted master problem. Columns ub𝑖, 𝑗% list the
mean percentage improvement of the primal bound between
timestamps 𝑖 and 𝑗 , computed as

ub𝑖, 𝑗% =
ub𝑖 − ub𝑗

ub𝑗
· 100

Timestamps 2 and 3 correspond to ts = 900 and to tl, respec-
tively.

Column time reports the average of the running times for
terminated P&B executions, whose number of cases is reported
in column cg. If no instances in a given group terminate within
the timestamp, either due to lack of CG convergence or excessive
time spent solving exactly [P], the entry limit is reported.

Columns col% and time% report, respectively, the percent-
age of columns generated and the percentage of total compu-
tational time spent both by the heuristic H and by the outer-
approximation exact approach A. Finally, column opt% reports
the optimality gap, computed only for instances where the CG
procedure successfully converged, using the primal solution com-
puted by the P&B (whose running times are negligible).

For 𝑛 ≤ 20, the CG algorithm converged within 300 seconds
in 86.67% of the cases, increasing to 95.00% before the second
timestamp and reaching 98.33% at the third timestamp (tl was
reached by only one instance). In particular, the CG terminated
within 10 seconds for 𝑛 = 10, within 6 minutes for 𝑛 = 15, and
slightly over 15 minutes for 𝑛 = 20, except for one instance. No
improvement in the primal bound is observed for instances in
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ts = 300 ts = 900 tl = 3600 H A
Group 𝑛 𝑙 𝑘 ub1 cg time ub1,2

% cg time ub2,3
% cg time time% col% time% col% opt%

𝐺1 10 30 5 54.61 5 2.07 - - - - - - 39.66 25.57 59.63 74.43 0.00
𝐺2 10 40 5 52.86 5 4.98 - - - - - - 51.94 44.41 47.84 55.59 0.00
𝐺3 10 30 7 54.61 5 2.66 - - - - - - 35.92 32.46 63.70 67.54 0.00
𝐺4 10 40 7 52.86 5 5.62 - - - - - - 53.63 46.61 46.18 53.39 0.00
𝐺5 15 30 5 65.15 4 11.96 0.00 1 302.87 - - - 32.44 31.03 67.39 68.97 1.07
𝐺6 15 40 5 64.04 4 109.58 0.00 1 309.12 - - - 26.82 50.42 73.12 49.58 0.00
𝐺7 15 30 7 65.01 4 12.20 0.00 1 306.10 - - - 29.91 23.33 72.89 76.67 1.11
𝐺8 15 40 7 62.10 5 45.64 - - - - - - 33.89 49.07 66.03 50.93 0.00
𝐺9 20 30 5 73.16 5 104.37 - - - - - - 8.42 36.84 91.55 63.16 0.00
𝐺10 20 40 5 75.32 2 211.78 9.88 1 449.37 5.33 1 905.66 4.36 60.39 95.67 39.61 0.00
𝐺11 20 30 7 74.03 4 39.84 13.52 1 318.77 - - - 30.58 50.63 69.17 49.37 0.17
𝐺12 20 40 7 72.60 4 147.80 52.50 0 limit 0.00 1 957.37 7.09 56.71 92.89 43.29 0.84
𝐺13 25 30 5 89.85 0 limit 1.88 1 596.42 0.01 3 2258.21 2.69 54.02 97.30 45.97 0.11
𝐺14 25 40 5 87.42 0 limit 0.67 0 limit 0.77 0 limit 0.73 54.85 99.27 45.15 -
𝐺15 25 30 7 81.54 2 238.71 0.00 2 591.31 0.00 1 2461.75 2.25 40.06 97.74 59.94 0.38
𝐺16 25 40 7 87.95 0 limit 6.73 0 limit 0.67 0 limit 3.53 59.80 96.46 40.20 -
𝐺17 30 30 5 106.55 0 limit 7.02 0 limit 4.23 0 limit 4.41 74.19 95.58 25.81 -
𝐺18 30 40 5 121.07 0 limit 4.27 0 limit 9.53 0 limit 0.51 92.04 99.49 7.96 -
𝐺19 30 30 7 94.17 0 limit 4.37 1 847.62 5.47 0 limit 0.91 64.74 99.08 35.26 1.24
𝐺20 30 40 7 123.18 0 limit 5.83 (105.11 †) 0 limit 13.48 0 limit 0.56 90.37 99.44 9.63 -

Table 1: Results of the P&B at different timestamps.
†: ub2 of the instance where ub1 is unavailable.

groups 𝐺5-𝐺7, suggesting that the additional running time was
primarily spent on certifying the convergence of the CG. For
𝑛 ≤ 20, optimality was proved in 86.67% of the instances, while
the mean (maximum) optimality gap for the unsolved instances
was 2.66% (5.56%).

The running time of the CG procedure grows significantly for
𝑛 ≥ 25. In fact, the linear relaxation of [M] was optimally solved
in nine out of twenty cases when 𝑛 = 25, with just five instances
spending less than 900 seconds; for 𝑛 = 30, only in one case the
CG converged. However, the mean improvements ub1,2

% and ub2,3
%

are consistent across the timestamps, showing that the quality
of the primal bound steadily improves for increasing computa-
tional time. Feasible solutions obtained by the P&B resulted to
be optimal in seven out of the ten cases, recording an optimality
gap of at most 1.24%.

The CG algorithm generally struggles to converge as the num-
ber of POIs grows, suggesting that the current implementation
should be refined by incorporating acceleration, stabilization,
and early termination techniques [14].

While no statistically significant effect is observed for differ-
ent values of 𝑘 , instances become more challenging when 𝑙 is
larger. On the average, solving the instances with 𝑙 = 40 required
roughly 5 times more computational time than those with 𝑙 = 30
when 𝑛 ≤ 20, whereas for 𝑛 ≥ 25 the linear relaxation is solved
to optimality only in cases with 𝑙 = 30. This behaviour can be
ascribed to the additional time spent to exactly solve [P] when
𝑙 = 40, which also resulted in fewer generated columns.

As expected, the average percentage of time spent byH is sub-
stantially lower than that required byA, respectively accounting
for 18.17% and 81.75% of the total running time. The gap becomes
more pronounced as the instance size increases, withH spending
less than 5% of the total computational time when 𝑛 ≥ 25. Never-
theless,H contributed to 51.66% of the overall profitable columns,
with an increasing share for larger values of 𝑛, where exactly

solving [P] becomes more challenging, thereby demonstrating
its significant impact within the P&B scheme.

Additional experiments were performed with 𝑟 = 2 and 𝑑 = 2.
Only instances up to 𝑛 = 20 were considered, as the CG consis-
tently reached the CPU time limit for larger instances. When
𝑟 = 2, the problem becomes significantly more challenging due
to the increased complexity of the pricing problem. In particular,
column generation converged in only 45% of instances, compared
to 95% of those with 𝑛 = 20 when 𝑟 = 1. For redundancy level
𝑑 = 2, tests were performed using 6 or 8 mobile sensors, with re-
dundancy assigned to half of the sensors selected randomly. The
results show no significant increase in total computational time,
suggesting that the algorithm is reliable when solving higher-
redundancy instances.

5 CONCLUSIONS
We addressed a sweep coverage problem (SCP) in which a set
of POIs must be monitored by a fleet of mobile sensors, with
the objective of minimizing the total travel length of the fleet.
Coverage requirements enforce measurement redundancy, and
each mobile sensor is characterized by a circular sensing region
of fixed radius and a maximum allowable route length.

A cycle-based integer programming formulation was pro-
posed, in which the SCP is decomposed into a master problem
[M], selecting a minimum-length subset of feasible cyclic routes
that satisfy the redundancy requirements, and a pricing problem
[𝑃], defined as a novel variant of the TSP with profits, which gen-
erates promising routes by trading off travel cost against profits
collected from covered POIs.

To efficiently generate promising routes, we designed a two-
phase heuristic combining a GRASP-based construction phase
and an improvement phase based on a second-order cone pro-
gram. The heuristic is embedded within a price-and-branch scheme
to compute valid primal and dual bounds.
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The computational study on randomly generated instances
assessed that 𝑖) on limited-size instances, the procedure is able to
identify optimal solutions in most cases, exhibiting small optimal-
ity gap otherwise; 𝑖𝑖) for larger instances, the column generation
procedure fails to converge within a time limit of one hour, high-
lighting a need for improvement in scalability; 𝑖𝑖𝑖) solving the
SCP becomes more challenging as the value of 𝑙 grows.

As perspective, we aim to improve the efficiency of the price-
and-branch by refining the implementations of the column gen-
eration and the two-phase pricing heuristic. Moreover, we plan
to strengthen the formulation [P] through the separation of
problem-specific valid inequalities, including cover and path in-
equalities, and by investigating decomposition strategies, such
as Benders decomposition. Finally, further computational experi-
ments will be conducted to broaden the analysis of the impact
of the sensing radius 𝑟 and the redundancy coefficient 𝑑 on solv-
ing SCP, as well as to extend the computational campaign to
instances derived from real-world applications.
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