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Real-Time UAV Routing Strategy for Monitoring
and Inspection for Postdisaster Restoration of
Distribution Networks
Jianfeng Fu , Alfredo Núñez , Senior Member, IEEE, and Bart De Schutter , Fellow, IEEE

Abstract—After a natural disaster, a quick inspection of
all damaged components is crucial to recover the functionality of distribution networks. Unmanned aerial vehicles
(UAVs) can perform inspection tasks, particularly for damages that are difficult to access for human repair crews.
Additionally, UAVs can monitor the transmission lines to
find potential dangers and early-stage damages, and to
monitor the road infrastructure to provide real-time information about traffic conditions so that repair crews can
select the best ways to reach damages. Besides, due to
unpredictable events during restoration, the UAV routing
strategy (UAVRS) needs to be updated in real time. Thus,
the proposed UAVRS in this article determines the optimal
routes for the UAVs allocated to inspect damages as well
as the optimal routes for the UAVs to monitor transmission
lines and roads in real time for distribution networks. To
tackle the multi-time-scale characteristic of the proposed
UAVRS, a two-layer decision-making architecture is proposed. A bilevel programming problem is solved in the first
layer for the large-time-scale problem, and a mixed-integer
linear programming problem is solved for the small-timescale problem in the second layer. A case study based
on the distribution network in Zaltbommel and its neighbor areas, in The Netherlands, illustrates the effectiveness
of our real-time method compared to the offline methods.
Furthermore, different solvers are studied and compared in
view of the real-time requirement.
Index Terms—Distribution network postdisaster restoration, monitoring and inspection coordination, real-time
routing for unpredictable events, unmanned aerial vehicles
routing strategy (UAVRS).

I. INTRODUCTION

D

ISASTERS, e.g., hurricanes, floods, and earthquakes, can
damage components of distribution networks. To reduce
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the impact of the disasters on distribution networks, a variety
of postdisaster countermeasures have been proposed in the
literature [1]–[3].
Before implementing countermeasures, a clear assessment
of types of damages, their locations, statuses, and causes can
facilitate and improve the performance of the repair crews. Thus,
postdisaster inspection should be carried out in a fast manner,
so as to significantly improve the reliability and resilience of the
power system. Unmanned aerial vehicles (UAVs) can inspect the
status of the components under unsafe and unreachable conditions, e.g., in case of blocked roads due to floods or mudslides.
In this way, the human repair crews can work more safely and
efficiently. For instance, in [4], a multi-UAV routing strategy is
proposed to start postdisaster inspection as quick as possible. A
two-stage optimization problem is formulated to first determine
the starting locations of the UAVs by minimizing setup cost and
to second determine the inspection routes by minimizing the
completion time of inspection. In [5], a fault inspection strategy
for UAVs is proposed, where the UAVs establish the information
exchange network themselves in areas with telecommunication
network coverage. Hoang et al. [6] present a strategy for surface
inspection using UAVs. The Internet of Things is utilized as
the communication network, and a particle swarm optimization
algorithm is proposed to route the UAVs. Zheng et al. [7] propose
a cooperative strategy for transmission line inspections involving
UAV schedules and human-team schedules.
Different from the inspection tasks performed by hovering
above the damages, monitoring tasks are performed by fast
passing along the transmission lines and roads as shown in the
blue trajectories (monitoring) and red trajectory (inspection) in
Fig. 1. In this article, UAVs are used for monitoring networks
after disasters with two purposes. First, because of some potential dangers and early-stage damages, the components might
still be working but with a risk of becoming damaged soon, e.g.,
leaning but still working towers. By monitoring the transmission
lines, potential dangers and early-stage damages can be found.
Additionally, fixed nonmovable sensors might have become
damaged, and usually, these are not able to cover the whole
distribution network. Thus, this article considers using UAVs
to frequently monitor the whole distribution network after the
disaster. Second, the repair crews require to know the real-time
condition of road infrastructure, so as to select the best routes
to reach damaged components during restoration. Thus, using
UAVs to monitor the road infrastructure after the disaster is also
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Fig. 1.
UAVs.

Illustration of the restoration problem and the modes of the

considered in this article to prevent repair crews from using
routes that are dangerous or not accessible.
In the literature, monitoring routing strategies have been proposed for other applications [8]–[16]. For instance, in [8]–[10],
routing strategies for monitoring of transmission lines are studied. However, these papers focus on how the UAVs can examine
the transmission lines from different locations of a particular
tower, but not on how to determine the optimal monitoring
routes for the whole network. In [11], a UAV monitoring scheme
is developed targeting energy efficiency for transmission lines.
In [12] and [13], UAV monitoring routing strategies for road
traffic are proposed. Other applications include wildlife rescue,
surveillance, and offshore wind farm monitoring [14]–[16].
In current strategies, inspection and monitoring are neither
integrated nor coordinated. Therefore, this article focuses on
an integrated and coordinated UAV routing strategy (UAVRS)
that combines the inspection routing and the monitoring routing.
Note that our proposed UAVRS only determines the routes to
damages required to be inspected; the detailed routes for how
to inspect the damages and manipulate the UAVs, e.g., how to
hover, are not considered; the total inspection times for damages
are considered instead. Furthermore, the UAVRS should be
implemented in real time. That is because during the restoration
process, some unpredictable events may happen. New damages
may emerge because of, e.g., a subsequent earthquake. Besides,
some of the components could already have been inspected by
human repair crews, which implies that they do no need to be
inspected anymore by UAVs. Furthermore, the position of a UAV
might deviate from the originally planned route because of, e.g.,
a blast of heavy wind, flying speed changes, or communication
with the UAVs being temporally disrupted during restoration.
Thus, the routes of UAVs should be adapted to these unpredictable events in real time.
To obtain the optimal routes for UAVs, there are a lot
of decision-making strategies in the literature. For instance,
branch-and-bound solvers [17], evolutionary optimization algorithms [18], [19], and metaheuristic algorithms for multiobjective programming [20] are adopted to solve the UAV routing
problems. However, these strategies cannot be applied for multitime-scale programming as they may easily become intractable
for a large problem. In order to get a computationally tractable
approach, we consider a control architecture with three layers:
layer 1 gives the results of mode allocation, inspection, and
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rough monitoring; layer 2 gives the trajectory of the detailed
monitoring; and layer 3 takes care of the manipulation of the
UAVs, e.g., flight control and trajectory tracking. However, layer
3 has been widely studied in the literature [21], [22]; therefore,
we do not consider layer 3 in detail in this article.
The contributions of this article are as follows.
1) To facilitate the restoration process and to make the
human crews work safely and efficiently, a UAVRS integrating of monitoring roads and lines and inspection of
damages is proposed for distribution networks.
2) To adapt to unpredictable events, the UAVRS is implemented in real time by adopting a receding horizon
strategy.
3) A two-layer decision-making architecture is adopted due
to inconsistency between time scales of inspection and
monitoring. The architecture proposes to use a bilevel
programming problem in the first layer to make the firstlayer problem tractable.
The rest of this article is organized as follows. Section II
describes the UAVRS problem and explains the proposed twolayer real-time UAVRS architecture. In Section III, the bilevel
programming problem of the first layer is described. Then, in
Section IV, the monitoring problem solved by the second layer is
formulated. Section V analyzes a case study based on a real-life
distribution network to evaluate the proposed UAVRS. Finally,
Section VI concludes this article.
II. PROBLEM DESCRIPTION AND TWO-LAYER UAVRS
A. Problem Description
After disasters, aggravating situations such as damages (e.g.,
insulator flashover), potential dangers (e.g. mudslides, floods
near the poles), and early-stage damages (e.g., severely tilted
but still working poles) may occur in distribution networks,
and aggravating situations such as heavily damaged roads and
congestion may occur in road traffic networks, as shown in Fig. 1.
Thus, the problem of real-time UAVRS for postdisaster restoration is to determine the UAV routes to provide more and real-time
information of the distribution network and of the road traffic
network, so as to help restore the distribution networks. Note
that this problem is dynamic. Thus, a predictive decision-making
approach with a moving prediction window is proposed to avoid
having a short-sighted real-time strategy. In such an approach,
the prediction window contains several decision steps. Optimal
decisions are obtained for one prediction horizon window, but
only the decisions determined for the first step are implemented.
At the next time step, the whole optimization over a shifted
prediction window is performed again in the next step with
updated information.
According to the categories of the events and the charging
requirements of UAVs, in this article, three UAV operation
modes are defined: monitoring mode, inspection mode, and
charging mode. Possible trajectories for these three modes are
illustrated in Fig. 1. For the monitoring mode (blue trajectories in
Fig. 1), the UAVs fly along the transmission lines and the road
infrastructure. By monitoring the distribution network, UAVs
will detect potential dangers, early-stage damages, and damages
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Difference of monitoring and inspection and obstacle concerns.

that cannot be monitored by fixed sensors. By monitoring the
road infrastructure, UAVs will update repair crews about the road
traffic conditions in order to guide the repair crews to reach the
damages. For the inspection mode (red trajectory in Fig. 1), the
UAVs visit located damages to provide more information that
facilitates the repair crews in judging the type of damage and in
selecting the required spare components and the required repair
materials. In this mode, UAVs fly from their current position to
the located damages directly and then stay a while to inspect
them carefully by hovering. In the charging mode, UAVs return
to the nearest depots before their batteries are depleted.
B. Two-Layer Architecture for Real-Time UAVRS
In the charging mode, the UAVs are recalled back to the
nearest depot (considering detours for avoiding obstacles). Then,
the UAVs in the charging mode do not need to be routed. Next,
the models for the monitoring mode and the inspection mode
are explained.
For monitoring routing, as shown in image 1 in Fig. 2, the
radius R of the monitoring footprints of UAVs is determined
by the cameras installed on the UAVs and the flying height of
the UAVs. Thus, when the type of UAVs and their equipment
are given, R is also known. Since this article focuses on route
planning, the radius of the footprints of the UAVs for monitoring
is assumed to be the same for all UAVs. According to R, the
distribution network and the road traffic network are divided
into hexagons that are inscribed hexagons1 of the footprints,
so that the movements of the UAVs can be modeled. Then, the
monitoring process can be seen as the movement from the center
of one hexagon to the center of one of the six neighbor hexagons
(six options for moving directions) to monitor the lines/roads
inside the hexagons, as shown in the flight trajectory in image 1
1 The footprint defines a circle, and we consider the hexagon inscribed in that
circle.

in Fig. 2. For concerns about small obstacles (including no-fly
areas and buildings) in monitoring, the UAVs avoid obstacles to
monitor by passing through the centers of nearby hexagons that
do not contain obstacles, as shown in image 4 in Fig. 2. Besides,
the time taken for one movement from the center of one hexagon
to the center of a neighbor hexagon is defined as the monitoring
time step (e.g., for R = 173 m and UAV speed 0.6 km/min, a
monitoring time step takes 30 s), which is the basic time unit for
monitoring.
In the inspection mode, the inspection routes are planned
based on the graph without dividing into hexagons, as shown in
image 2 in Fig. 2. The UAVs travel from their current positions
to damages directly, and they do not need to travel along the
lines/roads (seen as the straight flight trajectory in image 2 in Fig.
2). Note that our proposed real-time UAVRS only determines the
routes to damages required to be inspected; the detailed movements at the manipulation layer for inspecting the damages, e.g.,
how to hover, are not considered; the total inspection times for
damages are considered instead. For concerns about obstacles
in inspection, the UAVs make a detour on the travel to avoid the
obstacles on the way to the damages, as shown in image 5 in
Fig. 2. The flights to remote damages may take tens of minutes,
and the duration of inspections take several or tens of minutes
in practical distribution networks. Thus, the basic time unit for
inspection is several minutes, which is defined as the inspection
time step.
In general, the length of the monitoring time step (e.g., 30 s)
is not comparable to that of the inspection time step (e.g., 5 min
in Section V) in practice. Thus, the real-time UAVRS has an
inherent multi-time-scale characteristic. In order to coordinate
the time scales of monitoring and inspection problems and
to reduce the computational complexity, we use a two-layer
architecture, as described in Table I. In the first layer, the
mode allocation, the inspection routes, and the rough monitoring
routes are determined with the inspection time step as basic time
unit, where a graph is used to model the problem. For tractability,
a bilevel linear programming problem [23] is proposed to formulate the first-layer programming problem. More specifically, in
the bilevel programming problem, if the results of the top-level
problem (mode allocation results) are fixed, the inspection and
rough monitoring programming problems at the bottom level
can be separated and solved as two individual programming
problems. If we would formulate the first-layer problem in a
single-level problem, the scale of this problem will be very
large. Furthermore, the inspection programming problem and
the rough programming problem can then no longer be separated
and be solved individually. This is why a bilevel approach is
adopted. For the bilevel programming problem, the inspection
process has been explained earlier in this subsection, as is also
shown in images 2 and 5 in Fig. 2. The rough monitoring process
can be described as the UAVs traveling along the transmission
lines and roads as shown in images 3 and 6 in Fig. 2 to obtain
rewards by finishing monitoring tasks, where a monitoring task
corresponds to the monitoring of one transmission line or one
road. In the rough monitoring problem, two assumptions are
made: first, the winding parts and branches of transmission
lines and roads are approximated, by considering a sequence of
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TABLE I
PROPOSED TWO-LAYER ARCHITECTURE FOR REAL-TIME UAVRS

straight lines using some intermediate points, as shown in images
3 and 6 in Fig. 2. Second, every UAV monitors a transmission line
or a road starting from one terminal node to another without turning around until another terminal node is reached. We believe
that these two assumptions make sense, because, on one hand,
the rough monitoring does not need an exact model, as we still
have a subsequent detailed monitoring problem (see below). On
the other hand, we can let the piecewise curve approximate the
real graph of the lines and nodes arbitrarily well by considering
more straight pieces (at the cost of increased computation time).
In Section III, we will formulate the first-layer problem and
discuss how to solve it.
Then, in the second layer, a more detailed monitoring problem
with the monitoring time step as basic time unit and a hexagonal
grid is proposed to determine the detailed monitoring routes.
The detailed monitoring problem takes care of feasibility by
tracking the rough monitoring routes as closely as possible
given the exact layout of the distribution network, including
obstacles. The detailed monitoring process is explained earlier
in this subsection, as shown in images 1 and 4 in Fig. 2. In
Section IV, we will formulate the second-layer problem.
III. BILEVEL PROGRAMMING PROBLEM FORMULATION
A. Objective Function
Considering that the inspection processes may take a longer
period than one inspection time step, it is assumed that the
UAVs in inspecting tasks cannot be interrupted, except when
their energy levels are below their thresholds. In addition, in one
inspection time step, only one mode can be allocated for each
UAV. The mode allocation problem is formulated as follows:
min min(RI (δ, y1 ) + γRM (δ, y2 ))
δ

y1 ,y2

s.t.



δn,m = 1 ∀n ∈ N

(1)
(2)

y1 ∈ Φ1 (δ), y2 ∈ Φ2 (δ)

B. Rough Monitoring Routing Problem
In this section, a stochastic rough monitoring routing problem
is formulated. The load profiles and the monitoring times of
the transmission lines and roads are considered as stochastic
parameters with a scenario-based approach. The set of scenarios
S is defined by the stochastic distribution of the loads obtained
by the autoregressive moving average approach [24] and the distribution of the monitoring times obtained by discrete Gaussian
distributions [25].
Then, the rough monitoring routing problem can be formulated by maximizing the rewards obtained in one prediction
horizon. The rewards for monitoring a transmission line or a
road can be calculated according to their importance. The reward
ri,j,s of monitoring from node i to j at the current inspection
time step of scenario s is calculated by
T
R
+ ri,j
∀i ∈ I, ∀j ∈ IiN , ∀s ∈ S
ri,j,s = ri,j,s

(5)

where I is the set of nodes, IiN is the set of neighbor nodes
T
connected to node i via transmission lines or roads, and ri,j,s
R
and ri,j are the rewards of monitoring the transmission line and
the road between nodes i and j, respectively. If there is no transmission line or no roads between nodes i and j, correspondingly
T
R
T
R
= 0 or ri,j
= 0. Otherwise, ri,j,s
and ri,j
can be calculated
ri,j,s
by
T
T T
T
T−
= ζi,j
ri,j,min + (1 − ζi,j
) ri,j,s
ePi,j,s
cri,j,s

m∈M

δn,3 En ≤ Eset,n , (1 − δn,3 )Eset,n ≤ En ∀n ∈ N

2, and 3, respectively), y1 and y2 are the vectors of variables
of monitoring and inspection, respectively, that will be defined
in Sections III-B and III-C. Constraint (2) indicates that one
UAV can only be allocated to one mode. Constraint (3) forces
that when En , the energy of UAV n, is lower than the threshold
value Eset,n , UAV n should be allocated to the charging mode
(m = 3). In (4), Φ1 (δ) and Φ2 (δ) define the feasibility sets
of variable vectors y1 and y2 in the monitoring mode routing
problem and the inspection mode routing problem, respectively.

(3)
(4)

where δn,m equals 1 if UAV n is allocated to mode m, γ ≥ 0
is a weight coefficient indicating the relative importance of
monitoring with respect to inspection, RI (·) and RM (·) are
the extra cost of inspection and the total monitoring reward
respectively (see below for detail), N represents the set of
UAVs, M = {1, 2, 3} is the set of modes (the monitoring mode,
inspection mode, and charging mode corresponding to modes 1,

R
R R
R
R− Qi,j
ri,j
= ζi,j
ri,j,min + (1 − ζi,j
) ri,j
e

∀i ∈ I, ∀j ∈ IiN ∀s ∈ S
(6)
T
R
or ζi,j
equals 1 if the transmission line or the road from
where ζi,j
terminal i to j has been monitored at the previous inspection
T
R
and ri,j,min
are the
time step, else it equals 0. In (6), ri,j,min
minimum rewards for the transmission line and road between
T−
is the reward of monitoring the transmission
nodes i and j, ri,j,s
line between nodes i and j at the previous inspection time step
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R−
for scenario s, ri,j
is the rewards of monitoring the road between
nodes i and j at the previous inspection time step, Pi,j,s is the
downstream power load of the transmission line from node i to
j at the current inspection time step of scenario s, and Qi,j is the
importance of road from node i to j at the current inspection time
step, which is determined by whether the repair crews intend
to pass by this road to reach the damages or not. The repair
crews can propose one or several preferred routes to reach a
given damage before they depart. Then, UAVs can monitor their
preferred routes with a priority so that the real-time situation
of the roads can be provided to the repair crews. The objective
function of the rough monitoring routing problem is defined as



δn,1 zi,j ri,j,s
(7)
RM (·) = −ES
i∈I j∈I

where ES represents the expectation over all the scenarios in set
S, and the binary variable zi,j indicates if the set of UAVs have
monitored from node i to j at the current time step


M
1, if
n∈N δn,1 Δn,i,j ≥ 1
zi,j =
∀i ∈ I, ∀j ∈ I (8)
0, otherwise
where ΔM
n,i,j is the variable indicating whether UAV n travels
from node i to j or not.
When UAV n is allocated to the rough monitoring mode
(i.e., δn,1 = 1), it starts from its starting point, while if it is not
allocated, there is no constraint for the starting point of UAV n.
So,

ΔM
(δn,1 − 1) Mbig ≤
n,n ,i−1 ≤ (1 − δn,1 ) Mbig ∀n ∈ N
i∈I

(9)
where n is the starting point of UAV n and Mbig is an extremely
large positive constant. The UAVs allocated to the rough monitoring mode are not supposed to remain stationary at one node
i
(δn,1−1) Mbig ≤ ΔM
n,i,i ≤ (1 − δn,1 ) Mbig ∀n ∈ N , ∀i ∈ I.
(10)
The time constraints for UAVs are
(1

M
M
M
(δn,1 ΔM
n,i,j − 1) Mbig ≤ Tn,j,s − Tn,i,s − τi,j,s ≤
M

− δn,1 Δn,i,j ) Mbig ∀n ∈ N , ∀i ∈ I, ∀j ∈ I, ∀s ∈

j∈I 

M
≤ TD ∀n ∈ N , i ∈ I, ∀s ∈ S.
0 ≤ Tn,i,s

(13)

Then, the feasibility set can be defined by constraints (5)–(13), and the optimization vector is y1 =
M
T
[ΔM
n,i,j , Tn,j,s ]n∈N ,i∈I, j∈I,s∈S .
C. Inspection Routing Problem
In this subsection, a stochastic inspection routing problem
is formulated. The inspection time, the traveling time, and the
load loss cost are stochastic variables included in the problem via
scenarios. When formulating the inspection routing problem, a
target time for each inspection is considered. If the earliest UAV
reaches one component later than the target time for inspection,
an extra cost of inspection will be added to penalize this delay. In
this article, the extra cost of inspection is defined to be equal to
the load loss costs from the target time to the earliest arrival
time of UAVs. If the UAVs do not reach the component in
one prediction horizon, the extra cost of inspection equals the
load loss costs from the target time to the end of the prediction
horizon. Furthermore, at the next inspection time step, the target
time for components not yet reached in the previous inspection
time step will be a negative value to capture that their inspection
is delayed from the previous inspection time step(s). In addition,
the absolute value of this negative value equals the time between
the starting time of the current inspection time step and the target
time of this component.
Furthermore, the space-varying characteristics of the load loss
costs should be considered, such that damages in different locations will lead to different load loss costs, e.g., some damages
can lead to large outages while others only influence small loads.
Then, the extra cost of inspection is


 

I
δn,2
(ΔIn,p,q · max{(Tn,q,s
RI (·) = ES 
−

q∈P n∈N
p∈Pn

 I
wq ) · Cq,s , 0}) + max{(1 −
Δn,p,q ), 0} · TD · Cq,s

p∈Pn

(14)
S
(11)

M
where I  = I ∪ {n }, Tn,i,s
is the time instant at which UAV n
M
is the travel time from node
reaches node i in scenario s, and τi,j,s
i to j for scenario s. Note that the travel time should consider
the detouring time for obstacles. Furthermore, if nodes i and
M
is an
j are not connected and i is not the starting point, τi,j,s
extremely large positive value for all the scenarios. For i = n ,
τMn ,j,s equals the travel time from the starting point to node j
M
for scenario s. For the starting point n of UAV n, Tn,
= 0.
n ,s
When UAV n departs from node i, it must have arrived at node
i


δn,1 ΔM
δn,1 ΔM
(12)
n,i,j ≤
n,j,i ∀n ∈ N , ∀i ∈ I.
j∈I

The monitoring process for all UAVs cannot exceed the prediction horizon

where P is the set of components that have to be inspected,
Pn = P ∪ {n }, and S  is the set of scenarios in inspection
routing problem. At the beginning of each inspection time step,
some UAVs have finished monitoring or inspection, or are flying
through the distribution network or road infrastructure, or are
in the depots charging their batteries, so the starting points of
UAVs will be different. In (14), the extra costs of inspections is
separated into two terms. The first term is the total inspection
I
cost. If time instant of scenario s , Tn,q,s
 , at which UAV n
finishes inspecting component q, is later than the target time
wq , there will be an additional cost of inspection. If not, the
extra cost of inspection will be zero. The second term is the total
noninspection cost when components were not inspected in one
prediction horizon. In (14), the load loss cost for the damaged
component q of scenario s is Cq,s per unit time; ΔIn,p,q is the
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variable indicating whether UAV n travels from the damaged
component or the starting point p to the damaged component q.
When UAV n is allocated to the inspection mode (δn,2 = 1),
it starts from its starting point, while if not allocated, there is no
constraint for the starting point of UAV n, such that
(δn,2 − 1) Mbig

≤
ΔIn,n ,q − 1 ≤ (1 − δn,2 ) Mbig ∀n ∈ N .

(15)

q∈P

The UAVs allocated to the inspection mode are not supposed
to remain stationary at one location p
(δn,2 − 1)
Mbig ≤ ΔIn,p,p ≤ (1 − δn,2 ) Mbig ∀n ∈ N , ∀p ∈ P. (16)
To simplify the expression of the following constraints, intermediate variables are introduced:
xn,p,q = δn,2 ΔIn,p,q ∀n ∈ N , ∀p, q ∈ Pn .

(17)

The time constraints for UAVs are
I
I
I
(xn,p,q − 1) Mbig ≤ Tn,q,s
 − Tn,p,s − τp,q,s − σq,s ≤
(1 − xn,p,q ) Mbig ∀n ∈ N , ∀p ∈ Pn , ∀q ∈ P, ∀s ∈ S 
(18)
I
where τp,q,s
 and σq,s are the travel time from component p
to q and the inspection time for component q of scenario s ,
respectively. Notice that the travel time should consider the
detouring time for obstacles. Besides, for the starting point n of
I


UAV n, Tn,
 = 0 and σn ,s = 0 are defined for all s ∈ S .
n ,s
Each component can only be reached once, and the UAVs can
only depart once from each component
 

xn,p,q ≤ 1, ∀q ∈ P,
xn,p,q ≤ 1, ∀p ∈ P.

n∈N p∈Pn

n∈N q∈P

(19)
When UAV n departs from component p, it must have arrived
at component p


xn,p,q ≤
xn,q,p ∀n ∈ N , ∀p ∈ P.
(20)
q∈P


q∈Pn

The beginning time of inspections for all the UAVs cannot
exceed the prediction horizon
I
∀n ∈ N , p ∈ Pn , ∀s ∈ S  .
0 ≤ Tn,p,s
 ≤ TD

(21)

Then, the feasibility set can be defined by constraints (14)–(21), and the optimization vector is y2 =
I
T
[ΔIn,p,q , Tn,p,s
 ]n∈N ,p∈P  ,q∈P,s ∈S  .
n
D. Solution Approach
To reduce the computational burden and to avoid conservative
solutions, a chance-constrained method is used to transform
the stochastic constraints into deterministic constraints [26].
Then, the mixed-integer linear bilevel programming problem
can be solved by a branch-and-bound computing structure [23].
This branch-and-bound computing structure solves the bilevel
programming problem by generating the feasible subsets of
the solution set in the top-level problem. Then, it solves the
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bottom-level problem by substituting these feasible subsets into
the bottom-level problem. After that, the solutions of the bottomlevel problems associated with the subsets will be obtained and
compared to find the optimal solution of the top-level problem
via the branch-and-bound algorithm.
Four kinds of bilevel solvers are studied and compared
in this article, including MATLAB+CPLEX solver, MATLAB+Intlinprog solver,2 MATLAB+GA (genetic algorithm)
solver, and MATLAB+Greedy (greedy algorithm) solver. All
these solvers use a branch-and-bound computing structure that
can be implemented in MATLAB at the top level of the bilevel
programming problem, while the difference of these solvers
lies in the solvers for the bottom-level mixed-integer linear
programming (MILP) problem. CPLEX and Intlinprog bottomlevel solvers can be implemented by the functions “cplexmilp”
and “intlinprog,” respectively. Here, we explain the mechanism
of the GA and Greedy algorithms applied in this article.
The GA algorithm has been implemented in MATLAB M files
for convenience. Furthermore, as can be seen in Sections III-B
and III-C, when the mode allocation results are fixed by the
top-level branch-and-bound solver, the inspection and the rough
monitoring problems are two individual problems. Then, the
inspection programming problem and the rough monitoring programming problem at the bottom level can be solved separately
by using the mechanism for the multiple traveling salesman
problem presented in [27]. In detail, the inspection problem is
to route UAVs from their starting points to the locations of the
damages, and the rough monitoring problem is to route UAVs
from nodes to the locations of the damages. Thus, they are both
essentially multiple traveling salesman problems.
For the greedy algorithm, the strategy for inspection is as
follows: for each inspection time step, first, we select the damage
that is most urgently required to be inspected, but has not yet
been inspected. Then, we select the nearest UAV to inspect that
damage. Then, we repeat this process until all UAVs are allocated
or all damages are allocated to be inspected. Furthermore, the
strategy for rough monitoring is: for each inspection time step,
we select the line/road with the highest monitoring reward and
select the nearest UAV to monitor it. Then, we repeat this process
until all UAVs are allocated or all lines/roads are allocated to be
monitored.
IV. DETAILED MONITORING PROBLEM
After mode allocation and determining the inspection routes
and the rough monitoring routes, the detailed monitoring routing
problem is formulated and solved. At each monitoring time step,
the positions of the UAVs are updated as


cos(θn (φ))
χn (φ + 1) = χn (φ) + l ·
∀n ∈ N , ∀φ ∈ Φ
sin(θn (φ))
(22)
where χn (φ) is the geographical position of UAV n at monitoring time step φ, and χn (0) is the initial position of UAV
n. The variable θn (φ) represents the moving direction of
2 Because CPLEX is implemented in object code, whereas GA and the greedy
algorithm implemented in MATLAB, to have a fair comparison with the MILP
solvers, we also use the MILP solver implemented in MATLAB, i.e., Intlinprog.
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UAV n at monitoring time step φ, where θn (φ) ∈ Θ = {
π π 5π 7π 3π 11π

6 , 2 , 6 , 6 , 2 , 6 }, Φ is the set of monitoring time steps in
the one prediction horizon but excluding the last monitoring time
step, and N  is the set of UAVs that are working in monitoring
mode. To use the UAVs more efficiently in one inspection time
step, once UAVs finish their charging and inspection tasks, at
the remaining monitoring time steps of the current inspection
time step, they can be put into the set N  and used to perform
monitoring tasks until the beginning of the next inspection
time step. For example, consider that there are five monitoring
time steps in one inspection time step. When a UAV finishes
inspection or charging at the third monitoring time step, then
for the remaining two monitoring time steps, this UAV will be
allocated to monitoring tasks by solving the detailed monitoring
routing problem.
Considering that one inspection time step includes multiple
monitoring time steps, solving a programming problem for one
inspection time step is time consuming. Thus, a predictive solver
using receding horizons is applied to reduce the computation
burden. The objective function of the detailed monitoring problem is defined as
⎛
⎞

M
ηc (φ)rc,s
(φ)⎠
(23)
max ES ⎝
θn (φ)

φ∈Φ c∈C

where ηc (φ) equals 1 if hexagon c is monitored at monitoring
M
(φ) is the reward for monitoring hexagon c in
time step φ, rc,s
monitoring time step φ for scenario s, Φ is the set of monitoring
time steps in one prediction horizon of the detailed monitoring
problem, and C is the set of hexagons in the whole distribution
and traffic network. The objective of the detailed monitoring
problem is to monitor the lines and roads to maximize the total
reward. The rewards are modeled in the detailed monitoring
problem considering two factors. First, when the transmission
lines or roads have been monitored recently by UAVs, the condition, e.g., potential failure and traffic jam, of these transmission
lines or roads is less uncertain. Second, the longer the time
since the transmission lines or roads have been monitored, their
M
(φ) for
conditions are more uncertain. Thus, the reward rc,s
monitoring hexagon c in monitoring time step φ can be defined
as
 

M

(φ) =
ri,j,s (φ) +
ri,j
(φ)
rc,s
(i,j)∈Tc
(i,j)∈Rc
(24)
∀φ ∈ Φ, ∀c ∈ C, ∀s ∈ S
where (i, j) represents the transmission line or road between
nodes i and j, Tc and Rc are the sets of transmission lines

(φ) and
and roads included in hexagon c, respectively. For ri,j,s

ri,j (φ):

T
T
cri,j,s
(φ) = ηc (φ) · ri,j,min
+ (1 − ηc (φ)) · ri,j,s

(i, j) ∈ Tc ∀φ ∈ Φ, ∀c ∈ C, ∀s ∈ S

(φ)
ri,j

R
R
= ηc (φ) · ri,j,min
+ (1 − ηc (φ)) · ri,j

(i, j) ∈ Rc ∀φ ∈ Φ, ∀c ∈ C, ∀s ∈ S.

(25)

T
R
and ri,j
vary at each inspection time step but
Note that ri,j,s
not at each monitoring time step, because the loads and the
roads preferred by the repair crews are assumed to not change
drastically within tens of seconds (one monitoring time step).
Then, ηc (φ) can be obtained by

0, if χn (φ) = χc
ηc (φ) =
∀n ∈ N , ∀φ ∈ Φ, ∀c ∈ C
1, otherwise
(26)

where χc represents the geographical position of the center of
hexagon c.
The detailed monitoring problem can be solved by first transforming the nonlinear constraints into mixed-integer form and
then using the branch-and-bound method.
V. CASE STUDY
A. General Settings of the Case Study
A real-life distribution network and traffic network in the
urban and rural area of Zaltbommel and its neighbors, The
Netherlands, is considered, as shown in Fig. 3. In this case study,
obstacles and a heterogeneous UAV team with multirotor UAVs
and fixed-wing UAVs are considered. There are six multirotor
UAVs (UAVs 1, 3, 4, 5, 7, and 8) that can be applied for inspection
and monitoring and two fixed-wing UAVs (UAVs 2 and 6) that
can only be used for monitoring.
During the restoration process, some unpredictable events
will also be considered in this case study, including changes of
damages (i.e., newly emerged damages and damages inspected
by repair crews) and the unpredictable position shifting of the
UAVs. We will show that the proposed real-time UAVRS can
handle these unpredictable events in time by comparing its performance to the offline methods, which do not handle these unpredictable events in time. The offline method used for changes
of damages determines the UAVRS plans before implementing
the inspection and monitoring tasks and does not change them
during implementation. This offline method is characterized by
two aspects. First, when a new damage emerges, the offline
method allocates UAVs to inspect the newly emerged damage
after the offline inspection tasks are all accomplished. Second,
when a damage is inspected by human repair crews, the offline
method still allocates UAVs to inspect that damage but when
the UAVs reach that damage (and find that the damage has been
inspected by human repair crews), the UAVs move to another
inspection task immediately, while the offline method used for
position shifting considers that when a position shifting occurs,
the UAV first moves back to its original route and then follows
the original route.
In addition, the algorithms mentioned in Section III-D will be
compared w.r.t. the optimality and the solving speed.
In this case study, the flying speed of all the UAVs is
0.3 km/min, each inspection time step takes 5 min, and the
prediction horizon is 15 min (TD = 15). In the detailed monitoring problem, the distance between the center of a hexagon and
that of its neighbor hexagon is 300 m. Moreover, there are five
monitoring time steps in one inspection time step. Furthermore,
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Fig. 3. Maps for the case study. (a) Map for Zaltbommel (Source:
Google map). (b) Map for rough monitoring. (c) Map for detailed monitoring.

the prediction horizon of the detailed monitoring is 4 (|Φ| = 4).
At the beginning, UAVs 1 and 2 are in Depot 1, UAVs 3–6 are in
Depot 2, and UAVs 7 and 8 are in Depot 3. The charging times
T
= 1,
for UAVs are 15 min. The coefficients are γ = 0.5, ri,j,min
R
N
and ri,j,min = 1 (∀i ∈ I, ∀j ∈ Ii ).
B. Settings and Results for Changes of Damages
The following unpredictable events are considered in the case
of changes of damages: At t = 20 min, Damages 26–30 newly
emerge. At t = 25 min, t = 30 min, and t = 40 min, Damages
3 and 22, Damages 11–13, and Damage 24 have been inspected
by the human repair crews, respectively. During inspection time
steps 1–5, the preferred paths of the repair crew are 3-14, 3947, 29-34, and 8-29-26, while during inspection time steps 6–9,
the preferred paths are 3-14, 36-39-38, and 34-40, as shown in
Fig. 3(c). All these optimal routes in Fig. 4 are obtained by the
branch-and-bound bilevel solver (MATLAB+CPLEX).
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Fig. 4. Routes for changes of damages. (a) Simulation results for steps
1–5. (b) Simulation results of the real-time UAVRS for steps 6–9. (c)
Simulation results of the offline UAVRS for steps 6–9.

Since there are no changes of damages at the first five inspection time steps, the routes for the proposed and the offline method
are the same at inspection time steps 1–5 [see Fig. 4(a)]. For
inspection time steps 6–9, the routes obtained with the proposed
method are shown in Fig. 4(b), while the routes of the offline
method used for changes of damages are shown in Fig. 4(c).
In Fig. 4(a), UAV 1 is allocated to inspect Damages 18 and 20
and reaches them at t = 3.54 min and t = 17.85 min. UAV 2 is
allocated to monitor paths 45-47-39-36 and then to the charging
mode. UAV 3 is allocated to inspect Damages 4 and 2 and reaches
them at 9.72 and 17.1 min. UAV 4 is allocated to Damages 8 and
17 and reaches them at t = 4.12 min and t = 18.77 min. UAV 5
is allocated to Damages 7 and 6 and reaches them at t = 8.72 min
and t = 17.18 min. UAV 6 is allocated to monitor paths 34-3230-29-31-27 and then to the charging mode. UAV 7 is allocated
to inspect Damages 14 and 15 and reaches them at t = 5.88 min
and t = 19.88 min. UAV 8 is allocated to inspect Damages 1
and 5 and reaches them at t = 4.32 min and t = 17.18 min.
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Then, in Fig. 4(b), UAV 1 is allocated to Damages 19, 25,
23, and 30 and reaches them at t = 25.9 min, t = 30.64 min,
t = 37.68 min, and t = 44.6 min, respectively. UAV 2 is fully
charged at t = 31.5 min and then start monitoring paths 34-3638-15. UAV 3 is allocated to inspect Damage 9 and reaches it
at t = 31.34 min and then monitor paths 30-32 and 38-13. UAV
4 is allocated to Damages 16 and 29 and reaches them at t =
31.36 min and t = 42.98 min. UAV 5 is allocated to Damages 10
and reaches it at t = 32.27 min and then to monitor paths 34-40
and 39-38. UAV 6 is fully charged at t = 35.5 min and start to
monitor paths 34-35 and 34-40. UAV 7 is allocated to Damage 21
and reaches it at t = 33.22 and then to the charging mode. UAV
8 is allocated to Damages 27, 28, and 26 and reaches them at
t = 26.16 min, t = 31.28 min, and t = 37.44 min, respectively.
The whole restoration process is accomplished in nine inspection
time steps for the proposed real-time method.
For the offline method [see Fig. 4(c)], UAV 1 reaches Damages 19, 25, 23, and 30 at t = 25.9 min, t = 30.64 min, t =
37.68 min, and t = 45.89 min, respectively. UAV 2 travels the
same routes with those of Fig. 4(b). UAV 3 reaches Damages
9 and 27 at t = 31.44 min and t = 47.1 min, respectively.
UAV 4 reaches Damages 16 and 29 at t = 31.36 min and
t = 44.92 min, respectively. UAV 5 reaches Damages 10 and
28 at t = 34.55 min and t = 49.5 min, respectively. UAV 6
travels the same routes with those of Fig. 4(b). UAV 7 reaches
Damage 21 at t = 33.22 min. UAV 8 reaches Damage 26 at
t = 51.7 min. The whole restoration process is not accomplished
in nine inspection time steps (actually 11 inspection time steps)
for the offline method.
The total inspection cost for the real-time method is 3.88
for the whole process, while the inspection cost for the offline
method is 146.07. Thus, to handle the newly emerged damages
and adapt to the inspected damages by the human repair crews
in time are very important in UAVRS for restoration. The monitoring rewards for the whole process are 378.41 and 313.31 for
the real-time method and the offline method, respectively. The
objective function value of the whole UAVs routing process for
the real-time UAVRS is smaller than that of the offline UAVRS.3
C. Settings and Results of Position Shifting
In this subsection, unpredictable position shifting on the way
to inspect and when monitoring is considered. The proposed
real-time UAVRS is compared with the offline method used for
position shifting, as described in Section V-A. The simulation
results are shown in Fig. 5.
In Fig. 5(a), the designed route for a period of 4 min is shown.
However, at t = 2 min, the UAV is shifted to a position out of
the designed route. The offline method searches the way back
to the trace, while the detailed monitoring routing strategy in
the proposed real-time UAVRS architecture determines a better
route at t = 2 min. By implementing the proposed method, the
UAV monitors one more hexagon than the offline method.

3 To assess whether the proposed approach also perform well for other setups,
ten additional cases have been studied in the supplement [28], where a similar
conclusion is obtained.

Fig. 5. Routes for position shifting. (a) Position shifting when monitoring. (b) Position shifting on the way to inspect.

In Fig. 5(b), when the UAV reaches the blue node, the designed
route is determined for the next inspection time step. However,
because of position shifting, the UAV reaches the position indicated by red dashed arrow, not the blue node. The offline method
searches the way back to the offline routes. On the contrary,
the proposed real-time UAVRS architecture adjusts to the new
position and determines a new direct route. In this case, the
damage can be inspected earlier than with the offline method.
D. Comparison of Algorithms and Satisfaction of
Real-Time Requirements
Since for the detailed monitoring problem at the second layer,
the solutions can be obtained in several seconds, which is much
shorter than one monitoring time step, the real-time requirement
is satisfied easily for each time step. This subsection mainly
discusses and compares the algorithms mentioned in Section IIID for the first-layer bilevel programming problem.
The scales of the bilevel programming problem for each
inspection time step are listed in Table II. The available UAVs
represent the UAVs that are not inspecting or charging. The CPU
times and objective function values are shown in Fig. 6. In Fig.
6, for inspection time steps 3 and 5, there is no UAV available,
and consequently, there is no bilevel programming problem to
be solved at these two inspection time steps. Note that the CPU
times and objective function values of the GA are obtained by the
average value over ten runs. Furthermore, the maximum number
of generations to obtain results in one inspection time step is 800,
and the number of chromosomes is 601.
From the simulation results, it can be seen that, although
the MATLAB+CPLEX and the MATLAB+Intlinprog solvers
can obtain the optimal solution, the computation time may be
larger than one inspection time step if the programming problem
involves more than 25 damages and eight available UAVs, while
the MATLAB+CPLEX and the MATLAB+Intlinprog solvers
can only handle cases with up to 19 damages and six available
UAVs. For the MATLAB+GA solver, the computing times can
be kept smaller than one inspection time step, and the gaps
between the MATLAB+GA solutions and the optimal solution
are less than 11% for large-scale problems (Steps 1, 2, 8, and
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TABLE II
SCALES OF THE PROGRAMMING PROBLEM FOR EACH INSPECTION TIME STEP

REFERENCES

Fig. 6. Performance comparison of the solvers. (a) CPU times for the
solvers. (b) Objective values of the solvers.

9), with no gaps at all for small scale problems (Steps 6 and 7).
For the MATLAB+Greedy solver, the computation time is quite
low, but the optimality fluctuates heavily for different inspection
time steps. Therefore, the MATLAB+GA solver is more suitable
to solve the bilevel programming problem in the first layer of
our proposed real-time UAVRS.
VI. CONCLUSION
This article proposed a real-time UAVRS that can facilitate
the fast restoration of distribution networks after disasters. By
using UAVs, the road traffic conditions will not influence the
inspection and monitoring operations, and the level of safety
and efficiency of the human repair crews after the disaster will
increase. Then, the distribution network operators will obtain
updated statuses of the components of the distribution network
and of the road infrastructure condition, which benefits the operators and repair crews to take resilience enhancement measures
in time and also guides the way for repair crews to reach the
damages considering that some roads might be blocked due
to the disasters. In addition, the proposed real-time UAVRS
can also adapt to unpredictable events, e.g., newly emerged
damages, damages already inspected by human repair crews, and
position shift of UAVs. Further research will consider a really
larger network, and the multilevel methods will be developed
for large-scale instances of the UAVRS problem.
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