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Abstract. This research focuses on the problem of reducing the uncer-
tainty rate of an environment in the context of surveillance. A human
operator designates a set of locations to be checked by a team of
autonomous quadcopters. The goal of this work is to minimize the uncer-
tainty rate of the environment while penalizing solutions whose the total
travelled distance is large. To cope with this issue, the A* algorithm is
employed to plan the shortest path between each pair of points. Then, a
simulated annealing algorithm is used to allocate tasks among the team
of drones. This paper discusses three different objective functions to solve
the problem whose cost-efficient and feasible solutions can be obtained
after a few minutes. The presented work also deals with optimization
of the simulated algorithms parameters by using Bayesian optimization.
It is currently the state-of-the-art approach for the problem of hyper-
parameters search, for expensive to evaluate functions, since it allows
to save computation time by modeling the cost function. The Bayesian
optimizer returns the best parameters within one day, while the use of
grid search methods required weeks of computations.

Keywords: Surveillance · Path planning · Task allocation · A* algo-
rithm · Simulated annealing algorithm · Bayesian optimization

1 Introduction

Conventional surveillance systems use fixed-position cameras. Although they
have a pan-and-tilt feature in order to record large-plan videos or even 360-
degree-view videos, they still suffer from their “fixed geographical position” char-
acteristic. Thus, it is difficult to track a particular object or to record information
about blind spots.

Recently, drones have become more and more popular and this trend is still
continuing. It exists a large range of different drones, including ones with embed-
ded tools for video recording. Such a system could be used as a moving surveil-
lance camera. In this context, using a drone instead of, or coupled with, usual
systems could improve the security level. Drones can perform better object track-
ing since they can follow the object of interest and they can also fly around this
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object in order to record various views of it. In addition, because of their flying
capacity, they can record information on the ground as well as at heights and as
they are small they can also record information in narrow locations as well as
indoor areas.

Most of the drones have a feature allowing the user to design a flight path.
In the case of this research, a human supervisor selects a set of locations that
should be visually checked by a team of autonomous drones. These points are
called check points. Each of them is associated with a real value that increases as
the time elapses after the last visit increases. This value is used as the uncertainty
rate of the corresponding point which represents how confident we are that the
information about the point is up to date.

The problem of finding a permutation that minimizes the energy consump-
tion of drones as well as the travelled distance have been largely tackled in the
literature, often by suggesting to use complex solvers like memetic algorithms
[1–3]. This work proposes a path planning method using a simple simulated
annealing algorithm to minimize the average of the check points.

A large grid, presented in Sect. 3, is used as a discrete representation of the
environment and the path between every possible pair of points is computed
by the application of the A* algorithm. A centralized task allocation system
using a simulated annealing algorithm searches for the optimal permutation of
the check points according to their uncertainty rate. Section 4 discusses three
solvers with different objective functions. One is for the case of minimization of
the travelled distance, another for the case of minimization of the uncertainty
rate and the last solver mixes the two functions. In Sect. 5, we describe the
solver’s hyper-parameter optimization process by using Bayesian optimization.
Such a method is becoming more and more popular to deal with hyper-parameter
optimization issues and saved us a large amount of time compared to the use
of a grid search method. Section 6 presents the different experiments conducted
during this research.

2 Related Work

The problem of optimal path planning for a team of autonomous drones has been
largely tackled in the literature by various approaches. A common approach is
employing generally mixed linear integer programming as in Richards et al. [4,5].
While this kind of methods provides an optimal solution, the computation time
is often unfeasibly long. Other work have proposed to solve the problem of path
planning with a reasonable computation time by computing an approximation
of the optimal solution as in [6].

Recent works have suggested to focus on the allocation of points to visit,
considering the path to join each point is already known. Then, the problem of
interest is similar to the well-known Travelling Salesman Problem (TSP). Since
this class of problem is NP-complete, there is no known method that can provide
the optimal solution in a polynomial time. Therefore, most of the suggested works
solve the problem by using meta-heuristic algorithms as the ant colony algorithm
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in Jevtic et al. [7], and the more recent firefly algorithm as in Osaba et al. [8,9].
A large number of works rather propose to use memetic algorithms as in [1–3].

The method proposed in this paper is similar to the work of Liu et al. [2]
and Jose et al. [3] except that the desired solution is not the one that minimizes
the traveled distance by the teams of robots, but minimizes the uncertainty
rate of the check points. However, the method also focuses on the reduction of
the travelled distance. Furthermore, memetic algorithms are relatively complex
because they require to develop several methods such as solutions’ reproduction,
mutation, crossover and local optimization. This work rather suggests to use
a modest simulated annealing algorithm which allows to find nearly optimal
solutions.

3 Representation of the Environment

This research aims to plan paths for a team of autonomous drones that monitor
the Osaka Prefecture University campus for surveillance. The campus location
can be found at (34.545412, 135.506348) in the latitude/longitude system. It is
about a 858× 624 m2 area and contains different buildings of different sizes and
heights, trees, a pond, a farming area, stables, a large sports ground, etc. Since
some of these elements, as buildings and trees, could represent a danger for the
drones, they are considered as non-admissible areas, in contrast with clear zones
which are considered as admissible areas.

The environment of interest is shown in Fig. 1. In this figure, the environ-
ment is delimited by a large rectangle containing smaller rectangles and triangles
representing the non-admissible areas. The black circle represents the starting
point of the drones and the grey circles are the check points. It is important to

Fig. 1. Map of the environment of interest
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note that the map used in this research is not up-to-date and some buildings are
missing. We are considering to use a more recent map for future works.

The environment is represented by using a grid of 1716× 1248 cells. Thus, one
cell represents a 50 × 50 cm2 area of the environment. The admissible and non-
admissible areas are shown in Fig. 2. The black cells represent non-admissible
areas and the white areas admissible ones. For simplification only the buildings
and the pond are considered as non-admissible areas. Also the black triangles in
the top-right and bottom-left corners as well as the rectangle in the bottom-right
corner are not buildings, but only delimitation of the map which considers the
boundary of the campus.

Fig. 2. Discretized representation of the environment with the 32 check points

Once the map has been represented in the above way the path planning mod-
ule is used to find the shortest path, or at least a short path, between all possible
pairs of the check points by applying the A* algorithm. In addition, the path
between each check point and the starting point of the drones is also computed.
For the implementation of the A* algorithm, the Python library developed by
Careaga [10] was used in the computational experiments of this research.

4 Solvers

Once all the paths linking the points designated by the supervisor, as well as the
start point, are determined as described in Sect. 3, the task allocation module is
called to compute the order in which the points will be visited. The search space
can be seen as a graph where the vertices are the locations to visit and the edges
are the paths computed by the A* algorithm. Then, the goal is to find the path
passing through every vertex, which minimizes the average uncertainty rate as
well as travelled distance.
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Each check point is associated to a real number u. This value is used to
represent the uncertainty about the situation at this particular location in the
environment. This uncertainty rate increases according to the elapsed time after
the last visit by any drone to this particular point as defined in Acevedo et al. [11].
At the very first time, the uncertainty rate of every check point is initialized to 1,
which is equivalent to consider that the situation at these points is unknown. The
value of a point i falls directly to 0 when a drone arrives at the point’s location
and checks the situation. Then, the uncertainty rate will gradually grow up to 1
as the elapsed time increases. This process is mathematically expressed as in (1):

ui(t) = 1 − e−ηt, (1)

where t is the elapsed time after the last visit and η is a decay constant. As
depicted in Fig. 3, this function defines an inverted exponential growth of the
uncertainty rate. In other words, an event is unlikely to occur right after the
situation has been checked, but the environment state can rapidly change after
a few minutes. In this work, the uncertainty rate is considered to return to its
original state (i.e., 1.0) after one hour since the last visit. In this case, η =
0.001279214.

The task allocation module’s role is to find the permutation which minimizes
the estimated average uncertainty rate of the check points at the end of the mis-
sion. To do so, we describe three objective functions in the following subsections.
The optimization problem with the three objective functions is solved by using
a simulated annealing algorithm where the neighbor solutions are obtained by
swapping two check points in the permutation. For the implementation of the
algorithm, the Python Simanneal library [12] was used.

Fig. 3. Uncertainty rate’s evolution over one hour
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In the following, we search for an approximation of the optimal solution
using the check points located as depicted in Fig. 2. In this paper, two drones
are involved that monitor the situation of the environment at the 32 check points,
starting from the star symbol located in (528,999).

In this paper, the drones are assumed to fly at a constant speed of 1 m/s and
their battery is assumed to have 25 min of autonomy. Since the size of one cell in
the map is a 50× 50 cm2 area, the drones can travel 3000 cells with one single
battery load. In addition, they are assumed to fly at different altitudes to avoid
collision issues.

4.1 Tasks Allocation

The problem treated in this section is similar to a TSP. However, in our case
the traveling salesman has a limited budget (the drone’s energy) and need to
return to its start point before running out of money. After he has withdrawn
some money (battery replaced), he can resume his travel. Furthermore, in our
case, the cities to visit are shared by two salesmen.

The task allocation is done as presented in Algorithm 1. This algorithm cuts
the permutation (a single list of several points) in a set of routes (several lists
of several points). Here, permutation is considered as a queue. The algorithm
dequeue the elements while the battery has enough energy to go to the per-
mutation’s next point and return to the start point from there. By doing so,
every solution returned by this algorithm is feasible. In order to compute the
distance between two given points the algorithm takes as input, distance, the
matrix distance obtained after application of the A* algorithm as explained in
Sect. 3. start is the start point, pos the current position, battery the current
energy consumption and limit is a constant representing the drone autonomy.
list(), push(a) are functions that, respectively, create an empty list and insert
an element a at the tail of the list. pop() is a function that removes the head
element of a queue.

It is important to note that for a fixed drone’s speed it is possible to esti-
mate the time at which each point is visited since the distance is known. Thus,
Algorithm 1 can be easily extended to estimate the points of interest’s aver-
age uncertainty rate. In addition, the total travelled distance with the solution
returned by the algorithm can be easily computed too. As a result, this algo-
rithm can be used as a base for the evaluation function of the solvers described
below.

4.2 Minimization of the Travelled Distance

In order to minimize the environment’s uncertainty rate, one could intuitively
think to search the permutation which minimizes the total travelled distance
and thus the duration of the mission. The problem of distance minimization can
be defined as in (2):

p∗ = arg min
p

distance(p), (2)
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Algorithm 1. Task Allocation
1: Input: permutation, distance, start, limit
2: solution, route ← list()
3: pos ← start
4: route.push(pos)
5: battery ← 0
6: while permutation.length > 0 do
7: target ← permutation.head
8: if battery + distancepos,target + distancetarget,start < limit then
9: battery ← battery + distancepos,target

10: pos ← target
11: route.push(pos)
12: permutation.pop()
13: else
14: pos ← start
15: route.push(pos)
16: solution.push(route)
17: route ← list()
18: route.push(pos)
19: battery ← 0
20: end if
21: end while
22: return solution

distance(p) =
n∑

i=2

d(pi−1, pi), (3)

where p∗ is the optimal permutation, n the number of points in the permutation
and d(pi−1, pi) a function returning the number of cells in the path linking points
pi−1 and pi, computed by the A* algorithm in Sect. 3.

The simulated annealing algorithm is a meta-heuristic method. Thus, the
returned solution is not guaranteed to be optimal. In addition, since the process
employs probabilities, solutions returned from one application of the algorithm
to another can vary. A typical solution obtained is represented in Fig. 4. The
solution is formed by two routes for each drone. Drone 1’s routes are represented
by a succession of triangles and those of Drone 2 by a succession of crosses. The
differences in colors indicate the different routes of each drone. Then, the Drone
1 and Drone 2’s black routes are executed in a first time and grey routes are
executed after. This solution tries to visit points located on the extremities of
the map while visiting points which are on the way.

4.3 Direct Minimization of the Average Uncertainty Rate

The estimated average uncertainty rate at the end of the mission for the solu-
tion obtained by the previous solver is about 89.56%. Since this result is rela-
tively high, one can legitimately consider the use of another objective function
as described in (4):
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Fig. 4. Solution of the solver minimizing the travelled distance (i.e., (2))

p∗ = arg min
p

uncertainty(p), (4)

uncertainty(p) =
1
n

n∑

i=1

1 − e−η(T−tpi ), (5)

where T is the estimated number of elapsed seconds between the beginning and
the end of the mission, tpi

is the estimated number of elapsed seconds between
the beginning of the mission and the moment when point i will be visited. Thus,
this new objective function tries to directly minimize the estimated average
uncertainty rate. A typical solution is represented in Fig. 5. The solution tries
at first to visit points which are at the extremities of the map without visiting
points which are on the way. Since the number of points far away from the
start point is lower than the number of points near the start point, this solver
“sacrifices” their uncertainty rate in order to maximize the number of points
which can be visited quickly just before the end of the mission. This solution
has an average uncertainty rate of about 61.61% for a traveled distance of more
than 17,000 cells while the first solver finds a solution about two times lower
(8392 cells).

4.4 Mixing the Two Objective Functions

By sacrificing the uncertainty rate of points far away from the start point, the
previous solver returns solutions which have routes visiting only a single point
before returning to the start point like the Drone 1’s first route (black triangles
path in Fig. 5). This implies that the battery of the drones should be frequently
replaced or charged. To cope with this issue, one possible idea is to use an
objective function which minimizes the average uncertainty rate while penaliz-
ing solutions whose travelled distance is large, by using a positive constant λ
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Fig. 5. Solution of the solver minimizing the average uncertainty rate (i.e., (4))

controlling the penalization strength as described in (6):

p∗ = arg min
p

{
uncertainty(p) + λdistance(p)

}
(6)

In our implementation, the average uncertainty rate in (4) and (6) is multi-
plied by 10000, for two reasons. Firstly, the employed library for the simulated
annealing algorithm seemed to have difficulty in optimizing a cost function whose
range is between 0 and 1. Secondly, it allows the uncertainty rate to play a more
important role in the cost function than the distance. However, this issue could
be treated by using a smaller penalization coefficient λ.

A typical solution by using λ = 0.1 is depicted in Fig. 6. As it can be observed,
it looks like the solution found by the first solver (i.e., Fig. 4), but it requires two
additional routes (then two additional battery changes). The average uncertainty
rate is about 61.76% and the total traveled distance is 13426 cells. Thus, this
solution is better than the second solver’s solution in terms of travelled distance,
but slightly lower in terms of uncertainty rate. Table 1 summarizes the results of
the optimization with the objective functions that were presented in this section.

Table 1. Summary of typical solutions with by the different objective functions

Objective function Distance (#cells) Uncertainty rate (%) #routes

Distance 8392 89.56 4

Uncertainty rate 17565 61.61 8

Mix 13426 61.76 6
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Fig. 6. Solution of the two mixed objective functions (i.e., (6))

5 Hyper-parameter Optimization

The method proposed in Sect. 4 requires the definition of four hyper-parameters.
The first one is the penalization coefficient used in the third objective func-
tion defined in (6). The three other hyper-parameters come from the simulated
annealing algorithm. One is the number of iterations spent by the algorithm to
find the best solution. In our implementation, during one iteration, the algorithm
swaps two points in the permutation and evaluates the cost of the resulting solu-
tion from the new permutation. The simulated annealing as originally defined in
Kirkpatrick, Gelatt, Vecchi et al. [13] accepts solutions whose cost is higher than
the best solution found with a probability in order to avoid local optima. A new
solution so-far with the higher cost is accepted with a probability depending on
the current system’s temperature, as defined in (7):

P (ebest, ecurrent, T ) = exp
(

− (ecurrent − ebest)
T

)
, (7)

where ebest is the best encountered state’s cost, ecurrent is the current state’s
cost and T is the current system’s temperature. This temperature decreases lin-
early (exponentially) along the iterations, leading to lower and lower exploration.
Then, the two other hyper-parameters are the start temperature (Tmax) and the
final temperature (Tmin) of the system.

In this section, the choice of the penalization coefficient value is presented.
Then, we discuss the influence of the number of iterations. Finally, Bayesian
optimization is used to optimize the temperature interval.
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5.1 Trade-Off Between Uncertainty Rate and Distance

In order to investigate the effect of the penalization coefficient on the cost func-
tion, the simulated annealing algorithm was applied several times to the prob-
lem defined in Fig. 2 with different values of λ. As explained above, the simu-
lated annealing algorithm induces probabilities in the process and thus solutions
resulting from multiple applications of the algorithm are generally slightly differ-
ent. Therefore, for each tested λ, the algorithm is applied ten times on random
starting solutions in order to calculate an average cost.

As depicted in Fig. 7, the traveled distance decreases as the penalization
coefficient strength increases. On the other hand, the average uncertainty rate
increases. Therefore, there is a trade-off between average uncertainty rate and
the traveled distance of solutions.

Fig. 7. Influence of the penalization coefficient on the average uncertainty rate and the
total traveled distance

Our main goal is to minimize the average uncertainty rate while the distance
minimization is a second goal for convenient reasons. Furthermore, the average
solution for λ = 0.1 has a total traveled distance of 12347.5 cells while without
penalization the traveled distance was above 17500. Thus, with the drones’ char-
acteristics established in Sect. 4, even the lower coefficient in the interval [0.1, 1]
saves two routes (i.e. two battery loads) in the plan. Actually, the choice of this
hyper-parameter depends on how much the uncertainty rate can be sacrificed in
favor of shorter traveled distances, and this choice is arbitrary.

5.2 Effect of Iterations on the Search Performance

The next step consists in analyzing the gain in cost by increasing the number
of iterations. While the simulated annealing algorithm could find the optimal
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solution for an infinite computation time and a temperature range large enough
such that the acceptance rate is not null, we can accept an approximation of the
best solution to reduce computation time. Thus, one can legitimately wonder
how many iterations it is necessary until the satisfactory solutions are obtained.
To do so, the simulated annealing algorithm is applied to the problem defined in
Fig. 2 by testing different numbers of iterations in the interval [100000, 20000000].
For each test the algorithm is applied ten times in order to calculate an average
solution.

The results of this experiment are depicted in Fig. 8. This figure represents the
evolution of the cost function according to the number of iterations. In addition,
the gain over the additional computation time implied by the increasing number
of iterations is also depicted. The gain changes quickly during the stage of the
search process, but tends towards 0 after around 10M iterations (represented by
the horizontal dotted line). In other words, the improvement in the cost is smaller
than the additional computation time for large numbers of iterations. Also, some
peaks can be observed at 8M, 12M and 16M iterations. The lowest cost is found
at 16M iterations for an average cost of 7359.24. The two other peaks at 8M and
12M iterations have a cost of 7408.33 and 7395.97 respectively. These abrupt
changes come from the variance induced by the simulated annealing which is
applied with non optimized temperatures (Tmax = 100, Tmin = 1).

To simply rely on the number of iterations is equivalent to perform a brute-
force search. In order to refine the algorithm solution cost and reach an approxi-
mation of the optimal solution without simply increasing the number of iterations,
the temperature range of the system should be setup appropriately according to
the problem of interest. The next section focuses on the simulated annealing algo-
rithm’s temperature range optimization for a number of iterations fixed to 3M.

Fig. 8. Cost evolution according to the number of iterations
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5.3 Temperature Optimization by Using Bayesian Optimization

As explained above, the system’s temperature range is an important setup since
it controls the algorithm exploration behavior. If the temperature is too high,
most of the new states are accepted and the simulated annealing algorithm acts
in a similar way to random search method. On the other hand, if the temperature
is too low the algorithm behavior becomes similar to a greedy search method.

Our first attempts for the system’s temperatures optimization were done by
using a grid search technique. However, since the algorithm takes about 4 min
to perform 3M iterations on a core-i7 computer, it is relatively time expensive
to test it several times with different hyper-parameters. Thus, the grid search
application took several weeks of computations. In addition, the grid search
algorithm should be avoided since the optimal values of the hyper-parameters
could be outside the grid definition.

Recent researches, especially in the field of machine learning, suggested the
use of Bayesian optimization to cope with the issue of function optimization
in an intelligent way. This method is efficient for time-consuming task as the
simulated annealing algorithm since it takes benefit from inferential probabilities
to reduce the number of evaluations at the cost of a relatively expensive sample
preparation. The core idea of Bayesian optimization is to first model the cost
function, generally with a Gaussian process as defined in (8):

f(x) ∼ GP (μ(x), k(x, x′)), ∀x, x′ ∈ X2, (8)

given some prior sample data x ∈ X where X is the search space, μ(x) the
mean function and k(x, x′) a covariance function. Then, the optimization process
involves sampling data as defined in (9):

xnext = arg max
x∈X

a(x) (9)

where xnext is the next iteration to try and a(x) is an acquisition function whose
role is to evaluate the search space according to some criteria given the model
of f(x). After sampling data where the acquisition function is maximized, the
model defined in (8) is updated with the observed results and the search space
is reevaluated by the acquisition function. This process is repeated until conver-
gence or any other termination criteria.

For our implementation we used the Python library GpyOpt [14]. In our case
f(x) is the function returning the average cost obtained after five applications
of the simulated annealing algorithm with 3M iterations to the problem defined
in Fig. 2. x is a vector containing the temperature boundaries, Tmax and Tmin.
The search space ranges in [0.01, 400] for both temperatures and is constrained
by (10):

Tmin < Tmax, ∀ Tmin, Tmax ∈ [0.01, 400] (10)

The function f(x) is modeled by using a Gaussian process whose covariance
function is the square exponential kernel. The acquisition function used is the
expected improvement acquisition function, as defined in Snoek et al. [15] (11):

a(x; {xn, yn}, θ) = σ(x; {xn, yn}, θ)(γ(x)φ(γ(x)) + N (γ(x); 0, 1)), (11)
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γ(x) =
f(xbest) − μ(x; {xn, yn}, θ)

σ(x; {xn, yn}, θ)
, (12)

where x ∈ X, {xn, yn} is the pair of prior sample point xn and its outcome yn,
θ represents the Gaussian process parameters, φ(·) is the cumulative distribu-
tion function of the standard normal distribution, N (·) is the standard normal
distribution and xbest designates the best iteration observed during the optimiza-
tion process. μ(·) and σ(·) are the predictive mean and the predictive variance
functions of the Gaussian process respectively.

Since the evaluation function is expensive to compute, one could want to take
advantage from processor architectures and performs several evaluations in par-
allel. Some works suggested different methods for batch Bayesian optimization
as in Snoek et al. [15] as well as González et al. [16]. As stated in [16], Batch
Bayesian optimization is very helpful since the acquisition can be multi-modal
especially during the first steps of the optimization process when the model is
quite rough. In our case we used the local penalization method defined in [16].
This method consists in building, at each iteration, a batch of sample points by
penalizing the acquisition function for each element in the batch as in (13):

xk = arg min
x∈X

(a(x)
k−1∏

i=1

ϕ(x;xi)), (13)

where xk is the k-th element in the batch and ϕ(x;xi) ranges in [0, 1]. This
function tends towards 0 when xi is far from x. Thus, it reduces the acquisition
function in a neighborhood where f(x) will be tested by a batch’s element already
prepared. As a result, the several acquisition function’s modes are explored since
after being penalized the best mode could become lower than the second best.
In our case, we used batches of six elements distributed over six cores on a single
machine.

The resulting Gaussian process is depicted in the two first subplots of Fig. 9.
The first contour plot represents the Gaussian process mean function and the
second its standard deviation function. The x-axis corresponds to Tmax and the

Fig. 9. Gaussian process, sample locations and acquisition function
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y-axis to Tmin. During our first applications of the Bayesian optimization method
we encountered difficulties by using directly the domain X = [0.01, 400]. How-
ever, scaling the search space between 0 and 1 produced smoother models. Also,
the simulated annealing algorithm’s outcomes are automatically scaled by the
Bayesian optimization algorithm, according to the outcomes encountered dur-
ing the optimization process. Since the aim is to find solutions that minimize
the objective function, we are interested in low values of the mean function’s
contour plot. The dots in the contour plots represent the different observed iter-
ations during the optimization process. It started by sampling 12 points in X and
building a prior Gaussian process according to the observed simulated annealing
outcomes. Then, by applying the local penalization algorithm the optimization
converges around Tmax = 45.58 and Tmin = 21.56, as it can be seen in Fig. 9
where a large number of iterations are gathered in the corresponding region in
the scaled search space (Tmax = 0.1139, Tmin = 0.0539). Thus, it is interest-
ing to note that even by penalizing five times the acquisition function around
Tmax = 0.1139 and Tmin = 0.0539, the optimizer still samples in this region of
the search space.

The Gaussian process representation indicates that large values of Tmin pro-
duce poor outcomes. In addition, the optimization process spent a considerable
number of iterations in sampling values for Tmax around 300. Such values give
an acceptance rate of nearly 50% during the first iterations of the simulated
annealing. Actually, such values of Tmax seem to be a waste of iterations in the
case of our problem since the optimizer concluded that an acceptance rate of
5% (Tmax ∼ 50) is much more efficient. On the other hand, too low values of
Tmax yield relatively poor outcomes. Thus, it is important to have a non null
acceptance rate during the first steps of the simulated annealing algorithm. The
third subplot represents the acquisition function. While probabilities of sampling
large Tmax for low Tmin are high, the next iterations (represented by dots in the
left bottom corner) still gather around Tmax = 0.1139 and Tmin = 0.0539.

The first subplot in Fig. 10 depicts the distance, in the search space, between
the different iterations over the optimization process. From 0 to 12, the optimizer
did a random sampling in order to build a prior model. The 60 next iterations
alternate between short and long distances. Since the optimizer evaluated iter-
ations six by six, the differences in distances are due to the exploration of the
different modes of the acquisition function. Actually, from the 70th iteration the
distance between iterations remains low (excepted one peak around 80). Thus,
it can be interpreted that the optimizer converged to the optimal solution. The
second subplot indicates the best outcome encountered over the optimization
process. During the last iterations, f(xbest) = 7344.57 which is lower than the
average cost for 16M iterations in Fig. 8. Therefore, by using Bayesian optimiza-
tion, we obtained a temperature configuration helping the simulated annealing
algorithm to find cost-efficient solutions within a reasonable number of itera-
tions. In addition, the optimization process took 15 h to find the best setup,
saving us a considerable amount of time compared to the application of grid
search methods.



366 J. Henrio and T. Nakashima

Fig. 10. Optimization convergence

6 Experiments

This section first investigates the effect of drones team’s size on the average
uncertainty rate by using the method presented in Sect. 4 as well as the hyper-
parameters optimization in Sect. 5. The second experiment focuses on the sys-
tem’s abilities to generalize for other random problems’ configuration. The third
and the last experiment verifies the Bayesian optimizer convergence speed remains
unchanged even for problems requiring more check points.

6.1 Team Size Effect

Table 2 summarizes the effect of team size on the cost, uncertainty rate and
distance. The results are the average outcomes of ten applications of the simu-
lated annealing algorithm by using the hyper-parameters determined in Sect. 5.
Increasing the number of drones largely decreases the uncertainty rate since
more locations can be checked in parallel, however, the uncertainty rate stag-
nates around 46.5% from a team of five drones. On the other hand, the distance
explodes as the team’s size increases. Since the uncertainty rate plays a larger
part in the objective function than the distance, λ = 0.1, the simulated anneal-
ing returns obvious solutions having a low cost but a large distance. Increasing
the value of the penalization coefficient λ fixed this problem. For example, by
using three drones and λ = 0.2 the simulated annealing returned an average
solution of cost 15788.49 with an uncertainty rate of 51.26% and a distance of
12552 cells. Thus, the value of λ plays an important role and should be chosen
according to the problem.
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Table 2. Cost evolution according to the team size

#drones Cost Uncertainty rate (%) Distance (#cells)

1 8416.4 73.93 10229.8

2 7374.95 61.42 12323.2

3 6674.15 53.46 13280

4 6460.39 48.6 15998.5

5 6578.21 46.55 19222.4

6 6573.17 46.5 19224

6.2 Setup Limits

Similarly to the experiment in Sect. 5, this second experiment focuses on the
influence of the number of iterations in the simulated annealing on the search
performance. In the experiment of this subsection, we do not use the problem
depicted in Fig. 2 anymore. The problem of interest here is for a team of two
drones to visit 50 check points that are randomly selected.

Figure 11 represents the cost evolution over the number of iterations and the
gain in improvement according the number of iterations. Since the number of
locations to check is larger than the problem represented in Fig. 2, solutions are
more expensive. A peak at 15M iterations indicates it exists solutions with a cost
at least equal to a cost of 8057. The gain drops to 0 quickly since the improvement
in cost has become smaller and smaller compared to the incremental computa-
tion time. On the other hand, there is a considerable gap between outcomes from
simulated annealing algorithm applied with few iterations (1M∼3M) and appli-
cations with further iterations. While outcomes could be improved by optimizing
the temperature range, more complex problems require more iterations.

6.3 Efficiency of Bayesian Optimization

One could wonder if the Bayesian optimizer in Sect. 5 requires more iterations to
optimize the temperature range according to more complex problems. To check
this ability, this experiment runs a new Bayesian optimization on a simulated
annealing algorithm spending 3M iterations to find the best permutation on the
50 random check points problem used in the last section.

The first subplot of Fig. 12 represents the distance between two consecutive
iterations during the optimization process. The first 12 iterations were selected
randomly to explore the search space and build a prior Gaussian process. Until
the 53th iteration the distance between them is large due to the exploration of
four different modes in the acquisition function. However, from the 54th iteration
and until the end of the optimization process the distance is nearly equal to
zero. The optimizer focused every iteration in Tmin ∈ [6, 29] and Tmax ∈ [29, 52]
during 13 epochs (78 iterations). The second plot represents the minimum cost
encountered at each iteration. At the moment of the prior Gaussian process
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Fig. 11. Cost evolution according to the number of iterations for 50 random check
points

Fig. 12. Optimization convergence for a more complex problem

construction the minimum encountered cost is slightly lower than the one for
the same number of iterations in Fig. 11. Actually, the best outcomes obtained
at the end of the optimization process is equal to 8119.65 and then equivalent to
the cost obtained for 12M iteration in Fig. 11. However, this best cost is larger
than 8057 (best outcomes obtained in the previous experiment). Therefore, even
by optimizing the temperature range 3M iterations is not enough to get the global
optimum. On the other hand, the convergence speed is equivalent than the one in
Sect. 5. Thus, the Bayesian optimization convergence speed seems independent
from the permutation size treated by the simulated annealing algorithm.
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7 Conclusion

This paper proposed a method representing the environment as a graph whose
vertices are locations for which the situation has to be checked by a team of
autonomous drones and edges are built by the A* algorithm. Thus, the prob-
lem of finding a path in the graph passing through every node is similar to a
TSP. A simulated annealing algorithm is used to find the path which minimizes
the environment’s average uncertainty rate while considering the total travelled
distance.

Whereas the simulated annealing algorithm’s number of iterations plays an
important role on the solution’s quality, the temperature adjustment is also very
important since it avoids getting blocked in a local optimum. In addition, the
temperature range optimization allows to speed up convergence and then to
reduce the number of iterations.

The temperature optimization problem was addressed by using Bayesian
optimization. This method has shown capacities to find the optimum in a rela-
tively low number of iterations. Furthermore, it saved us weeks of computations
compared to the use of grid search methods. On the other hand, in its current
definition the optimization process requires to fix the simulated algorithm’s num-
ber of iterations, but this number depends on the problem. Further work would
consist in making the optimization process more general. To do so, the Bayesian
optimizer should consider both the number of iteration and the temperature
range. However, to simply search the optimal number of iterations would always
results on the search space upper bound. To cope with this issue, a possible
idea is the optimization of the expected improvement per second as proposed in
Snoek et al. [15]. By doing so, the optimizer looks for a setup which provides
good outcomes of the function to optimize (in our case the simulated annealing
algorithm) while requiring its computation time to be as low as possible.

Finally, the algorithm used for the task allocation is too simple and reconsid-
ering this step would certainly improve the solution quality. However, the pro-
posed method is adjustable. Thus, it is independent from the used task allocation
algorithm as well as the A* algorithm or the simulated annealing algorithm. Fur-
ther work would consist in proposing a task allocation algorithm which considers
different drones’ start points, different drone’s characteristics (autonomy, speed,
...) and which allocates tasks in a less greedy way.
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