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Abstract

Time is of the essence in disaster relief operation. The casualties might be huge if disaster relief operation can’t be
done quickly. The broken infrastructure and post-disaster environment make it difficult to search for survivors. To
solve this, Unmanned Aerial Vehicle (UAV) is deployed since UAV can survey the location easily from the air. One
downside of UAV is its limited energy capacity. UAV needs to be deployed with a Ground Vehicle (GV) who charges
or swaps UAV battery during the operation. As such, the coordination between UAV and GV becomes an important
part in the operation. This research focuses on constructing a route for the UAV — GV to find survivors using Ant
Colony Optimization (ACO). The studied case is the 2010 Merapi eruption, which is one of the volcano eruptions in
Indonesia. The result of this research will be compared with the result from previous research that used Depth-First
Search (DFS). The route from ACO needs 90.48 minutes to complete whereas the route from previous research needs
95.48 minutes, implying that the route evaluated using ACO results in 5 minutes faster than that constructed using
DFS.
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1. Introduction

According to the Badan Nasional Penanggulangan Bencana (BNPB), a National Agency for Disaster Countermeasure
in Indonesia, a disaster is an event or series of events that threatens and disrupts people's lives and livelihoods caused
by both natural and/or non-natural factors as well as human factors, resulting in human casualties, environmental
damage, property losses, and psychological impacts. Disasters can also cause residents to evacuate because their
homes have been damaged due to the disaster. Indonesia is a country prone to disasters. According to BNPB, in the
period from January 1 to January 18, 2021, there have been 154 natural disasters in Indonesia, mostly floods,
hurricanes and landslides. Natural disasters that occurred resulted in damaged infrastructure so that the disaster
management process took a long time. One way that can be used to reduce the time is to use an Unmanned Aerial
Vehicle (UAV).

The UAV is able to complete tasks 50.4% faster or more than half of the conventional methods required according to

a survey by Volkmann in 2017. This proves that the UAV is suitable for tasks with limited time. This applies to post-
disaster activities, such as searching for survivors and damaged infrastructure. UA Vs also have some drawbacks. One
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of them is that the UAV has a short flight time due to energy limitations. To solve this problem, the UAV is escorted
by a Ground Vehicle (GV). The GV is tasked with exchanging or recharging the UAV battery when it runs out of
energy. UAV and GV coordination have been studied in several research (Luo et al., 2017; Yu et al., 2017; Ha et al.,
2018). And research in Indonesia has been carried out by Larasati (2019) where UA Vs are used to search for survivors
of natural disasters. The method used in the Larasati (2019) research to determine UAV and GV routes is Depth-First
Search.

The Depth-First Search method is a heuristic method used for graph exploration. This method starts from a node and
then traces as far as possible on one branch until it finally returns and traces another branch. This tracing is repeated
until all nodes have been visited. Backtracking causes the route that is built often not optimal because of the time it
takes for backtracking.

1.1 Objectives

Based on the background that has been prepared, this study aims to implement Ant Colony Optimization to solve the
UAYV and GV routing problem and compare the performance of Ant Colony Optimization and Depth First Search.
Few studies such as Asih et al. (2017) has compared various metaheuristics approach to solve routing problem in
actual settings. This includes creating a routing program using Python and comparing routes from Ant Colony
Optimization and Depth First Search. The case used in this study is the 2010 Merapi Disaster.

2. Literature Review

An unmanned aerial vehicle (UAV) commonly known as a drone is an aerial vehicle without a pilot, crew, and
passengers. UAV is part of the unmanned aerial system which consists of a control system from the ground and a
communication system with the UAV. UAV flight can be performed manually by humans, assisted by an autopilot
system in various degrees, or completely on an autopilot system. UAVs have been used to complete tasks such as
surveillance and reconnaissance (Manyam et al., 2017), freight forwarding (Ha et al., 2015; Dorling et al., 2017), and
disaster management (American Red Cross, 2015; Chowdhury et al., 2017). In disaster management, UAVs can be
used in several ways, such as detecting collapsed buildings (Hua et al., 2016), area mapping (Cahyono and Zayd,
2018), site surveys for disaster management facilities (Silva et al., 2017) and monitoring the risk of occurrence. disaster
(Gomez and Purdie, 2016).

UAV flight routes are usually planned so that the UAV can work efficiently due to energy constraints. There are
several studies where the determination of the UAV route is carried out by different methods. Yakici's research (2016)
determines UAV flight routes for the Navy in the Prize Collecting Location and Routing Problem (PCLRP). This
study evaluates the performance of the UAV by collecting point values at nodes visited. The objective of this method
is to maximize the point value at each node. Ant Colony Optimization is used to solve the problem. ACO was chosen
because it provides a better solution in less time. Research by Dorling et al. (2017) used another metaheuristic method,
namely simulated annealing to determine routes. This study uses a cost function to determine whether the route found
is good or not by calculating the energy used, battery capacity, and weight of the load lifted by the UAV. Manyam et
al. (2017) investigated route determination for UAVs in surveillance & reconnaissance missions. The purpose of this
research is to minimize the time to complete all given tasks. The study has stations where UAVs land and take off.
However, to increase efficiency, the station must be mobile, such as an unmanned ground vehicle (Yu et al., 2017) or
a mode of transportation such as a Ground Vehicle (GV) or land vehicle. With mobile stations, the coverage area of
drones also increases.

In post-disaster situations, UAVs can be used for Search and Rescue (SAR) missions. UAVs can be an effective
system for locating people in difficult-to-access environments (Potka et al., 2017). However, UAVs have limited
energy. These limitations make the UAV only able to fly at close range. Due to these limitations, recent studies have
combined UAVs and land vehicles (GVs) such as GVs (Luo et al., 2017; Luo et al., 2018). Ground vehicles serve as
UAYV landing stations; to recharge the battery (Yu et al., 2017) or swap the UAV battery when the GV charges another
battery (Luo et al., 2018). The application of UAVs has been researched globally. For example, the problem of
determining routes for UAVs with environmental constraints such as mountains (Li et al., 2018). Larasati (2019)
deployed Depth-First Search which is an algorithm for tracing the graph and doing backtracking if it reaches a dead
end to determine the UAV and GV routes . This can make tracing less efficient due to backtracking. For this reason,
this research wants to find out whether the Depth-First Search is good enough for determining UAV and GV routes
by comparing them with the Ant Colony Optimization.
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3. Methods

The focus of this research is to create a drone routing program with Ant Colony System. In this study, the object of
research used was data from the 2010 Merapi eruption which was used in the Larasati (2019). This data consists of
the target location and the location of the UAV and GV meeting. In addition, there are secondary data obtained from
literature studies such as UAV energy limits. The methodology can be broken down into three steps.

Step 1: Creating Basic ACS Program and Verification. This program implements the ACS algorithm from the research
of Dorigo et al. (1997) used to solve Traveling Salesman Problem.

Step 2: Creating a small model to verify the program. This step ensures that the program is working as intended and
produce a proper result.

Step 3: Running the program with the data from Merapi and compare the results with the results from Larasati (2019).

3.1 Ant Colony System

Ant Colony System is a metaheuristic method developed by Dorigo et al in 1997. Figure-1 shows the pseudocode for
ACS. Each ant constructs a route by selecting a city based on the state transition rule; Ants will choose randomly
between exploration and exploitation. If the ants choose exploitation, it will a choose with the highest pheromones. If
it chooses exploration, it chooses a node based on this mathematical formula.

, ifs € J,(r)
Zuesnltlrw] - n(r,w)]P «
0, otherwise
(Dorigo et al., 1997)

[x(r, )] [n(r, )]
Pk (7", S) =

Each ant also performs a local updating rule in each step so that the next will more likely explore other routes, this
process is based on this mathematical formula.

w(r,s) « (1 —p)-1(r,s) + p- At(r,s)
(Dorigo et al., 1997)

After all the ants have finished building the route, a global updating rule will be performed in which some of the
pheromone from all edges evaporates and the best ant adds a pheromone to the route they traveled in proportion to the
total distance traveled by the ant. This process is then iterated until it reaches the stopping criteria. The mathematical
formula for this step is as follows. (Figure 1)

t(r,s) (1 —a) t(r,s) + Aty (1,5)
kz A

(Dorigo et al., 1997)

Initialize
Loop
Each ant is positioned on a starting node
Loop
Each ant applies a state transition rule to choose a city
Each ant applies a local updating rule
Until all ants have built a complete solution
A global updating rule is applied
Until End condition

Figure-1 Ant Colony System’s Pseudocode
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4. Results and Discussion

4.1 Mathematical Formula
The mathematical model of this problem is based on the Miller—Tucker—Zemlin TSP mathematical model (Miller et
al, 1960). The mathematical model is as follows.

Notation:
N Target Nodes
M Optional Nodes
p Starting Node UAV dan GV
q Ending Node UAV dan GV
A NUMUpUq
d;; The distance from i to j

|4 UAYV Velocity (assumed constant)
tij Duration of UAV from 7 to j
)

15] V

ST; Service time of j

T; Total flying time of UAV when finished serving j

u;;  Number of nodes visited before arriving at 7, j

7 Number of optional nodes visited before arriving at i, j
Tmax UAV maximum duration

Decision Variable:
v = {1, if UAV flown fromitoj
ij =

0, otherwise

Objective Function:

MinZ = 3_oST; + SioXiooty " Xy (5.1)
Constraints:
YioizjXij = 1, VjEN (5.2)
deojeiXi =1, VieN (5.3)
Yo Xij < 1, VjeEM (5.4)
Yo e Xij < 1, VieM (5.5)
Sh Xy =0 (5.6)
Zzo Xy =1 5.7
YicoXig =1 (5.8)
Yioxq; =0 (5.9
Tj < Thax (1 + 1) (5.10)
w+l<u+n(l-x;) VY ij €4i#j (511)
x; €{0,1} V ij€A (5.12)

Equation (5.1) is an objective function to minimize the flight duration of the UAV. Equations (5.2) and (5.3) ensure
that the UAV visits and exits node target. This equation also ensures that the UAV only visits and exits once. Equations
(5.4) and (5.5) ensure that node optional. Equations (5.6) and (5.7) ensure that node is only for take-off and not visited.
Equations (5.8) and (5.9) ensure that nodes are only for landing and not for exiting. Equation (5.10) ensures that the
UAYV does not run out of energy while carrying out the task. Equation (5.11) ensures that no subtour. Equation (5.12)
is a binary constraint.
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4.2 Data Collection

The data for this study were obtained from a previous study by Larasati (2019) provided by Kabupaten Sleman
Regional Disaster Management Agency in which there were 13 nodes target nodes optional. The duration of each edge
and service time each node on this network is represented in Table-1 and Table-2. Figure-2 shows the location of each
node on a Google Map. Nodes with names in red are nodes optional.

Table-1. Service time of nodes

Node Nama Service Time | Node Nama Service Time

0 Srunen 3.9 9 Manggang 3.91

1 Kalitengah Kidul 4.44 10 [Ngepringan 53

2 Kalitengah Lor 5.36 11 Palemsari 4.29

3 Bakalan 4.19 12 Pangukrejo 4.74

4 Kaliadem 4.18 13 |Balai Desa Wukirsari 0

5 Jambu 5.19 14 Balai Desa Sindumastani 0

6 Petung 4.78 15 Barak Plosokerep 0

7 Kopeng 4 16  |SMP Watuadeg 0

8 Batur 3.5 17  |Balai Desa Hargobinangu 0

Table-2. Travel duration for each nodes

Start  |End Node F;;}Zlg Start | End Node lej:;l’;g
Node () 0 (min) Node (1) o (min)
0 1 1.19 9 8 5.45
0 4 0.49 9 10 2.5
1 0 1.19 10 3 2.36
1 2 0.96 10 9 2.5
2 1 0.96 10 16 5.3
3 10 2.36 10 17 2.5
3 13 1.64 11 4 1.08
3 14 5.01 11 5 1.08
4 0 0.49 11 12 0.76
4 5 0.61 12 6 1.49
4 11 1.08 12 11 0.76
5 0.61 12 15 2.14
5 1.31 13 3 1.64
5 11 1.08 13 14 5.01
6 5 1.31 13 16 1.48
6 7 0.66 14 3 5.01
6 8 0.68 14 13 5.01
6 12 2.54 15 6 2.15
6 15 2.15 15 8 235
7 6 0.66 15 12 2.14
7 8 0.38 15 17 2.23
7 9 233 16 10 5.3
8 6 0.68 16 13 1.48
8 7 0.38 16 17 2.38
8 9 5.45 17 10 2.5
8 15 2.35 17 15 2.23
9 7 233 17 16 2.38

4.3 Results and Discussion

Suppose UAYV starts the mission from SMP Watuadeg (node 16) and ends at Balai Desa Hargobinangum (node 17).
The energy limit of the UAV in this case is 60 minutes. This assumption is based on the research of Polka et al. (2017).
After running the program, the solution is represented in Figure-2 with the best results for each iteration represented
in Figure-3.

In [19]: main()

best path overall= [[16, 13, 3, 18, 9, 7, &6, 5, 4, 6, 1, 2, 1, 0, 4, 11, 12, 15, 12, 11, 5, &, 8, 15, 171,
['pass', 'pass', 'serve', 'serve', ‘'serve', 'serve', 'pass', 'pass', 'serve', 'serve', 'serve', 'serve', 'pas
s', 'pass', 'pass', 'pass', 'pass', 'recharge', 'serve', 'serve', 'serve', 'serve', 'serve', 'pass’', 'serve'l]

best distance overall= 90.48

Figure-2. Results of ACS Program for 2010 Merapi Case
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Figure-3. Graph of Best Results for Each Iteration

These results show that the best route found by the algorithm has a time of 90.48 minutes, but the algorithm converges
to a route that has a time of 91.5 minutes. This may be due to Ground Insertion which makes the shortest route longer
at the end. The UAV route with 90.48 minutes takes the following route:

16-13P-3-10-9-7-6P-5P-4-0-1-2-1P-0P-4P-11P-12P-15R-12-11-5-6-8-15P -
17
The node with the letter P indicates that the UAV is only going through the node and the node with the letter R is the
node where the UAV recharges. From this route, it can be concluded that GV only needs to be at node 15, namely the
Barak Plosokerep. To ensure that this route does not exceed the time limit of the UAV, log of the UAV is calculated
and represented in Table-3.
Table-3. Duration Log

B N P = FeWoal s et el UA\;
T aroaticere
1 >
1= Dass 1 _ -3
= FE =0 Wl Ve~ .1 =
e =T e e B
== F=—F i = 1 =_1"7
= Foll=h i St =] 1 <=>_3F3
= RS sS o .
= IDass =25 _as
=1 = el = P R =
L ] FE =0 = = 1 <7 F
A Fo =0 it = - T
= Fo =5 mi = e S
a1 DAas s =BT _
Lo ] IS s = =TT
= 3 s s e e P
1 1 Das s S _ I e
a1 == Dass 1 _ 1=
1 s e aee o sre S3F _ 2
1= ESR=0 ma v =1 = _. 1 =%
1 1 =TT ==
= =5 et —] =TS
> P =1 1 =3 _ 3=
= =0 mi Yt — =24 1 <=
1 = oas s =2 3 =
N E = i ] 20 55

From this table it can be seen that the UAV did not exceed the time limit, so this route is valid. So, the final UAV
route is:

SMP Watuadeg — Balai Desa Wukirsari (P) — Bakalan — Ngepringan — Manggang — Kopeng — Petung (P) — Jambu
(P) — Kaliadem — Srunen — Kalitengah Kidul — Kalitengah Lor — Kalitengah Kidul (P) — Srunen (P) — Kaliadem (P)
— Palemsari (P) — Pangukrejo (P) — Barak Plosokerep (R) — Pangukrejo — Palemsari — Jambu — Petung — Batur —
Barak Plosokerep (P) — Balai Desa Hargobinangum

GV only needs to be at the Barak Plosokerep to recharge the UAV's energy. So, the GV route is SMP Watuadeg —
Barak Plosokerep — Balai Desa Hargobinangun. The final route of the UAV and GV is illustrated in Figure-4.
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Penerbangan Pertama
uAv

Penerbangan Kedua
uav
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Figure-4 UAV and GV routes in the 2010 Merapi case

Research by Larasati (2019) resulted in a route with a time of 95.48 minutes using the Depth-First Search in the 2010
Merapi case. The route taken is as follows: (Figure 5)

SMP Watuadeg — Ngepringan — Bakalan — Ngepringan (P) — Manggang — Batur — Kopeng — Petung — Pangukrejo —
Palemsari — Pangukrejo (P) — Barak Plosokerep (R) — Petung (P) — Jambu — Kaliadem — Srunen — Kalitengah Kidul
— Kalitengah Lor — Kalitengah Kidul (P) — Srunen (P) — Kaliadem (P) — Jambu (P) — Petung (P) — Barak
Plosokerep (P) — Balai Desa Hargobinangun.

Penerbangan Pertama
uay

Penerbangan Kedua

uav

- GV

Figure-5. UAV and GV routes by Larasati

These two routes seem to prioritize two different areas, where the route by Larasati serves the nodes in the middle
first then serves the nodes in the north while the ACS route serves the nodes in the north and then serves the nodes
which is in the middle. This difference is probably the reason the route from ACS is faster than the route by Larasati.
Another thing that can be found is in serving Bakalan, the Larasati route through Ngepringan first. This is a time loss
because by going through the Wukirsari Village Hall, you can serve Bakalan more quickly. This can be proven by
looking at log Larasati's route durationThe following is a log of the duration of the route. (Table 4)
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Table-4 Log Larasati Route Duration
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The UAV on the ACS route finished serving Bakalan and Ngepringan in 5.48 minutes while on the Larasati route it
finished serving Bakalan and Ngepringan in 7.24 minutes. There is time loss of 1.76 minutes. time loss may come
from the same thing where the Larasati route can't do a shortcut but because of the limitations of DFS in determining
the route.

S. Conclusion

This research has succeeded in making models and programs for determining UAV routes and coordinating between
UAVs and GVs using Ant Colony Optimization (ACO). The type of ACO used is the Ant Colony System which is a
development of the Ant System that aims to solve Traveling Salesman Problem (TSP).

This study succeeded in finding the optimal route in the 2010 Merapi Case. This case consisted of 13 nodes target
nodes optionalThe routes that have been generated are as follows: SMP Watuadeg — Balai Desa Wukirsari (P) —
Bakalan — Ngepringan — Manggang — Kopeng — Petung (P) — Jambu (P) — Kaliadem — Srunen — Kalitengah Kidul —
Kalitengah Lor — Kalitengah Kidul (P) — Srunen (P) — Kaliadem (P) — Palemsari (P) — Pangukrejo (P) — Barak
Plosokerep (R) — Pangukrejo — Palemsari — Jambu — Petung — Batur — Barak Plosokerep (P) — Balai Desa
Hargobinangum.

These results indicate that all targets have been visited and from log the duration of the UAV has not exceeded the
time limit. GV only visited the Plosokerep Barracks to recharge the UAV's energy. The duration of the route generated
by 90.48 minutes; this route is 5 minutes faster than the route generated by the Depth-First Search by Larasati research
(2019). This difference is mostly caused by the DFS method which cannot find from one node to shortcuts another,
so it takes longer.
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