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Abstract Mobile CrowdSensing (MCS) is a promising sensing paradigm that recruits users to cooperatively perform sensing
tasks. Recently, unmanned aerial vehicles (UAVs) as the powerful sensing devices are used to replace user participation and carry
out some special tasks,such as epidemic monitoring and earthquakes rescue. In this paper,we focus on scheduling UAVs to sense
the task Point-of-Interests (Pols) with different frequency coverage requirements. To accomplish the sensing task,the scheduling
strategy needs to consider the coverage requirement, geographic fairness and energy charging simultaneously. We consider the
complex interaction among UAVs and propose a grouping multi-agent deep reinforcement learning approach (G-MADDPG) to
schedule UAVs distributively. G-MADDPG groups all UAVs into some teams by a distance-based clustering algorithm (DCA),
then it regards each team as an agent. In this way, G-MADDPG solves the problem that the training time of traditional MADDPG
is too long to converge when the number of UAVs is large,and the trade-off between training time and result accuracy could be

controlled flexibly by adjusting the number of teams. Extensive simulation results show that our scheduling strategy has better

performance compared with three baselines and is flexible in balancing training time and result accuracy.
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1 Intorduction

With the increasing popularity of wearable devices, Mo-
bile CrowdSensing (MCS) has recently become a promising
sensing paradigm by recruiting users to perform various sens-
ing tasks'' %), It has been widely used in environment monito-
ring™ , intelligent transportation“*’, smart cities"™ , etc. How-
ever,for some special tasks such as epidemic monitoring and
earthquakes rescue, people with sensing devices could not en-
ter the target task areas'®’. To this end,unmanned aerial vehi-
cles (UAVs) as the powerful sensing devices equipped with
different kinds of high-precision sensors could be used to re-
place user participation and carry out the special crowdsensing
tasks! ",

Fig. 1 (left) shows an example of epidemic monitoring by
UAV crowdsensing, there are 4 UAVs taking off from the
same point (bottom right corner) and 3 charging stations in
the map. UAVs are used to monitor the flow of people in some
areas without sensors by frequently collecting data (e.g. , pho-
tos) in these Point-of-Interests (Pols). Different Pols usually

have different frequency coverage requirements. For example,
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because of different crowd intensity, a monitoring task re-
quires 1 time per half an hour at the intersection, while 1 time
per hour at the lakeside. Specially, 1 time per hour means
sensing more than one times in a certain hour is regarded as
only sensing once. Each UAV has its own flight path, and
UAVs complete the Pol sensing task together. There are lots
of similar scenarios in precision agriculture, environmental
monitoring and so on.

In the scenario of Fig. 1, we need to design a scheduling
algorithm for UAVs to meet the frequency coverage require-
ments as much as possible. Meanwhile, the fairness of diffe-
rent Pols is also important, which means covering some Pols
too many times while leaving other Pols uncovered is not suit-
able. In addition,because of the limited initial energy reserve,
UAVs should keep balancing between data collection and en-
ergy charging. Hence, this problem turns into proposing a
scheduling algorithm taking frequency coverage requirement,
geographic fairness and energy charging into consideration
simultaneously. Some existing approaches solve the similar
scheduling problem by optimization theory,dynamic program-

ming or centralized reinforcement learning (RL). Zhang et
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al. 1! scheduled mobile chargers to deliver energy to sensor
nodes collaboratively by a dynamic programming algorithm
“PushWait”. Such approach could not be used to solve our
problem because it needs to give definite pay-off function. Ob-
viously,in our problem, many objectives need to be achieved
simultaneously and the influence among UAVs is so complex
that quantifying the effect when an UAV makes a decision is
almost impossible. The centralized RL could not also be di-
rectly used in our problem because UAV's cannot communicate
in real time for such a large target area,thus we cannot know
the strategies of each UAV. Hence, how to schedule UAVs
distributively under considering their interaction is the first
challenge. To deal with this. we propose to formulate our
problem based on multi-agent DDPG (i.e. , MADDPG)® and
regard each UAV as an agent. In this way,we could learn po-
licies that require complex multi-agent coordination through
the historical feedbacks. Then agents make decisions distribu-

tively according to the training results.

m UAV Q. Pol EC harging station CECCrm Pol’s Frequel?cy
coverage requirements

Fig. 1 UAV frequency-based crowdsensing

Some existing works use MADDPG to schedule UAVs
but they concentrate on efficient data collection. In these
works, there is a large amount of data in each Pol, once an
UAYV reaches a certain Pol,it can sense data unless the data of
this Pol have been completely sensed!®'"?), However, in our
problem, we focus on sensing Pols with frequency coverage
requirements. UAVs only can get an effective data when the
Pol still needs to be sensed. Visiting one Pol frequently may
not get more needed data, so a better scheduling strategy
might be to schedule all UAVs to patrol the Pols. Hence, the
second challenge is how to re-adjust reward function so that
MADDPG is suitable to solve this frequency coverage schedu-
ling problem. To meet this challenge, we add a new function to
the reward function,it returns an immediate reward by consi-
dering coverage time and other UAVs’ actions.

Moreover, the number of agents in existing MADDPG
works usually ranges from 1 to 5M'"'*), research results show
that a large number of agents make the training time too long
to converge. In our patrol scheduling scenario, because of the
large crowdsensing area and frequency coverage requirements,
lots of UAVs are needed,so shortening training time is neces-
sary. Mean field approximation is an approach to solve this is-

C

sue"'™ , it shortens the training time fixedly and leads to a

fixed loss in result accuracy meanwhile. However, the fixed
reductions of training time and result accuracy may not satisfy
the specific task demands. So a better way should control a
trade-off between them according to task demands. Hence. the
third challenge is how to balance the training time and result
accuracy flexibly. To deal with this, we propose a grouping
multi-agent deep reinforcement learning approach G-MAD-
DPG. Specifically, a distance-based clustering algorithm DCA
is proposed to group all UAVs into some *“ multi-agent
teams”. We use G-MADDPG to schedule the routes of each
team instead of scheduling all UAVs. An equivalent transfor-
mation from UAVs to team makes sure that the coverage abi-
lity of each team is proportional to the number of UAVs in it.
Then after determining the scheduling strategy of each team,
each UAV patrols along the route of its team with a certain
starting time difference. As shown in Fig. 1 (right).4 UAVs
are grouped into 2 teams. Each team has 2 UAVs and each
UAV flies along the trajectory of their own team. In this way,
G-MADDPG controls the trade-off between training time and
result accuracy flexibly by adjusting the number of teams.

In summary,our main contributions are as follows:

(1) We prove that the problem of scheduling UAVs to
sense Pols with frequency coverage requirements is NP-hard,
and formulate the problem based on multi-agent deep rein-
forcement learning model.

(2) We re-adjust the reward function of MADDPG by
adding a new function which returns an immediate reward by
considering coverage time and other UAVs”’ actions for deal-
ing with the frequency coverage requirements.

(3) We propose a grouping approach G-MADDPG and a
distance-based clustering algorithm DCA to balance the trai-
ning time and result accuracy flexibly when the number of
UAVs is large.

(4) We conduct extensive simulations, results show that
our strategy performs well and can balance the trade-off be-

tween training time and result accuracy.
2 Related Work

2.1 Task Allocation

There are plenty of existing works that focus on task al-
location in MCS. In [14], the authors proposed a personalized
privacy-preserving task allocation framework for mobile
crowdsensing that can provide personalized location privacy

5] align task sequences with citizen’s

protection. Wang et al.
mobility and study the task allocation problem as a pattern
matching problem. In addition, UAVs which equip different
kinds of high-precision sensors have been used in more and

18] The work of [16] proposes a novel

more sensing tasks
framework to control UAVs collecting most required data in

the sensing region,but assumes only one UAV. Liu et al. con-
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sidered a group of UAVs to provide data collection ser-
vicest® " Although some works study the problem of UAV
crowdsensing, the scenarios they consider are different from
our scenario where different Pols have different {frequency re-
quirements.
2.2 Deep Reinforcement Learning

Recently, reinforcement learning has been considered
quite successful to solve complex sequential decision-making
problems, which can be described by a Markov Decision
Process (MDP). Deep reinforcement learning (DRL) such as
Deep Q-learning (DQN)HY, A3CH*) and so on? , uses deep
neural networks (DNNs) for model representation. Further-
more, multi-agent RL is proposed to deal with more dynamic
and complex environments?"'. In the work of [227, the au-
thors proposed a novel multi-agent RL framework (GCC-
MARL) to solve the problem that leverages for-hire vehicles
to collect city-scale sensory data. Lowe et al. "' proposed the
multi-agent deep deterministic policy gradient (MADDPG) for
cooperative or competitive scenarios. Some existing works
solve complex data collection problems by MADDPGH!" 2!,
However, these works pay attention to data collection volume
not frequency coverage requirements, nor do they consider
flexible control of the trade-off between training time and re-
sult accuracy when the training time is too long due to the

large number of agents.
3 System Model and Problem Definiton

3.1 System Model

Without loss of generality,we consider that there is a set
U={ulu=1,2,++,U} of UAVs which can fly,sense data and
charge themselves in a 2D target area. In our model, the target
area is square and has a fixed border that UAVs cannot go be-
yond. Besides, the entire target area is divided into equal size
square grids. We assume that there is a set of Pols,denoted as
P={plp=1,2,++,P}in the target area. These Pols may have
different frequency sensing requirements, denoted as D= {d |
d=1,2,++,D}. Let set C={clc=1,2,+,C} be C charging
stations deployed in the area,each of them associates enough
energy and can charge energy for each UAV. We assume that
a data collection task lasts for some hours and it is discretized
into equal length time steps,ie. , T time slots. In the beginning
of the task,all UAVs are equipped with full energy ef, YV u€
U at the same take-off location. Then at each time slot ¢, each
UAV takes an action simultaneously. They decide to fly to a
neighborhood or stay.sense data or charge energy. We assume
that sensing data such as taking a photo would not take much
time, it can accomplish in the current time slot. In addition, we
define the UAV’ s sensing capacity as its sensing range R,
ie. ,for any Pol p€ P in range R is considered to be collected,

for any charging station ¢ € C in range R is considered to be

charged. We assume that UAVs cost some energy when they
take an action, denoted as ¢*, ¥V u € U. Specifically, an UAV
costs ¢" energy for flying to neighborhood, ¢’ for staying in
place and ¢ for sending data. Apparently, the energy carried
by UAVs decreases over time, so UAVs need to determine
when and where to charge in time to avoid stopping working
or crashing. We assume that a charging station can supply a
portion of UAV’s full energy in one time slot. If UAV is not
full yet after charging one time slot,it can make a decision to
go on charging in the next time slot or fly away, but each
UAYV cannot carry more energy than its capacity ef.

3.2 Problem Definition

In our problem, when a task finishes, we calculate the
sum times that all UAVs collect, which is denoted by Dy ,as:

Dy :é:lgo(p) (D

where ¢(p) denotes the total collected times of Pol p.
Then one of our objectives is to maximize Dy. However, only
considering the collected times may lead to an unfair collection
process which is not useful enough for our problem that moni-
tors the flow of people during the epidemic. Therefore, we
consider the geographical fairness of collected data among all
Pols, which is defined by the Jain’s fairness index' as;

GT:(PZi:ln//(p))z/Pl)Zi:l(/J(p)Z (2)

(p)=o(p)/n, (3)

where n, denotes the total times needed of Pol p.,and
¢(p) is the collection ratio of Pol p,i.e. ,the collected times of
Pol p divides the total times needed of Pol p. Obviously, the
closer the collection ratios of each Pol are, the higher geo-
graphical fairness is. Then another objective is to maximize
Gr. Besides, we need to ensure that during the task, each
UAV won’t work abnormally due to lack of energy.

To sum up,we need to find a strategy = which can con-
sider total collected times, geographical fairness and energy
simultaneously, which is challenging. On the one hand., we
need to consider frequency coverage requirements and interac-
tion. In our problem, some Pols may have higher require-
ments,so UAVs need to move back to sense them frequently.
Besides ,multiple UAV's complete the sensing task together,so
each UAV’s action needs to consider other UAVs” influence.
On the other hand, we need to consider dynamical environment
and charging. At each time slot, the entire environment chan-
ges itself because some Pols may be sensed, UAVs may
change their location and remaining energy. Moreover.for each
UAV,when and where to charge is an issue. Charging at dif-
ferent time and different charging stations may influence
whether UAV's miss the sensing demands of Pols. Charging at
an appropriate time can provide adequate support for future
sensing. Similarly, going to different charging stations may

make UAVs in different surroundings, which may impact the
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total sensing times and the cooperation among all UAVs,
3.3 NP-hard Proof
Our UAVs scheduling problem is NP-hard.

Proof. The main idea is to reduce the orienteering prob-

Theorem 1

lem'?!

I which is NP-hard,to a special case of our problem. We
consider a special case with the following restrictions. Let
|[U|=1 and | C| =0, that is there is only one UAV and no
charging station. The UAV cannot charge during the task,
therefore it only has the initial full energy that it carries at the
beginning of the task. We also simplify that each Pol only
needs to be sensed one time during the whole task. In this spe-
cial case,our problem is to find a scheduling strategy for this
UAV to make it fly around the environment,and the goal is to
maximize the total sensing times only. Because when each Pol
only needs to be sensed once,the geographical fairness is pro-
portional to the total sensing times. In the orienteering pro-
blem,there is a set of vertices and each one has a score. The
goal is to determine a path of limited length which visits some
vertices to maximize the sum of collected scores. Therefore,
the orienteering problem is reduced to a special case of our
UAVs scheduling problem and our UAVs scheduling problem
is NP-hard.

4  Problem Formulation

We model our problem as a Markov decision process
(MDP) ,defined as a five tuple (S,0O,A,R,7).

(1)State: We denote that state has three parts,S= {5, =
(S,,S,.S;)}. S, is the geographical information of Pols and
each Pol’ s frequency coverage requirements, i.e., S; =
{p.+py+d,},cp-where p,,p, denote the coordinates of Pol p
in the target area; S, is the UAVs position and their remaining
energysi.e. » So = {u, »u, se}evs where w, »u, denote the
coordinates of UAV wu at time slot ¢;S; is the collected times
of each Pol at time slot ¢,denoted as ¢(p),,ie. ,if a Pol p is
sensed at time slot z+1,the ¢(p), 1 is calculated as ¢(p), 11 =
o(p),+1.S; is used to calculate collection ratio, then the col-
lection ratio is used to calculate the geographical fairness
among all Pols. The geographical fairness is to ensure the data
diversity.

(2) Observation: The observation of each UAV includes
its own position, remaining energy and the condition of its
eight neighbors. Specifically, the condition of its neighbors in-
cludes whether there is a Pol that needs to be collected,
whether there is a charging station, whether there are other
UAVs, whether the neighbor is the fixed border, whether
there are both Pols that needs to collected and other UAVs
and so on. The observation can be denoted as o* = {( Ui 2t s
ey 0% 404 s+ 40%) | s where 0% denotes the condition of UAV’s
own position and its neighbors,so the number of o is nine.

(3)Action: We denote the action as A= {a, = (a; sal

a)}. At each time slot z,each UAV takes an action a* that in-
dicates whether it stays in the current grid or moves to one of
eight neighbors. If it reaches a grid where there is a Pol which
needs to be sensed,the UAV will sense the data. If it reaches
a grid where there are charging stations, it will charge some
energy. All a compose q,.

(4)Reward: At each time slot £, UAVs take their own ac-
tion a , then the whole state of the environment will change
and each UAV u will obtain the reward ¥

= f.0! —p (4)

where f, represents the geographical fairness calculated
by (2).6¢ is a new function added for focusing on frequency
coverage requirements, which represents whether an UAV u
collects data successfully, so 6 € {0,1}. 6 depends on two
points. The first is whether there is a Pol that is still needed
to sense at this time slot in the UAV’s position. Another one
is whether there are other UAVs that try to sense the data in
this position. g} represents the penalty that UAV u receives
when it hits the fixed border or it is close to running out of
energy. Specifically, the penalties in the two cases are diffe-
rent,

(5) Discount factory: It shows the importance of future
reward compared to present reward and 0<y<1.

Problem Formulation: At each time slot z,every UAV de-
termines its action based on its observation and receives corres-
ponding reward from the environment. The state of whole en-
vironment will change over time. For each UAV, the problem
can be formulated as:

V(O =max[ i (O yal) +y Ve, (O )] (5

al

Therefore, the optimal strategy of each UAV is given by:
r* =arg max[ r (O ,a!) +yViy, (O )] (6)

aj

Obviously, our problem cannot be solved by traditional
optimization method, because when an UAV takes an action,
the future reward from this action cannot be calculated pre-
cisely. Besides.our scenario is a multiple UAVs environment,
there is influence among UAVs,an UAV’s reward is affected
by others. Difficult real-time communication makes centralized
RL infeasible. In this way,we opt to solve our problem based
on MADDPG. Moreover, because of large agents, balancing

the training time and result accuracy flexibly is challenging.
5 Scheduling Strategy : G-MADDPG

5.1 Overview

In this section, we propose our scheduling strategy
G-MADDPG, which is a grouping multi-agent deep RL ap-
proach that groups all UAVs into some teams. First of all,we
assume that we have determined the number of teams and the
number of UAVs in each team, then we regard each team as

an agent,discuss the system flow of the teams interacting with
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environment and determine teams scheduling strategy. Next,
we focus on the details of GMADDPG ., including a time inter-
val flying pattern for UAVs and a distanced-based clustering
algorithm DCA. This flying pattern for UAVs ensures an
equivalent result as team strategy and DCA can group UAVs
into teams and adjust the number of teams. Finally, we sum-
marize the flow of G-MADDPG.
5.2 Scheduling of Multi-agent Team

We assume that UAVs have been grouped into a set of
teams,denoted as V={v|v=1,2,+,V}. Then we determine
team scheduling strategy based on multi-agent deep determi-
nistic policy gradient method; we regard each team as an agent
and the whole framework is shown as Fig. 2.

(1) Taking Action after Observation: At the beginning of
the time slot ¢,each team gets its own observation o} from the
environment. 0! is the same as the form of UAVs observation,

v

SO 0; {v,r 2T 5€] 200 501 57 5 055 }. Then based on this obser-
vation, each team decides an action a} to take by its actor net-
work. This process happens on all teams and all af compose
a,. Then they execute their own action.

(2) Storing Transitions: After all teams have performed
actions, the environment returns corresponding reward r; to
each team calculated by (4). Next, the environment updates
the state,including each Pol’s collection ¢(p), , teams’ loca-
tion (v,l v ) and their remaining energy e¢;. Finally, each
team v is in a new state 5,1, and gets a new observation oy ;.
Hence,we can get a four tuple <o, ,a, »7, 50,117 for every time
slot as shown in the bottom right corner of Fig. 2, where o, ,
0,11 sa, s, are consisted of all teams’ observations,actions and
rewards correspondingly. In addition, these tuples at different
time slots are stored in a replay buffer for training.

(3) Training Process: As we can see from Fig. 2. each

team is implemented with four DNNs, which are actor net-
work 7 (of ), critic network Q" (0;,a,) and their target net-
works 7% (0?) sQ"? (0! »a,). The actor network n* (oY) is used
to determine an action for team at each time slot. The critic
network Q" (o} ,a,) is used to estimate the reward of different
observations and actions. For example, after a team v has ob-
served the environment and performed its action, the next time
this team obtains the same observation,if the team executes a
different action and gets a bigger reward, then the actor net-
work should increase the probability of taking the new action.
Target networks Q¥ (o sa,) and ¥ (o)) are used to help sta-
bilize learning. Their parameters are periodically “soft” upda-
ted with the most recent parameters of Q' (0/ ,a,) and =* (0;).
Hence, we propose the method to update networks. During
training , we first sample a mini-batch of N transitions from re-
play buffer. For each team wv,its target actor network =* (o?)
gives a target action a’Y;, with given observation oy, from the
mini-batch. Then the critic network Q° is updated by minimi-
zing a loss function L(09 ) as:
LOY)=E[Q" (0! sa! sal s+ sa) 109 ) —yr ]* 7
where 09 denotes the parameters of the critic network,
and the first part Q" is the Q-value with observations and ac-
tions from the replay buffer,and the second part y; is the tar-
get Q-value which is computed by:
V= yQ oty salt salty v salY 1697) €))
Obviously, the key of updating the critic network is to re-
duce the difference between the predicted reward and real re-
ward, which is to improve the accuracy of prediction. Note
that when predicting the reward (i.e. , the target Q-value),
both the immediate reward 7/ and the possible future reward
Q" are taken into consideration, and the parameter 7 is used

to balance the importance of possible future reward.

1
! 1
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1 — —
I ! : network Q !
1 ' 0,,4, 1
1 B 1
! 1 " 1
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: : : network Q :
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: [ network > d '
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Fig. 2 Team scheduling framework
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Next,n" is updated by using gradients as:
Vi J=ELVi 70l )|, *+ V.Q"(0sal sai s+ ,al |
09 [ip=ver ] 9

where 0 denotes the parameters of the actor network.
Finally, the two target networks are updated softly as:

09 =09 +(1—0)%" (10)

07" =0~ +(1—00" (1D
where 0 <<t<T 1.

(4) Testing Process: After training the DNNs for each
team, the model (i.e. . the parameters in four networks) is
saved for testing. During testing.we only need the trained ac-
tor network 7” (o} ). It produces an action a; by going through
the DNN of weights 07 , when given team v’s own observa-
tion of. Then after taking this action, the environment gives a
reward 7} and changes v’s observation to o}y, ;and team v con-
tinues to determine next action. Therefore,our algorithm does
not need any communication among teams during execution
phase. Each team can make its decision by its own observation
which reflects that our G-MADDPG is a distributed strategy.

The detailed algorithm is shown in Algorithm 1 which in-
cludes the training process and environment interactions. At
the beginning,for each team v, we initialize its critic network
Q' and actor network 7° randomly with weight 02" and 0 re-
spectively (line 2). Two target networks with parameters
09" .07 are copied from their critic and actor networks (line
3). Then we initialize replay buffer B which is used to store
transitions (line 4). In each episode, we initialize environment
and obtain the initial state s,. Then the data sensing which
lasts for T time slots starts. At the beginning of time slot #,
each team selects an action af =4 (o) and adds a noise for
exploration (line 9). Then environment executes all actions
and gives a set of rewards r, to teams (lines 10— 11). Next,
transition <o, »a, » 7, y0,41 ) is stored to replay buffer B,if it is
full, the oldest one will be dropped out (lines 12—14). If the
transitions in replay buffer are enough for training,we sample
N transitions and update critic network by minimizing the loss
function, actor network by using gradients. Two target net-
works are softly updated correspondingly (lines 15—17). Af-
ter adequate training,the model is saved for testing.

5.3 Grouping Multi-agent Deep RL Approach

As the number of UAVs increases, the interaction be-
tween UAVs and environment grows simultaneously, moreo-
ver. the interaction among UAVs grows exponentially. These
two points cause the training convergence speed to be very
slow. In order to solve this, we propose a grouping multi-agent
DRL method G-MADDPG. Compared with mean field appro-

ximation which makes a fixed trade-off between training time

and result accuracy,our method can control the trade-off flexi-
bly according to specific task demands. In practice,some prob-
lems focus more on result accuracy, while others focus more
on training time,so making a flexible trade-off is needed.

G-MADDPG controls this trade-off flexibly by grouping
all UAVs into different number of teams. It regards each team
as an agent and considers the interaction among teams. If we
group all UAVs into more teams, we will consider the interac-
tion more accurately, then the result accuracy will be higher
and the training time will be longer. Specially., if we don’t
group,we will consider the most number of agents, then the
result will be the best and the training time will be the lon-
gest. If we group all UAVs into one team, we will consider
only one agent,then the training time will be the shortest and
the result will be the worst.

For details of G-MADDPG, firstly, we cluster all UAVs
into several teams dynamically by considering specific task re-
quirements and scenarios. We call each team “multi-agent
team” ,and each team has a bigger ability, their flying speed is
proportional to the number of UAVs in it. The purpose of this
is to be able to obtain an equivalent UAV flight strategy after
determining the team’s strategy. Specifically. see below equi-
valent transformation. Then we determine team scheduling
strategy by Algorithm 1. Finally, each UAV patrols at its
original speed along the route of its team with a certain time
difference.
Algorithm 1 Teams Scheduling Strategy
Input: A set of teams V,a set of Pols P with frequency coverage re-

quirements D, a set of charging stations C, discount factor 7,
update rate T
Output: Actor network, critic network, target actor network, target
critic network
1. for all team v=1,2,+-+,V do
2. Initialize critic network Q' and actor network =¥ randomly with
weight 62 and 6=
3. Initialize target network Q¥=Q",n'v=n"
4. Initialize replay buffer B
5. for all episode=0,1,:+,M—1 do
6. Initialize the environment, receive initial state so
7. for all time slot t=0,1,--,T—1 do
8. for all team v=1,2,+,V do
9. Get current observation o} from the environ-ment, select
an action ay = m,7 (oY) by the current actor network and
add a noise for exploration
10. Execute a,= (al ,a?,++,a)) in environment
11. Environment changes state,teams obtain rew-ard r, and next
observation o+

12. Store transition (0¢sas1i,0+1) to B
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13. if B is full then then

14. Remove the oldest experience from B

15. if size(B)=H then

16. Sample a mini-batch of N transitions from B
17. Update four networks by Algorithm 2.

Algorithm 2 Update Four Networks

1. Compute the target Q-value in mini-batch:

2oy = tvQ (o]}, ’a,(l\ 1 ,a'f‘ 1 ""*allvw 1109

3. Update critic network 02 by minimizing the loss:
4. L02)=E[Q" (0} sa, a =+ .a, [09) —y']?

5. Update actor network 6 using gradients:

6. Vo J=B[ V5 ©" (0|07 ) [o=o *

09)

1 2 v
7. V.Q'(0,a, 58, 5+ »a,

Rl

8. Softly update the parameters of target networks by:
9.09" =709 +(1—0) 0%

10, 05" =07 +(1— 00"

The time difference is the ratio of the time that an UAV
patrols once and the number of UAVs in this team. Fig. 3
shows an example that a team consists of three UAVs, left
part is team’s flying pattern and right is UAV’s flying pat-
tern. This interval flying pattern for UAVs makes the same

result as team strategy,which can be proved as follows:
% 3v e
/W\ /?W N
=
o

Fig. 3 Team strategy vs. UAVs strategy

The main idea is proving that the Pols on the route is vi-
sited by the same time interval under the two patterns. We as-
sume that the length of team’s flight path under the schedu-
ling strategy is s, »the speed of UAV is vy and the number of
UAVs in the team is 7. » 50 the speed of the team is v =
Vindi * Meam. When the team patrols its route, the Pol which is
on the route is arrived once per fyum = 5// Ve time slots. Cor-
respondingly, when UAVs patrol along the route simultane-
ously.each UAV arrives the Pol once per tig = s,/ vma time
slots. However, Pols are visited by all UAVs in the team, so
the time interval is:

51/ (Vteamn / Tieam ) 51

= = 12>

Mieam Mieam Mieam U team

Lindi __ St / Uindi

which is the same as their team, so these two patterns
make an equivalent result, Taking Fig. 3 as an example,we as-
sume the path length is 6 and UAV’s speed is 1,s0 team’s
speed is 3. For team strategy. it visits each Pol on the route
once per 6/3=2 time slots,and for UAVs strategy.each Pol
is visited once per (6/1)/3=2 time slots. These two results
are equal. Similarly,the energy consumption and charging con-

ditions of the two methods are also the same.

Another key for GG-MADDPG is how to cluster all UAVs
into several teams according to the specific task and scenarios.
We propose a distance-based clustering algorithm DCA to
solve this. Firstly, we cluster charging stations with the dis-
tance threshold &. Specifically.if the distance of two stations is
less than &, these two stations are combined as a new element,
and the location of this new element is the average of these
two stations. Then the new element taking place of the origi-
nal two stations continues to cluster with others. This process
repeats until the distance of two closest elements is no less
than & After this.there are k. station sets,and each set has a
center location that is the average of all stations in it.

Secondly, we allocate all Pols into these k. sets. If the dis-
tance between one Pol and one set’s center location is less
than &, this Pol is allocated to this set. If one Pol is near seve-
ral sets,it is allocated to the nearest one. Then each set’s lo-
cation is updated by the average of all stations and Pols in it.
This process is repeated until all Pols are allocated or the nea-
rest distance between remaining Pols and sets is more than &,
For remaining Pols, we cluster them as the way clustering
charging stations, then there will be &, Pols sets. Hence, the
sum number of sets is k=k. +k, ,which is also the number of
teams. For each set,we calculate the sum requirements of Pols
in it,then assign UAVs proportionally. For example, there are
20 UAVs, they are grouped into four teams and each team
needs 50,100,200 and 150 times to collect respectively, then
the assigned UAV number of each team is 2,4.8 and 6.

Therefore, UAVs are grouped into £ teams and each team
has several UAVs. G-MADDPG determines teams scheduling
strategy by Algorithm 1 first,then compares the training time
and result accuracy with the task demand. If the training time
is longer,it groups the two nearest teams into one team. If the
result accuracy is smaller,it divides the with the largest team
which has the most UAVs into two same size teams. This
process is repeated until the task’s demands are satisfied.

G-MADDPG is shown in Algorithm 3. It trains the teams
that are clustered by DCA at first (lines 1 —2), then adjusts
the number of teams dynamically according to specific task de-
mands until the demands are met (lines 3—8). For example,
in a specific problem, UAVs are divided into four teams with
2,6,3,4 UAVs in each team separately but the result accura-
cy does not meet the demand, G-MADDPG would divide the
teams with 6 UAVs in two teams by distance-based clustering
algorithm. Finally.after determining team strategy, UAVs pa-
trol among their team route with a time interval difference

(line 9).
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Algorithm 3 Grouping Scheduling Strategy: G-MADDPG
Input: The demands of training time T\, and result accuracy R,
Output: UAVs scheduling strategy
1. Get the clustering result that UAV’s team set Sy by DCA
2. Regard each team in the set Sy as an agent, train and get teams

scheduling strategy by Algorithm 1
3. while training time ty., or result accuracy r.. dissatisfies the de-

mands do
4. if training time tygin > T then
S. Group the nearest two teams into one team
6. if result accuracy rucc<<R,cc then
7. Divide the team with the largest number of UAVs into two

same size teams
8. Train and get teams scheduling strategy by Algorithm 1 under
the new set Sy
9. UAVs patrol their team route with a time interval
In our problem, UAVs needs to patrol among Pols and

charging stations for meeting frequency coverage requirements
and charging, so after determining teams’ scheduling strate-
gy,we can propose an equal UAV flying pattern that each
UAYV patrols among their team route with a time difference.
However,our equal flying pattern does not suit all problems.,
for example,the problem which concentrates on efficient data
collection'® . In this problem, if UAVs patrol among their
team route with a time difference, we won’t get the same re-

sult as team strategy in data collection ratio and fairness.
6 Performance Evaluation

6.1 Setting

In our simulations,we set the target area as a 2D square.
Each UAV starts with 60 units of energy reserve (as full en-
ergy). An UAV costs 10 units of energy when it flies to
neighborhood,5 units of energy for staying in place and 0. 5
units of energy for sending data. We set penalty o, =0. 2 for
border collisions and pf, =2. 0 when UAV is close to running
out of energy. UAV’s sensing capacity is one square grid. We
use PyTorch 1. 0. 1 to implement G-MADDPG. all experi-
ments run on a server with GTX 1080Ti GPU cards, AMD
Ryzen 7 2700 Eight-Core Processor CPU cards and 16 GB
memory. Besides, in implementation, we set the learning rate
as 0. 001, discount rate factor y=0. 95, buffer size as 1. 6 X
104, batch size as 512 and soft update factor = to 0. 01.
6.2 Illustrative Moving Trajectories

We test our strategy and observe the results in three-
agent and four-agent scenario. We observe that UAVs learn to
cooperate in both scenarios. They are responsible for a subarea
and patrol around the Pols without going beyond the border.
This reflects the penalty in reward function works. Also,

UAVs fly to every Pol rather than moving among some Pols

which have higher frequency coverage requirements, because
our strategy considers fairness simultane-ously. Besides,
UAVs successfully learn to go to charging stations for char-
ging and go on sensing data again. Fig. 4 shows the visits of
three Pols in the three-agent scenario, we can see although
these Pols have quite different requirements which are 1 time
per 5,1 time per 20 and 1 time per 8 time slots, UAVs almost
cover all sensing demands,only missing one demand of Pol 1

at the first 5 time slots.

Pol 1
o

Pol 2

Pol 3

0 © 2 0 m
Fig. 4 Tllustrative UAVs flying trajectories
6.3 Baseline Methods and Evaluation Metrics

There are three baselines as follows:

(1) IQL-DiffRewards'®" : Each UAV determines its ac-
tions by deep Q-learning and regards other agents as part of
the environment. It does not consider other agents’ strategies.

(2) NEC: UAVs visit the Pol which is the nearest and
most needs to be sensed,besides, we assume that UAVs com-
municate with nearby UAVs to avoid choosing the same Pol.

(3)Random:Each UAV randomly selects their action.

We use the following metrics to measure the perfor-

mance:
B
Frequency coverage ratio (Fr):Fr=Ds/ 2 n,.it calcu-
p=1

lates as a ratio between the total collected times and initial

needed.
P
Geographical fairness (G¢) :calculated by (2):Gy= (2
p=1

gb(‘b))z/Ppil $(p)* to show geographically how evenly each
Pol’s requirement is met.

Sum charging energy (C;) :Cr=Er /el ,it is the ratio be-
tween UAVs’ total charging energy E; during the task and
the initial energy of UAV,

During testing,all algorithms except NEC repeat 10 times
and we take the average of ten testing results for evaluation.
NEC is tested only once since it produces the fixed results.
6.4 Comparing with Baselines

We conduct seven sets of simulations to evaluate our

strategy. For testing.we generate a three agents scenario ran-
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domly which includes 10 Pols with random {requency coverage shape. We set the total time slots to 400, the charging propor-
requirements and locations,and 4 charging stations with ran- tion to 1 which means an UAV can get full energy in one time
dom locations. The target area is divided into a 9 X 9 grid- slot. We show the simulation results in Fig. 5 — Fig. 12.
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(1) Performances on Different Numbers of UAVs: We
first show the results when we change the number of UAVs
from 1 to 5 and keep others fixed in Fig. 5. We can see
G-MADDPG gets the best result in terms of F; and Gy. Both
F; and Gr increase with more UAVs under all four strategies.
This is because more UAVs have better ability to sense so
they can miss less data and visit more Pols. Furthermore,
when the number of UAVs is one, there is no interaction be-
tween UAVs,so all strategies except Random get the same re-
sult. Then as the number is more than 1, the interaction ap-
pears, so neither IQL-DiffRewards which does not consider
the interaction.nor NEC which considers the interaction sim-
ply by avoiding UAVs going to the same Pol can get a better
result. From Fig. 5 (c¢). we can observe that although G-
MADDPG gets a better result, Cr is almost less or equal to
others, which means our strategy does not consume more
energy for better performances.

(2)Performances on Different Numbers of Charging Sta-

tions: We change the number of charging stations from 2 to 6.
From Fig. 6 (a,b),we can observe G-MADDPG consistently
outperforms three baselines. Both F; and Gy increase with
numbers. Because of more charging stations, teams do not
need to travel a long journey to charge energy,they can focus
more on frequency coverage. Furthermore, our strategy learns
how to better use the charging stations, thus both Gy and Fr
do not increase and get 1. 0 after C=5. From Fig. 6 (c¢),we
can observe that G-MADDPG charges more energy for meet-
ing more demands but the increments are quite small.

(3) Performances on Different Pols Frequency Coverage
Requirements: We conduct simulations to test performances of
three different Pols frequency coverage requirements distribu-
tions which are convex, uniform and concave as shown in
Fig. 10. Specifically, Pols frequency requirements in convex
distribution means most of Pols have higher requirements and
a few UAVs are medium or lower frequency requirements. On

the contrary, concave distribution means most of Pols have
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lower frequency requirements and a few UAVs are medium or
higher requirements. Uniform distribution means all Pols have
similar frequency coverage requirements. From the results in
Fig. 7, we can see that G-MADDPG gets the best perfor-
mance., this is because whatever Pols distribution follows, G-
MADDPG can consider the interaction among teams well and
schedule teams to meet different requirements cooperatively.
From Fig. 7(c) ,we can draw the same conclusion as Fig. 5 (¢)
that our strategy does not get better results by consuming too
much energy.

(4) Performances on Different Numbers of Pols: More
Pols make UAVs explore more area to ensure frequency co-
verage ratio and geographical fairness. Meanwhile, the interac-
tion among UAVs increases and the problem is more com-
plex. Hence,we set 6 to 14 Pols and fix others to test. As the
results shown in Fig. 8, G-MADDPG outperforms all three
baselines in Fr and Gy ,and does not charge too much energy
for better results. This reflects it can consider complex inter-
action and schedule UAVs well when the number of Pols in-
creases.

(5) Performances on Different Charging Proportions: We
change charging proportion of full energy from 0. 2 to 1. From
the results in Fig. 9,G-MADDPG always obtains the maximal
Fr and Fr gets higher as charging proportion increases. This
is because the bigger charging proportion makes UAVs use
more time slots to satisfy the task demands instead of ensu-
ring {lying normally. For G+ .G-MADDPG obtains the best re-
sult except charging proportion is 0. 6. However,in this case.
GMADDPG has a bigger improvement in Fy with a quite
small reduction in Gr,so the comprehensive result is better
than others. From Fig. 9 (¢), we can see G- MADDPG con-
sumes the least energy in all cases which reflects that our
strategy can utilize the charging ability well and schedule

UAVs efficiently.

Table 1 Result of three strategies
Strategies G-MA (6) MFA G-MA (3)
Frequency Coverage Ratio 0. 860 0.828 0.796
Geographical Fairness 0.927 0.891 0. 840
Training Time/h 109.8 43.75 37.9

(6)Performances on Different Ability of UAVs to Carry
Energy: All the above simulations focus on different scenarios
and requirements, then we consider the impact of different
UAV capabilities. We change the ability of UAVs to carry en-
ergy from 40 to 80 units. UAVs has higher ability to carry en-
ergy means they can fly farther and do not need to charge fre-
quently. As shown in Fig. 11, G-MADDPG outperforms other
strategies in Fr and Gr.and does not charge too much energy
for better results. Both Fr and G increase as the ability of
UAVs increases, because UAVs have more time slots to

sense, they can miss less data and visit more Pols.

(7) Performances on Different Locations of Pols, Char-
ging Stations and UAVs Taking off: Different locations of Po-
Is and UAVs taking off can influence cooperation between
UAVs, different locations of charging stations affect the
choice of charging time and location of UAVs. Hence.we gen-
erate four different scenarios randomly with only differences
in locations in Fig. 12. We can observe that G-MADDPG gets
the best performance in all four scenarios. This is because G-
MADDPG can consider the interaction among teams in diffe-
rent scenarios and schedule teams to meet requirements coope-
ratively, while others cannot.

6.5 Flexible Trade-off

We conduct simulations to see the performance among G-
MADDPG with different number of teams and mean field ap-
proximation. We set 6 UAVs, 18 Pols and 4 charging stations
in the target area. The results show that all strategies con-
verge and the training time can be ranked as: G-MADDPG (3)
(ie. sall UAVs are grouped into 3 teams) <Z Mean Field ap-
proximation << G-MADDPG (6) (i.e. ,all UAVs are grouped
into 6 teams). Table. 1 shows the collection result, we can ob-
serve that G-MADDPG (6) gets the best results in Fr and
G ,mean field approximation and G- MADDPG (3) are similar
but G-MADDPG (3) needs less training time. The training
time of G-MADDPG (6) is nearly 3 times of G-MADDPG
(3). Then,we adjust the number of teams based on DCA. As
shown in Fig. 13, both the result accuracy and training time
increase as the number of teams increases. Hence, our ap-
proach G-MADDPG can control the trade-off between training

time and result accuracy flexibly by adjusting the number of

teams.
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Fig. 13 Performance of G-MADDPG
CONCLUSION In this paper, we consider the problem

of scheduling UAVs to sense Pols which have different fre-
quency coverage requirements. First, we prove that our sche-
duling problem is NP-hard and formulate the problem based
on multi-agent deep reinforcement learning for considering the
influence among UAVs. Then we re-adjust the reward func-
tion for focusing on frequency coverage requirements. In order
to deal with that the training time is too long when the num-
ber of UAVs is large, we propose a grouping approach G-
MADDPG based on a distance-based clustering algorithm

DCA. It groups all UAVs into several teams and schedules

teams distributively by considering the interaction among
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teams. It can control the trade-off between the training time

and result accuracy flexibly by dynamically adjusting the num-

ber of teams. Finally, we conduct extensive experiments, the

results justify the performance of our approach and show that

G-MADDPG is flexible to control the trade-off and that the

result accuracy gets higher as the number of teams gets big-

ger.
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