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Abstract. In this paper, we focus on an aerial surveillance system com-
posed of single sentinel and multiple searchers. In the system, uniden-
tified flight vehicles, UFVs, are surveillance targets. The searchers are
required to approach the UFVs for identification. In this regard, how-
ever, faster UFVs move while avoiding the searchers. In order for the
searchers to approach and detect such sophisticated UFVs, cooperative
actions play an important role. Therefore, we apply reinforcement learn-
ing to the searchers. In the initial learning phase, however, searchers
based on random actions seldom detect UFVs. Thus the searchers can-
not acquire effective actions to approach the target UFV. Therefore, we
further apply transfer learning to this problem. Through surveillance
simulations, we show the effectiveness of the cooperative actions by the
multiple searchers for the UFVs in the aerial surveillance system.

Keywords: multi-agent systems, reinforcement learning, cooperative ac-
tions, aerial surveillance

1 Introduction

In recent decades, unmanned aerial vehicles, UAVs, have been employed in sev-
eral application domains, such as wildfire tracking, monitoring, search and res-
cue, and surveillance and reconnaissance [1][2]. In this paper, we focus on an
aerial surveillance system composed of multiple UAVs. Basilico and Carpin have
presented an aerial surveillance system composed of two types of UAVs [3], as
illustrated in Fig. 1.

As the aerial agents, single sentinel and multiple searchers operate in the
system. The sentinel operates at a place higher than the searchers. A sensing
range of the sentinel is drawn by a pink circle. If an unidentified event occurs in
the surveillance area, the sentinel detects the position. However, the sentinel is
not capable of identifying the event precisely. On the other hand, searchers are
able to identify the event in the sensing range drawn by red circles. Basilico and
Carpin have succeeded in identifying events by dispatching the searchers.

For aerial surveillance with multiple UAVs, the area is divided and assigned
to each of the UAVs [4]. In order to cover the assigned area, the UAV followed
a path based on a deterministic zigzag pattern. On the other hand, cooperative
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Fig. 1. Aerial surveillance system composed of sentinel and searchers

path planning for multiple UAVs in the same area has been proposed [5]. Fur-
thermore, multi-UAV path planning in consideration of the connectivity among
the UAVs has been proposed [6]. However, static targets have been assumed to
occur randomly at any place, as described in [7].

In this paper, we assume unidentified flight vehicles, UFVs, as surveillance
targets. As well as the system illustrated in Fig. 1, one sentinel and multiple
searchers are used. Compared to the static targets, searchers are required to
approach UFVs in consideration of the movement.

In our previous work [8], the movement of the UFVs was stochastically pre-
dicted. According to the movement, optimal approaching strategies have been
proposed with the use of the value iteration method. However, the UFVs were
assumed to move linearly ignoring searchers. Hence, it is difficult to predict the
movement if the UFVs change the actions due to the searchers. Therefore, we
apply reinforcement learning to the searchers in consideration of the interaction.
In the field of multi-agent reinforcement learning, this issue has been treated as
a pursuit game [9]. However, faster pursuers than evaders have been assumed.
To our knowledge, a superior evader was assumed to move at the same speed as
pursuers [10].

In the aerial surveillance system, on the other hand, we assume the UFVs
faster than the searchers. Furthermore, the UFVs are allowed to move while
avoiding the searchers through interaction. Therefore, it might be difficult for
the searchers to approach and detect such sophisticated UFVs as long as the
searchers take actions independently from each other. For this challenge, coop-
erative actions among the multiple searchers play an important role.

In the reinforcement learning for cooperative surveillance, the searcher state
is defined on the basis of a target UFV and other searchers. As for a series of
actions, action weights (or policies) in the states are calculated depending on a
reward based on the surveillance result. A searcher in a state selects a next action
based on the action weight. In this regard, however, the state space is too large
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to explore. For multi-agent reinforcement learning, a deep Q-network, DQN, has
been used for Q-value approximation [11]. In stead of state exploration, therefore,
a relationship between the state and action weight is approximately represented
by a deep neural network. Through the state-action mapping, action weights
are derived as the outputs even for the first input states. In the surveillance
system, the searchers operate by repeating the state observation and policy-
based decision making.

In the initial learning phase, however, searchers based on random actions
seldom detect UFVs. Thus the searchers cannot acquire effective actions to ap-
proach the target UFV. Therefore, we further apply transfer learning [12] to this
problem. In the initial learning phase, smaller environments with limited state
space are provided so that the searchers easily approach and detect UFVs. The
learning results are then transferred to the original surveillance environment.
Through surveillance simulations, we show the effectiveness of the cooperative
actions by the multiple searchers for the UFVs in the aerial surveillance system.

2 Multi-Agent Aerial Surveillance System

Within the surveillance area as illustrated in Fig. 1, the sentinel constantly tracks
the positions of searchers and UFVs. The searchers are allowed to communicate
with the sentinel. Thus a searcher has information about the target UFV and
other searchers via the sentinel. Fig. 2 illustrates the top view of the surveillance
system with three searchers for an UFV as the target. The pink circle indicates
the surveillance area. The UFV moves below the searchers.

UFV

Searcher
Searcher

Searcher

(a) Searchers vs. in-
coming UFV

(b) Approaching
searchers

(c) Detection (suc-
cess)

(d) Failure

Fig. 2. Top view of aerial surveillance system with multiple (three) searchers

In Fig. 2(a), the incoming UFV is detected by the sentinel. The information
is shared with the three searchers. The UFV moves toward a destination located
at the edge of the surveillance area. In Fig. 2(b), the searchers approach the UFV
by taking actions in each state repeatedly. In Fig. 2(c), eventually, a searcher
succeeds in detecting the UFV within the red sensing range. On the other hand,
in Fig. 2(d), the UFV reaches the destination without being detected by the
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searchers. In this case, the searchers fail in detecting the UFV. As well as the
searchers, UFVs in the surveillance area are also allowed to have information
about the searchers by radar. Thus the UFVs are able to move toward the
destinations while avoiding the searchers.

For reinforcement learning, the surveillance process from the detection of
the incoming UFV by the sentinel to the success or failure of detection by the
searchers is called episode. At the end of each episode, a reward is given to
the searchers depending on the surveillance result, success or failure. With each
episode, the searchers gradually learn effective actions to approach the UFVs.

3 Reinforcement Learning for Multiple Searchers

3.1 State Definition

In the aerial surveillance system, faster UFVs move so as to avoid the searchers.
In order for the searchers to approach and detect such sophisticated UFVs,
cooperative actions among the multiple searchers play an important role. For
cooperative surveillance, the searcher state is defined on the basis of the relative
position and direction to the target UFV and other searchers as illustrated in
Fig. 3. The polar coordinate system centered on the host searcher reduces the
combination of parameters used for state definition.

Searcher

UFV
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θ
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φ
s

(a) State based on UFV

Searcher

Searcher j

µ
sj

d
sj

(b) State based on other
searcher(s)

Fig. 3. Definition of searcher state in polar coordinate system

The positions and moving directions of the searcher and UFV are represented
by x, y, and θ in the 2D plane. As described in section 2, the information is known
to both the searchers and UFV. In Fig. 3(a), ds and θs indicate the distance and
direction angle of the searcher to the UFV, respectively. A relative direction
between the searcher and UFV, φs, is further included in the state. In Fig. 3(b),
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dsj and θsj indicate the distance and direction angle of the searcher to the other
searcher, j.

As described above, the searcher state at time t in an episode, st, is defined
by the combination of dsj∈J

and θsj∈J
in Fig. 3(b) in addition to ds, θs, and

φs in Fig. 3(a). As for the dsj∈J
and θsj∈J

, J indicates a set of other searchers
j excepting the host searcher i, i �= j. Hence, it is expected that the searchers
can learn the approaching actions taking the moving direction of the UFV and
cooperative relations with other searchers into account.

3.2 Discretized actions

In a state, st, searchers take actions so as to approach the UFV. The searcher
action, defined by the directional change Δθ and moving distance d, is repre-
sented as at = {Δθat , d

a
t }. Given continuous values of Δθ and d, the action space

becomes too large to explore.
In the system, the searcher action is discretized by dividing into N directions.

In doing so, a set of actions in state st is represented by At = {a1t , a2t , · · · , aNt }.
A searcher selects an action, at, from a set of the discretized actions At. For
instance, the searcher that selected action a1t rotates θa

1

t and moves a distance

of da
1

t .

3.3 Rewards based on surveillance results

At the end of each episode, positive or negative rewards are given to the searchers
depending on the surveillance result, success (see Fig. 2(c)) or failure (see Fig.
2(d)). If the negative rewards are equally given to the searchers in case of failure,
two series of actions of approaching and leaving searchers are both evaluated as
ineffective for surveillance. In this case, therefore, the negative rewards depending
on the final distance to the UFV are given to the searchers as follows:

R =

{
r (success) or

−dfin

D r (failure),
(1)

where r is a reward constant, dfin is the distance to the UFV at the end of the
episode, and D is a diameter of the surveillance area.

From Eq. (1), if any of the searchers detects the UFV, the positive rewards
are equally given to all the searchers. On the other hand, the negative reward
increases as the final distance to the UFV increases in case of failure.

4 Surveillance Policy

4.1 Profit sharing with expected value

In order for a searcher in state st at time t to take action at, action weight
W (st, at) is used as an indicator. As the action weight is increased through
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reinforcement learning, the searcher tends to select action at in state st. The
action weight in each state is calculated from rewards. As described in section
3.3, the rewards are given to the searchers at the end of the episode depending
on the surveillance result.

After the episode, action weights corresponding to a series of actions are
calculated. For this purpose, we present profit sharing [13] with expected value,
PSw/EV. In addition to the given reward, the action weight is calculated in
consideration of the expected value of the reward in each state. After that, the
action weight is updated as follows:

W (st, at)←W (st, at) + γ(τ−t){R− E(st)}, (2)

where γ is a discount rate, τ is an end time of the episode, and E(st) denotes the
expected value of the reward in state st, E(st) = ΣeR(st)/N(st), where ΣeR(st)
indicates the sum of rewards given in episodes e in which the searcher observed
state st and Ne(st) is the number of episodes e.

During each episode, a series of actions, a1, a2, · · ·, in states, s1, s2, · · ·, is
stored. After the episode, the action weight at time t, W (st, at), based on state
st and action at is updated according to the difference between the given reward
R and expected value of the reward in state st, E(st). From Eq. (2), W is
increased if R is higher than E(st), and vice versa, through the PSw/EV.

4.2 RBFnet for state-action mapping

The searcher state is defined by continuous values as described in section 3.1.
Thus in section 4.1, it is impossible to explore the whole state space and calculate
W (S,A) for all the state-action pairs, s ∈ S and a ∈ A. In this paper, therefore,
a relationship between the state s and action weight W (s) is formulated. For
state-action mapping, a radial basis function network [14], RBFnet, is used.

The RBFnet is based on a deep neural network composed of three, input,
hidden, and output layers. In the RBFnet, radial basis functions are applied to
the units in the hidden layer. As a result, the relationship between the input
state s and output action weight W is represented by the following equation:

W (s; ds, θs, φs, dsj∈J
, θsj∈J

) =

K∑
k=1

wkϕk(s), (3)

where K is the number of units in the hidden layer. wk denotes connection
weights between k-th unit in the hidden layer and output units. Since the
searcher action is discretized into N directions, the connection weights are wk =[
wa1

k , wa2

k , · · · , waN

k

]
for the N output units. ϕk() is the radial basis function

based on the following Gaussian kernel:

ϕk(s) = exp

(
−||s− μk||

σ2
k

)
, (4)
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where μk and σk are a central value and variance of the Gaussian kernel in the
k-th unit.

Through state-action mapping in Eq. (3), the RBFnet accepts not only an
observed state, s, but also the other similar states even if the states are not
observed by the searcher. For these input states, the actions weights of Wa1(s)
to WaN (s) are derived from the N output units. Fig. 4 illustrates an example
structure of the RBFnet with three searchers. The input layer is composed of
3 + 2J units, i.e., three units for the UFV and 2 × J units for other searchers
j ∈ J . Given the three searchers, J = 2, the input layer is composed seven units
in total. The hidden and output layers are composed of K Gaussian units and
N units, respectively.
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Fig. 4. Structure of RBFnet with three searchers

The input state, s, is first off normalized to s′. Hence, each parameter of ds,
θs, φs, ds2, θs2, ds3, and θs3 has a value of [0, 1]. These values are then fed as
the inputs to the RBFnet. After that, ϕ1 to ϕK are calculated by Eq. (4) in
the K Gaussian units. Through the connection weights of w, the action weights,
Wa1(s) to WaN (s), are calculated by Eq. (3) and derived as the outputs.

After each episode, action weights are updated by Eq. (2). For the outputs
of Wa1

t
(st) to WaN

t
(st) derived from the RBFnet, only the output unit, Wat

(st),
corresponding to action at taken in state st is used as the target. In other words,
the connection weights to the output unit in Eq. (3) are updated so that Wat

(st)
equals to W (st, at) as follows: wk ← wk + ηδϕk(st), where η is a learning rate
and δ is a update value, calculated from δ = γ(τ−t) {R− E(st)}.

4.3 Boltzmann action selection based on action weights

In state st at time t, the searcher probabilistically selects an action depending on
the action weights of Wa1

t
(st) to WaN

t
(st). For this purpose, Boltzmann action

selection [15] is used. The searchers repeat the decision making until the end
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of the episode. For Boltzmann action selection, each action weight Wat
(st) is

converted to the following probability, p:

p(at|st) =
exp

(
Wat (st)

T

)
∑N

an
t
exp

(
Wan

t
(st)

T

) , (5)

where T is the temperature, which is a time-varying parameter.
From Eq. (5), the probability, p, increases as the action weight, Wat

(st),
is increased. Therefore, an action with higher weight tends to be selected. In
general, parameter T decreases to 0 with time. Eventually, the action weight
has a greater impact on Eq. (5). Thus the Boltzmann action selection through
state-action mapping in section 4.2 is the surveillance policy for the searchers.

5 Transfer Learning

In the initial learning phase, action weights W are uniformly given to all the
states s ∈ S for all the actions a ∈ A. The surveillance policy allows the searcher
to select each action with equal probability as expressed in Eq. (5). In other
words, the searchers gradually learn effective actions from the random actions
by detecting the target UFV fortuitously.

However, the searchers based on the random actions seldom detect sophis-
ticated UFVs. As long as the searchers fail to detect the UFV, the negative
rewards continue to be given to the searchers. Even if a searcher partially takes
effective actions, the action weights are not increased in case of failure. As a
result, the searchers cannot acquire the effective actions to approach the UFV
through reinforcement learning.

This learning problem is due to the large state space. Therefore, we further
apply transfer learning to this problem. In transfer learning, the final action
weights WA(SM−1) in smaller environment DM−1 are used as the initial action
weights WA(SM ) in larger environment DM . The state space of DM−1 and DM

is represented as SM−1 ⊆ SM . Fig. 5 illustrates the process of transfer learning.
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Fig. 5. State space expansion for transfer learning
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In Environment D1, the state space S1 is limited to around the UFV. In the
state space, the searchers are already close to the UFV and arranged so as to sur-
round the UFV. In these states, even the searchers based on the random actions
can detect the UFV. Moreover, the searchers are allowed to observe the state
space and update the action weights sufficiently. After that, the action weights,
WA(S1), in environment D1 are transferred to the expanded environment, D2,
and used as the initial action weights. The searchers mainly observe the addi-
tional state space, S2−S1, and update the action weights WA(S2). This process
is repeated until the size of the environment reaches the surveillance area DM .

Through transfer learning, random actions of the searchers in the initial
learning phase are confined to the limited state space and additional state space.
In the initial limited state space, the searchers detect the UFVs with random
actions. Therefore, more positive rewards are given to the searchers. As a result,
the learning efficiency is increased, and the searchers in the surveillance area are
allowed to learn the effective actions to approach the UFV with episodes.

6 Surveillance Simulation

6.1 Simulation settings

In this simulation experiment, single sentinel and three searchers are used for
surveillance. In each episode, a target UFV comes into the surveillance area.
Fig. 6 illustrates the environment of aerial surveillance system. Please note that
fixed-wing UAVs different from drones are assumed in the system.

UFV

Searcher 1

Searcher 3

Searcher 2

Destination

(a) Three searchers vs. target UFV

50
 [k

m]

300 [k
m]

(b) Sensing range

Fig. 6. Surveillance environment

The initial positions of three searchers are as indicated in Fig. 6(a). As for the
target UFV, both the incoming position and destination are randomly selected
from the edge of the surveillance area. In Fig. 6(b), the sensing ranges of the
sentinel and searchers are provided. The radius of the surveillance area is 300
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[km]. Within the radius of 50 [km], the searchers detect the UFV, and the detail
information is identified.

The fixed-wing searchers move at a velocity of 300 [km/h]. Unlike drones, the
searchers cannot control the moving direction rapidly and precisely. Hence, the
action is discretized as A = {a1, a2, a3, a4, a5}, by dividing into N = 5 directions.
Thus the searcher based on action a = {Δθa, da} rotates the direction −90 [deg]
by a1, −45 [deg] by a2, 0 [deg] by a3, 45 [deg] by a4, and 90 [deg] by a5, and
moves a distance of da = 30 [km], in each step corresponding to 0.1 [h].

The UFV moves at a velocity of 450 [km/h]. In consideration of the inter-
action with the searchers, the moving direction of the UFV is determined by
the resultant force of Fa and Fr. Fa, the attractive force is generated from the
destination as follows:

Fa(dd) =

{
a1dd + b1 (dd < dth1) or

b1 (dd ≥ dth1),
(6)

where dd is a distance to the destination, a1 and b1 are coefficients, and dth1 is a
threshold for the distance. Fr, the repulsive force is generated from each of the
searchers as follows:

Fr =
∑
i

Fr(di) =

{
a2di + b2 (di < dth2) or

0 (di ≥ dth2),
(7)

where di is a distance to the i-th searcher, i = {1, 2, 3}. a2 and b2 are coefficients
and dth2 is a threshold for the distance.

From Eq. (6) and Eq. (7), within a certain distance of dth1 and dth2, the
attractive force and repulsive force increase as the distance reduces, and affect
the UFV. These coefficients and thresholds are given as a1 = −6, b1 = 210,
dth1 = 30, a2 = −0.3, b2 = 60, and dth2 = 200. As well as a superior evader in
[10], the movement model of the UFVs is unknown to the searchers.

6.2 Learning conditions

Under the following three learning conditions, the searchers acquire the effective
actions to approach the UFV depending on the combination of the input states
and presence or absence of transfer learning:

1. state based on the UFV through non-transfer learning;
2. state based on the UFV and other searchers through non-transfer learning;
3. state based on the UFV and other searchers through transfer learning.

In 1, the searcher state is defined by ds, θs, and φs. In 2, the searcher state is
defined by ds2, θs2, ds3, and θs3 in addition to ds, θs, and φs. These normalized
parameters are fed as the inputs to the RBFnet in Fig. 4. For these input states,
action weights are derived from Eq. (3). In 3, the searchers first operate in a
smaller surveillance area with a radius of 200 [km] for transfer learning. After
1000 episodes, the action weights are transferred to the original surveillance area.
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In Eq. (1), the reward constant is given as r = 1. As for the PSw/EV, the
discount rate in Eq. (2) is given as γ = 0.9. In Eq. (3), the number of Gaussian
units in the RBFnet is K = 107. The variance of the Gaussian kernel in Eq. (4)
is σ = 0.142. For Boltzmann action selection, a constant value is given to the
temperature in Eq. (5) as T = 90 to reduce hyperparameters.

6.3 Simulation results

Surveillance actions acquired by the searchers through reinforcement learning
are evaluated on the basis of the success rate in each 1000 episodes. Fig. 7
shows the results under the three conditions for 20000 episodes in total.
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Fig. 7. Transition of success rate: # of detections / 1000 (episodes)

As indicated by � plots, the success rate of surveillance under 1 was not
increased with episodes. The final success rate remained at around 5 [%]. On the
other hand, the success rate of surveillance under 2 increased to 22.6 [%], i.e.,
more than quadruple compared to the result of 1, as indicated by � plots. The
surveillance actions of the searchers under the conditions, 1 and 2, are compared
in an episode. Fig. 8 shows the approaching trajectories of the searchers for the
same target UFV after 20000 episodes. Arrows denote the moving directions of
the searchers and UFV at the time.

In Fig. 8(a), the searchers directly approached the UFV independently from
each other. As a result of the actions, the searchers failed in detecting the UFV.
In Fig. 8(b), on the other hand, the searchers cooperatively approached so as
to surround the UFV. As a result of the cooperative actions, the searchers suc-
ceeded in detecting the UFV. These results show that the searchers learned the
cooperative actions effective for surveillance based on the state defined by the
UFV and other searchers.

In Fig. 7, while the final success rate under 2 was 22.6 [%], the initial success
rate for the first 1000 episodes was 1.5 [%]. This result was as low as the initial



12 S. Hoshino and K. Kikuchi

UFV Destination

(a) 1: UFV escaped from searchers (b) 2: detected UFV

Fig. 8. Comparison of trajectories — a series of actions of three searchers

success rate under 1. In contrast, the initial success rate under 3 was increased
to 8.2 [%] as indicated by ◦ plots. This result shows that the searchers efficiently
learned the effective actions. Because of the increased learning efficiency, the
final success rate was also increased to 32.2 [%]. Compared to the result of 2,
the surveillance performance was increased more than 10 [%].

As described above, the final success rates were 5.4, 22.6, and 32.2 [%] de-
pending on the learning conditions. For your information, the searchers based on
an optimal approaching strategy proposed in [8] resulted in the success rate of
13.4 [%]. As for the remaining failure rates, the UFVs reached the destinations
at a rate of 70.1(/94.6), 43.1(/77.4), and 37.4(/67.8) [%], respectively. From the
results, the effectiveness of the cooperative actions by the multiple searchers for
the UFVs in the aerial surveillance system was shown.

7 Conclusions

In this paper, we proposed an aerial surveillance system composed of single sen-
tinel and multiple searchers. For sophisticated UFVs, the searchers successfully
acquired effective actions through reinforcement learning. In the surveillance
simulations, the searchers approached the target UFV in cooperation with each
other. As a result, the success rate of surveillance was increased to 22.6 [%] from
5.4 [%]. Furthermore, transfer learning increased the initial success rate from
1.5 [%] to 8.2 [%]. Because of the increased learning efficiency, the final success
rate was also increased to 32.2 [%], and the system yielded the best surveillance
performance. From the results, the effectiveness of the cooperative actions by
the multiple searchers for the UFVs in the aerial surveillance system was shown.

In this experiment, we used a computer with Intel Core i7-6950X (CPU),
NVIDIA TITAN RTX (GPU), and 64G bytes of memory. As for the compu-
tational cost, condition 1 (three parameters for state definition) spent about
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24 hours and conditions 2 and 3 (seven parameters for state definition) spent
about four days in the simulations. In order for the surveillance system to further
increase the success rates, more searchers are required. However, the computa-
tional cost increases with the number of searchers. For the curse of dimension-
ality, transfer learning would be a possible solution. In future works, therefore,
we will expand the state space little by little in applying transfer learning.
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