2021 IEEE International Conference on Robotics and Automation (ICRA) | 978-1-7281-9077-8/21/$31.00 ©2021 IEEE | DOI: 10.1109/ICRA48506.2021.9561258

2021 IEEE International Conference on Robotics and Automation (ICRA 2021)

May 31 - June 4, 2021, Xi'an, China

Deep Reinforcement Learning for Active Target Tracking

Heejin Jeong!, Hamed Hassani!, Manfred Morari!, Daniel D. Lee? and George J. Pappas'

Abstract— We solve active target tracking, one of the essential
tasks in autonomous systems, using a deep reinforcement
learning (RL) approach. In this problem, an autonomous
agent is tasked with acquiring information about targets of
interests using its on-board sensors. The classical challenges in
this problem are system model dependence and the difficulty
of computing information-theoretic cost functions for a long
planning horizon. RL provides solutions for these challenges as
the length of its effective planning horizon does not affect the
computational complexity, and it drops the strong dependency
of an algorithm on system models. In particular, we introduce
Active Tracking Target Network (ATTN), a unified deep RL
policy that is capable of solving major sub-tasks of active target
tracking — in-sight tracking, navigation, and exploration. The
policy shows robust behavior for tracking agile and anomalous
targets with a partially known target model. Additionally, the
same policy is able to navigate in obstacle environments to reach
distant targets as well as explore the environment when targets
are positioned in unexpected locations.

I. INTRODUCTION

Active target tracking is an information gathering task
where a mobile agent makes a sequence of control decisions
to gather information about targets of interest using its on-
board sensors. Its various applications include surveillance
[1], [2], search-and-rescue task [3], active perception [4], [5],
[6], [7], and environmental monitoring [8], [9]. Problems
in active tracking for dynamic targets tackle challenges
associated with target motions such as estimation of target
states, non-myopic planning, cost function, and stochasticity
of the targets, rather than placing the weight on processing
and inferencing sophisticated raw sensory data. Previous
studies applied various techniques from Bayesian estimation,
information theory, and optimal control to solve a spectrum
of problems. However, many approaches often face a signif-
icant challenge in computational complexity due to their de-
pendency on a planning horizon [10], [11], [12]. Especially,
it is often taxing to compute an information-theoretic cost
function such as mutual information and variance reduction
over a long planning horizon. Myopic policies have been
proposed to lessen the computational burden, but often re-
sulted in inefficient planning trajectories or failed to achieve
the optimal performance. For example, short paths that are
searched or sampled by a myopic planning approach fail to
collect new information about a distant target, and thus such
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approaches struggle to find an optimal path until an agent
gets close enough to the target. To improve the limitation,
approximate non-myopic algorithms are presented and they
reduce the complexity of obtaining a sub-optimal policy
while providing strong performance guarantees [13], [14].
An iterative sampling-based algorithm was also proposed,
increasing efficiency under a given budget constraints [15].
The complexity of their methods, however, are still not free
of the planning horizon.

Another major limitation of previous works is a strong
dependency of their methods on a specific problem for-
mulation and system models. Due to such dependencies,
they have focused on settings where the prior knowledge
of targets (e.g. initial states and target dynamic models) are
sufficiently known and/or the targets are initially located near
the sensing range [10], [13], [14]. However, such conditions
considerably simplify the problem as the main task becomes
tightly following a target whose state is relatively accurately
estimated. In real-world examples, we often have limited
information about targets. For instance, an initial belief
about a target can be inaccurate, leading to issues when
the agent searches for the target near its incorrect belief
location. These limitations can be also problematic when
targets move quickly or when their states considerably differ
from predicted states by the agent.

In this paper, we address these main challenges and
consider three major sub-tasks of active target tracking —
navigation, discovery, and in-sight tracking (tracking within
the range of a sensor). We propose a method of learning a
unified reinforcement learning (RL) policy that is capable
of all three tasks. We formulate the active target tracking
problem as a Markov decision process (MDP) with an
information-theoretic objective function. An agent explicitly
maintains a belief distribution of a target, and the belief state
and its uncertainty are included in an RL state. One of the
major advantages of using RL is its non-myopic behavior
by its nature. A learned policy is executable online and
its computational complexity is independent of the planning
horizon. Another benefit is that it can drop the dependency of
an algorithm on prior conditions and system models — agent
dynamics, target dynamics, and observation model. There-
fore, it is able to learn a robust behavior for a scenario where
the agent’s knowledge of the target model considerably
differs from a true target model. We additionally incorporate
map information and visit-frequency into an RL state as
images. This enables an RL policy to learn fo navigate
and learn to explore. Our model uses egocentric information
with respect to the agent frame to drop the dependency of a
learned policy on its training environment. We demonstrate
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the proposed method in a target tracking environment with
various scenarios including agile targets, imperfect prior
knowledge on a target model, and inaccurate initial beliefs.
The results show that the RL policy significantly outperforms
an existing search-based planning method.

II. RELATED WORK

The field of active target tracking has been explored by
various domains such as state estimation, sensor manage-
ment, active perception, planning, and machine learning.
Previous works that are closely related to this study are
search-based target tracking algorithms for dynamic targets,
Reduced Value Iteration (RVI) and Anytime Reduced Value
Iteration (ARVI) [13], [14]. Both algorithms formulate the
active information acquisition problem as a deterministic
optimal control problem and compute an open-loop policy
that maximizes a mutual information objective. With known
system models of an agent, targets, and sensors (observation),
they build a search tree of the possible trajectories of the
agent and apply a pruning method to reduce the size of the
search tree and to ensure finite execution time while guar-
anteeing suboptimality. ARVI improves RVI by eliminating
the need to tune pruning parameters in RVI while reducing
the computation time by re-using computations from prior
iterations. Although the algorithm shows promising results
in simulation and is demonstrated in real robot experiments,
it requires adequate knowledge of a true target model. Since
the search tree is built with a predicted target trajectory by
a Kalman filter, inaccurate knowledge of the target model
can lead to a path where the target does not exist. In many
cases, however, target models may not be known resulting
in practical limitations.

Learning-based methods have not been extensively studied
in the problems of dynamic targets, but numerous studies
have integrated machine learning methods into active track-
ing tasks of static objects. Unlike ours, they mainly focus on
complications of target objects such as arbitrarily deforming
objects, self-occluded objects, and semantic understanding
[4], [16], [17]. The recent advancements in deep learning in
computer vision and perception enabled solutions to track
more sophisticated objects or to study complex scenarios.
Following the trend, some of the recent literature in active
perception apply deep RL methods to directly learn a control
policy from raw sensory inputs [18], [5], [6], [7]. In this
work, we apply a deep RL method to solve the active infor-
mation acquisition problem, previously tackled by search-
based algorithms.

III. APPROACH
A. Problem Formulation

We are interested in an active target tracking problem
where both an agent and a target are mobile following
discrete-time dynamic models. We consider one robot and
N targets, and denote their states at time 7 as x; and y, =

T yh, )T where y;, is an individual target state for
i=1,---,N. The goal of the robot is to maximize the

cumulative mutual information between the belief states at ¢

Algorithm 1 Active Target Tracking Network (ATTN)

1: Randomly initialize a train Q-network, Q(s,al&)

2: Initialize a target Q-network, Q(s,a|€’) with weights &’ < &
3: Initialize a replay buffer D

4: for episode =1:M do

5: Randomly initialize xo, y; 0, $i0, Zio for i=1,--- N
6: Predict B(y;)

7: Initialize the RL state: sg = f;(xo,B(y1);M))

8: for stept=0:7—1 do

9: Choose an action a; ~ 7(s;)

10: Update the agent state x| = f(x;,a;)

11: fori=1:N do

12: Update the i-th target state y; ;1 = g(yis)

13: Observe the i-th target z; ;1 = h(Xe41,Yis+1)
14: if z;,11 exists then '

15: B(vir1) =Z ' plasili1,ye01)B011)
16: Compute a reward r;11 = R(B(y1+1))

17: Predict target states B(y;;2)

18: Update the RL state: 5,1 = fs(x,41,B(r42);M)
19: D(*DU{<S[,(1[,F[+17S[+1 >}
20: Train the Q-network

and a measurement history z;;; for a time horizon 7. More
formally, the objective is to find a sequence of control inputs
to the robot, 1.7, which satisfies,

maximizey,, , Z Ly z1e|x1s) (D
t=1,T
st xp1 = f(ox,up) t=0,---,T—1
Vigr1 = 8Vis) t=0,---,T—1
Zi,t:h(xtayi,t) tzla"'aT

where f(-) and g(-) are dynamic models of the robot and
the targets, respectively, and A(-) is an observation model.
Since the robot does not have access to the ground truth
of the target states, the robot infers the target states from
its internal belief distributions. We denote the belief distri-
bution for the i-th target as B(yi;) = p(yis|z14,%14) and its
predicted distribution for the subsequent step as B(yi +1) =
P()’i,t+1 |21, %1:1)-

Assuming y;;1 is independent of xj.,, the optimization
problem in (1) can be reduced to minimizing the cumulative
differential entropy [13]. Furthermore, when the belief is
Gaussian B(y;;) = A (Jiy,Li;), the problem becomes :

logdet(X,) (2)

minimize Z
1,-,T

=

)

B. Active Target Tracking Network

As presented in [19], we formulate the active target
tracking problem as an MDP where its value function of a
state, s, is V7 (s) = —E[L7 ' ¥ logdet(X,+1)|so = 5. y and
T are a discount factor and a time horizon, respectively. Thus,
its optimal policy m* maximizes the discounted cumulative
mutual information. The MDP state at time ¢ includes the
agent state, x; and the parameters of belief distributions on
the predicted targets for ¢+ 1. More formally, we define
O =0, 00, (0"))T]T as a state feature vector where
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Fig. 1: Illustration of the active target tracking network (ATTN) architecture. Egocentric grid maps with visit frequency of surroundings
are fed to the convolutional neural network, and its output is concatenated by non-geographical features and finally estimates Q-values.

¢;; is composed of the predicted belief state for the i-th
target in the agent’s current frame, its covariance, and the
observability of the true i-th target :

91 = (9057 Jogdet Ty, 41y, I(viy € O()))" (3)

O (x) is an observable space from the robot state x and 1(-)
is a boolean function which returns 1 if its given statement
is true and O otherwise. ot(x’) is a coordinate of the closest
obstacle point to the agent in the agent frame.

However, these non-geographical elements do not provide
the agent enough information for tracking targets while
navigating around obstacles. Therefore, we add grid map
information of its surroundings as image inputs to the
convolutional neural network (CNN) in our architecture. To
reduce the dependency of a learned policy on a training
environment, we use egocentric map segments of the sur-
rounding areas of the current agent position. Additionally,
we encode a visit frequency of the agent at each cell in
the map segments. The visit frequency provides information
about how recently the agent visited a given cell. Thus,
it encourages the agent to learn to explore (Note that this
exploration differs from the action exploration problem in
RL during learning). Mathematically, we define the visit
frequency, A., for a given cell ¢ at time ¢ as following:

)“ct:

’

{1 if ¢ is scanned

) 4
Aci—1 - cexp (L) otherwise @)

Tsensor

where V; is the average belief speed of the targets, T is a
sampling period, rsnsor 1S a sensing range of the sensor, and
c is a constant factor. This reflects the frequency map in the
agent’s perspective by setting values of the most recently
visited cells as 1.0 and by letting them to decay over time.
The visit frequencies of the most recently visited cells are
1.0. The values decay over time until the cells are visited
again. The faster the average speed of the target beliefs is,
the quicker the frequency decays.

The map and visit frequency information of each cell is
encoded as I(c = occupied) + (A.; — 1). The flatten output
of the CNN is concatenated by the non-geographic features
¢, and fed to the fully connected network. Fig. 1 illustrates
the network architecture and the inputs, and Algorithm 1
presents the details of the target tracking process. Note that
we do not study mapping and localization in this paper and
assume that the map and the exact odometry of the robot are
known to the robot. See https://github.com/coco66/
ttenv for source codes and hyperparameters.

IV. TARGET TRACKING ENVIRONMENT

In this section, we describe details of the target tracking
environment. It is designed for RL practice and follows
the OpenAl Gym structure, a popular benchmark simulation
environment for the RL community [20].
A. Target Model and Belief Update

Similar to the previous works [13], [14], we use a Kalman
Filter to update the beliefs on the targets.
wi ~ A (0,W(gp)) (5)

and

)/;H»l :A},’\t‘i’wt
where yAf = [y\l,la)?Z,t?j}l,tvy.\Ll]T

L Th . T3/312 12/212
A= |:0 b :| ’ W(q> =4 |:T2/212 ’512

qp, T, and I, are a noise constant, a sampling period, and an
n X n identity matrix, respectively. While they assume that
the target model is known to the agent [13], [14], we release
the assumption by designing a target dynamic model with
an additional non-linear term as y,; = Ay, +w; + {(yi; M)
where wy ~ A (0,W(q)), ¢ # q» and only allowing the partial
knowledge, A and W(qgp) to be known. §(y;;M) directs the
target away from its closest obstacle similar to the virtual
force field method [21]. M is map information. In a domain
with obstacles, the effect of {(+) is significant, and the belief
update becomes considerably inaccurate leading to a more
challenging task.
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B. Agent and Observation Models

The agent follows the differential drive dynamics and
observes objects through a range-bearing sensor with a
white observation noise [13]. We assume that the agent can
uniquely identify different targets. In the Kalman filter, the
observation model is approximated to a linear model.

V. EXPERIMENTS

We perform experiments in single-target and two-target
scenarios. When there is more than one target, the maximum
velocity of the agent should be much higher than that of
targets in order to continuously gather information about the
targets while traveling among them. If targets are too far
apart, committing to track nearby targets can return higher
mutual information in a given time than attempting to track
all targets. Therefore, we use different training and evaluation
settings for single-target and two-target environments.

A. Algorithms

We learn a ATTN policy using Assumed Density Filtering
Q-learning, a Bayesian Q-learning method which has shown
promising performance in stochastic environments and tasks
with a large action space [22], [19]. We use Thompson
sampling [23] for the action policy and y = 0.99 resulting
in the length of the effective horizon as T,pr = 687 (T.pr =
argmax, ¥ s.t. ¥ > 0.001). The dimension of the map input
is 25 x 25 x 5, and the two convolutional layers consist of 20,
4 x 4 filter, with a stride of 3 and 40, 3 x 3 filter, with a stride
of 2. The following fully connected layers consist of 3 layers
with 512 hidden units. The network is trained for 30K steps
(or 300 episodes) with three random seeds. We add a penalty
to the reward function when the agent chooses an action
that immediately leads to a position within 7,4y, distance
to an obstacle. The penalty accelerated the learning by a
marginal amount, but did not make any noticeable difference
in performance.

We compare the ATTN policy with the Anytime Reduced
Value Iteration (ARVI) algorithm, an open-source search-
based target tracking algorithm that has been verified in both

Fig. 2: Illustration of the initialization configurations. The black
figure corresponds to the robot with a range-bearing sensor on top.
The blue dotted circle is the sensing radius and the faded blue sector
indicates its coverage area. Targets are represented with the red
figures. The green figures are beliefs with uncertainty represented
as the faded green circles. The black cuboid is an obstacle occluding
the target and the belief in the configuration B.

simulations and real robot experiments [14]. The algorithm
optimizes the same mutual information objective of ATTN
in (2). It also uses the same observation and agent models
and the Kalman filter described in Section IV. ARVI finds
a near-optimal path at each step given a specified amount
of time denoted as Tygy;. Therefore, this allocated planning
time is usually equal to or less than the sampling period or
a time interval, 7. In this experiment, we set this value to be
Txrvi = T =0.5[s]. The planning horizon and the number of
controls for ARVI are set to 12 steps and 5 steps, respectively,
following the original paper.

B. Training Setup

The training environment is designed to expose various
situations to the learning agent. At each episode, xp, yi0,
and y;o for i=1,--- N are randomly initialized in a given
domain. Their sampling ranges are chosen based on repsor-

We randomly generate a map from a set of convex and
concave obstacle candidates. At each episode, four randomly
selected obstacles are placed at the center of each quadrant
of an empty domain with random orientations. The map
resolution is 0.4 [m] and the dimension is 72.4 x 72.4 [m?].

The maximum sensing range is rsepsor = 10 [m], and its
field of view is 120 degrees. T = 0.5, T = 100 ,and a
set of motion primitives is {(v,®)|v € {0,1,2,3}[m/s],® €
{0,—m/2,m/2}[rad/s]}. In single-target scenarios, the noise
constants of the target model and the belief model are set
as g = qp = 0.5, and the maximum target velocity is set as
Vmax = 3.5 [m/s]. For two-target scenarios, lower values are
used for training: g = g = 0.2 and Vipax = 1.0 [m/s].

C. Evaluation Setup for Single-Target Domains

In single-target domains, we consider three different ini-
tialization setups to evaluate capabilities of the algorithms
in the sub-tasks of active target tracking — in-sight tracking,
navigation, discovery — separately.

1) In-sight tracking task (Fig. 2, case A): yp and y¢,Xo are
randomly initialized within reepsor, and they are located
close to each other.

2) Navigation task (Fig. 2, case B): Both yy and Jp are
initialized relatively far from the agent and occluded.
They are located close to each other.

3) Discovery task (Fig. 2, case C): ¥y is located within
T'sensor, DUt yq is initialized far from the belief. Thus, the
agent won’t be able to discover the target by simply
reaching the belief location and scanning around.

We first generated a set of 10 episodes for each evaluation
task. In each episode, the target trajectory, initial robot and
belief states, and map configuration are randomly generated
and they differ across episodes.

D. Results in Single-Target Domains

First, the robustness of each algorithm is evaluated with
different values of ¢ and Vp.x. The larger the g value, the
more deviated J; is from y, and the faster the target speed
evolves over time. g, is set to be 0.5 as same as the value
used in training.
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Fig. 3: J (solid line) and 7 (dotted line) of ATTN (blue) and ARVI
(yellow) in environments with different ¢ and v« values. The error
bars represent the standard deviation across 10 episodes. The mean
values are averaged values over different seeds and 10 episodes.

We consider mutual information as a quantitative measure
of the performance. Specifically, the measure J is defined as:

- Zt:l,m T log det(Zt_H \t) — Jmin

Jmax - Jmin

J= €[0,1] (6)

where the upper and lower bounds are Jp,x = —7T logdet(W)
and Jpin = — Y. rlogdet(E,41) for £ = ALAT +W
[24]. We additionally evaluate resilience, 1 € [0, 1], defined
as the number of times the target is re-discovered by the
sensor divided by the number of times the target is lost.

The plots in Fig. 3 show the average performances of both
algorithms for ¢ € {0.02,0.1,0.2,1.0,2.0} and Vpux = 3.0
(left) and for ¢ = 0.2 and v € {2.5,2.75,3.0,3.25,3.5}
(right). The maximum robot linear speed is 3.0 [m/s], and
thus, it is likely that the robot will often lose the target when
Vmax > 3.0. ATTN outperformed ARVI in both measures, J
and 1. In particular, ATTN learns to explore near the belief
when the target is not observed at the belief location and
the uncertainty is high. Fig. 4 shows an example of each
algorithm when the agent loses the target. In the top figures,
the belief is located to the left of the robot, but the robot with
the ATTN policy chooses to turn right instead to explore the
surrounding areas. After a few steps, the robot re-discovers
the target. On the other hand, ARVI in the bottom figures
greedily follows the belief, failing to discover the target even
though the uncertainty is relatively high and no observation
is received.

Additionally, ATTN does not track the belief as tightly as
ARVI, and instead leaves some buffer space to provide ma-
neuverability when the target quickly changes its direction.
Fig. 5 is density plots of belief positions with respect to the
robot during 10 episodes. Overall, ATTN results in scattered
density plots while the belief positions in the ARVI plots are
mostly concentrated in a few small areas.

For the navigation and discovery tasks, we measure a
discovery rate, defined as the number of episodes in which
the target is found divided by the number of total episodes.
The left of Fig. 6 depicts the navigation task results. ATTN
finds the target 93% of the time on average while ARVI
successfully finds the target only 40% of the time. We
observe that ARVI fails to find a path to the target given
Txrvr when the target is located far from the agent and is
occluded by concave polygon obstacles. Since ARVI uses a

Fig. 4: Examples of ATTN (top) and ARVI (bottom) when the robot
loses the target - a few steps after (left), 10 steps after (right). (blue
triangle: robot pose, red and green circle: target and belief positions,
blue and red dots: past paths of the robot and the target, green and
purple shaded circles: position and velocity uncertainty of the belief,
circular sector: sensing area, black filled grids: obstacles/wall, gray
filled grids: visit frequency values, blue square boundaries: local
map inputs to the network).

forward simulation, it guarantees to avoid any collision with
a perfect map information. While ATTN does not provide
the guarantee for the collision avoidance, ATTN results in
only 0.4% of collision attempts on average in the navigation
task and no collision attempt in the discovery task.

In the discovery task, ARVI completely fails to find the
target in any of the episodes while ATTN finds it 93% of the
time on average (see Fig. 6). The four figures in Fig. 7 are
density maps of areas that the robot’s sensor has scanned
in the global map averaged over one episode (top) and in
20 episodes (bottom). To solely evaluate the exploration
capability, no obstacles are present in the visualization.
It shows that ATTN explores the global domain broadly
when the target is not found near the belief while ARVI

ATTN ARVI
4 1.0
o~
o
.- ..o.o

Vmax = 3.0 Vmax = 35  Umax = 3.0 "

.0

0.2

q=

Vmax = 3.5

Fig. 5: Density plots of belief positions in the agent frame during
10 episodes with different values for ¢ and Vj,,y. The red triangle
is the robot position and the horizontal and vertical red dotted lines
are x and y axis of the agent frame, respectively.
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Fig. 6: Performance evaluation for Discovery and Navigation tasks
averaged over 10 different randomly generated environments. Left:
Seen obstacles, Right: Unseen obstacles during training.

commits to the incorrect belief and leaves the global domain
unexplored. This difference explains why ATTN achieves an
93% discovery rate while ARVI never finds the target. The
computation time for planning of ATTN is 0.12 [sec] on
average, which is much faster than the allocated computation
used for ARVI (= 0.5 [sec]) while ATTN has a significantly
longer planning horizon.

Unseen obstacles during training. The discovery rates of
ATTN in unseen environments for both tasks are 93% and
96%, and ARVI results in 60% and 0% discovery rates (see
Fig. 6). This demonstrates that the learned policy performs
well in unseen environments promoting the benefit of using
local information. Note that ARVI is an online search-based
planning algorithm without having a training stage, and
therefore it is not affected by a new set of obstacles.

E. Results in Two-Target Domains

Unlike the single-target domains, the agent may need to
use all three abilities interchangeably throughout an episode

ATTN ARVI

0f ¥ 20 oL, A ol 0% 30 07 50 60 im0

x[m] x[m]

Fig. 7: Density maps of scanned areas by the robot’s sensor over
a single episode (top) and 20 episodes (bottom). The white circle,
red filled circles, and red hollow circles are the initial robot, targets,
and belief positions, respectively. In the bottom figures, the target
is randomly initialized in the area between the red dotted circles.

0.8
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05 I I
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¢=0002 =002 g=02
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q =002

Fig. 8: Evaluation on N = 2 targets averaged over 10 episodes.
Left: The normalized mean of log determinant of belief covariances,
Right: Standard deviation of log determinant of belief covariances.
The error bars indicate their standard deviations.

or to use them at the same time. For instance, while the
agent is tracking one target, the other belief diverges from
its corresponding target which requires the agent to explore
to find the target. Therefore, instead of evaluating the al-
gorithms in the three sub-tasks, we evaluate the algorithms
with an initialization similar to the in-sight tracking task
in the single-target evaluation at different noise constants
g =1{0.002,0.02,0.2} and vpax = 1.0 [m/s].

In all g values, ATTN consistently outperforms ARVI in J
as presented in the left figure of Fig. 8. The right figure shows
the average standard deviation between J of two targets.
A lower value for SD(J) indicates that the agent tracks
the targets while balancing the objective brought by both
targets. Similar to the single target case, ARVI aggressively
tracks the beliefs. It especially harms the performance in a
multi-target tracking case since the agent is often required
to travel between two targets and a belief diverges from its
corresponding target while the agent is tracking another one.

VI. CONCLUSION AND DISCUSSION

In this paper, we present Active Target Tracking Network
(ATTN), a deep RL method for active target tracking that
learns a unified policy capable of three main tasks - In-
sight tracking, Navigation, and Discovery. To demonstrate,
we train ATTN in a target tracking environment described
in Section IV where a mobile robot is tasked with tracking
mobile targets using noisy measurements. The learned ATTN
policy shows a robust performance for agile and anomalous
target motions, despite the true target model differing from
the target model used in the agent’s belief update. Moreover,
the policy was able to navigate through obstacles to reach
distant targets. Finally, it learns to explore surrounding areas
and discovers a target when its belief on the target is
inaccurate, while the existing algorithm failed to do so in
all test examples.

This work can be extended to multi-agent multi-target
problems to overcome the inherent limitation of a single
agent tracking multiple targets. Combining advancements
from studies in dynamic multi-agent tracking problems [25],
[16], [14] and studies in multi-agent RL [26], [27], [28]
would present an interesting and more practical result in
scalable target tracking problems. Additionally, adversarial
target tracking is another potential extension where targets
try not to be seen by the agent [29], [30].
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