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Abstract. Unmanned Aerial Vehicles have emerged as the optimal solu-
tion for target tracking due to their low cost and high maneuverability.
We study the problem of target tracking in partially observable adversar-
ial environments. Building on previous research, we develop a data fusion
algorithm to optimize target tracking. To enable a single UAV to track
a hard-to-observe target with limited sensor capabilities, we construct a
target environment tracking model along with its corresponding reward
function. In the algorithm design, we incorporate the Exp4-IX algorithm
from the framework of an adversarial multi-armed bandit with advice,
and we prove that the regret bound of this algorithm exhibits sub-linear
growth. In numerical experiments, the Exp4-IX algorithm integrates the
Previous Position algorithm, Particle Filtering algorithm, and Trajec-
tory Fitting algorithm, and is benchmarked against the Average Fusion
algorithm. The results demonstrate its effectiveness in online fusion for
smooth trajectory scenarios. This integration allows the UAV to predict
the target’s position with greater accuracy compared to other algorithms.
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1 Introduction

Unmanned Aerial Vehicles (UAVs), characterized by their low cost, small size,
and high maneuverability, possess significant application potential. UAVs can be
equipped with IoT devices, sensors, and processors, enabling them to perform
various functions, including communication, flight, and computation. UAVs are
widely employed in various tasks, such as maritime operations [13], disaster relief
[14], communication coverage [9], navigation [17], and target tracking [11,12].
Among these, target tracking is one of the most notable applications, as UAVs
can cover vast areas and access locations difficult for humans to reach.
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There is extensive research on tracking a single dynamic target with a single
UAV, including the Actor-Critic reinforcement learning algorithm [2], YOLO
algorithm [5], and DQN algorithm [1]. In the study by [5], the YOLO algorithm
is used for real-time target detection when the UAV is stationary, while [1]
demonstrates that the DQN algorithm performs better when the line of sight is
obstructed by obstacles. When this data is transmitted to the fusion center, it
is essential to evaluate each scheme and select the optimal advice to ensure that
the target remains within the UAV’s surveillance range (Fig. 1).

Fig. 1. A single dynamic target with a single UAV in adversarial environments: In
target tracking, partial observability refers to the fact that the UAV can only observe
the square-shaped region depicted in the image; if the object moves out of this region, it
cannot be detected. An adversarial environment refers to a scenario where the target’s
movement direction may be completely opposite to the UAV’s, requiring the UAV to
respond swiftly. Under these challenges, we consider the strategy provided by multiple
experts, enabling the UAV to anticipate the object’s next position in advance.

In scenarios where multiple algorithms or experts provide advice, the model-
ing approach for tracking a single dynamic target with a single UAV is as follows.
The UAV has k possible actions, set as four actions in this paper: forward, back-
ward, left, and right. Let xt denote the action reward of the UAV at each time
step, which will be described in detail later. Our goal is to identify the optimal
expert by solving the following optimization problem:

minRn = minE

[
max
m∈[M ]

n∑
t=1

E(t)
m xt −

n∑
t=1

Xt

]
(1)

where n represents the total number of time steps during the UAV’s flight, Rn

is the expected difference between the optimal expert’s reward and the actual
action reward, E

(t)
m is the probability provided by the m-th expert for each action

at time t, and Xt is the reward after the actual action is taken. If the best expert
is found from the beginning, then the regret value is 0.
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R̂n is defined as the regret without expectation, that is, E[R̂n] = Rn. We
demonstrate that for every δ ∈ (0, 1), there exists an algorithm such that, with
probability at least 1 − δ, the regret R̂n is upper-bounded.

Tracking a target using a UAV is a dynamic process that involves two key
settings: partial observability and an adversarial environment.

a) Partial Observability: Although the UAV is equipped with wide-field and
long-range radar sensors, its coverage is limited to a rectangular area 60 km
ahead in the direction of the aircraft’s speed, with a width of 80 km. When
the target may not be visible, we use online learning methods to evaluate
the effectiveness of UAV actions to assess the accuracy of expert advice and
adjust in real-time based on the results. This process requires a proper balance
between exploration and exploitation, commonly referred to as the bandit
problem. If poor expert advice is selected, the UAV will lose track of the
target, reducing the action reward to zero and rapidly increasing the regret.

b) Adversarial Environment: The target chooses to move in the opposite
direction of the UAV’s flight path. The target’s movement is unpredictable
and may even be adversarial [4]. The experts must not only accurately predict
the state of the target but also respond to the target’s adversarial behavior.

In the bandit problem of UAV tracking, some studies [15] have explored the
adversarial bandit problem, but using the Fixed-Share algorithm [3] increases
the overall upper bound of the algorithm’s regret. Other studies [6,8,16] assume
that the environment follows a randomly independent model; however, in reality,
the target’s flight trajectory is often adversarial.

Contribution: Our algorithm employs the bandits with expert advice algo-
rithm for single UAV and single target tracking, which integrates multiple algo-
rithms and enhances overall performance. Based on Gergely Neu’s Exp4-IX
(Implicit eXploration) algorithm [10], we prove that when δ < O(1/M), our
algorithm has a superior high-probability upper bound ([10] Theorem 1). The
condition δ < O(1/M) is relatively easy to satisfy because δ is particularly small.

2 Bandit with Expert Advice

We present the background of the “Bandits with Expert Advice” problem. There
are n rounds of interaction between the UAV and the target. In the t-th round,
the UAV can choose from k actions, where the directions of movement are
restricted to forward, right, downward, and left. In each round, M experts pro-
vide flight advice to the UAV based on the previous conditions. Let the advice
of the M experts be E

(t)
1 , E

(t)
2 , ..., E

(t)
M ∈ [0, 1]k, where

∑k
i=1 E

(t)
m,i = 1 for all

m ∈ {1, 2, ...,M}. The reward xt ∈ [0, 1]k represents the reward the UAV receives
for each action, typically assumed to be between 0 and 1.

Since the UAV’s observations are partially observable, suppose the UAV’s
current position is denoted as (x, y), and it can only detect the area within a
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range xs in front of it and a range ys on both sides. Therefore, the detection
range forms a rectangular area. We define the UAV’s detection range as:

⎧⎪⎪⎪⎨
⎪⎪⎪⎩
[x − ys, x + ys] × [y, y + xs] if the UAV is moving forward;
[x, x + xs] × [y − ys, y + ys] if the UAV is moving right;
[x − ys, x + ys] × [y − xs, y] if the UAV is moving downward;
[x − xs, x] × [y − ys, y + ys] if the UAV is moving left.

(2)

The reward is not simply set based on whether the UAV observes the target
(rewarding 0 when observed and 1 when not observed), but rather it is deter-
mined by the distance between the UAV and the target. We assume that the
closer the distance, the higher the reward, as the target is more likely to appear
within the UAV’s field of view. Let dit represent the distance after the UAV exe-
cutes the i-th action, then we define the reward x

(i)
t for taking the i-th action in

the t-th round as:

x
(i)
t =

{
min{ 1

di
t
, 1} if the target is within the field of view;

0 if the target is outside the field of view.
(3)

This setup ensures that the target is within the UAV’s detection range and
encourages the UAV to get as close to the target as possible.

In the adversarial environment, our algorithm guarantees a sub-optimal
expected upper bound, with the regret value exhibiting sub-linear growth as the
number of rounds increases. This indicates that the UAV can not only approach
the target but also continuously keep it in sight.

3 Exp4-IX And Regret Upper Bound

Exp4-IX is a standard algorithm for adversarial bandit with advice. It is named
Exp4-IX because its full name is the “Exponential-weight algorithm for Explo-
ration and Exploitation with Expert advice - Implicit eXploration”. The Exp4-IX
algorithm sets the initial weights of the experts as Qt = (1/M, 1/M, . . . , 1/M) ∈
[0, 1]M and executes the following two steps at each time step:

1. Before the UAV executes, obtain the advice from the M experts and use a
linear transformation to determine the UAV’s flight strategies.

2. After the UAV executes, receive a reward based on the flight state and update
the experts’ weights.

The detailed algorithm flow is presented in Algorithm 1. To simplify the
proof, the reward values xti are replaced by the loss values yti = 1 − xti.

It is worth noting that in the algorithm, Ŷti = I{At = i}yti/(Pti + γ), when
γ = 0, the closer Pti gets to 0, the larger the overall variance, leading to very
unstable S̃t,i. Therefore, Implicit eXploration is introduced to move Qt towards a
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Algorithm 1: Exp4-IX Algorithm
Input: Number of rounds n, number of actions k, number of experts M ,

expert advice at different times E(t) ∈ [0, 1]k×M , algorithm parameters
η, γ

1 Initialize Q1 = (1/M, . . . , 1/M)T ∈ [0, 1]M×1, S0 = (0, . . . , 0)TM×1 for
t = 1, . . . , n do

// Receive advice from M experts and give flight suggestions to
the UAV

2 Receive advice E(t)

3 Choose the action At ∼ Pt, where Pt = E(t)Qt

// Receive reward based on UAV flight state and update expert
weights

4 Receive the reward Yt = 1 − xtAt

5 Estimate the action rewards: Ŷti =
I{At=i}Yt

Pti+γ

6 Propagate the rewards to the experts: Ỹt = E(t)T Ŷt

7 Compute experts’ cumulative rewards:

S̃t,m = S̃t−1,m + Ỹtm for all m ∈ [M ]

8 Update the distribution Qt using exponential weighting:

Qt+1,m =
exp (−ηS̃tm)

∑
j exp (−ηS̃tj)

for all m ∈ [M ]

uniform distribution, increasing the randomness of the actions, which can be seen
as a form of “forced exploration” [7]. This increases the probability of selecting
other actions. After incorporating γ, the upper regret bound of the algorithm
becomes at least a high probability bound of 1 − δ.

The first term of Theorem 1 is constant. We provide an upper bound for the
second term 2

√
nk (logM + log(k + 1) − log δ). Compared to the second term

in [10] Theorem 2,
√

(2nk)/(logM) log (2/δ), our upper bound is smaller when
δ > O(1/(nk)). Note that O(1/(nk)) is a rather trivial upper bound, so the
bound presented in this paper is tighter. All omitted proofs are deferred to the
journal version of the paper.

Theorem 1. For a fixed δ ∈ (0, 1), define η=
√

(logM+log(k + 1)−log δ)/(nk)
, γ = η/2. The following holds with probability at least 1 − δ:

R̂n ≤ k log
k + 1

δ
+ 2

√
nk (logM + log(k + 1) − log δ) (4)
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4 Numerical Evaluation for Exp4-IX

In this experiment, we apply the Exp4-IX algorithm to a scenario involving a
single dynamic target with a single UAV. We consider different target trajec-
tories and expert strategies for UAV flight. The experiment examines smooth
and adversarial trajectories based on the target’s motion, while expert advice
includes the previous position algorithm, particle filtering algorithm, trajectory
fitting algorithm, and the Exp4-IX algorithm. We evaluate the performance of
these expert recommendations, along with the Exp4-IX algorithm, under differ-
ent conditions in UAV target tracking.

The experimental scenario is set within a square area with a side length of
100 km. The time step is 1 s, and the total simulation time is 2000 s seconds. The
UAV’s movement direction is restricted to four cardinal directions, with a flight
speed of 280m per second. The detection range is a rectangular area extending
10 km forward and 8 km to each side. The target’s speed is controlled between
100 and 280m per second, and the scenario is set with smooth trajectories.

Smooth trajectory generation: Twenty points are selected on a plane, and
a smooth curve is fitted through these points. The fitted curve is then further
subdivided to ensure that the distance between any two points does not exceed
the target’s speed. The number of subdivided points does not exceed 2000; any
excess points are truncated.

Expert recommendations are categorized as follows:

– Previous Position Algorithm: If the UAV detects the target’s position
in the previous time step, it calculates the probability of moving in each
direction based on the spatial relationship between the UAV and the target.
If the target was not detected in the previous step, equal probabilities are
assigned to all directions to increase the chance of detecting the target.

– Particle Filtering Algorithm: A set of particles representing the target’s
state is generated at the start of the filter. Based on a model, random noise is
added to the particles to predict the target’s position at the next time step.
The UAV’s next movement direction is then determined by comparing the
predicted position with the UAV’s position. The particle weights are updated
based on the UAV’s observations, and resampling is performed as needed to
avoid particle degradation.

– Trajectory Fitting Algorithm: The UAV records data based on observed
target trajectories at each step. It then predicts the target’s trajectory posi-
tion at each step to determine the next flight direction.

– Average Fusion Algorithm: This online algorithm integrates the three
aforementioned algorithms by averaging the probabilities provided by the
first three algorithms.

– Exp4-IX Algorithm: This online algorithm integrates the three aforemen-
tioned algorithms, dynamically adjusting their weights to select the optimal
strategy (Fig. 2).

The code has been open-sourced on GitHub: https://github.com/lvymath1/
UAV_tracking_bandit_algorithm.
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Fig. 2. Effect of the Previous Posi-
tion Algorithm, Particle Filtering Algo-
rithm, Average Fusion Algorithm, and
Exp4-IX Algorithm on UAV target
tracking.

Fig. 3. Image showing the cumulative
distance of five algorithms in UAV tar-
get tracking.

All simulations were conducted on a Windows laptop equipped with an Intel
Core i7-12700H CPU @ 2.30GHz and 32 GB of RAM, running Python 3.9.

In smooth environments, the target’s direction of movement does not change
due to the UAV’s position. The target’s flight path is smooth, with minimal
reward fluctuations, making it less adversarial. The Exp4-IX algorithm outper-
forms other algorithms (see Fig. 3), followed by the Average Fusion algorithm.
This indicates that under smooth conditions, the fusion algorithm is superior
to individual algorithms, and the Exp4-IX algorithm is a more optimal fusion
algorithm. Among the other three algorithms, the Previous Position algorithm
performs the best, followed by the Particle Filtering algorithm, but it exhibits
greater trajectory volatility compared to Exp4-IX. In the Trajectory Fitting algo-
rithm, the UAV loses track of the target during the tracking process, causing
it to predict the trajectory-based only on previously detected target positions,
thus gradually deviating from the target.

5 Conclusion

We study the problem of target tracking using UAVs in partially observable
adversarial environments and introduce the Exp4-IX algorithm for online data
fusion. This algorithm not only has theoretical guarantees but also performs
exceptionally well in numerical experiments. Our study demonstrates that Exp4-
IX can effectively integrate multiple UAV algorithms, enhancing the UAVs’
target-tracking capabilities. However, the algorithm has the following limita-
tions: 1) If the UAV’s detection range is not a rectangular area but another
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shape, the reward function needs to be adjusted. 2) Theoretically, the upper
bound of the UAV’s regret may be lower than the best expert’s error, so if the
optimal expert strategy is sufficiently good, Exp4-IX may not perform better
than the optimal expert strategy. In future work, we plan to extend the strategy
from a single UAV to a collective strategy involving multiple UAVs to track more
targets under conditions of partial communication.
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