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Abstract—In this paper, we present an autonomous con-
trol system for Unmanned Aerial Vehicles (UAVs), specifically
designed to inspect a detected suspicious vessel and capture
information-rich images in a maritime environment. The mar-
itime environment is ever-changing and uncertain, making it
challenging to perform maritime monitoring tasks efficiently
and reliably. The proposed UAV control system consists of
multiple modules, including path planning, vessel searching,
image processing, and image optimization. A novel image
optimization approach utilizing deep reinforcement learning
(DRL) is proposed to enhance the quality of the captured images
by jointly controlling the movement of the UAV and camera
orientation. The effectiveness and efficiency of the proposed
system were validated and evaluated by searching the vessel and
optimizing the captured images in the self-developed simulation
environment in Gazebo.

I. INTRODUCTION

In recent years, the topic of maritime domain awareness
(MDA) has received increasing attention due to the higher
frequency of maritime crime incidents, such as smuggling
and illegal fishing [1]. Conventional MDA technology in-
tegrates information from multiple sensors, including long-
distance radars, Automatic Identification System (AIS), satel-
lites and other sensors to gain a thorough comprehension of
the maritime environment [2], [3]. As these sensors can only
detect objects from a distance, they only allow observation
of the rough shape of the target objects (e.g., vessels), which
results in a challenge to capture a high-resolution image of
the target object for further analysis with conventional MDA.
A promising technology that may bridge this gap is that of
unmanned aerial vehicles (UAVs), which are well-suited for
remote sensing applications. Due to the exceptional mobility
and low cost of UAVs, they have been extensively utilized
in diverse areas, such as power line inspection [4], traffic
monitoring [5], and forest fire monitoring [6].

In the field of MDA, numerous studies have been con-
ducted on the utilization of UAVs for maritime monitoring
[7]. However, most studies only employ UAVs as a tool for
data collection, disregarding the significance of controlling
the UAVs to acquire optimized data [8], [9]. In [10], an
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Fig. 1. UAV-based maritime monitoring simulation environ-
ment: (a) Overview of the vessel and UAV model in the
simulation environment. (b) The original image (top) and the
optimized image (bottom) from the UAV onboard camera.

off-shelf UAV was employed to monitor marine megafauna
by taking high-resolution videos (4K, 30fps). To collect
sufficient data, a flight path was devised to cover the largest
swept area with minimal overlap without changing flight
height, velocity, and camera tilt angle during flight. Although
the gathered data can be used to identify marine species,
additional improvements would be required to recognize
specific species. In [11], the authors employed a UAV to
identify an unmanned surface vehicle (USV) on water. The
primary focus was on the object recognition algorithms, with
no consideration given to the control of the UAV. There
are instances where the USV appears at the edge of the
footage, which increases the difficulty of the recognition task.
Other studies have also explored optimizing the flight path
of the UAV [12]. In [13], the authors studied the coverage
path planning problem to enhance the efficiency of a multi-
UAV system in maritime search and rescue operations. The
focus was on the optimization of flight paths for different
UAVs without considering the actual scene observed from
the cameras. In this case, human intervention is required to
obtain the desired images in practical applications.

To our knowledge, a limited number of studies have been
conducted on the topic of UAV control optimization for
capturing enhanced images in maritime environments. As
it is crucial to effectively collect the desired information,
there is an imperative demand to develop a comprehensive
UAV control system to automatically search for a designated
target and to capture optimized images, which can make a
significant impact, such as collecting evidence of maritime
crime.

To fill this gap, we propose an autonomous UAV control
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Fig. 2. An overview of the system architecture.

system, which relies on the robot operating system (ROS).
The proposed system offers good compatibility and adapt-
ability by utilizing a modular design strategy, where separate
modules are responsible for specific tasks. It comprises
multiple modules such as path planning, target searching,
real-time image processing and image optimization. Based
on this, we present a method that utilizes deep reinforcement
learning (DRL) to enhance the quality of the captured im-
ages by controlling the position of the UAV and adjusting
the orientation of the camera. The proposed autonomous
UAV control system is implemented and evaluated using the
Gazebo simulation environment as shown in Fig. 1.

The outline of this paper is as follows. In Section II
we introduce the problem and the simulation environment.
In section III we describe the architecture of the proposed
system. In section IV we present the proposed pinhole camera
model-based and DRL-based methods for image quality
optimization. In section V we provide the simulation results
and section VI concludes the paper.

II. PROBLEM DESCRIPTION

We study a marine application scenario where an Un-
manned Aerial Vehicle (UAV) is employed to inspect sus-
picious vessels that disable their AIS and cease broadcasting
their identity and position. This is a complex task that
involves path planning, vessel searching, localization, and
image optimization. However, it differs from traditional UAV
tasks as our ultimate goal is to capture information-rich
and valuable images that contain the desired information, by
means of manipulating the UAV.

Traditional techniques usually employ onboard sensors,
such as LiDAR and RGB-D cameras, to locate and track
the target object [14], [15]. However, a few of these sensors
have restricted ranges and are not suitable for maritime appli-
cations. It is noted that high-precision sensors are typically
expensive and require a considerable amount of energy to
sustain operation throughout the mission. Moreover, incorpo-
rating extra onboard sensors could increase the overall load
of the UAV. These factors can potentially reduce the flight
duration of the UAV and lead to failure of the task, as well
as significantly increase the cost. To address these problems,

it is preferable to utilise a UAV with essential but minimal
equipment.

A promising solution can be relying solely on the onboard
monocular camera, which is an essential component of a
UAV. Extensive research has been conducted on utilizing the
monocular camera for the purpose of detecting and tracking
objects [16], [17], [18]. Nevertheless, the detection accuracy
of monocular-based methods still remains limited. Hence, we
present a DRL-based approach to optimize UAV control and
improve the quality of the captured images.

In order to alleviate the challenges associated with imple-
menting complex UAV control algorithms in an actual marine
environment, we established a 3D simulation environment
to replicate the effects and phenomena present in such an
environment using the Gazebo simulator, as shown in Fig. 1.
The simulation environment consists of a DJI Matrice 100
drone, a vessel, an ocean surface and multiple human models.
By utilizing this maritime simulation environment, we aim
to acquire image data that resembles that of real-world
scenarios. We implement the control of the UAV and the
gimballed camera using ROS. Moreover, we are able to
monitor the real-time maritime scene through the onboard
camera.

Our contributions can be summarized as: (1) We propose
an autonomous UAV control framework for maritime appli-
cations based on ROS. (2) To optimize the captured image,
we propose a DRL-based approach by jointly controlling the
movement of the UAV and the orientation of the gimbal.
(3) To evaluate the effectiveness of the proposed method, we
develop a maritime simulation environment using the Gazebo
simulator.

III. SYSTEM ARCHITECTURE OVERVIEW

As shown in Fig. 2, the proposed UAV control framework
consists of a radar system, a base station, and a UAV with a
gimballed camera. The UAV is also equipped with a GPS
sensor to obtain its real-time position and altitude. It is
assumed that the radar system can detect the suspicious
vessel and provide an estimated position at a consistent
frequency. Meanwhile, we assume that there is stable wireless
communication between the base station and UAV. Upon
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receiving the estimated vessel position, the control system
initiates the path planning module and generates commands
to direct the UAV towards the target area (Stage one). Once
the UAV reaches the target area, the system activates the
target searching module, which employs the coverage-based
path planning method to guide the UAV in exploring the
search region (Stage two). A real-time image processing
module is proposed to identify the suspicious vessel. Upon
detection, the image optimization module is activated to
improve the quality of the captured image (Stage three). If
either no vessel is detected or the desired image is acquired,
the UAV will return to the base station. It is important to note
that during stage one, the real-time image processing module
functions at a low frequency to enhance the efficiency of the
system. If a vessel is detected, the system will proceed to
stage three and bypass stage two. This relies on the accuracy
of the radar system.

A. Path Planning Module

In contrast to the intricate urban environment, the maritime
environment is relatively unobstructed and expansive. This
allows us to simplify the problem of path planning in three
dimensions to a two-dimensional problem. The UAV initially
ascends to a designated cruising altitude and performs path
planning and target searching tasks on this two-dimensional
plane. In our case, we employ the classic A* algorithm to
generate an optimal path from the UAV to the estimated
vessel position [19].

The corresponding workspace is defined as a grid map
with dimensions of 500 by 500 cells, each of which is
represented by a node class denoted by N . The heuristic
function is defined as the Manhattan distance between the
current node n ∈ N and the goal node g ∈ N :

f(n) = g(n) + h(n),

h(n) = |xn − xg|+ |yn − yg|,
(1)

where g(n) represents the cost of the shortest path discovered
from the starting node to node n at position (xn, yn), h(n)
represents the heuristic estimate of the cost from the node n ∈
N to the goal node g at position (xg, yg), and f(n) represents
the sum of the costs. In each iteration, the algorithm explores
adjacent nodes and selects the node with the lowest total cost,
and then terminates either when it arrives at the goal node or
when there are no more nodes left to explore. In this manner,
we can find the shortest path from the UAV to the suspicious
vessel, which can be considered as a series of waypoints.

B. Target Searching Module

This paper utilizes a grid-based coverage path planning
algorithm as the method for target searching. This approach
has been extensively employed in UAV applications to ensure
efficient and comprehensive data collection and surveillance
[20]. It partitions the search region into separate grids and
designates the centre of each grid as a waypoint, which is
similar to the aforementioned path planning module. The
UAV is subsequently directed to navigate through each way-
point. The onboard camera is tilted at a 45-degree angle in

Fig. 3. An illustration of the grid-based coverage method.

a downward vertical direction to capture a broader field of
view.

The search region is defined as a circular area with a radius
of r, and the centre represents the estimated position of the
vessel, as shown in Fig. 3. In order to efficiently explore
the search region, the UAV follows the extended square
search path, described in [21]. The UAV traverses a square
pattern and gradually expands outward from the initial point.
This approach enables the UAV to systematically cover the
designated search region and collect sufficient data.

C. Real-time Image Processing Module

During the UAV path planning and search operation, the
real-time image processing module operates concurrently.
The control system uses the onboard camera to capture real-
time RGB images, which are then transmitted to the base
station for further processing. In this study, we utilize the
OpenCV library to identify the vessel and determine its pres-
ence in the image. The recognition results can subsequently
be used to optimize UAV control and enhance image quality.
Fig. 4 illustrates a schematic diagram of the image processing
procedure.

Fig. 4. The detailed procedure for identifying a vessel in an
RGB image using OpenCV.

The detailed procedure for image processing is as follows:
To begin with, we convert the RGB image to grayscale to
decrease computational complexity and speed up processing,
where a Gaussian blur function is applied to reduce noise.
Next, we use an edge detection algorithm to extract edges
from the image and distinguish the vessel from the sea.
Subsequently, we extract contours from the edge-detected
image. To identify the potential vessel, we set an area-related
threshold denoted as I . If a detected contour’s area exceeds
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the threshold, we classify it as a vessel and assign the centre
of the contour as the position of the vessel. It is worth noting
that we only consider the case of one vessel within the search
area in this paper. After conducting numerous tests, we set
I as 50 to ensure the system can detect the vessel even at a
considerable distance. In the end, we place a bounding box
around the identified vessel.

D. Image Quality Optimization Module

This module aims to enhance the quality of the captured
images by controlling the movement of the UAV and the
orientation of the gimballed camera, as illustrated in Fig. 5.
The UAV can be operated in a plane with four possible
actions (forward, backward, left, right) while the gimbal
can be manipulated with two rotations, i.e., pitch and yaw,
which are denoted by Euler angles α and β (in radians)
respectively. Moreover, we assume that the gimballed camera
can maintain its orientation consistently and neglect any
jitter caused by the UAV during the flight. This is because
the gimbal can compensate for vibrations and ensure the
production of smooth footage while the UAV is in motion.

Fig. 5. The action set for the UAV and the gimbal.

In this case, we are able to increase the likelihood of
acquiring more valuable information, such as passenger de-
tails and the type and purpose of the vessel, by capturing a
greater number of pixels associated with the vessel. Based
on this idea, we propose two criteria for evaluating image
quality: one is whether the vessel is positioned in the centre
of the image while the other is whether the vessel occupies
a sufficient proportion of the entire image. In essence, the
evaluation of image quality is target-oriented and depends
on the information we can extract from the image. To
fulfil the two aforementioned criteria, we propose two image
optimization methods: a pinhole camera model method as
the baseline, and a DRL-based method. These approaches
are illustrated in section IV.

IV. TWO PROPOSED METHODS FOR IMAGE
QUALITY OPTIMIZATION

A. The Pinhole Camera Model-Based Method

In this subsection, we propose a baseline method that
utilizes the pinhole camera model [22] to estimate the actual
vessel’s position. The pinhole camera model is a widely used
mathematical model that maps the pixel position, denoted as
(xv, yv), in an image to the 3D world, as shown in Fig. 6,
where the captured image resolution is denoted as (Xr, Yr)
and determined by the camera specification.

Fig. 6. Illustration of the pinhole camera model.

Based on this model and the camera parameters, we can
obtain the estimated position of the vessel, which is defined
as (xe, ye), on the horizontal plane as:

xe = httan(α+ arctan(
(xv − Xr

2 )(
Xp

Xr
)

fx
)) + xu,

ye = httan(β + arctan(
(yv − Yr

2 )(
Yp

Yr
)

fy
)) + yu,

(2)

where (xu, yu) represents the horizontal position of the UAV,
ht represents the altitude of the UAV, θh represents the
horizontal field of view (HFoV) of the onboard camera,
(Xp, Yp) represents the actual physical size of the camera
sensor, and fx and fy represent the focal lengths along the
x-axis and y-axis, respectively, as expressed in Eq. 3.

fx =

Xp

2

tan( θh2 )
,

fy =

Yp

2

tan( θv2 )
,

(3)

where θv = 2arctan((tan( θh2 ) Yr
Xr
) denotes the vertical field

of view (VFoV). In the simulation, the default camera orien-
tation is as follows: the pitch angle is π

4 , while the yaw and
row angles are both 0. As we replicate the position control
method of the DJI Matrice 100 drone that uses the offsets in
the x, y, and z axes as input, the control command for the
UAV can be expressed as:

∆x = httan(α)− httan(α− arctan(
(xv − Xr

2 )(
Xp

Xr
)

fx
)),

∆y = ht(
(yv − Yr

2 )(
Yp

Yr
)

fy
),

∆z = hd − ht,

(4)

where hd represents the desired UAV altitude and ∆x, ∆y,
∆z represent the offsets of the UAV along the x, y, and z
axes.

B. The DRL-based Method

In this subsection, we propose a DRL-based method to
optimize the quality of the captured image. Deep reinforce-
ment learning is a machine learning approach that aims to
maximize rewards in the long term through trial and error.
In the image optimization module, the reinforcement learning
(RL) agent acts as a controller to choose appropriate actions
based on the observed environmental information.
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A reinforcement learning framework typically includes
several essential elements, such as state s ∈ S, action a ∈ A
and reward r ∈ R. The state s is defined as a vector
containing the position and area of the vessel in the image, as
well as the orientation of the camera. The action a is defined
as a vector including the offsets of the UAV, as well as the
changes in the direction of the gimbal.

st = {xv, yv, ct , α , β}, (5)

at = {∆x,∆y,∆z,∆α,∆β}, (6)

where ct represents the area of the identified vessel at time
step t. Here, each offset ∆x, ∆y, and ∆z can be either
positive or negative unity. ∆α and ∆β represent the changes
in pitch and yaw directions, respectively. Each variable has
two possibilities: either + π

90 or − π
90 . The range of pitch is

within [π6 ,
π
2 ] and the range of yaw is within [−π

4 ,
π
4 ].

At each time step, the RL agent chooses an appropriate
action at from the action set A based on the current state
st. After the UAV performs action at, the agent receives a
scalar reward rt and observes a new state st+1 from the
environment. Given that our primary objective is to position
the vessel at the centre of the image and expand its size, we
split the learning process into two phases. The first phase
involves moving the vessel towards the centre of the image.
In this scenario, the reward function depends on the distance
between the vessel and the centre of the image, denoted as
d. The distance d is normalized as follows:

d =

√
(xv −

Xr

2
)2 + (yv −

Yr

2
)2/

√
(
Xr

2
)2 + (

Yr

2
)2 (7)

r =

{
− d if d > dh,

1 otherwise.
(8)

where dh is the distance threshold which is set to 0.1. If d
is less than dh, we assume that the vessel has reached the
centre of the image. The second phase involves enlarging the
size of the vessel in the image. The reward function is based
on the percentage of the vessel’s area relative to the entire
image. To encourage the vessel to remain in the middle area
of the image, a small penalty pd will be applied if the vessel
is positioned excessively far from the centre of the image. If
d > 0.5, then pd equals -0.1; Otherwise, pd is set to 0.

r =


ci

kXrYr
− 1 + pd if ci < ch,

1 otherwise.
(9)

where k is the factor that determines the desired vessel area
and ch = kXrYr represents the area threshold. We set k to
0.02 in order to achieve a vessel area of 128× 72× 2 pixels.
If ci exceeds the area threshold, the agent receives a positive
reward of +1 and the iteration terminates.

In this paper, we employ a well-established deep re-
inforcement learning method known as Deep Q-learning
(DQN) [23]. DQN leverages convolutional neural networks to
approximate the action-value function Q(s, a; θ) and utilizes
the ϵ-greedy method to balance exploration and exploitation.

At each step, the agent has a probability of 1− ϵ to choose
the action with the highest Q value and a probability of ϵ to
randomly choose an action. The loss function used to train
the Q-function approximation can be expressed as:

L(θi) = E[(Q(s, a; θi)− (r + γmaxa′Q(s′, a′; θi−1))
2], (10)

where θi represents the parameters of the Q-network for
iteration i. The parameters from the previous iteration θi−1

are kept constant when optimizing the loss function Li(θi) in
order to enhance learning stability. To update the Q-network,
the gradient of the loss function with respect to the network
parameters is calculated as follows:

∇L(θi) = Es,a[r + γmaxQ(s′, a′; θi−1)−
Q(s, a; θi)]∇θiQ(s, a; θi)],

(11)

The neural network parameter θ(s, a; θ) is updated using the
RMSProp optimizer. The detailed DQN algorithm is shown
in Algorithm 1.

Algorithm 1 The DRL-based Method for Image Quality
Optimization

1: Initialize replay memory D with capacity N
2: Initialize Q-network with weights θ and target network

with weights θ−

3: Set target network weights θ− ← θ
4: Initialize exploration rate ϵ
5: Initialize time step t← 0
6: while training is not complete do
7: Observe current state st from the Gazebo simulation

environment
8: With probability ϵ select a random action at, other-

wise select at = argmaxa Q(st, a; θ)
9: Execute UAV action at, observe reward rt and next

state st+1

10: Store (st, at, rt, st+1) in D
11: Sample a random minibatch m of transitions

(si, ai, ri, si+1) from D
12: Compute target Q-values for each transition:

13: yi =

{
ri if episode terminates at step i+ 1

ri + γmaxa′ Q(si+1, a
′; θ−) otherwise

14: Compute the loss:
15: L(θ) = 1

m

∑
i(Q(si, ai; θ)− yi)

2

16: Update Q-network weights θ by minimizing the loss:
17: θ ← θ − α∇θL(θ)
18: Every C time steps, update the target network

weights:
19: θ− ← θ
20: Reduce the exploration rate ϵ over time
21: Increment time step t← t+ 1
22: end while

V. SIMULATION SETUP AND RESULTS

A. Simulation Setup

In the Gazebo environment, the camera settings are config-
ured to closely resemble the actual onboard camera of the DJI
Matrice 100 drone. The settings are as follows: the horizontal
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(a) (b) (c) (d)

(e) (f) (g) (h)

Fig. 7. The illustration of image quality optimization results: (a)∼(d) Phase One and (e)∼(h) Phase Two.

field of view (HFOV) is set to 94 degrees, the physical size
of the camera sensor is set to 1/2.3-inch (approximately 6.17
mm × 4.55 mm), and the image resolution is set to 1280 ×
640. As GPS devices typically have a margin of error of a
few meters, a random error is introduced to the altitude of the
UAV to simulate this error, denoted as eu ∈ [−2,−2] units.
In practical situations, the camera may experience errors
regarding focal length and lens distortion, which are also
considered in simulation. We make the assumption that the
UAV travels at a constant speed and moves one unit per
timestep. In the DQN algorithm, we set the learning rate
as 0.001, the batch size as 32, and the reward discount rate
γ as 0.9. The greedy rate ϵ gradually decreases from 1 to 0
during training. The maximum number of episodes is set to
600 and the maximum step is set to 50.

To valid and evaluate the proposed system, we have two
simulation phases, i.e., centreing the vessel and expanding
the vessel’s size, where two control modes are considered:
(1) We solely control the movement of the UAV, while the
gimbal’s orientation remains constant at a 45-degree angle
pointing vertically downwards. (2) The gimbal’s yaw and
pitch orientations can be jointly controlled with the UAV’s
movement. In this case, we implemented three control meth-
ods (baseline, DRL without gimbal and DRL with gimbal)
in both simulation phases as discussed below.

B. Phase One: Centering the Vessel

In Phase One, the UAV operates on a 2-D horizontal plane
with a constant altitude set of 50 units. At the beginning of
each episode, the vessel is initialised at different locations
within the image. Fig. 7 (a) displays an initial view captured
by the onboard camera, indicating that the vessel is located
at the edge of the footage. The episode terminates when the
vessel arrives at the centre of the image.

Fig. 8 illustrates the comparison of results obtained through
three different methods. We tested 50 trials with different
initial vessel positions. It can be observed that the baseline
method has the longest execution time required to centre the
vessel, and it also exhibits the lowest success rate. This can
be attributed to the presence of errors from the sensor and the
camera model. Both DRL-based methods achieve a reliable

Fig. 8. The simulation results of Phase One for different
methods: (a) The execution time (b) The success rate.

performance with an exceptionally high success rate of up
to 100%. It is worth noting that the DRL-based method with
gimbal control can significantly reduce the total execution
time, which is approximately 30 % faster than the baseline.
This is due to the agent having a wider range of possible
actions and can exhibit more diverse behaviours. A successful
process for Phase One is illustrated in Figs. 7 (a) - (d), where
the vessel gradually moves towards the centre of the footage.

C. Phase Two: Expanding Vessel’s Size

In Phase Two, the system aims to enlarge the size of the
pixel associated with the vessel. As we cannot replicate the
camera’s zoom-in function in the Gazebo simulator, the UAV
is instructed to gradually descend to a minimum altitude of
20 units. The descent speed is set as one unit per timestep.
At the beginning of each episode, the vessel is initialised
at the middle section of the image with an altitude of 50
units and a direction of a 45-degree angle pointing vertically
downwards. The episode terminates when the vessel’s area
reaches the target threshold.

The results pertaining to three different methods are com-
pared in Fig. 9. The DRL-based method with gimbal control
achieves the shortest execution time, while the other methods
require more than double the time to accomplish the task.
The baseline method needs the longest execution time and
achieves the lowest success rate around 70%. It can be
observed that the DRL-based methods outperform the pinhole
camera model-based method in terms of both execution time
and success rate. Meanwhile, the DRL-based method with

 6



gimbal control is around 60 % more efficient than the DRL-
based method without gimbal control. A successful Phase
Two execution process is shown in Figs. 7 (e) - (h). The
agent successfully learned a policy to approach the vessel and
increase its size. Consequently, we can extract more details
about the vessel.

Fig. 9. The simulation results of Phase Two for different
methods: (a) The execution time (b) The success rate.

VI. CONCLUSIONS

In this paper, we proposed a novel autonomous control sys-
tem for unmanned aerial vehicles (UAVs) utilized in maritime
monitoring tasks. The system comprises multiple modules,
such as path planning, target searching, image processing and
image optimization. Two image quality optimization methods
are proposed to optimize the captured images including the
pinhole camera model-based and the DRL-based methods.
We evaluate the proposed methods via the maritime Gazebo
simulation environment. The results show that the proposed
DRL-based method can efficiently centre the target vessel
and expand its size in the footage. Future work is planned to
test the proposed UAV control system by implementing it on
an actual quadrotor drone within a maritime environment.
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