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Abstract: UAVs are vastly used in practical applications such as reconnaissance and search
and rescue or other missions which typically require experienced operators. Autonomous
drone navigation could aid in situations where the environment is unknown, GPS or radio
signals are unavailable, and there are no existing 3D models to preplan a trajectory. Tradi-
tional navigation methods employ multiple sensors: LiDAR, sonar, inertial measurement
units (IMUs), and cameras. This increases the weight and cost of such drones. This work
focuses on autonomous drone navigation from point A to point B using visual information
obtained from a monocular camera in a simulator. The solution utilizes a depth image
estimation model to create an occupancy grid map of the surrounding area and uses an A*
path planning algorithm to find optimal paths to end goals while navigating around the
obstacles. The simulation is conducted using AirSim in Unreal Engine. With this work, we
propose a framework and scenarios in three different open-source virtual environments,
varying in complexity, to test and compare autonomous UAV navigation methods based
on vision. In this study, fine-tuned models using synthetic RGB and depth image data were
used for each environment, demonstrating a noticeable improvement in depth estimation
accuracy, with reductions in Mean Absolute Percentage Error (MAPE) from 120.45% to
33.41% in AirSimNH, from 70.09% to 8.04% in Blocks, and from 121.94% to 32.86% in
MSBuild2018. While the proposed UAV autonomous navigation framework utilizing depth
images directly from AirSim achieves 38.89%, 87.78%, and 13.33% success rates of reaching
goals in AirSimNH, Blocks, and MSBuild2018 environments, respectively, the method
with pre-trained depth estimation models fails to reach any end points of the scenarios.
The fine-tuned depth estimation models enhance performance, increasing the number of
reached goals by 3.33% for AirSimNH and 72.22% for Blocks. These findings highlight
the benefits of adapting vision-based models to specific environments, improving UAV
autonomy in visually guided navigation tasks.

Keywords: UAV; control; vision-based navigation; path planning; collision avoidance;
simulation; deep learning; monocular depth estimation

1. Introduction

Unmanned aerial vehicles (UAVs) have become an active object of recent research.
The quad-rotor drones are especially appealing due to their lightweight frame, sensor
modularity, and availability of other cost-effective off-the-shelf parts. Essential topics such
as search and rescue, remote sensing, precision agriculture, goods delivery, and other civil
applications have seen innovation utilizing UAVs [1]. However, the human operation of
such vehicles can become a problem in some scenarios, for example, where the GPS and
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radio signals are unavailable, and it is impossible to preplan a trajectory due to non-existing
3D maps or landmark references. Autonomous working drones could be used to perform
such missions. This way, the signal interference would not be a threat, as all the computing
and control processes would be internal.

The autonomous navigation of a vehicle requires robot perception and localization,
motion planning, and the execution of commands with controllers. Usually, for this
complicated system to be robust, full-navigation solutions employ the fusion of multiple
sensors. The most common of these are light detection and ranging (LiDAR) scanners,
multiple cameras, and acoustic or radar sensors accompanied by inertial measurement
units (IMUs) [2]. These solutions can be quite expensive in terms of both the price and
computational cost. Reliable LiDAR scanners typically range in price from a few thousand
to tens of thousands of dollars. In contrast, simple RGB cameras and the necessary system
hardware offer a more affordable alternative. Developing a system that achieves results
comparable or superior to LIDAR while being cost-effective would provide significant
advantages in various systems.

A solution for these problems is to use a monocular camera as the primary sensor
for the perception and localization of the drone. RGB cameras are relatively cheap and
lightweight, bringing the cost of such a system down. Also, the captured images can
provide more semantic information to aid the operations. However, using a simple RGB
camera comes with its challenges. The algorithms involved in visual localization are
computationally demanding and prone to problems arising from motion blur, variation
in illumination, and inherent scale drift [3]. Many researchers opt into RGB-D cameras
for their setups to gather additional depth information to counter some of these problems.
However, these sensors are relatively expensive in comparison to simple RGB cameras.

In recent years, research has brought attention to various depth estimation methods [4].
By utilizing machine learning models, it is now possible to achieve accurate depth images
from a single RGB image. This enables the use of algorithms traditionally only available
in setups containing RGB-D cameras, thus expanding the capabilities of monocular RGB
camera drone systems, albeit with increased computational cost.

With the rise in UAVs (and robotics in general), new tools for the simulation of
such systems have seen the light as software-in-the-loop (SiL) testing is an integral
part of building a robust autonomous navigation solution. However, autonomous UAV
simulation research mainly consists of indoor environments where robots navigate
corridors, areas of sparsely distributed box-shaped objects or smaller, and specific
segments of areas [5-7]. Also, most researchers only use a few select tools in their papers,
and, most of the time, do not provide the environments or the exact coordinates for the
start and end points [8]. All of this does not allow for reasonable comparison between
the research or real-world conditions.

This study aims to develop an autonomous navigation system for UAVs that relies on
visual information acquired with a monocular RGB camera in simulated environments. By
implementing a depth estimation model, an occupancy grid map is generated from point
clouds. This allows the drone to dynamically plan a path for obstacle avoidance during the
navigation from point A to point B. In this study, the results of simulated flights in different
scenarios utilizing estimated depth images are compared with results using depth images
from the simulation software AirSim [9]. Different voxel sizes are compared to check
their effect on navigation performance during flight. In addition, each flight scenario’s
exact environments and start/end points are provided for future comparisons between
autonomous navigation solutions in AirSim platform.



Drones 2025, 9, 236

30f26

2. Related Work

Building a UAV navigation system that fully functions without human input is no easy
feat, as many components must work in coordination. Therefore, only about 16% of works
in the field of UAV navigation—particularly in scenarios without GNSS (Global Navigation
Satellite System) availability— have proposed complete navigation solutions, while the rest
of the research focused on individual parts of UAV navigation like localization, estimation
of various inertial parameters of flight, mapping of surroundings, and path planning [2].

2.1. Localization

Localization is a fundamental aspect of UAV navigation, providing the necessary
information by estimating a vehicle’s position and orientation in its operating environment.
It is essential in other robotics applications and is also the most researched navigation
area [2].

Autonomous navigation solutions utilizing vision sensors can be broken down into
two main categories: mapless and map-based [8,10,11]. In mapless systems, UAVs do not
need prior knowledge of the area they fly in, and no maps are built during the navigation
process. Solutions can be categorized as map-based when UAVs are either provided with a
map of the area they need to navigate or they simultaneously build one whilst exploring
the unknown territory.

Mapless systems rely on real-time sensor data to estimate the motion and position
of the vehicle without prior knowledge of the environment. Such vision-based systems
extract visible features from the environment to make navigation decisions. The most
prominent methods in mapless solutions are optical flow (OF) and feature tracking [11].
In recent years, researchers have also shown systems that use various machine-learning
approaches [8].

The optical flow technique compares pixels between consecutive frames and estimates
the motion between the camera and the scene. Two main categories of optical flow include
global [12] and local [13]. In the case of global OF, the neighboring pixels of a point in
the image and the smoothness of their movements are considered. In the local approach,
all the pixels in the image are compared, and their differences are measured. The earliest
application of optical flow to UAV navigation was based on a stereo vision setup imitating a
bee’s flight, where the UAV estimates the distance to walls and obstacles from two cameras
and traverses through a corridor accordingly [14]. Throughout the years, navigation
methods that utilize optical flow have improved. For example, researchers showed that
using inverse optical flow techniques with a single forward-facing camera can overcome
the previously existing limitations of balance strategy when UAVs face an obstacle directly
in front [15]. This enables vehicles to navigate in urban canyon settings.

The feature tracking method extracts points or patterns from images visible in the
environment and follows them over time to estimate their motion relative to the camera.
This technique can track invariant features such as corners, lines, or other points that could
be detected in different images of the same area under changed conditions like rotation,
illumination, and scale [16]. Well-known feature point detectors and descriptor extraction
algorithms include Harris corners [17], features from accelerated segment test (FAST) [18],
scale-invariant feature transform (SIFT) [19], binary robust independent elementary features
(BRIEF) [20], speeded up robust features (SURF) [21], and Oriented FAST and Rotated
BRIEF (ORB) [22]. In recent years, feature descriptors have become more invariant to
illumination and scale changes and more robust than OF methods. However, due to the
computational overhead that feature detection and matching brings, the feature-based
systems compute sparser environment representation in points. Furthermore, in texture-
less (feature-poor) environments, tracking performance can be poor or even lost [3].
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Map-based systems rely on sensor data and prior knowledge about the environment,
such as known or partially known maps or spaces. It also includes map-building strategies
that can reconstruct the map of the area in which drones navigate dynamically [8].

Prior knowledge of surroundings can be specified as landmarks such as waypoints
made up of roof positions that can be matched from satellite images during navigation
or specialized patterns such as QR or other ground patterns that can be detected with
the help of machine learning and feature-based algorithms [8]. These landmarks can
serve as access points to guide the drone, show where obstacles are located, or help track
targets. Moreover, the knowledge can come in the form of maps of the environment.
Two main types of maps are used in UAV navigation: octree and occupancy grid maps [11].
Volumetric 3D environment models can be generated utilizing sensor data and represented
as hierarchical tree structures based on octrees. An efficient open-source framework used
by many robotic systems is OctoMap [23]. The occupancy grid method represents the
environment as a grid of cells where each cell is likely occupied. An example of such a
mapping technique is shown in [24]. Information about obstacles and free space is stored
in multi-volume occupancy grids, which allows them to incrementally fuse new positive or
negative sensor information, enabling correction for errors and a more robust 3D mapping
of the environment.

These methods can also be used in a similar map-building approach, which domi-
nates the full-navigation solutions and is called simultaneous localization and mapping
(SLAM) [2]. This technique allows UAVs to generate a map and simultaneously estimate
their position while navigating an unknown environment [25]. Methods like feature-based
ORB-SLAM [26], MonoSLAM [27], or direct LSD-SLAM [28] can be utilized in monocular
vision-based setups.

2.2. Monocular Depth Estimation

Monocular depth estimation is the process of assessing depth from singular RGB
images and inferring depth information. Researchers try to differentiate the types of depth
estimation methods into two categories: single-shot and multi-frame [4].

Single-shot depth estimation drops the frames and estimates the depth from any
taken image without a broader context about the environment. These methods often
use deep learning models trained on large datasets to extract depth cues from visual
patterns such as texture, shading, and perspective. Depth estimation models like Depth
Anything [29] provide a way to generalize depth predictions for small and large details
by incorporating multi-scale attention mechanisms. Another prominent approach, Mon-
odepth2 [30], achieves accurate depth predictions by combining self-supervised learning
with encoder—decoder architectures, allowing it to adapt to various domains and datasets
without requiring extensive ground truth depth annotations.

Multi-frame depth estimation leverages temporal information from consecutive frames
to infer depth, exploiting motion cues such as parallax and changes in camera position.
These methods often integrate principles from structure-from-motion (SfM) or visual-
inertial odometry (VIO). By analyzing object shifts across frames, multi-frame methods
achieve higher depth accuracy and reconstruct 3D structures more effectively. Recent
advancements, such as the Multi-Frame Depth Transformer (MFDT), demonstrate the
effectiveness of transformer-based architectures and how depth estimation can be improved
by capturing temporal relationships in scene geometry and motion dynamics [31].

2.3. Path Planning

Path planning is a major navigation system component that aims to swiftly and accu-
rately navigate a sufficiently complex environment. One type of path-planning algorithm
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that can be used for online UAV navigation is called graph-based path planning. These
types of algorithms work by representing the environment as a graph. In such a graph,
nodes represent discrete navigable locations in the environment, and edges represent possi-
ble paths between these locations. Graph-based search algorithms aim to find the optimal
path from the start to the goal node on a pre-defined graph. These methods are highly
effective in structured environments with known maps and can efficiently handle static ob-
stacles. Nevertheless, these algorithms can still be used for online path planning. However,
such use introduces the need for recurrent replanning. Examples of viable graph-based
search algorithms are Dijkstra’s Algorithm [32], A* [33], Theta* and Lazy Theta* [34], and
Jump Point Search (JPS) [35]. Other graph-based search algorithms are designed to work in
dynamic/unknown environments, e.g., D* [36] or D* lite [37].

Another widely used path planning algorithm type is sampling-based algorithms.
Sampling approaches create a graph representation of the environment by sampling points
and connecting them to form a possible path. These methods are especially useful in un-
known or partially known, high-dimensionality environments as these algorithms focus on
finding any valid solution instead of the globally optimal one. Examples of such algorithms
are Rapidly Exploring Random Trees (RRT) [38], Probabilistic Roadmap (PRM) [39], and
Voronoi Diagrams [40].

2.4. Autonomous UAV Navigation

Complete solutions for autonomous UAV navigation combine all the parts into one
system. Usually, such systems employ numerous different sensors for more robust identifi-
cation and mapping of the environment to avoid obstacles in the UAV’s path [2].

LiDAR scans environments with laser rangefinders to provide accurate distance and
position measurements for single points. These sensors are usually used as complimentary
devices to provide depth information as they cannot extract texture or color. Techniques
like 2D or 3D LiDAR SLAM are utilized in such solutions [5,6,41-44].

RGB-D can also provide depth-sensing capabilities. Devices like Microsoft Kinect,
Intel RealSense, or Asus Xtion retrieve red, green, and blue alongside depth data for
each pixel. This is usually performed by utilizing infrared projectors and receivers. The
depth information combined with SLAM techniques can result in highly detailed 3D
maps [7,45-47]. Stereo camera setups using multiple cameras can also generate depth
information from the disparity between captured images [48-50]. Numerous approaches
also make use of monocular cameras [25,51-53].

3. Materials and Methods
3.1. Simulation Environment

This study uses the AirSim simulator to conduct autonomous drone flights. There are
ten default environments built with Unreal Engine and provided by AirSim. Each environ-
ment is based on an outdoor setting with varying numbers of objects and complexity. The
simulator can extract depth, RGB, and segmentation images from the drone camera’s point
of view. The AbandonedPark environment has a moving Ferris wheel, the CityEnviron has
moving cars and pedestrians implemented, and TrapCam has simulated moving deer and
vegetation generation, which can be tuned with different parameters. For experimentation,
three of the available environments (AirSimNH, Blocks, and MSBuild2018) were chosen.
Overview screenshots from the simulator in these environments can be seen in Figure 1.
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Figure 1. Snapshots from different AirSim environments that show depth, segmentation, and RGB
images from the drone’s front-facing camera and the environment from higher up: AirSimNH (a,b);
Blocks (c,d); and MSBuild2018 (e, f).

The drone was setup to acquire 518 x 518 pixel-sized RGB and depth images with a
60-degree field of view (FOV). During navigation, the drone keeps distance from obstacles
ina 3 x 3 voxel grid, as shown as a blue grid in Figure 2. The size of the voxel V can be
changed, which in turn scales this grid, allowing the drone to traverse in either narrower or
broader spaces. Other drone settings, such as flying speed or other flight parameters, can
be configured in the simulator; however, simulations in this study scope were conducted to
explore the effects of varying voxel size; therefore, the other parameters were set to default
values such as flying velocity of 2 m/s, an occupancy map size of 1800 x 1800 x 100 voxels,
a maximum of 200 iterations to find paths, and a maximum of 20 consecutive steps with
collisions registered to quit the simulation.
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Figure 2. Snapshot of the drone inside the AirSim environment. The blue grid shows the scalable
boundary of the drone in voxels of size V. The red area depicts the drone’s field of view.

All the simulations were performed on a personal computer. The environments are
computationally heavy on graphics; therefore, a dedicated graphics card (GPU) had to be
installed in the computer. All the system’s specifications are noted in Table 1.

Table 1. Specifications of the personal computer used to run flight simulations in this work.

GPU CPU RAM
EVGA GeForce RTX 3070 Ti; 8 GB AMD Ryzen 7 5800X; 8 cores @ Kingston Fury; 2 x 32 GB @
GDDR6X @ 1575 MHz 3.8 GHz 3200 MHz

Three scenarios were chosen for each environment to test the autonomous drone
navigation system. Start and end coordinates alongside the Euclidean distance of each
proposed scenario are in Table 2. Here, the last column notes where each scenario is
depicted in Figure 3 where yellow circles and triangles depict the start and end positions
of different scenarios in each environment, respectively. Red lines show the paths that a
drone could hypothetically take to navigate through each scenario.

Table 2. Start and end coordinates of different scenarios in chosen environments.

Environment Scenario Start (X, Y, Z) End, (X, Y, Z) Distance Snapshot
1 0,0,0 —130, —115,3 173.59 a
AirSimNH 2 0,0,0 130, 130, 3 183.87 b
3 0,0,0 —115,130, 3 173.59 c
1 0,0,0 70,150, 3 165.56 d
Blocks 2 0,0,0 70, —135,3 152.10 e
3 0,0,0 —105, —150, 3 183.12 f
1 0,0,0 30, 260, 3 261.74 g
MSBuilding2018 2 0,0,0 30, —280, 3 281.62 h
3 0,0,0 —400, 30, 3 401.14 i

As the AirSimNH environment (Figure 3a—c) has houses and their backyards separated
by roads, all three proposed flight paths start at the intersection of these roads. The end
points are located at the corners of the neighborhood. These paths force the drone to
navigate complex environments containing houses, trees, fences, and other objects typically
found in such backyards. It is worth noting that deer and raccoons are also moving in this
environment. Also, along the outskirts of the environment, there is a densely populated
forest, which is well suited for obstacle avoidance experiments.
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Figure 3. Snapshots of different scenarios in different environments. Yellow circles show start positions,
triangles—set goal coordinates. Red lines depict hypothetical paths for simulated flights. Scenarios
no.1-3 in different AirSim environments: (a—c) AirSimNH; (d—f) Blocks; and (g—i) MSBuild2018.

For tests in less complex settings, the Blocks environment (Figure 3d—f) was chosen.
Relatively big-sized blocks are scattered sparsely in this environment alongside some
other basic shapes like balls, cones, or cylinders. The end point coordinates are located
at the corners of the map. To reach denoted positions, the drone would need to evade
simple-shaped boxes and other objects.

MSBuild2018 is one of the AirSim provided environments (Figure 3g—i) that is com-
posed of an open field, roads, and building complexes densely surrounded by trees and
other objects. In proposed scenarios, the drone starts in the open field. To reach the
goals, the drone must navigate through thick vegetation along the roads and between the
buildings, making the task more complex.

3.2. System Architecture

The proposed architecture for an autonomous monocular drone navigation system
is depicted in Figure 4. The system is divided into a simulation environment and a drone
navigation system called a “Monocular drone”. For the simulation environment, Airsim
v1.8.1 was used. The navigation system runs in a containerized Docker environment run-
ning Ubuntu 20.04 guest. The ROS noetic v1.17.0 framework was used for communication
between these two parts.
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Figure 4. Diagram of the autonomous monocular drone navigation system.

The navigation system was further divided into three modules:

e  Depth estimation module (DEM). This module is responsible for estimating depth
images from the RGB camera feed provided by the simulation environment. For this
task, the Depth Anything V2 model was utilized.

e  Mapper module (MM). The purpose of MM is to build and iteratively update the
occupancy map-based 3D environment using depth images supplied by DEM and
camera position and orientation retrieved from the simulation environment.

e  Navigation module (NM). This module finds viable path trajectories to specified points
in an everchanging mapped 3D environment. Path-finding logic is based on the A*
algorithm. The output of this module is fed back to the simulation environment.

3.3. Depth Estimation
3.3.1. Preparing Synthetic Data for Depth Estimation Models

The inherent scale-drift problem occurred using the pretrained single-shot monocular
depth estimation model. However, a hypothesis was proposed that the errors in depth
estimation come from insufficient synthetic images and that the results could be improved
by finetuning the model.

The models were finetuned with the simulation environment data to obtain more
accurate depth images from RGB images. A dataset was generated for each environment
to improve the depth estimation accuracy, as the pre-trained model struggled to adjust
to environment lighting conditions, textures, objects, and other scene features. A script
was developed to generate datasets to fine-tune the model. The script in Algorithm 1 used
parameters such as the following:

e  Number of coordinates that define how many points will be generated;

e  Map boundaries specifying the range in which the drone can be placed;

e  Height list specifying predefined height (1, 3, 5, 7, and 9 m) for generated coordinates
along the z-axis;

e  Camera IDs, representing cameras used to capture depth and RGB images. Cameras
were positioned at 0, 45, 90, 135, 180, 225, 270, and 315 degrees, allowing images to be
captured from all sides for a specific coordinate.

For each different height, a set of coordinates was generated, and at these coordinates,
all cameras captured depth and RGB images, ensuring that various viewpoints and heights
would be captured. The visualization of all the angles of cameras and examples of acquired
images are depicted in Figure 5.
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Algorithm 1. Data generation script

Input: Number of coordinates num_coord, map boundaries x_start, x_end, y_start, y_end,
Height list z_heights,
Constants: Camera id list camera_ids
Output: Saved images.
Generate random coordinates:
Initialize coordinate list coord_list
For z to z_heights:
For i to num_coord:

add the generated coordinate to coordinate list
coord_list.add(random(x_start, x_end), random(y_start, y_end), z)

6: End For

7: End For

8: Start and stabilize the drone in environment

9: For coordinate in coord_list:

10: Spawn and hover drone in coordinate

11: For a camera in camera_ids:

12: Save the Depth and RGB image of the camera
13: End For

14: End For

Figure 5. Generation of RGB and depth images from AirSim for finetuning dataset in AirSimNH
environment. On the (right), a snapshot of a drone setup in randomly generated coordinates, where
red arrows depict the angles at which the cameras are pointing. On the (left) are examples of acquired
pairs of RGB and depth images from front and back-facing cameras.

3.3.2. Process for Fine-Tuning Depth Estimation Model

Specialized depth estimation models were fine-tuned for each environment. Training
images had a resolution of 518 x 518 pixels due to the chosen model’s architectural design.
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The prepared dataset was split into training and validation sets (approximately 80% for
training and 20% for validation). Training images included absolute depth annotations
allowing the model to infer statistically accurate metric depths without requiring an explicit
scale correction factor. Unlike event cameras, which rely on dynamic scene changes to
estimate depth, our method infers depth purely from static image inputs, making it more
suitable for structured scene analysis. The chosen architecture is the Depth Anything
V2 [29] model with a Vision Transformer (ViT-S) encoder. The model using the (ViT-S)
encoder is the smallest but one of the fastest and least resource-intensive among released
models. The fine-tuning processes involved adapting the network to the specific domain.
The dataset was preprocessed by normalizing pixel values and adjusting them to fit the
model architecture. The training was performed using the BerHu loss function and AdamW
optimizer with a learning rate scheduler which helped reduce the learning rate reduction
over time and improve convergence.

Additionally, models were trained without references to objects in a simulated envi-
ronment such as object coordinates, object classes, or object mapping. The fine-tunned
model only relies on the RGB, and the depth images extracted from the AirSim simulation
environment, which means that the model only learns from the visuals of the environment.

The BerHu loss function has been chosen to evaluate performance because it combines
L1 and L2 terms. The loss function behaves similarly to the standard L1 measure for minor
prediction errors. It is more robust to outliers due to its constant gradient and avoidance of
massive updates. As the mistakes grow, they transition smoothly to the L2 penalty that
prevents gradients from exploding while assigning proportionately higher penalties to
substantial discrepancies. Such a loss definition is particularly effective in handling large-
depth errors while remaining sensitive to more minor errors. This approach is motivated
by prior work on depth estimation, where the BerHu loss has been shown to improve the
robustness of deep learning models [54].

82471 . (1)

The overall loss is then the average over all the pixels:

. 1 N
LBE}’HM (]// y) = Nziil li (2)

This can be expressed mathematically as a piecewise function where y is the ground-
truth depth, 7 is the predicted depth, T is the threshold (in this work, the threshold T = 0.2),
and N is the total number of pixels in the batch. Define §; = |y; — Vj;|.

3.4. Occupancy Grid Map

A probability-based occupancy map was used for environment mapping. The map-
ping process consists of iteration, where each iteration is divided into three stages: in the
first stage, the mapping subsystem takes W x H sized normalized depth images dimg
received from the depth estimation model as input. Here, dimg is a single-channel image,
where pixel intensity is directly linearly proportional to the distance from the point of
observation; the input image is then downscaled by filtering pixels with a horizontal and
vertical stride of 2., i.e. each second pixel in each second row is used; the resulting image is
then converted to a point cloud by applying Algorithm 2.
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Algorithm 2. Depth Image to Point Cloud Conversion

Input: Depth image dimg, Field of view fov, Image dimensions (H, W), Stride stride,
Minimum depth dmin, Maximum depth dmax.

Output: Point cloud pcd in ENU coordinate system.

1: Initialize empty point cloud pcd

2: Compute horizontal FOV in radians hfov,,; = fov- 7t/180.0
3: Calculate focal lengths fx = fy = (W/2.0)/tan(hfov,,4/2.0)

4: Set principal point coordinates cx = W/2.0, cy = H/2.0

5: For v = 0 to H step stride:

6 For u = 0 to W step stride:

7 Retrieve depth value z = dimg[v,u]

8 If dmin < z < dmax then:

9: Compute x = (u — cx) - z/fx

10: Computey = (v — cy) - z/fy

11: Rotate and add point [z,—x,—y] to pcd ENU point
12: End If

13:  End For

14: End For

15: Return point cloud pcd

This conversion discards points that are too close or too far away, then rotates
90 degrees along the pitch axis and converts them to use the ENU (East-North-Up) world
reference system. This results in a point cloud from the drone’s perspective. This point
cloud has to be converted to a global perspective. It is performed by rotating the whole
point vector by camera orientation quaternion, which was already converted from NED
(North-East-Down) to the ENU world reference system. Then, it follows the translation to
the camera position. The position was also converted from NED to ENU world reference
system. The resulting point cloud must then be discretized. The point cloud is scaled by
performing an element-wise division by the selected V' value and rounding each element to
the nearest integer. This results in the voxel indices array O of currently visible obstacles.

The second stage of mapping is known as empty space detection. This is crucial
for cleaning up obstacle data that is no longer valid due to introduced depth estimation
positioning errors and environmental changes. The known empty space voxel indices array
E is collected by applying Bresenham [55] 3D ray-casting algorithm from camera voxel to
each obstacle voxel from O.

The final stage combines previously collected obstacle data O and empty space data E
into the global map. In our case, the global map is a continuous 3D byte array with default
values set to the chosen occup_unkn value representing unknown space. The known space
voxel values fall into the occupancy intensity interval [occup_min; occup_max]. A lower
value means lower obstacle certainty and higher values mean vice versa. In our study,
intensity values are capped in [0; 12] intervals. One specific value in this interval is chosen
as the occupancy threshold value. Reaching it would mean that the voxel can be treated as
occupied. Modification of occupancy intensity values starts by changing the voxel value
from occup_unkn to occup_min when the voxel index first occurs in either O or E. Then,
values at E are decreased by ray_miss constant (1 was used in this work). Finally, values at
O are increased by the ray_hit constant (8 was used in this work).

A series of these iterations results in one global dynamic probability-based occupancy
map that can be used for online navigation. The result of such a mapping process is
visualized in Figure 6.
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(b)

Figure 6. Snapshot of AirSimNH environment mapping result using depth images acquired from

AirSim. (a) RGB image; (b) occupancy grid map visualized in rviz. Different color blocks represent
known occupied space: blue means higher occupancy certainty; red means lower.

3.5. Path Planning and Collision Avoidance

The path planning and collision avoidance in the occupancy map are implemented
using the A* search algorithm [56] limited to Nj;;x number of iterations. In order for A*
to be able to find a path point, set p to a given destination point G in an unknown and/or
dynamic environment 3D grid Z3, perform an optimistic search in the unobserved space,
and replanning actions, when certain criteria are met, have to be added. However, these
additions do not come without challenges.

As any point in space, including the drone’s exact position, is abstracted by a single
voxel, it is hard to estimate the precise distance to obstacles., i.e., 2 points approximated
by neighboring voxels could be vanishingly close to each other or as far as two V values
apart. This increases the probability of a collision with an environment. To counteract
that, path planning is only allowed in voxels that are unknown or not occupied and have
26 neighboring voxels that are also unknown or not occupied. In other words, path p is
valid if set of voxels E does not contain know occupied voxels. This increases the distance
to obstacles by a single V value and reduces the number of collision scenarios.

E:PU{(x’,y’,z’) €Z3|E|(x,y,z)€P,|x—x’|§1,|y—y’|§1,|z—z’|§1} 3)

As we allow path planning in known space, even static obstacles will inevitably
appear in the middle of the planned path, requiring path adjustments. As mentioned, these
adjustments, in our case, are made in the form of replanning, which itself is a repeated path
planning action from current point C to previous goal point G.

Replanning is triggered after one of these conditions are met:

1. A new obstacle is detected inside set E;

Replanning is also performed if the drone drifts away from the planned path by a

specified distance d., i.e., if | pe P ||| p—C||[<d|=0;

3. Intermediate goal point I is reached. Point I is a voxel with best known distance
heuristic to goal G after failure to find a complete path to G in Ny, iterations.

4. Results
4.1. Fine-Tunning of Depth Estimation Models

Three datasets were generated for the Blocks, MSBuild2018, and AirsimNH environ-
ments using the previously provided algorithm. Each dataset consisted of 50 thousand
pairs of RGB and depth images. Additionally, the dataset was generated in subsets of
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10 thousand image pairs. Each time a subset generation was completed, a new depth
estimation model was trained alongside the previously generated images and the new
subset. In simulations, it was observed that as the number of images increased, the per-
formance of the fine-tuned depth estimation model improved. The drone demonstrated
improved capabilities in planning the path towards the goal coordinate as more data were
introduced to the depth estimation model. Moreover, while inspecting the dataset, some
outlier coordinates were observed, such as locations inside buildings that lacked a complete
interior and were below the environment’s ground. Furthermore, some coordinates were
generated inside buildings with complete interiors. However, these coordinates could also
be considered outliers because the drone is not expected to navigate inside buildings. These
outliers likely harmed the quality of the depth estimation model.

Nevertheless, despite probable outliers, these images were used to finetune models.
After each training epoch, the models were evaluated and compared against collected
AirSim depth images to quantify performance (Figure 7). The depth estimation models
were trained using the following hyperparameters: the learning rate of 1 x 104, a batch
size of 8, the AdamW optimizer, and 15 epochs. All three datasets show a steady loss
reduction across early epochs, but no noticeable improvements are seen after the 11th
epoch. The model trained on the Blocks environment retained the lowest loss compared
to other environments. This is likely due to fewer depth ambiguities and more consistent
scene structure in Blocks, while AirSimNH and MSBuild2018 had more complex scenes.
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Figure 7. BerHu loss was experienced during training on the depth estimation model. Different lines
for different environments: blue for AirsimNH, orange for Blocks, and green for MSBuild2018.

After conducting qualitative inspections and examining whether the predicted depth
maps accurately captured major scene structures (e.g., walls, objects, and terrain features),
it can be seen that the results are quite noticeable. From the evaluation in Figure §, it is
visually noticeable that the base pretrained model on the AirSimNH environment tends to
estimate objects a lot further in comparison to ground truth images from simulation. In
contrast, the fine-tuned model captures objects better with up-close details, higher mapping
accuracy, and a more diverse depth range. A high difference in MAPE can be observed in
Table 3 between models. Depth image discrepancies between pretrained and fine-tuned
models can lead to the belief that models should be specialized for each environment. Since
higher error discrepancies become more apparent in mismatched domains, the likelihood
of crashes or collisions increases significantly, as the model’s inaccurate depth predictions
may fail to capture obstacles and distances correctly.
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(b) (0)

Figure 8. Visualizations comparing: (a) RGB input; (b) pre-trained Depth Anything V2 small model’s
depth image output; and (c) fine-tuned version’s depth image. The image was captured in the
AirSimNH environment.

Table 3. Mean Absolute Percentage Error (MAPE) comparison between pre-trained and fine-tuned
models across different environments.

Environment Pre-Trained Model Finetuned Model
AirSimNH 120.45% 33.41%
Blocks 70.09% 8.04%
MSBuild2018 121.94% 32.86%

4.2. Autonomous Navigation Simulation Results
4.2.1. General Experimentation Results

During the experimentation phase of this work, the navigation system was tested in
three different environments. In total, 810 flights were conducted: 10 for each scenario
and voxel size V [0.5, 1.0, 2.0] pair for each environment. These autonomous flights were
performed using depth images acquired directly from AirSim, depth images estimated
with the pre-trained Depth Anything V2 model, and depth images estimated by models
finetuned for each environment.

The resulting metrics of the flights conducted during the experimentation are shown
in Table 4. Here, the results from all the scenarios and voxel sizes used in each environment
are added for each depth image acquisition method. The third column shows the number
of flights that reached the goal position successfully within 5 m. The fourth column shows
how close to the goal all the failed flights ended on average.

As can be seen, when depth images were estimated by a pre-trained model, not a single
simulation successfully reached the goal. The paths flown during these simulations are
depicted in Appendix A, Figure Al. Most of the flights ended prematurely when the drone
would become stuck in the ground or other obstacles and could not move further because
of the simulator’s physics. This is mainly because the used model does not generalize well
for these digital environments and also suffers from scale-drift issues or problems where
closer objects occupying more of the view are estimated further away or vice versa.
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Table 4. Results from autonomous flights simulated in different AirSim environments with varying
methods of depth image acquisition.

Environment Method Reached Goal Distance to Goal
Depth Images from 117.40
AirSim 35 0f 90 (55 unsuccessful)
o Estimated Depth Images 135.28
AIrSimNH (finetuned) 30f90 (87 unsuccessful)
Estimated Depth Images 0 0f 90 171.20
(pre-trained) (90 unsuccessful)
Depth Images from 67.75
AirSim 79 0£90 (11 unsuccessful)
Estimated Depth Images 95.95
Blocks (finetuned) 65 of 90 (25 unsuccessful)
Estimated Depth Images 00f90 152.34
(pre-trained) (90 unsuccessful)
Depth Images from 187.80
AirSim 120£90 (78 unsuccessful)
. Estimated Depth Images 230.50
MSBuild2018 (finetuned) 00f90 (90 unsuccessful)
Estimated Depth Images 0 0f 90 311.25
(pre-trained) (90 unsuccessful)

The finetuning of the models improved the number of successful navigations by
72.22% and 3.33% in Blocks and AirSimNH environments, respectively. However, using this
method, the drone still did not manage to reach a single goal in MSBuild2018 simulations.
Utilization of finetuned models for depth estimation also helped to get the drone closer to
the goal in flights where the simulation ended prematurely. The average distance to goals
improved by 36, 56, and 81 m in AirSimNH, Blocks, and MSBuild2018 environments.

Across all environments, the processed frames per second (FPS) range from approxi-
mately 2.7 to 4.35, depending on the voxel size and complexity of the environment. The
full list of averaged frames per second can be seen in Appendix A, Table Al. All of the
values indicate that the drone travels ~0.46 m per frame in the highest FPS scenario, while
in the lowest FPS scenario, it travels ~0.74 m per frame. These measurements show that the
drone replans its path after covering these distances.

Increasing FPS is critical when solving problems like this because if the drone does
not receive new depth images that indicate an obstruction before a collision, it cannot
replan its path before the collision with an object. For this reason, a higher FPS indicates
improved drone performance, faster responses to obstacles, and more frequent optimal
path re-evaluations.

Furthermore, FPS measurements show that the lowest performance was observed
in the AirsimNH environment, while the best was in the Blocks environment. Visually,
Blocks is the least detailed environment, and AirsimNH is the most thorough. It indicates
that either environment complexity or graphical demand impacts the image processing
rate. Due to limited data, it is not possible to determine which factor plays a more
significant role.

When voxel size is increased, the image processing rate improves due to reduced
computational requirements for path planning as larger voxel sizes simplify the complexity
of the environment—additionally, safety margins increase, leading to a reduced risk of
collision. However, when V is decreased, smaller objects and narrower paths may go
unnoticed or overestimated, leading to suboptimal paths, blocked narrow passages, or
even collisions. While lower voxel sizes may provide a more precise path, it also increases
execution costs, reduces image processing rate, and decreases reaction times, leading to
more challenging path planning.
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Lastly, testing cases utilizing AirSim depth images demonstrate the lowest FPS values,
primarily due to additional preprocessing steps such as depth image normalizations and
format conversion. Additionally, the finetuned depth estimation model displays lower FPS
than a pre-trained model, which is expected, as fine-tuning increases the model complexity
of the hidden layers, leading to increased processing times.

4.2.2. Acquired AirSim Depth Images vs. Finetuned Depth Estimation

The averaged results for each pair of environment and depth image acquisition meth-
ods are in Tables 5-7. Here, the columns denote the voxel size in meters discretized from
point cloud data, the scenario number specifying which coordinates in Table 2 were used for
the end goal, the number of flights that reached the goal within 5 m, the average number of
steps that collided with objects in the area, the average calculated Euclidean flight distance
in meters, the average time of flight in seconds, and average calculated distance in meters
to goal coordinates from the last step before premature termination of simulation such as
collision for 20 consecutive steps (the drone is stuck in an obstacle and cannot move) or
failure of 200 consecutive iterations to find a new path. These constraints ensure that the
drone does not keep hovering in place for an infinite time during experiments.

The snapshots in Figures 9-11 depict all the paths the drone took to reach the end
positions from the start in different environments for the AirSim acquired and estimated
depth image usage. Here, red lines are the flights with voxel size V of 0.5 m; green lines
show paths using 1.0 m; blue lines are 2.0 m.

Table 5. Autonomous flight results comparison between AirSim and estimated depth image usage in
AirSimNH environment. The results are calculated from ten flights for each voxel size and scenario
pair. The best results for each scenario are bolded.

AirSim Depth Images Estimated Depth Images
Voxel . Reached .. . . Distance Reached .. . . Distance
Size Scenario Goal Collisions Distance Time to0 Goal Goal Collisions Distance Time to Goal
1 3 12.00 226.75 136.42 129.56 0 - - - 120.26
0.5 2 3 0.67 228.47 132.29 125.93 3 5.00 282.79 176.08 126.85
3 0 - - - 142.63 0 - - - 128.47
1 4 3.00 345.22 212.07 41.13 0 - - - 124.08
1.0 2 7 0.43 288.95 174.66 78.63 0 - - - 133.49
3 3 4.67 439.83 271.87 131.08 0 - - - 147.58
1 9 0.22 346.49 225.01 72.87 0 - - - 130.44
2.0 2 6 0 348.58 22492 17217 0 - - - 140.68
3 0 - - - 162.58 0 - - - 165.69
Table 6. Autonomous flight results comparison between AirSim and estimated depth image usage in
the Blocks environment. The results are calculated from ten flights for each voxel size and scenario
pair. The best results for each scenario are bolded.
AirSim Depth Images Estimated Depth Images
Voxel . Reached .. . . Distance Reached .. . . Distance
Size Scenario Goal Collisions Distance Time to Goal Goal Collisions Distance Time to Goal
1 7 0.71 178.51 95.62 122.58 10 0 196.28 112.91 -
0.5 2 10 0 160.09 83.25 - 9 0 160.16 88.51 106.87
3 8 2.63 221.09 122.61 129.52 8 0.63 222.76 128.11 90.84
1 9 0 179.57 97.30 124.76 7 0 207.58 118.11 129.32
1.0 2 10 0 160.64 85.98 - 7 0 161.32 92.70 102.68
3 7 0.71 226.13 125.64 109.51 5 0 226.93 133.94 58.17
1 8 0.25 188.67 118.40 123.39 4 0 350.40 217.18 119.89
2.0 2 10 0 166.80 106.18 - 9 0 186.23 119.91 96.14
3 10 0 209.12 131.73 - 9 0 235.37 153.67 159.64
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Table 7. The autonomous flight result comparison between AirSim and estimated depth image usage
in the MSBuild2018 environment. The results are calculated from ten flights for each voxel size and
scenario pair. The best results for each scenario are bolded.

AirSim Depth Images Estimated Depth Images
Voxel . Reached . . . Distance Reached . . . Distance
Size Scenario Goal Collisions Distance Time to Goal Goal Collisions Distance Time to Goal
1 6 2.33 376.99 217.90 53.96 0 - - - 104.55
0.5 2 4 25.00 472.27 283.29 176.02 0 - - - 222.09
3 0 - - - 218.00 0 - - - 254.27
1 1 43.00 376.29 224.41 174.06 0 - - - 216.62
1.0 2 0 - - - 160.91 0 - - - 246.09
3 0 - - - 234.73 0 - - - 268.21
1 4 14.25 375.22 220.60 158.99 0 - - - 227.49
2.0 2 0 - - - 236.57 0 - - - 247.53
3 0 - - - 276.91 0 - - - 287.67

(b)

Figure 9. Comparison of flight paths during experimentation in the AirSimNH environment between
(a) AirSim depth image and (b) estimated depth image usage. Different path colors mean different
occupancy grid voxel size: red lines 0.5, green lines 1.0, blue lines 2.0. Yellow circles show start
positions, triangles—goals. Scenarios are numbered accordingly.

(@) (b)

Figure 10. Comparison of flight paths during experimentation in Blocks environment between

(a) AirSim depth image and (b) estimated depth image usage. Different path colors mean different
occupancy grid voxel sizes: red lines 0.5, green lines 1.0, blue lines 2.0. Yellow circles show start
positions, triangles—goals. Scenarios are numbered accordingly.
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Figure 11. Comparison of flight paths during experimentation in MSBuild2018 environment between
(a) AirSim depth image and (b) estimated depth image usage. Different path colors mean different
occupancy grid voxel sizes: red lines 0.5, green lines 1.0, blue lines 2.0. Yellow circles show start
positions, triangles—goals. Scenarios are numbered accordingly.

A clear difference in navigation routes can be seen between AirSim depth image and
estimated depth image use when comparing flights in complex AirSimNH environment
(Figure 9). Even with bigger voxel sizes, the drone can navigate between houses, trees, and
other objects using depth acquired from AirSim (a). However, the drone would often fly
too close to obstacles and become stuck when the voxel sizes are smaller. On the other
hand, the estimated depth images are still too noisy and allow errors to accumulate in the
occupancy grid map of the environment as can be seen in Appendix B, where Figure A2
depicts differences in occupancy grids (a for this environment, scenario no.2). This leaves
the drone frantically looking around as the path planning algorithm recalculates to navigate
in some small opening, only to close that opening with more voxels discretized from noisy
depth data.

The best results for each scenario for the AirSimNH environment are bolded in Table 5.
The third scenario was the toughest to navigate, even for a drone acquiring depth images
directly from AirSim. Only three flights ended successfully in goal coordinates, all with
1.0 m for voxel size. Scenarios no.1 and no.2 both had sixteen flights reaching the set goals
when using AirSim depth images. The most successful flights were recorded using V = 2.0
for the first scenario and V = 1.0 for the second. However, for the successful flights, the
lowest distance and time traveled were reached when V = 0.5.

The simpler Blocks environment proved that the depth estimation methodology can
be successfully utilized in such conditions. However, the drone navigates more chaotically
(Figure 10b) and travels a greater distance. Unlike when using depth data from AirSim, the
errors accumulated in estimated depth images steered the drone further from obstacles.
This helped the former to outperform the latter in the first scenario with the orange ball,
as noted in Table 6. In the case of successfully finished flights, the collision count was
generally lower for estimation methodology. As previously stated, the occupancy grid map
examples for this environment scenario no.1 can be seen in Appendix B, Figure A2b.

All the flights reached goals set in the second scenario when utilizing AirSim depth
images while the least distance and time was traveled with V = 0.5. The most successful
simulations and least average distance traveled in scenario no.3 were recorded with the
largest voxel size. All the flights with a V = 0.5 setting reached the goal in the first scenario
when depth images were estimated with the finetuned model; however, the distance and
time traveled were still better with depth images from AirSim. Out of the failed attempts,
the lower distance to the goal was calculated using the estimated depth image method.
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The most difficult environment proved to be MSBuild2018. It starts in an open field
surrounded by dense tree lines from all directions. There are some openings to the roads
and parking lots, but because the path planner starts by giving the most optimal routes,
the drone tries to steer between the narrow openings of tree lines when V = 0.5 (red lines
in Figure 11). As the voxel size increases, the drone can no longer see the gaps in the
occupancy map, so it tries to go higher—above the trees and buildings. As the depression
angle is low from step to step, the drone is not able to build an occupancy grid map of
further area, the planner fails to find the next optimal route, and the simulation finishes
prematurely. This happens in flights with AirSim acquired and estimated depth images, as
seen from comparison snapshots.

Using the depth images from AirSim, the first scenario was successfully navigated
only 11 times out of 30, and only one other time in scenario no. 2 (Table 7). The depth
image estimation technique failed to reach any goal. It also did not help to reach fewer
distance to goals even in failed attempts. All of this shows that the navigation algorithm
needs some improvements to navigate such complex environments.

5. Discussion

One of the primary hurdles that were faced in the implementation of the navigation
system was poor obstacle avoidance due to the drone constantly following the walls of
the obstacles while the drone’s inertia, i.e., external forces, was not being accounted for.
This behavior was observed not only with depth estimation but also when utilizing depth
images acquired with AirSim. To improve this, instead of an algorithm that searches in
neighboring nodes, i.e., A*, we could use path-finding algorithms that search in all directly
observable nodes. A good potential candidate could be Theta* or JPS. The latter was used
in [57] to achieve safe and fast collision-free flights. Another potential solution could be
smoothing paths by interpolating them using splines along with gradient-based obstacle
avoidance. Such a solution was used in [58] to achieve collision-free flights in unknown
environments.

Currently, path searching is performed using the A* algorithm. Replanning is per-
formed by repeating the path search from the current position. This is very inefficient. In
future research, we will investigate path planning and navigation efficiency improvements
using algorithms that do not have to recalculate the whole path after obstacle encounters,
e.g., [36,37]. Also, for better planning efficiency in high-complexity environments, we will
investigate sampling-based algorithms, as it was performed in [38—40].

Image generation also came with its challenges as some outliers ended up in the dataset.
For example, interiors of the buildings and objects with transparent walls captured from
inside or underground. These outliers were included due to limitations of the tools that
AirSim provides to verify if the coordinates of the teleported drone are not inside an object
or outside the map. The simulator only indicates collisions if the drone becomes stuck inside
thinner objects or walls. A more sophisticated data generation script could be developed
to detect and exclude mentioned outliers. This could be performed by either filtering the
outliers from the dataset or preventing them from being generated in the first place by
obtaining the correct sizes and coordinates of objects inside the environment and excluding
generated coordinates in those areas. Another option would be generating the dataset by
manually flying the drone and capturing the images in specific time intervals. Furthermore,
all the images were generated under similar weather conditions which presents limitations
if different weather conditions were introduced into the simulation environment. To
improve the robustness of depth estimation and train models that generalize well, images
with varying illumination (weather conditions) could be introduced for the datasets. Also,
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in further research, the performance of a single model trained on a larger combined dataset
needs to be investigated.

The monocular single-shot depth estimation model Depth Anything V2, despite being
among the most accurate ones, failed to keep consistent depth estimations across multiple
frames. This could be improved by integrating more accurately known distances to certain
key points obtained by SLAM (or other feature-based approaches) into the depth estimation
model or utilizing another depth estimation approach better suited for UAV navigation
(multi-frame estimation, taking video sequences as input). However, this would require
more computational resources that could not be spared in an autonomous standalone
system. Also, the monocular single-shot depth estimation model introduced problems
when facing or getting too close to a wall. Since depth information could not be extracted
from such images due to a lack of details, the model would highly underestimate depth
and tend to crash.

The frame processing rate observed in the simulation was low, indicating slow re-
sponse times and an increased risk that the drone will not be able to replan its path in
time before colliding with objects that are yet to be identified. However, the Unreal Engine
environment itself used a lot of resources during these simulations, and the FPS is lower
than it would be in a real-world environment when the processing power is used only on
gathering RGB images, depth estimation, and path planning. To better assess the frame
processing rate using the current equipment or to the determine system requirements that
would satisfy the desired FPS, future tests should be designed to reduce resource usage
from external sources. Rendering of the Unreal Engine environment should be minimized
only to the camera’s field of view to reduce the usage of the view that is used to navigate
the drone. Modifications to the testing environment could include the utilization of two
GPUs: one dedicated to rendering the environment and another responsible for image
retrieval, depth estimation, and path planning. This solution would reduce the computa-
tional load of the rendering process, making performance closer to real-world conditions.
Image processing FPS will increase in real-world applications when the resources are not
occupied by the simulation environment, which in conducted tests used about 25-50%
of the GPU resources. Furthermore, image extraction from the AirSim environment had
some latency due to the API, where using an onboard processing unit on a drone with a
monocular camera would be a more direct, faster approach to extract images. All in all,
the main problem influencing FPS in the conducted research is the environment itself and
its framework, which would not influence the FPS in real-world applications and the FPS
could improve by two or more times.

Furthermore, the current implementation of the system is synchronized between
image generation and navigation. Concurrency and better performance could be achieved
if mapping, navigation, and depth processing calculations were parallelized.

Additionally, three simulation environments were used in the simulations with varying
complexities. One environment was relatively simple, while the other two were highly
complex. Further research will focus on improving navigation in complex environments.
With more optimal navigation solutions, additional challenges such as moving objects like
cars and animals, and more challenging weather effects like clouds, fog, or other weather
conditions, will be explored. These additional environmental conditions will increase
the complexity of the environment and assess how well the proposed solution adapts to
dynamically moving objects, brightness, visibility, etc.

Lastly, all tests were performed using simulations on a desktop computer. For real-life
applications, all calculations must be performed on a miniature onboard computer with CUDA
capabilities. NVIDIA Jetson TX2 with 256 CUDA cores, 1.3 GHz dual-core CPU, and 8GB of
memory should be up for this task. However, this assumption must be evaluated practically.
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6. Conclusions

The proposed UAV navigation framework was developed for autonomous flight
simulation. It utilizes the Depth Anything V2 deep learning model to estimate depth
images from single RGB images captured by a monocular front-facing camera. These
images are used to dynamically build a probability-based occupancy grid map. The A*
algorithm is then used to plan optimal paths in the built map for the drone to navigate
towards the coordinates of a target.

The navigation solution was tested across three different open-source environments
in an AirSim simulator with proposed scenarios. Results showed successful autonomous
drone navigation in low-complexity environments, while highly complex settings presented
challenges such as inconsistent depth estimations and drone clipping into objects with
trickier geometries.

Finetuning depth estimation models for specific environments improved the accuracy
and reliability of the system, reducing the likelihood of navigation failures caused by
mismatched depth predictions. The results demonstrate a substantial decrease in MAPE
across different environments after the finetuning process. The MAPE was reduced from
120.45% to 33.41% in AirSimNH, from 70.09% to 8.04% in Blocks, and from 121.94% to
32.86% in MSBuild2018.

Navigation performance improvements were also observed when utilizing fine-tuned
models instead of pretrained. The number of goals reached in all scenarios increased by
3.33% in AirSimNH and 72.22% in Blocks. Furthermore, the distance to goal positions in un-
successful flights decreased by 36 m in AirSimNH, 56 m in Blocks, and 81 m in MSBuild2018.
These findings emphasize the importance of domain-specific model adaptation, demon-
strating that finetuning with synthetic data that is tailored to a given environment allows
for more accurate depth estimation and better overall system performance in autonomous
UAV navigation.

However, the frame processing rate (ranging from 2.7 to 4.4 FPS) indicates slow
response times, which could lead to collisions with objects along previously planned and
outdated paths. The simulation conditions suggest that these results, which appear worse
than they would be in real-life conditions, could be misleading. Despite this limitation,
modifications of the simulation environment setup to provide more system resources to
the algorithm would improve the performance and response time of the proposed solution.

Further refinement is required for depth estimation methods, navigation algorithms,
and overall system architecture to achieve more reliable navigation in broader and higher-
complexity environments. Further research is also needed on the navigation solution’s
robustness against different illumination conditions and environment feature levels. De-
spite this, the authors hope that the proposed framework and simulation scenarios will be
useful for researchers to compare and improve methodologies used in monocular vision-
based autonomous navigation.
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Appendix A

Figure A1l. Paths of flight during experimentation using pre-trained Depth Anything V2 model for
depth image estimation. Environments: (a) AirSimNH; (b) Blocks; and (c¢) MSBuild2018. Different
path colors mean different voxel sizes: red lines 0.5, green lines 1.0, blue lines 2.0. Yellow triangles
show end points for different scenarios. Scenarios are numbered accordingly.

Table Al. Image processing rates (FPS) for AirsimNH, Blocks, and MSBuild2018 environments across
voxel sizes of 0.5, 1, and 2, as well as an additional overall FPS measure. Comparison of image
processing rate with different depth retrieval methods: true depth image from AirSim, fine-tuned,
and pretrained depth estimation models.

Environment Voxel Size AirSim Depth Images Fine-Tuned Model Pretrained Model
0.5 2.72 2.77 3.10
L. 1 2.99 3.03 3.15
AdrsimNH 2 3.32 3.15 3.39
Overall 3.01 2.98 3.21
0.5 3.88 3.59 4.00
1 4.32 3.86 4.30
Blocks 2 435 4.00 438
Overall 4.19 3.82 4.22
0.5 3.03 3.57 3.67
. 1 3.64 3.79 391
M5Build2018 2 408 391 417
Overall 3.58 3.76 3.92

Appendix B
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Figure A2. Cont.
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(©) (d)
(e) ()

Figure A2. Snapshots of occupancy grid maps built during autonomous navigation simulations and
visualized in rviz. Depth images acquired from AirSim and estimated with finetuned models were
used for different environments and scenarios, respectively: AirSimNH scenario no.2 (a,b); Blocks
scenario no.1 (c,d); and MSBuild2018 scenario no.1 (e,f). Voxels of different colors depict different
certainty of known occupied space: blue means higher certainty of occupancy; red means lower
certainty. Map size is 800 x 800 (except for e and f its 1200 x 1200) and voxel size is 0.5.
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