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Abstract

This paper presents a UAV course correction algorithm leveraging a neural network and the analysis of a video stream from the
onboard camera. The algorithm is designed to identify key landmarks efficiently and requires only a limited set of training images.
Significantly, it demonstrates operational capabilities at viewing angles and altitudes that differ from those used during training. Ex-
perimental results indicate that the algorithm achieves satisfactory landmark recognition accuracy even with substantial perspective
deviations, thus enhancing the robustness and effectiveness of UAV operations.

1. Introduction

Currently, airspace is becoming an increasingly relevant area of
application for commercial UAVs, and the need for uninterrup-
ted UAV positioning in various natural and man-made environ-
ments is also growing.

However, signal loss or GPS positioning inaccuracies are a com-
mon problem faced by UAVs, which can lead to collisions with
infrastructure, deviations from the route, or loss of payload.
This can be caused by poor weather conditions or interference
from other signal sources. Therefore, UAVs require an addi-
tional motion correction system in situations where a stable
GPS signal is lost.

This work proposes an algorithm that allows for the identific-
ation of reference areas, which can be used to correct the dir-
ection of UAV movement, provided that there is a very limited
number of images of reference objects and that the angles and
flight altitudes that need to be corrected differ from the available
images.

Part of the work involved determining the minimum necessary
average number of such images required per object, as well as
the limitations on the change in approach angle.

2. Related work

Autonomous navigation and orientation of Unmanned Aerial
Vehicles (UAVs) in challenging environments is an area of in-
terest. Traditional methods often rely on Global Navigation
Satellite Systems (GNSS), such as GPS; however, their reliabil-
ity decreases in indoor environments, urban settings, and other
areas with limited sky visibility. Consequently, visual methods
using onboard cameras have emerged as a compelling alternat-
ive to estimate orientation and facilitate navigation.

Optical flow, representing the apparent motion of image pat-
terns, serves as a valuable source of information regarding cam-
era movement, and thus, UAV motion.

Early works by (Horn and Schunck, 1981) and (Lucas and
Kanade, 1981) explored the application of optical flow to es-

timate speed and direction of motion. These approaches fre-
quently employ hand-crafted or classical computer vision tech-
niques for optical flow computation, which are susceptible to
noise, variations in lighting conditions, and geometric distor-
tions.

In contrast, (Kim, 2021) and (Kumar et al., 2022) proposed a
novel map-based navigation system for UAVs. This system pri-
oritizes label-to-label matching, as opposed to image-to-image
matching, between aerial imagery and a map database. Through
the use of semantic segmentation, ground objects are labeled
and their spatial configuration is used to locate the correspond-
ing position within the map database. Despite these advance-
ments, there are notable limitations associated with utilizing
optical flow for UAV orientation, including the method’s reli-
ance on the accuracy and dependability of the semantic seg-
mentation algorithm, the requirement for a comprehensive and
accurate map database containing labeled objects, scalability
challenges in extensive and intricate regions, and discrepancies
between simulated and real-world conditions caused by noise,
distortions, and other factors affecting image quality.

(Sundar et al., 2017) propose an approach to UAV navigation
and routing in the absence of a GPS signal, based on a com-
bination of cooperative localization and routing. They valid-
ate the effectiveness and performance through simulations. The
approach is characterized by its novelty, and the formulation
of the problem as a combinatorial optimization problem allows
for the use of rigorous methods to find optimal solutions. How-
ever, a drawback of the proposed method is that combinator-
ial optimization problems are often computationally complex.
The paper does not discuss the scalability of the proposed ap-
proach for large areas and complex scenarios. The optimality of
the resulting paths is only guaranteed within the framework of
the mathematical model used, and real-world conditions may
present unmodeled factors that could impact system perform-
ance.

(Miller et al., 2017) present an innovative approach to UAV
navigation. Instead of traditional methods based on GPS or in-
ertial sensors, they propose using the analysis of “optical flow”
- the movement of pixels in images captured by an onboard
video camera. A key feature of their approach is the direct rela-
tionship between optical flow and the UAV’s motion elements
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(velocities). This allows them to calculate the aircraft’s current
speed and direction of movement by analyzing image changes.
Decomposing the problem into calculating optical flow for a
given motion (the forward problem) and reconstructing motion
from optical flow (the inverse problem) helps structure the solu-
tion. Applying statistical estimation methods to solve the in-
verse problem can improve the reliability and robustness of the
algorithm to noise and data errors. However, the assumption of
a linear relationship between optical flow and motion elements
may be an oversimplification and not always hold true in real-
world conditions with perspective and camera distortions.

A research team led by (Qian et al., 2023) developed a new
real-time UAV navigation technology based on image scanning
and object recognition, utilizing MapBotix software and adapt-
ive algorithms (Faster R-CNN and Mask R-CNN). A key as-
pect is the application of a modified Mask R-CNN algorithm
(with a specific layer structure) for analyzing scanned object
images. The emphasis on real-time navigation is important be-
cause it enables UAVs to respond quickly to changing condi-
tions. Using object recognition for navigation allows UAVs
to orient themselves in space by understanding their environ-
ment, rather than relying solely on coordinates. The inclusion
of change detection expands the UAV’s capabilities and makes
it useful for monitoring and inspection tasks.

(Zalesky and Shuvalov, 2017) developed an autonomous nav-
igation algorithm for UAVs that allows them to return to the
starting point or follow a route solely based on data from an on-
board video camera, without relying on GPS or other external
navigation systems. The algorithm compares the current image
with previously stored frames or maps of the area to determine
its position and correct its course. This makes navigation inde-
pendent of external signals, increasing its robustness in condi-
tions where GPS is unavailable.

(Deuser et al., 2023) propose a method for geolocating UAV
images without GPS, based on orientation-guided training.
They utilize hierarchical localization to estimate the orienta-
tion of UAV images relative to satellite imagery. A lightweight
orientation prediction module, leveraging contrastively learned
embeddings, is developed. This orientation prediction enhances
training and outperforms existing methods. Data augmentation
via rotation of satellite images improves generalization. The
orientation module is not required during inference, reducing
computational costs. The approach is dependent on the quality
and availability of satellite imagery.

While these approaches demonstrate potential, they are not suf-
ficient for fully performing the navigation task when control
signal problems arise.

3. Algorithm

The research aims to develop an algorithm, based on neural net-
works, that provides data for correcting the UAV’s flight path.
The input for the algorithm is a video stream from the UAV’s
camera. The output is the detection of the desired reference
areas in the input images, based on which, using various meth-
ods, a decision is made to correct the direction of movement.

For reliable identification and detection during flight, it is ne-
cessary to pre-collect a minimally sufficient number of images
of the reference areas, taken from altitudes and perspectives that
differ from those of the verification flights, within an acceptable
range. Threshold values for these ranges and the composition
of the necessary database are discussed later in the article.

3.1 Database collection

To train the neural network, a comprehensive and high-quality
database/dataset needs to be collected. For this task, three-
dimensional modeling in Blender and Unreal Engine 5 was used
in this work. Blender allowed us to build three-dimensional
models and then export them to Unreal Engine, where a scene
with the selected area is assembled. The approach has shown
promising results when applied to this kind of problem in the
work (Alyrchikov et al., 2024).

In the initial stage, three areas are identified that are suitable
in terms of the number of required reference regions. The main
features of such areas are their distance from each other, as well
as the heterogeneity or complexity of the placement pattern. An
example of one of these areas is shown in Figure 1.
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Figure 1. Example of a selected district for creating a scene in
Unreal Engine 5

For scene creation, the open-source mapping data from OSM
(Open Street Map) was used. Infrastructure objects were loaded
from OSM into Blender in primitive form and then transferred
to Unreal Engine. As a result of this approach, three scenes
were created for training. An example of such a scene, measur-
ing 5x5 km, is shown in Figure 2.

Figure 2. Example of creating a 3D scene
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For each reference area, a main trajectory was defined, simu-
lating the flight of a UAV toward the area. To simulate various
viewing angles characteristic of real-world shooting conditions,
additional trajectories were generated, deviating from the main
trajectory by angles within +2.5, 5, 8, 10, 12, and 15 degrees.
In addition to changing the approach angles, the UAV altitude
was also varied within £10 percent of the initial flight altitude,
which made it possible to account for the influence of changes
in object scale and perspective distortions on the quality of re-
cognition. All flights towards the reference area were conduc-
ted at a distance of 1 to 2 kilometers from the target area. An
example reference area and the main UAV approach trajectory,
as illustrated in Figure 3 (top-down view).

Figure 3. The left part of the image is an example of a support
area and the direction of the main trajectory of the UAV
approaching it from a top view, on the right is a picture obtained
by the UAV during the flight

In this work, the task of detecting and identifying reference
areas is solved using semantically segmented images. The use
of semantic segmentation improves the accuracy and quality of
the algorithm, as separating the task into semantic segmenta-
tion and subsequent region search allows for the use of features
that would be difficult to access when analyzing the original
images. Within the scope of this work, it is assumed that the
semantic segmentation step is performed automatically; there-
fore, the specific methods and algorithms used for this are not
considered in detail. Objects in the scenes are divided into 5
classes:

Buildings
Garages
Trees
Roads
Ground

A o e

To create the simulated database of semantically segmented im-
ages, a special algorithm was developed in Unreal Engine to
generate images already containing semantic segmentation in-
formation. An example of a segmented image is shown in Fig-
ure 4.

Figure 4. On the left is an image from an Unreal Engine scene,
on the right is a segmented image

During the operation of the semantic segmentation algorithm
implemented in Unreal Engine 5, two main types of data are

generated for each frame. In addition to the directly segmented
image, where each pixel is assigned to a specific class, an image
is generated on which objects of interest for determining the
location of the reference area are highlighted (labeled). This
approach enables the creation of a detailed visualization of the
target objects in the context of the entire scene, providing clarity
to the segmentation results.

A key feature of this approach is the use of a contrasting color
scheme to highlight objects of interest. The auxiliary image is
created in such a way that the identified reference objects are
rendered exclusively in white, while all other elements of the
scene that are not of direct interest are displayed in black. This
binary color differentiation allows for a clear and unambigu-
ous visual representation of the contours of the target objects,
which significantly simplifies the task of their subsequent iden-
tification and localization.

Although the use of a contrasting color scheme ensures clear
contours, information about the mutual overlap of objects is
preserved when rendering the auxiliary image. This means that
if the target reference object is partially occluded by another
element of the scene, the occlusion will also be displayed in the
final image.

Using a developed script that analyzes object location informa-
tion obtained during rendering, the annotation process is auto-
mated. The script analyzes the coordinates of each labeled ref-
erence object in the frame, providing accurate data about its
position in the image. This information serves as the basis for
further training of the neural network. Thus, the combination of
semantic segmentation, selective rendering, and scripted ana-
lysis provides an efficient and automated process for annotating
images for the needs of the navigation algorithm.

Figure 5. Example of annotation and highlighting of a reference
area with a circumscribing rectangle

Twenty locations were selected as reference areas. For train-
ing the system, data collected for 16 of these areas was used,
including images obtained from various angles and altitudes.
The remaining 4 reference areas were reserved for testing and
validating the developed algorithm.

3.2 Neural network training

To achieve acceptable training quality with a limited amount of
data, a two-stage training approach for the neural network was
implemented. In the first stage, pre-training was conducted on
an extensive sample of images of reference areas (classes) that
were not included in the test area. This allowed the network to
identify and learn general features relevant to the recognition
of objects in the studied environment. In the second stage, the
network was fine-tuned on a limited set of images from the test
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areas, which contributed to a more effective adaptation to the
target classes and improved the accuracy of their recognition.

To solve the task of training the neural network to recognize ob-
jects, the YOLOVS5s architecture was chosen. This choice is due
to a number of advantages of YOLOVSs. First, it demonstrates
an excellent balance between accuracy and image processing
speed, which is critical for tasks that require timely analysis.
Second, YOLOVSs, being a one-stage detector, is highly effi-
cient due to the simultaneous prediction of object location and
classification, unlike two-stage methods. However, it is worth
noting that YOLOVSs, being a relatively small model, may be
less sensitive to the detection of very small objects or objects
with a high degree of occlusion compared to larger models of
the YOLO family or other architectures.

In the first stage of training the model, a representative training
sample was formed, covering 16 reference areas. For each area,
a database was created containing several hundred images. The
ratio of the number of images by class in the training sample
is shown in Figure 6. To ensure an objective assessment of the
training quality, 10 percent of the total volume of collected data
was allocated to form the test and validation samples, which
allowed for an independent evaluation of the model’s ability to
generalize.
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Figure 6. Ratio of the number of images in the training set by
class

The training results demonstrate high performance: Precision
reached 0.87559, Recall reached 0.90106, and mAP @50 (mean
Average Precision at an IoU threshold of 0.5) reached 0.78.
Currently, the trained neural network demonstrates confident
recognition of target objects within the training sample.

In the second stage, the model was fine-tuned to recognize four
new classes, for testing the algorithm on a limited database. The
initial training dataset for each of these classes consisted of a
limited number of images — only 20 instances. These images
were obtained during a single UAV flight over the correspond-
ing reference area, along a straight trajectory. This data col-
lection approach was motivated by simulating the condition of

Figure 7. Example of reference area recognition

limited availability of training materials, characteristic of real-
world application scenarios of the algorithm.

Since the detector training is based on semantically segmen-
ted images, when setting the training parameters, emphasis was
placed on certain types of data augmentation, while others were
excluded. In particular, during fine-tuning, augmentation meth-
ods related to variations in image color characteristics, such as
hue, brightness, and saturation, were not used. This decision
was made based on the assumption that semantic segmentation,
which precedes the detection stage, largely eliminates the influ-
ence of changes in the color palette of the images.

Instead, the main focus was on geometric transformations that
simulate changes in the observation angle and scale of the im-
ages. During fine-tuning, augmentation methods such as scal-
ing (changing the size of objects in the image), rotation (chan-
ging the orientation of objects), shifts (moving objects within
the image), and perspective transformations (simulating the per-
spective effect arising from changes in the viewing angle) were
widely used. The application of these augmentation methods
significantly expanded the effective size of the training sample
and increased the model’s robustness to changes in object geo-
metry, which, in turn, contributed to improving the accuracy
and reliability of the detection algorithm in various shooting
conditions.

4. Results

As a result of the work performed, an algorithm was developed
designed to correct the course of an unmanned aerial vehicle
(UAV) based on the analysis of images received from the on-
board camera. A key feature of the developed algorithm is its
ability to detect and identify reference areas of the terrain, while
using a minimal amount of prior information about these areas.
This is achieved through the effective use of machine learning
methods, which allow training the model using a limited num-
ber of training images for new, previously unknown, reference
areas.

To ensure effective training and validation of the developed al-
gorithm, extensive databases were created. The main database,
designed to train the model to recognize general features of the
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terrain, included 5462 images for the training sample. In ad-
dition, to ensure a reliable assessment of the model’s general-
ization ability, validation and test samples were formed, each
containing 500 images. All images in this database related to
16 different areas used for training.

A separate database was created to fine-tune the model to re-
cognize specific target reference areas used for testing the UAV
course correction algorithm. This database contained 80 train-
ing images, as well as 100 images each for the validation and
test samples. All images in this database related to 4 test refer-
ence areas. The limited volume of this database was due to the
desire to simulate real-world application conditions, where the
number of available images of the target reference areas may be
significantly limited.

To optimize the algorithm and assess its robustness to changes
in the shooting angle, a series of experiments were conducted
by varying the number of images in the training sample and the
UAV’s approach angle to the reference object. In particular, the
training results using 15 and 8 images in the training sample for
each target area were analyzed; the test results according to the
mAP@50 metric are presented in Figure 8.
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Figure 8. Figure 8 - mAP @50 for various approach angles to the
reference object. The red graph shows training with 8 images,
and the blue graph shows training with 15 images.

A comparative analysis of the results indicates that reducing
the number of images in the training sample has a negative im-
pact on the algorithm’s effectiveness, especially at larger devi-
ation angles from the direct course. The analysis showed that
the maximum recognition accuracy and the best mean average
precision (mAP50 up to 0.71) are achieved at deviation angles
from the direct course in the range of -2.5 to 2.5 degrees. As the
deviation angle increases in both directions, there is a consist-
ent decrease in accuracy and mAP50, indicating a decrease in
the algorithm’s effectiveness when the shooting angle changes
significantly.

The results of the analysis allow us to conclude about the min-
imum required number of images in the training sample to
achieve an acceptable level of recognition accuracy of the tar-
get reference areas. According to the data obtained, using 12 to
15 images in the training sample provides sufficient recognition
accuracy in the approach angle range from O to 8 degrees. In
this angle range, the algorithm demonstrates stable and reliable

operation, which allows it to be effectively used for UAV course
correction.

Despite the decrease in recognition accuracy at large approach
angles, the algorithm retains the ability to periodically detect
the target area even in conditions of significant deviations from
the direct course. This means that even at approach angles ex-
ceeding 8 degrees, the algorithm can identify the necessary area
with a certain probability, which allows the information ob-
tained to be used for preliminary course correction of the UAV
and a return to a more optimal flight path.

Thus, the developed algorithm provides the possibility of UAV
course correction even in conditions of a limited amount of
training data and significant changes in the shooting angle.
However, to ensure stable and reliable operation of the al-
gorithm, it is recommended to use a training sample containing
at least 12-15 images and to take into account the influence of
the approach angle on recognition accuracy.

5. Conclusion

This work demonstrates the development and validation of
a course correction algorithm for unmanned aerial vehicles
(UAVs) based on the analysis of images from an onboard cam-
era, designed to operate in conditions with limited prior inform-
ation about landmarks. A key achievement is the algorithm’s
ability to effectively fine-tune using a small number of images
acquired from a fixed altitude and a single approach angle.

The experiments conducted allowed us to evaluate the al-
gorithm’s robustness to changes in approach angle and flight
altitude differing from those used during training. Analysis of
the results revealed that, while recognition accuracy is highest
within the range of approach angles close to those used dur-
ing training (0-8 degrees), the algorithm retains the ability to
periodically detect target areas even with significant deviations
in perspective. This makes it possible, using a limited train-
ing sample, to enable UAV course correction when shooting
from altitudes and angles that differ significantly from those on
which the training data was collected.

Therefore, the developed algorithm demonstrates potential for
application in real-world conditions where it is often impossible
to obtain complete and accurate information about landmarks
from various angles and altitudes. Recommendations formu-
lated based on the results of the study regarding the minimum
necessary size of the training sample (12-15 images) and con-
sideration of the influence of approach angle on recognition ac-
curacy, can be used to further optimize the algorithm and de-
velop adaptive UAV control systems capable of functioning ef-
fectively in a wide range of shooting conditions.
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