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Abstract

Unmanned Aerial Vehicles (UAVs) equipped with onboard cameras and deep-learning-
based object detection algorithms are increasingly used in search operations. This study
investigates the optimal flight parameters, specifically flight speed and ground sampling
distance (GSD), to maximize a search efficiency metric called effective coverage. A custom
dataset of 4468 aerial images with 35,410 annotated cardboard targets was collected and
used to evaluate the influence of flight conditions on detection accuracy. The effects of
flight speed and GSD were analyzed using regression modeling, revealing a trade-off
between the area coverage and detection confidence of trained YOLOv8 and YOLOv11
models. Area coverage was modeled based on flight speed and camera specifications,
enabling an estimation of the effective coverage. The results provide insights into how
the detection performance varies across different operating conditions and demonstrate
that a balance point exists where the combination of the detection reliability and coverage
efficiency is optimized. Our table of the optimal flight regimes and metrics for the most
commonly used cameras in UAV operations offers practical guidelines for efficient and
reliable mission planning.

Keywords: UAV search; optimal flight parameters; GSD; coverage; YOLO detection

1. Introduction
UAVs equipped with camera sensors are a powerful tool for performing various

inspection and surveillance tasks, as they can provide a bird’s-eye view of an area at
relatively low cost. When coupled with machine learning detection algorithms, they can
automatically detect and localize various objects. By improving the accuracy and speed of
detection tasks, this integration significantly enhances operational efficiency and reduces
the need for human intervention. As a result, UAVs equipped with intelligent vision
systems can function as autonomous aerial observers, capable of supporting a wide range
of applications such as search and rescue missions [1,2], wildlife monitoring [3], and border
surveillance [4].

In area coverage tasks, the efficiency generally increases with the UAV’s height and
speed, as the area captured in each image increases quadratically with height, and a higher
velocity allows more new ground to be covered per image. However, the performance of
the detection algorithm tends to decrease under these conditions. Specifically, as speed
increases while height and image exposure time remain constant, the relative motion
between the camera and the scene becomes more pronounced, causing motion blur and
leading to a reduced detection accuracy [5,6]. Similarly, with a fixed camera configuration
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(image resolution and zoom level), the detection performance declines as the image capture
height increases [7,8].

With an increase in the development of UAV technology, the number of UAV platforms
and onboard sensors has grown significantly, with each featuring different specifications.
As a result, it is important to not only consider the height at which an image was captured
but also the specific characteristics of the camera in order to standardize and compare the
detection results across different systems. A useful metric for achieving this is the GSD,
which represents the real-world distance between the centers of two adjacent pixels in an
image. The GSD provides a standardized way to relate the image resolution to the actual
ground dimensions, making it easier to compare the detection performance across varying
heights and camera configurations. In this research, GSD is used as a key parameter to
account for differences in camera specifications and flight heights, ensuring a consistent
evaluation of the detection results.

Achieving the optimal efficiency in search operations requires careful determination
of the UAV flight regime to balance the trade-off between area coverage and detection
performance. In pursuit of these objectives, the main contributions of this article can be
summarized as follows:

• A dataset for object detection in orthophoto aerial images containing 35,410 target ob-
jects in 4468 images taken at multiple locations. It includes labeled images captured at
various heights and speeds, covering the UAV operational range for both parameters.

• YOLOv8 and YOLOv11 detection models trained and validated on the collected dataset.
• Performance comparison of the YOLOv8 and YOLOv11 models on the test set.
• Guidelines for selecting the flight regime for specific sensor configurations for de-

tection in aerial images. The optimal regime considers two of the most important
objectives in UAV searches: the detection performance considering image degradation
and the area covered by the UAV’s field of view. Both objectives are dominantly
influenced by the UAV’s flight speed and height.

• We analyzed the collected image dataset and trained the YOLO models using the
proposed methodology. This allowed us to determine the optimal flight parameters
for various commercial UAVs and cameras.

2. Related Work
Based on the number of papers published in the UAV domain [9], the most popular

deep learning object recognition approaches are Faster Region-based Convolutional Neural
Networks (R-CNN) [10] and You Only Look Once (YOLO) [11]. Faster R-CNN uses region
proposal networks to generate bounding boxes for potential objects, followed by the
classification stage and post-processing. Although Faster R-CNN typically achieves a strong
detection performance on aerial images [12,13], its multi-stage architecture is difficult to
optimize, as each component often requires separate training and fine-tuning. In contrast,
YOLO is a single-stage detection algorithm that performs object classification and bounding
box prediction simultaneously using a single neural network applied to the entire image
in one pass. Although it can quickly detect the objects in an image, it often struggles
with precise localization, particularly for small objects. While it generally exhibits higher
localization errors compared to Faster R-CNN, it tends to produce fewer false positives in
background regions [11]. Generally, single-shot detection methods require less memory
and are faster [14], making them more suitable for onboard UAV detection systems.

Detection algorithms face numerous challenges when dealing with images captured
by UAV cameras. These challenges include high object density due to wide camera angles,
small object sizes resulting from high-height imaging, image degradation caused by camera
motion, and the need for efficiency to enable real-time operation. An empirical study on
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the performance of CNN-based image classification on degraded images was conducted
in [15]. It included six degradation levels across various methods, such as motion blur, low
resolution, Gaussian blur, and fish-eye distortion, all of which led to a reduced classification
performance. Another limitation is that objects viewed from a bird’s-eye perspective
typically exhibit fewer distinguishing features compared to those from side or front views,
which hinders the algorithm’s ability to accurately differentiate between targets [16].

Focusing on the effects of motion blur, the study in [6] evaluated the performance of
the YOLOv5 algorithm on images captured by a camera under high-speed motion. The
images were collected at various speeds using a camera mounted onto a four-wheeled
experimental platform capable of moving at up to 10 m/s, resulting in different levels of
motion blur. With a constant camera shutter speed, the only factor affecting the blur was
the speed. As the speed increased, the motion blur intensified, leading to a decrease in the
detection performance of the algorithm. The effects of blur and deblurring were studied
in [5], where it was concluded that light motion blur can actually improve the detection
performance, while heavy motion blur negatively impacts the tracking performance. Ad-
ditionally, deblurring improves the detection in heavily blurred images but can degrade
the performance for lightly blurred ones. One way to improve the detection performance
is by including blurred images or images with other types of degradation in the training
set, as demonstrated in the study by [17]. Two YOLO models were compared: one trained
only on original images and the other trained with both original and degraded images
(underexposure, rotation, blur, noise). Improved average precision, a greater generalization
ability, and enhanced robustness were observed in the model trained with degraded images.
Blur can also occur when a moving object passes in front of a stationary camera during the
exposure time. Since blur intensity is related to the object’s speed, the speed of the object
can be estimated from the amount of blur, as demonstrated in [18,19].

Image capture height is another important parameter when working with UAV im-
agery, as it has a significant impact on the detection performance. As demonstrated by [8]
in the context of animal identification, the detection performance drops off with increasing
height. This study provides detailed performance metrics across the tested height range,
highlighting the trade-off between the coverage area and detection accuracy. Another study
exploring human detection, trajectory, and pose estimation using a region-based convolu-
tional neural network is presented in [20]. They conducted experiments at various heights
and discussed the issue of perspective distortion, which becomes more pronounced at
higher heights due to the camera’s viewing angle. The authors assumed that the UAV
dynamics had a negligible impact on the performance due to the low flight velocity used.
The YOLO detection models’ performance has also been studied in the context of ob-
ject detection in infrared images [21] and human detection in water environments [22].
The study in [21] further examined the effect of height on the detection performance by
testing different YOLO model sizes and comparing their results.

A key challenge with high-height imaging is that the target objects appear very
small in the captured images. To address the problem of small object detection using
the YOLO algorithm, researchers have proposed modifications to its backbone [23] or the
neck component [24]. When the height is not so high that objects become too small to
detect (e.g., between 10 and 30 m for detecting a person), the best detection performance is
generally achieved at the height at which the training images were collected [25].

When considering the detection performance, height is not the only factor that has an
impact. Image quality, or how many pixels are used to represent an object, is also important
and is influenced by factors such as resolution and the sensor’s field of view. The number of
pixels required to obtain a meaningful representation of an image and successfully identify
the objects it contains is explored in [26]. Regarding the detection performance on images



Drones 2025, 9, 595 4 of 20

with varying levels of quality, ref. [27] investigates image enhancements beyond the native
resolution and evaluates the detection performance on satellite images of different qualities.
This study demonstrates an improved detection performance for objects with larger GSD
values. The study in [28] investigated the trade-off between mapping quality and GSD. It
provides guidelines based on the DORI (Detection, Observation, Recognition, Identification)
standard to calculate GSD values corresponding to different levels of detail. The study
in [29] explores the influence of the sensor resolution, image overlap, and UAV height on
forest image reconstruction. It highlights the trade-off between efficiency and accuracy,
aiming to achieve the optimal reconstruction quality without excessively increasing the
UAV flight time or processing time.

3. Data Collection and the Detection Model
The focus of this study is the performance of YOLO, a state-of-the-art object detection

framework known for its accuracy and computational efficiency. Two versions of the
framework are analyzed: the more mature and stable YOLOv8, and the most recent
release, YOLOv11. Although the methodology presented here can be applied to other object
detection approaches, YOLO was chosen because it is capable of real-time detection and is
widely used for object detection in UAV aerial imagery [30].

As part of this study, a custom dataset of aerial images was collected to train the
detection model and validate its performance. Images were taken using three UAVs, each
equipped with a different camera sensor. The UAVs used for data collection and their
resolution and field of view (FOV) are outlined in Table 1. Each recorded image includes
information about the UAV’s state at the moment of capture, with its velocity and height
being most relevant to this study. Height is recorded as two values. The first is the absolute
height—relative to sea level. The second is the relative height, where the UAV’s height
is measured from its home point, defined as zero. Based on our experience, the absolute
height was often inaccurate. Therefore, the image capture height was calculated using the
relative height—recorded using a barometric sensor—in combination with the terrain’s
Digital Elevation Model (DEM).

Table 1. Specifications of UAVs and cameras used for image collection.

UAV Model DJI Matrice 210 V2 DJI Matrice 30T

Max speed [m/s] 22.5 23
Camera DJI Zenmuse X5S Integrated wide camera

Resolution [px] [5280, 3956] [4000, 3000]
Diagonal FOV angle [°] 76.7 84

There are 100 unique targets, each painted with two different colors randomly chosen
from a palette of seven, with the painting pattern applied arbitrarily. Some colors were
chosen to be easily distinguishable by humans in the natural environment, such as red
or orange, which mimic man-made objects, while others were selected to blend with the
surroundings, like black and white tones resembling rocks and green to mimic grass or
trees. Examples of the cardboard targets are shown in Figure 1.

The complete dataset consists of 4468 images containing 35,410 cardboard targets
corresponding to object detection instances. The image capture heights ranged from 9.31 to
101.37 m, and the flight speed fell within 0 to 10.69 m/s. A subset of 1166 images, containing
27,600 object instances, was used for model training and validation with an 80–20 split,
while the remaining data served as the test set to evaluate the model’s performance.
Images were collected over multiple flight missions, with variations in the location or
target placement. For the training set, the targets were positioned relatively close together,



Drones 2025, 9, 595 5 of 20

typically 10–20 m apart. Since images were captured at varying heights and velocities,
higher-height flights contained a greater number of targets within a single frame. In contrast,
the test set images were primarily obtained from separate missions where the targets were
more widely dispersed to mimic realistic search scenarios, typically resulting in only one or
a few targets per image, although this set also included some images with closely packed
targets. This accounts for the relatively high number of object instances in the training set
compared to that in the total dataset.

Figure 1. Variations in cardboard targets placed on the environmental background typically encoun-
tered in the performed database collection.

For both YOLOv8 and YOLOv11, training was initialized using the respective extra-
large pre-trained weights (yolov8x.pt and yolo11x.pt) pre-trained on the COCO dataset.
Training was performed for 500 epochs using an input image size of 1280 pixels, which was
automatically scaled from the original resolution by the algorithm. All unique cardboard
targets were grouped into a single class, resulting in a binary classification problem (target
vs. background).

The performance metrics of the trained models were evaluated on the test set. YOLOv8
achieved an average precision (AP) of 0.85, while YOLOv11 performed slightly better with
an AP of 0.851. The precision, recall, and F1 scores at various confidence thresholds for
YOLOv8 and YOLOv11 are summarized in Table 2 and Table 3, respectively.

Table 2. Performance metrics for YOLOv8.

Confidence Threshold YOLOv8 Precision YOLOv8 Recall YOLOv8 F1

0.25 0.978 0.854 0.912
0.50 0.988 0.808 0.889
0.75 0.994 0.715 0.831
0.90 0.998 0.241 0.389

Table 3. Performance metrics for YOLOv11.

Confidence Threshold YOLOv11 Precision YOLOv11 Recall YOLOv11 F1

0.25 0.902 0.862 0.881
0.50 0.943 0.824 0.880
0.75 0.977 0.752 0.850
0.90 0.998 0.326 0.492

We observed a relatively strong influence of UAV flight speed and height—more
precisely, the corresponding GSD—on image quality. This degradation in image quality,
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in turn, impacted detection success. A couple of example images where the image degrada-
tion is noticeable are shown in Figure 2. Additionally, Figure 3 shows a comparison of the
detections between the YOLOv8 and YOLOv11 models on four pairs of images.

(a) (b) (c)

Figure 2. Examples of photographed targets at different GSDs and flight speeds. (a) The GSD
is 0.83 cm/px, and the flight speed is 1.20 m/s; (b) the GSD is 2.19 cm/px, and the flight speed
is 1.10 m/s; and (c) the GSD is 1.59 cm/px, and the flight speed is 9.00 m/s. The size of each image is
100 × 100 pixels.

(a) (b) (c) (d)

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

Figure 3. Comparison of YOLOv8 and YOLOv11 detection results. The top row (a–d) shows the
detections obtained using YOLOv8, while the bottom row (e–h) presents the detections obtained
using YOLOv11. The blue rectangles show the YOLO model detections, while the red rectangles
show the manually marked real targets.

This pattern was analyzed by dividing the test dataset into bins corresponding to
specific ranges of speed and GSD values and computing the AP metric for each bin.
As shown in Figure 4, both models achieve their highest performance at lower speeds and
GSD values, and the performance gradually decreases as these values increase. At low
speeds and GSDs, both models perform comparably, but as the speed and GSD increase,
YOLOv11 generally outperforms YOLOv8. This indicates that the more recent YOLO
model is less sensitive to image degradation caused by higher speeds and larger GSDs.
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(a) (b)

Figure 4. AP analysis across bins of speed and GSD values for YOLOv8 (a) and YOLOv11 (b).

4. Coverage Area Estimation
Coverage area estimation is a key step in planning and analyzing UAV-based image

acquisition. It allows for the calculation of the covered area over time using flight parame-
ters and camera specifications. This section outlines a method based on geometric relations
and the GSD.

Below are the values that will be used in the calculation:

• v—flight speed [m/s];
• h—flight height [m];
• ∆t—time between two successive images [s];
• a—image width at height h [m];
• b—image length at height h [m];
• γd—diagonal field of view of the camera [◦];
• γa—horizontal field of view of the camera [◦];
• γb—vertical field of view of the camera [◦];
• ra—number of pixels along image width;
• rb—number of pixels along image length;
• GSD—ground sampling distance [cm/px];
• GSD0—camera constant describing pixel size at a height of 1 m [cm/px];
• ∆A—newly covered area by shooting each image [m2];
• Ȧ—covered area by the drone per unit time [m2/s];
• η—product of covered area and confidence [m2/s].

An UAV operates at a flight height (h), capturing orthophotos at fixed time intervals
(∆t). The area of the terrain imaged during each capture depends on several parameters:
the characteristics of the onboard camera, the flight height (h), and the flight speed (v).
These factors collectively determine the area covered (Ȧ) during the UAV flight.

To calculate the covered area (Ȧ) during UAV flight, it is necessary to consider the
camera’s technical characteristics. The manufacturer usually provides information on the
image’s horizontal resolution (ra) and vertical resolution (rb), as well as the diagonal FOV
(γd). These parameters will be used in the following calculation to determine the new area
covered per image (∆A).

For the purposes of the calculation, the horizontal FOV (γa) and the vertical FOV (γb)
are derived from the diagonal FOV (γd) and the image resolution (ra and ra) using
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γa = 2 · arctan

tan
(γd

2

)
· ra√

r2
a + r2

b

, (1)

and

γb = 2 · arctan

tan
(γd

2

)
· rb√

r2
a + r2

b

. (2)

Information about the camera’s characteristics is usually provided by the camera
manufacturer but can often be found in the image metadata as well.

Given the camera’s FOV and the flight height, the actual image width (a) and image
length (b) of the captured image can be calculated using

a = 2 · h · tan
(γa

2

)
, (3)

and
b = 2 · h · tan

(γb
2

)
. (4)

Figure 5 illustrates the camera’s FOVs, image dimensions (width and length), and flight
height. It also presents two possible imaging modes during UAV flight. In the first mode,
successive images partially overlap, resulting in repeated coverage of parts of the ground.
In the second mode, there is no overlap between consecutive images, and each frame
captures a new section of the terrain. For the purpose of calculating the covered area, any
overlapping regions are counted only once.

Figure 5. The geometry of the camera’s fields of view and the coverage area with and without
overlapping sequential images taken by the UAV.

The area covered during the flight is calculated using two expressions. Which expres-
sion is used depends on the flight speed and the flight height. When the distance traveled
between the creation of two images is less than the image length, then the newly covered
area (∆A) by shooting each image, i.e., the area which is recorded for the first time, can be
calculated using

∆A =

a · v · ∆t if ∆t · v < b

a · b otherwise.
(5)
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When (5) is divided by ∆t, the expression for calculating the area covered (Ȧ) by the
drone per unit time is obtained:

Ȧ =

a · v if ∆t · v < b

a · b · ∆t−1 otherwise.
(6)

If the distance traveled by the UAV between two consecutive images equals or exceeds
the image length, this operating condition is undesirable, as increasing the flight speed
under these circumstances does not increase the coverage area, which remains constant,
but instead degrades the detection quality. To maintain effective coverage, either ∆t should
be shortened or the flight speed reduced.

Each camera has its own specific characteristics (resolution and FOV). To standardize
the calculation and enable comparisons across different camera models, the GSD will be
used. The GSD represents the real-world distance between two adjacent pixels in the image.
We limit this study to only square pixels, where GSD = GSDa = GSDb stands; hence, it is
equivalent regardless of whether we define GSD by the a or b axis. The horizontal image
dimensions and pixel count define the GSD as

GSD =
a · 100

ra
, (7)

where 100 is a unit conversion factor.
Plugging (3) and (4) into (7), a GSD calculation is obtained based on the camera’s

characteristics and flight height:

GSD = h ·
200 · tan

( γa
2
)

ra
. (8)

The GSD depends on the flight height and camera characteristics. All camera charac-
teristics can be consolidated into a single constant, GSD0, which is defined as the pixel size
at a flight height of 1 m. The actual GSD is then calculated by

GSD = GSD0 · h. (9)

Utilizing (8) and (9), we can calculate GSD0 from the camera’s characteristics:

GSD0 =
200 · tan

( γa
2
)

ra
. (10)

By applying Equations (6) and (7), the expression for the covered area as a function of
the GSD and flight speed is defined as

Ȧ(v, GSD) =

GSD · v · ra · 10−2 if ∆t · v < GSD · rb · 10−2

GSD2 · ra · rb · ∆t−1 · 10−4 otherwise.
(11)

From Equation (11), it is evident that the covered area per unit of time depends on
the camera resolution. For this reason, it is not possible to create a single coverage area
graph that is universal for all cameras. Figure 6 shows four graphs for four different camera
resolutions. The area on the graph above the dashed red line corresponds to the flight
regime where image overlap occurs, while the area below the dashed red line is where
there is no image overlap.
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(a) (b)

(c) (d)

Figure 6. Covered area per unit of time achieved with four different types of cameras: (a) a camera
with a resolution = 1280 × 720 pixels, (b) a camera with a resolution = 1920 × 1080 pixels, (c) a camera
with a resolution = 3840 × 2160 pixels, and (d) a camera with a resolution = 7680 × 4320 pixels.
The graphs were created for ∆t = 3 s because such settings were used during the UAV search from
which the data were extracted.

5. Confidence Estimation
Accurate object detection is essential in UAV missions employing deep learning models

such as YOLO. This section outlines a methodical analysis of the detection confidence by
correlating the image metadata with ground-truth markers. The influence of flight speed
and the GSD on the detection reliability is quantified using regression modelling.

Database Analysis

To enable a quantitative evaluation of the detection performance, a structured database
was created by processing the results of YOLO detections on UAV-acquired images. This
section describes the procedure used to extract, organize, and interpret the metadata and
detection outputs, forming the basis for the subsequent statistical analysis.

The data was processed as follows. Image metadata was extracted from each image,
among which were the flight speed and the flight height at the time the image was captured.
Each YOLO detection in the image has a layer confidence value that varies between 0
and 1. The values of all markers with the corresponding values for the confidence, flight
speed, and flight height are saved in the final flight table with all markers. Note that
all flight height values are converted into the GSD for universality of the data display.
The confidence value is processed so that the accuracy of the model can be questioned.
The confidence of all of the markers detected by YOLO (Figure 7a) remains equal to its
original value. The confidence of false YOLO detections (Figure 7b) becomes a negative
value, while the confidence of all markers not detected by YOLO (Figure 7c) is −1. Table 4
shows a summary of this calculation.
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(a) (b) (c)

Figure 7. Three possible detection scenarios are shown: (a) YOLO detected a marker, and there is a
marker tag at that location; (b) YOLO detects something that is not a marker; and (c) there is a marker
tag that is not detected by YOLO.

Table 4. Adjusted confidence calculations for three possible scenarios.

Case YOLO Confidence Adjusted Confidence

Marker tag and YOLO detection n n
Only YOLO detection n n · (−1)

Only marker tag – −1

Figure 8 presents the results of the detection confidence analysis for the YOLOv8 (a–d)
and YOLOv11 (e–h) models. Subplots (a) and (e) show the distribution of all recorded
detections in the parameter space defined by the flight speed and GSD. The broad spread
of points in both cases indicates that the datasets adequately cover the investigated range,
providing a solid basis for model fitting. It must be noted that the same target and scene will
result in nearly identical detection rates (confidence) in two consecutive images. Subplots
(b) and (f) display the quadratic regression surfaces, which show the smooth variation in
confidence with speed and GSD, ensuring a single, well-defined maximum that can be
directly associated with the optimal operating conditions. The bilinear regression surfaces,
capturing the general trends but offering less flexibility than the quadratic model, are
shown in subplots (c) and (g). Finally, subplots (d) and (h) in Figure 8 present the piecewise
bilinear surfaces, which divide the parameter space into multiple regions and fit a separate
bilinear model to each. This improves the local accuracy but introduces discontinuities
between regions.

Although the piecewise bilinear regression surfaces produced the lowest SSE for both
the YOLOv8 and YOLOv11 models, quadratic regression was chosen for further analysis
because it is simpler, provides a smooth surface, and has a single well-defined maximum,
which makes it more appropriate for identifying the optimal UAV operating conditions.
This model is subsequently applied to quantitatively evaluating the detection performance
and determining flight regimes that maximize the search effectiveness.

Based on the database, quadratic regression functions were created for YOLOv8 and
YOLOv11 to describe the detection reliability as a function of UAV flight speed and image
GSD. These functions are general and can be applied across different cameras, and their
predicted values for both models are shown in Figure 9. The quadratic regression function
for YOLOv8 is given by

C(v, GSD) = 0.8136 + 0.0636 · v + 0.0474 · GSD − 0.0104 · v2 − 0.0307 · v · GSD − 0.0895 · GSD2, (12)

and the corresponding function for YOLOv11 is

C(v, GSD) = 0.7374 − 0.0352 · v + 0.2935 · GSD − 0.0101 · v2 + 0.0332 · v · GSD − 0.2046 · GSD2. (13)
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Figure 8. An analysis of the confidence data for the YOLOv8 (a) and YOLOv11 (e) detection models.
Quadratic fit captures the overall trends with smooth curvature (b,f). Bilinear fit (c,g) and piecewise
bilinear fit (d,h) confirm similar trends while bringing slightly greater regression errors with and non-
smooth regression functions without a clear maximum, respectively.

(a) (b)

Figure 9. A graphical representation of the quadratic regression functions for the YOLOv8 (a) and
YOLOv11 (b) models.

6. Effective Coverage
To achieve the best possible search performance, a balance between the covered area

and detection performance (or detection model confidence) should be considered. The best-
performing configuration is achieved by maximizing the effective coverage:

η(v, GSD) = Ȧ(v, GSD) · C(v, GSD). (14)

In the calculation of η, the coverage area depends on the properties of the camera used
and the image capture frequency (∆t−1). Meanwhile, the confidence metric is based only
on the detection model. This allows for validation of different images, considering various
GSD values and speeds, using both the equipment and detection model characteristics.
Figure 10 shows the η obtained across different resolutions, with the corresponding optimal
GSD and flight speed for both YOLOv8 and YOLOv11.
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 10. Graphs of the product function of the covered area and confidence for four different
camera resolutions. The plots in the left column (a,c,e,g) correspond to the YOLOv8 model, while
those in the right column (b,d,f,h) correspond to YOLOv11. The analyzed camera resolutions are
1280 × 720 (a,b), 1920 × 1080 (c,d), 3840 × 2160 (e,f), and 7680 × 4320 pixels (g,h). The graphs were
created for ∆t of 3 s because such settings were used during the UAV search from which the images
were extracted. The red cross shows the maximum value reached on the graph.

The results on the optimal flight speed and GSD for the four camera resolutions are
shown in Table 5 for YOLOv8 and in Table 6 for YOLOv11. For both models, cameras with
higher resolutions reach the same optimal values within the respective model, while the
optimal values differ between YOLOv8 and YOLOv11.
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Table 5. YOLOv8—optimal flight speed and GSD for different camera resolutions.

ra × rb [px] ∆t [s] v [m/s] GSD [cm/px] Ȧ [m2/s] C [-] η [m2/s]

1280 × 720 3 4.15 1.73 91.72 0.49 45.24
1920 × 1080 3 5.23 1.45 145.68 0.51 74.18
3840 × 2160 3 5.49 1.38 291.63 0.51 148.86
7680 × 4320 3 5.49 1.38 583.27 0.51 297.73

Table 6. YOLOv11—optimal flight speed and GSD for different camera resolutions.

ra × rb [px] ∆t [s] v [m/s] GSD [cm/px] Ȧ [m2/s] C [-] η [m2/s]

1280 × 720 3 4.59 1.91 112.16 0.47 52.52
1920 × 1080 3 5.35 1.77 182.27 0.45 82.34
3840 × 2160 3 5.35 1.77 364.54 0.45 164.68
7680 × 4320 3 5.35 1.77 729.07 0.45 329.37

For all cameras that achieve an image overlap, under the conditions of 5.49 m/s
and 1.38 cm/px for YOLOv8 and 5.35 m/s and 1.77 cm/px for YOLOv11, these flight
speeds and GSD values are considered optimal. The overlapping exists if the following
condition stands:

∆t · v < b. (15)

When this condition is not met, the flight speed will be reduced to the edge where
the two images touch during the UAV’s flight. There will be no image overlap, but there
will also be no uncovered terrain between the two images. Reducing the flight speed will
allow the GSD to increase to achieve the optimal conditions for the maximum covered area.
Figure 11 shows the optimal flight speed and GSD values for both models, corresponding to
lower-resolution cameras that do not achieve an image overlap at 5.49 m/s and 1.38 cm/px
for YOLOv8 and 5.35 m/s and 1.77 cm/px for YOLOv11.

(a) (b)

Figure 11. The optimal flight speed and GSD when the image overlap condition is not satisfied.
The graph shows the results for a ∆t value of 3 s. Graph (a) shows the results for the YOLOv8 model.
Graph (b) shows the results for the YOLOv11 model.

The frequency of taking images obviously affects the covered area and consequently
the effective coverage η. This is demonstrated in Figure 12, where higher ∆t values start to
shift the optimal configuration towards a lower speed and higher GSD (Tables 7 and 8).
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(a) (b)

(c) (d)

(e) (f)

(g) (h)

Figure 12. The graphs show the product of the covered area and detection confidence in relation to
the time interval between consecutive images for both models. All graphs show the situation for a
camera with a resolution of 1920 × 1080 pixels. The graphs in the left column (a,c,e,g) correspond
to the YOLOv8 model, while those in the right column (b,d,f,h) correspond to YOLOv11. Different
image capture intervals are shown in rows: ∆t = 1 s (a,b), ∆t = 2 s (c,d), ∆t = 3 s (e,f), ∆t = 4 s (g,h).

Table 7. YOLOv8—optimal flight speed and GSD during UAV flight for different times between images.

ra × rb [px] ∆t [s] v [m/s] GSD [cm/px] Ȧ [m2/s] C [-] η [m2/s]

1920 × 1080 1 5.49 1.38 145.82 0.51 74.43
1920 × 1080 2 5.49 1.38 145.82 0.51 74.43
1920 × 1080 3 5.23 1.45 145.68 0.51 74.18
1920 × 1080 4 4.46 1.65 141.68 0.50 70.48
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Table 8. YOLOv11—optimal flight speed and GSD during UAV flight for different times between images.

ra × rb [px] ∆t [s] v [m/s] GSD [cm/px] Ȧ [m2/s] C [-] η [m2/s]

1920 × 1080 1 5.35 1.77 182.27 0.45 82.34
1920 × 1080 2 5.35 1.77 182.27 0.45 82.34
1920 × 1080 3 5.35 1.77 182.27 0.45 82.34
1920 × 1080 4 4.99 1.85 177.03 0.46 81.46

For each vertical image resolution, there is a maximum value of the time interval
between two consecutive images at which full ground coverage is achieved during UAV
flight, without image overlap and without gaps between successive frames. This scenario
represents the limiting case in which adjacent images precisely cover the terrain with-
out redundancy or missing areas. Such a condition is satisfied when ∆t · v = b, which
defines the relationship between the image dimensions and flight speed. By combining
Equations (7) and (15) and incorporating the optimal flight speed along with the GSD,
Equation (16) is derived. This equation enables the calculation of the maximum allow-
able time interval between images as a function of the vertical resolution of the image
(Figure 13), thus providing a basis for precise aerial survey planning that ensures seamless
terrain coverage.

∆tmax(rb) =
GSDopt

100 · vopt
· rb (16)

(a) (b)

Figure 13. The maximum allowed time interval between two images as a function of the vertical
image resolution to ensure no uncovered area remains between images. Graph (a) shows the results
for the YOLOv8 model, with the optimal values for a GSD = 1.38 cm/px and flight speed = 5.49 m/s.
Graph (b) shows the results for the YOLOv11 model, with the optimal values for a GSD = 1.77 cm/px
and flight speed = 5.35 m/s.

Table 9 presents the optimal flight parameters for UAV-based aerial terrain imaging,
tailored to the most commonly used camera and lens combinations in contemporary
operational practice. Despite variations in the image resolution and FOV among the listed
imaging systems, all cameras possess a vertical resolution exceeding the minimum required
to achieve a sufficient image overlap while maintaining the optimal GSD value during
flight. Consequently, uniform optimal values for the flight speed and GSD are applicable
across all configurations, while the flight height and coverage area vary depending on the
specific system.
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Table 9. Optimal flight speeds and heights and resulting metrics for most used cameras during UAV
terrain search. Calculated values are valid for YOLOv11 detection model.

Camera and Lens ra × rb [px] γa [°] γd [°] v [m/s] GSD [cm/px] h [m] ∆tmax [s] Ȧ [m2/s] C [-] η [m2/s]

Sony Alpha 7R IV (24 mm) 9504 × 6336 73.7 84 5.35 1.77 112.23 20.96 899.98 0.45 407.59
Sony Alpha 7R IV (35 mm) 9504 × 6336 54 63 5.35 1.77 165.08 20.96 899.98 0.45 407.59
Sony Alpha 7R IV (55 mm) 9504 × 6336 36.3 43 5.35 1.77 256.58 20.96 899.98 0.45 407.59
Sony Alpha 6000 (20 mm) 6000 × 4000 83.5 94 5.35 1.77 59.49 13.23 568.17 0.45 257.31
Sony Alpha 6000 (24 mm) 6000 × 4000 73.7 84 5.35 1.77 70.85 13.23 568.17 0.45 257.31
DJI Zenmuse P1 (24 mm) 8192 × 5460 73.7 84 5.35 1.77 96.74 18.06 775.74 0.45 351.32
DJI Zenmuse P1 (35 mm) 8192 × 5460 54.5 63.5 5.35 1.77 140.77 18.06 775.74 0.45 351.32
DJI Zenmuse X5S (15 mm) 5280 × 3956 64.7 76.7 5.35 1.77 73.77 13.09 499.99 0.45 226.44
DJI Zenmuse X7 (24 mm) 6016 × 4008 52.2 61 5.35 1.77 108.68 13.26 569.69 0.45 258.00
DJI Zenmuse X7 (35 mm) 6016 × 4008 37.1 43.9 5.35 1.77 158.66 13.26 569.69 0.45 258.00
DJI Mavic 2 Zoom (24 mm) 4000 × 3000 70.6 83 5.35 1.77 50.00 9.93 378.78 0.45 171.54
DJI Mavic 3 Pro (24 mm) 5280 × 3956 71.6 84 5.35 1.77 64.79 13.09 499.99 0.45 226.44
DJI Matrice 30T (Wide) 4000 × 3000 71.6 84 5.35 1.77 49.08 9.93 378.78 0.45 171.54
Phase One iXM-100 (80 mm) 11,664 × 8750 30.7 37.9 5.35 1.77 376.04 28.95 1104.52 0.45 500.22
Phase One iXM-100 (150 mm) 11,664 × 8750 16.6 20.7 5.35 1.77 707.59 28.95 1104.52 0.45 500.22
Canon EOS R (24 mm) 6720 × 4480 73.7 84 5.35 1.77 79.35 14.82 636.35 0.45 288.19
Canon EOS R (35 mm) 6720 × 4480 54 63 5.35 1.77 116.72 14.82 636.35 0.45 288.19
MAPIR Survey3W RGB (19 mm) 4000 × 3000 87 99.7 5.35 1.77 37.30 9.93 378.78 0.45 171.54
MAPIR Survey3N RGB (47 mm) 4000 × 3000 41 50.1 5.35 1.77 94.68 9.93 378.78 0.45 171.54
Parrot Anafi (Wide) 5344 × 4016 84 96.8 5.35 1.77 52.53 13.29 506.05 0.45 229.18
Parrot Anafi (Rectilinear) 4608 × 3456 75.5 88.1 5.35 1.77 52.67 11.43 436.35 0.45 197.62

7. Discussion
Even though the performance of YOLOv8 and YOLOv11 was compared the using

standard detection model metrics in Section 3, a more practical, application-oriented
comparison can be achieved by applying the presented methodology. We determined the
optimal speed and GSD for the two models of detection: 5.49 m/s and 1.38 cm/px for
YOLOv8 and 5.35 m/s and 1.77 cm/px for YOLOv11. Using these optimal parameters
and assuming a sufficient image overlap based on the camera specifications and image
capture frequency (as is the case for most modern cameras), we can assess the expected
search performance. Under these conditions, a search conducted with the YOLOv11 model
would cover a 24.99% greater area according to Equation (11) and achieve 10.63% greater
effective coverage. More importantly, if the optimal parameters for YOLOv11 were used to
conduct a search with YOLOv8, and vice versa, the resulting performance would still be
near-optimal. This conclusion is supported by Figures 10 and 12, which show that the peak
of the maximal effective coverage is generally distributed similarly for both models.

Although the proposed methodology was developed under mathematically ideal
conditions, it is important to note that such conditions rarely fully correspond to real-world
UAV search operations. In practice, UAVs are unable to maintain a constant flight height
due to uneven terrain, resulting in variations in the distance between the camera and
the ground. Additionally, external factors such as wind can cause deviations from the
planned trajectory and speed, further affecting the area coverage and the quality of the
collected data.

These factors can lead to deviations from the ideal values for the GSD and total covered
area, which may reduce the accuracy and reliability of object detection. It is also important
to emphasize that the methodology presented in this paper was designed for straight and
stable flight. In real operations, during drone rotations or tilting, an irregular image overlap
may occur, leading to suboptimal ground coverage.
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However, most of these issues can be mitigated by increasing the image overlap,
which helps to ensure that no gaps occur in the ground coverage despite flight instabilities
or deviations.

Although pursuing the exact optimal values is hard to achieve in real-world appli-
cations, the operator should at least aim to accomplish them. It would still provide a
near-optimal flight regime for UAV searches and computer vision detection.

8. Conclusions
Detecting the targets in images collected in UAV search missions is one of most

common utilizations of computer vision detection. However, the accomplishment of the
detection model greatly depends on the quality of the collected images, while maximization
of the covered area accelerates the search. Both the detection and coverage rate metrics are
crucial for a successful search.

We observed that these metrics are greatly influenced by the UAV flight regime param-
eters chosen by the search operator, with flight height and speed being the most important.
In order to analyze the influence of flight height and speed, we designed suitable cardboard
targets and conducted numerous flights to collect a considerable number of orthophoto
images. The collected database is provided in a supplementary public repository and
consists of 35,410 labeled target objects (Supplementary Materials). The images were taken
at different heights (providing different GSD values) and speeds and used for training and
validation of the YOLOv8 and YOLOv11 detection models, which we have also provided
in the repository.

We developed a procedure for calculating the effective coverage η, which appropriately
combines the covered area and the confidence of the detection model. The covered area is
calculated from the geometrical properties of the FOV while being dependent on the speed
and height of the UAV. The confidence function is estimated using quadratic regression over
the confidences for each record and is also speed- and height-dependent. The proposed
concept of effective coverage is validated on the collected image dataset, with the available
height, speed, and detection confidence reported by the YOLO model for each record.
This allowed us to establish and analyze the effective coverage as a function of the height
(represented by the GSD) and velocity of the UAV.

Practical guidelines are provided for achieving the optimal search performance by
selecting the flight parameters in accordance with the specifications of the camera equip-
ment used and the image capture frequency. For higher resolutions (modern HQ cameras),
the optimal GSD and speed values are constant regardless of the other properties of the
camera and considering that ∆t is sufficiently small. For the cardboard targets, the opti-
mal operational parameters were determined as a flight speed of 5.49 m/s and a GSD of
1.38 cm/px for YOLOv8 and 5.35 m/s and 1.77 cm/px for YOLOv11. However, depending
on the equipment specifications, these optimal values yield different optimal flight heights
and results with different effective coverage values.

Although the presented results are specific to 50 × 50 cm cardboard targets, they
are suitable for validation of the proposed methodology. The cardboard sheets are very
practical for testing purposes, providing a great degree of reproducibility of the paper. It
is reasonable to expect that the results for more useful applications, such as searches for
lost humans, could be similar to those presented here due the selected target dimensions.
The resulting metrics are useful for making decisions in UAV search operations, and they
could be improved through additional enhancements of the detection model. The presented
results could be included in approaches to autonomous UAV search control that consider
effective coverage, such as [31]. The proposed model could be extended by regarding
additional sources of disturbances in the images, such as yaw velocity, which can cause
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circular motion blur. Moreover, it would be valuable for future research to investigate
the impact of varying environmental conditions, such as variable terrain, UAV rotations,
and lighting variations, on the detection performance.

Supplementary Materials: The supplementary materials, including the complete labeled dataset and
the trained YOLOv8 and YOLOv11 models used in this study, are available for download from the
Open Science Framework repository https://osf.io/zq82s/ accessed on 13 August 2025.
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