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Abstract. This paper introduces compensation and robustification meth-
ods to enhance the accuracy of aerial imagery-based object position es-
timation, serving as an enabler technology for higher level aerial surveil-
lance tasks such as real-time urban monitoring and traffic management
in smart cities. We address perspective distortion through mathemati-
cal derivations and a dedicated simulator-based compensation approach.
Furthermore, to mitigate camera instabilities, like tilt and shaking, and
to correct coordinate system inaccuracies, we introduce and evaluate
multi reference marker-based setups. To quantify the accuracy enhance-
ment of these proposed methods, real-world measurement scenarios were
designed and evaluated under controlled conditions by incorporating a
reference sensor system. Our results demonstrate that the simulator-
based approach reduces perspective distortion error by up to 15 cm in
distant areas. Moreover, our case study highlights the critical sensitiv-
ity of simpler single reference marker-based setup, where even a slight
deviation from a direct downward view can cause errors up to 90 cm
in coordinate system. In contrast, our multi reference marker-based ap-
proach robustly handles this common error source, maintaining a root
mean square error (RMSE) of less than 2 cm.

Keywords: aerial imagery · autonomous driving · bird’s-eye view · drone
· error analysis · error compensation · perspective distortion · reference

1 Introduction

The rise of smart cities has driven a growing demand for in-depth traffic analysis,
making aerial imagery an important tool for efficient urban management and
real-time monitoring. It has gained increasing attention over traditional methods,
hence a single downward-looking camera can provide a cost-effective solution
with a broad view of traffic. It has an advantage over single cameras installed
on vehicles/walls by avoiding occlusion issues; furthermore, its simplicity is a
considerable benefit compared to multi-sensor systems, which would introduce
calibration, synchronization, and data fusion challenges.
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Aerial imagery based object pose estimation requires video processing, object
detection, tracking, and spatiotemporal transformation steps. The main chal-
lenges, rooting from the measurement constellation are perspective distortion
(during the object detection) and coordinate system inaccuracies (during the
spatial transformation), often leading to errors in resulting metric positions. Al-
though prior research has addressed some of these challenges [10, 11, 17, 20], a
comprehensive study that systematically integrates and evaluates the effective-
ness of compensation methods is still lacking.

This paper aims to fill that gap by introducing and validating a set of compen-
sation and robustification methods through structured real-world scenarios. We
present a simulator-based compensation approach for perspective distortion and
introduce multi reference marker-based setups to mitigate camera and coordi-
nate system inaccuracies. The accuracy enhancement of our proposed strategies
is quantified by comparing the results against a high-precision reference system.

1.1 Contributions
– By improving the fundamental accuracy of object localization, our work

serves as an enabler technology for higher level aerial surveillance tasks.
– We introduce and compare mathematical and simulation-based approaches

for the compensation of perspective distortion.
– We demonstrate that using a multi reference marker-based setup substan-

tially improves the scaling and orientation accuracy of the coordinate system,
by relying on the precise localization of board centers over a large baseline,
instead of detecting small pattern features on a single board.

– We present how a four marker-based setup, leveraging homography, enhances
system robustness under dynamic drone movements and camera tilts.

– Through a series of real-world experiments, we quantify the impact of key
error sources and validate the effectiveness of our compensation methods.

Fig. 1. Our core contributions: (1) compensation of perspective distortion with a
mathematical model and a dedicated simulator; and (2) applying robust multi reference
marker setups for camera instability mitigation and coordinate system stabilization.
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2 Related Work

Aerial imagery has become an increasingly outstanding data source in traffic
analysis [2, 5, 8, 9, 12, 13, 15, 16, 18, 21] due to its versatile applicability and cost-
effectiveness, motivating a range of studies focused on analyzing and improving
its accuracy and reliability. While early work primarily focused on object de-
tection performance, recent researches placed growing attention on mitigating
errors that arise from the aerial measurement setup. Our previous work [17]
serves as a solid reference for systematically collecting the most critical error
factors impacting aerial imagery-based position estimation. These include 3D
projection error, reference marker misalignment, coordinate system and camera
inaccuracies. Among these, perspective distortion is one of the most complex
and critical, affecting all aerial imagery-based measurements, especially in areas
farther from the nadir of the camera. Classical computer vision literature has
already addressed this error [4,7,19]. Lu et al. [11] proposed a calibration frame-
work specifically designed to reduce systematic biases caused by camera pose
uncertainty and distortion parameters, demonstrating that even small orienta-
tion errors can lead to notable localization inaccuracies on the ground plane.
Simulator-based solutions also appeared [17], where the complexity of the model
stems from the large number of unknown parameters and multi-stage error prop-
agation.

Camera inaccuracies, encompassing issues like camera motion or shaking,
altitude variations, and lens distortions, pose another critical challenge. Recent
work has addressed these challenges, for example, lane-based spatial calibration
has been proposed for image stabilization and mitigating the effects of camera
motion [20]. Other studies have examined errors caused by topography elevation,
landmark positional inaccuracies, and distortions induced by the camera lenses
[1]. The impact of sensor position inaccuracy was also analyzed by Nuske et
al. [14], while Dille et al. [6] investigated the inaccuracy of motion prediction.

While these contributions offer valuable theoretical insights for specific error
sources, there remains a gap in studies that propose and evaluate practical com-
pensation strategies for the most impactful error types in aerial imagery-based
position estimation.

3 Methodology

In this chapter we introduce the error-mitigation approaches and the measure-
ment constellations targeting the evaluation of their effectivity. For the com-
pensation of perspective distortion we present two solutions: a mathematical
model-based one and a simulator-based one. To enhance the accuracy of the
coordinate system and mitigate errors due to camera instability, we introduce
various multi reference marker-based solutions. Last but not least we show the
designs of measurement setups and the metrics for the evaluation.
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3.1 Compensation of perspective distortion

The most important and complex error factor, affecting all aerial measurement:
the perspective distortion occurs during 3D-2D projection. It can be com-
pensated using a mathematical model or simulator-based approaches.

Mathematical model-based approach is able to calculate and compensate
the effect of perspective distortion assuming preset vehicle types and correspond-
ing vehicle dimensions, the distance of the traffic participant location from the
camera nadir and the camera altitude.

Fig. 2. Geometric model of perspective distortion

Figure 2 shows the mathematical model, derived by the following equations:
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Based on the mathematical derivation, it can be seen that within a certain
distance (at a small camera angle of incidence), the distortion is smaller, as
it is determined by the mid-height of the car. Meanwhile, at a larger angle of
incidence, the steepness of the distortion trend increases, as it is caused by the
car roof point of the car beyond this distance. Substituting real-world parameters
and a camera altitude of 100 m, it can be calculated that the inflection point
appears at a distance of approximately 8-10 meters, depending on the passenger
vehicle dimensions.

Simulator-based approach utilizes and validates our simulator presented in
our earlier work [17] for perspective distortion compensation for real measure-
ment scenarios. The simulator is designed to address all previously mentioned
error factors, including the estimation (and implicitly the compensation) of the
inaccuracies caused by the perspective distortion. Its operation requires the in-
put of the exact dimensions, position, and orientation of the traffic participant,
as well as the drone camera position and distortion parameters. In contrast to the
article [11], relying on neural network-based compensation, our simulator uses
physical models, granting a broader applicability, beyond aerial measurements
to any other measurement task conducted with a perspective camera.

3.2 Enhancement of coordinate system accuracy

The enhancement of the accuracy of the coordinate system and the mitigation of
the effect of camera instabilities is essential for two primary reasons: first, for the
precise determination of the position and orientation of the relative coordinate
system (and, if the reference marker absolute position is known, the absolute
coordinate system); second, for accurate calculation of the pixel density or pixel
per meter (PPM), which directly influences the precision of all distances within
the resulting metric system.

When using a single reference marker, a primary limitation arises: its size
will be relatively small from the high altitude. For instance, even an A1-sized
reference board, when captured at an altitude of 120 meters with a 4K camera,
may only occupy approximately 40x30 pixels in the image. Consequently, indi-
vidual pattern features would occupy just 4x4 pixels, which extremely challenges
their accurate localization, both in terms of position and orientation, resulting in
notable errors in PPM and orientation estimation of the coordinate-system. To
improve robustness against detection inaccuracies and camera instabilities, we



6 Zs. Páncsics et al.

propose a series of multi reference marker configurations. This approach takes
advantage of the precise localization capability of reference marker centers, which
can be determined with an accuracy of ±0.5 cm based on our initial measure-
ments. While four-board setup is the optimal (applying homography), practical
constraints often prevent deploying all boards on a horizontal plane at the mea-
surement location. Therefore, two and three-board setups were also analyzed.

Two reference markers approach offers two key advantages. Firstly, it allows
for the robust localization of the reference boards centers, rather than relying on
the less precise detection of individual, small pattern features of a single reference
board. Secondly, by substantially increasing the baseline over which the PPM is
calculated (from 23 cm to 100 meter), the impact of any remaining localization
error is greatly reduced. This approach leads to a much more stable and accurate
PPM, as the same detection error is distributed over a larger distance. Ideally
the reference boards should be positioned close to the edges of the observed area,
while avoiding image edges due to distortions.

Three reference markers allow the computation of affine transformation that
maps image-plane coordinates (u,v) to metric ground plane coordinates (X,Y)
through scaling, rotation, and translation, under the assumption that the op-
tical axis of the camera is perpendicular to the ground plane. Having the de-
tected image positions of three reference boards and their corresponding metric
ground coordinates, the parameters of the affine transformation matrix A can
be determined. In our implementation, the affine parameters are estimated using
estimateAffinePartial2D from OpenCV package [3]. The mapping is expressed
in homogeneous form as:X

Y
1

 ∼

a11 a12 a13
a21 a22 a23
0 0 1

u
v
1
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Four reference markers enable the application of homography transforma-
tion. It is important in practice for addressing camera tilt, a common practical
challenge, as drone cameras are rarely perfectly perpendicular to the ground. As-
suming that the ground is flat, homography H transformation [7] maps the im-
age points to the ground plane. In our implementation, the H matrix parameters
are estimated using findHomography from OpenCV package [3]. Mathematically,
point (u,v) is projected onto the ground plane (X,Y, 1) as:X

Y
1

 ∼ H

u
v
1

 . (7)

This method provides the most comprehensive geometric correction among
the multi reference marker-based approaches, offering substantial robustness
against variations in camera pose.
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3.3 Measurement design and analysis method

In order to understand the impact of error factors and the effectiveness of their
compensation approaches, real-world measurement constellations were designed.

Analysis of perspective distortion error compensation To quantify the
effectiveness of our proposed compensation strategies for perspective distortion,
we designed a real-world experiment. The evaluation compares the position of a
vehicle estimated from aerial imagery against high-precision ground truth data,
with and without the error correction applied. The primary metric for this com-
parison was the root mean square error (RMSE) calculated from the Euclidean
distances between the estimated and actual vehicle center points.

RMSE(y, ŷ) =

√∑N−1
i=0 (yi − ŷi)2

N
, (8)

where N is the number of data points, yi represents the i-th reference measure-
ment position, and ŷi is the i-th estimated position.

The experiment was conducted under controlled conditions on a certified flat
proving ground. A vehicle traversed a predefined trajectory (visualized on Fig.
4) at varying angular orientations and different radial distances from the nadir.
For aerial recording, a DJI Mavic 3 Classic 2.0 drone hovered stationary at 30m
altitude, using a single ground-placed reference marker to determine the coordi-
nate system. A single marker was sufficient, as the low flight altitude makes the
noise from pattern-feature mislocalization negligible. The footage was captured
in 4K at 60 FPS (H.264), with automatic shutter speed and ISO settings.

Our evaluation process involved three main steps: data extraction, error com-
pensation, and comparative analysis. For ground truth, an RTK-GNSS reference
sensor system, installed in the host vehicle, provided precise positional data. It
was extracted and processed using Foxglove software and stored in an MCAP
modular container file. Concurrently, the position of the vehicle was also esti-
mated via aerial imagery (according to [17]). Error compensation was then ap-
plied using both the mathematical model and the simulator-based approaches.
Unlike the static mathematical model, the simulator provides a dynamic physical
model of the measurement scenario, configured with the parameters of the real-
world setup, including camera altitude, lens distortion, and the 3D dimensions
of the vehicle. The simulator, utilizing the positions, orientations, and dimen-
sions of the traffic participant, generated a frame-by-frame estimation of the
perspective distortion error vector in a pandas DataFrame which was then used
to correct the raw aerial estimates. Finally, the performance of the position es-
timation, both with and without error compensation, was compared against the
RTK-GNSS ground truth. This comparative analysis was performed within a
Python framework, utilizing pandas for data manipulation, SciPy for function
approximation, and Matplotlib for visualization.
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The coordinate system accuracy enhancement and camera instability
compensation can be evaluated error-component wise and on system level.

For error-component-wise analysis, we isolated and observed the stability
of an a-priori known ground-distance, focusing specifically on the error compo-
nent related to the coordinate system determination, excluding the other error
components, likethe perspective distortion. Therefore a multi reference marker
and a two target (ArUco) marker-based (flat) measurement setup was designed,
observing the stability of the estimated distance of the stationary target (ArUco)
markers, using 1, 2, 3, and 4 reference board-based coordinate-system determina-
tion. The four-board measurement setup is shown on figure 3. The measurements
were conducted on a certified flat surface. The reference markers were positioned
with a cross line laser, achieving an accuracy of 0.5 cm. To analyze the effect
of error factor at different altitudes, and use cases (stationary and dynamic),
measurement videos were recorded from heights of 10, 60, 80, and 100 meters
while the drone were performing hovering, descending, ascending, and rotating
maneuvers, with different camera tilts, where 90° represents the direct downward
bird’s-eye view.

For system-level evaluation, the aerial imagery-based vehicle position es-
timation was compared against the actual vehicle position, by calculating their
Euclidean distance. For the evaluation, a test measurement concept was designed
- a grid, spanning 0 to 80 meters in the x-direction and -5 to 5 meters in the
y-direction. The measurement points were selected at approximately 5-meter in-
tervals in close areas, with this spacing gradually increasing further away. The
coordinates of these grid points were determined using a cross line laser, achiev-
ing an accuracy of 0.5 cm. A reference vehicle traversed this designated area,
stopping at these predefined grid points to collect data. The drone videos were
recorded from the same altitudes as for error level analysis, with both stationary
and dynamic maneuvers being performed.

Fig. 3. Measurement design for error level analysis of coordinate system and camera
instabilities mitigation with a four reference board-based setup.
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4 Results

We structured our analysis into two main parts: first, we evaluate the methods
for perspective distortion compensation; second, we analyze the effectiveness of
different multi reference marker configurations for coordinate system accuracy
enhancement and camera instability error mitigation, which is crucial for overall
system precision, especially under dynamic conditions, where camera tilt and
shaking is present.

4.1 Perspective distortion compensation

Figure 4 displays the actual (black) and the estimated trajectories based on aerial
imagery with different error compensation methods. The measurement covered
all four spatial quadrants of the scene and varying radial distances from the cam-
era nadir which serves as the origin. The orange line shows the trajectory esti-
mated with aerial imagery, without any compensation. The blue-orange dashed
line includes compensation of perspective distortion via the mathematical model
presented above, while the green-orange dashed line displays the simulator-based
compensation.

The results clearly demonstrate the benefit of perspective distortion com-
pensation, substantially improving the accuracy of aerial imagery-based position
estimation. Based on figure 4 it can be stated that both the mathematical model
and the simulator effectively compensate the error. It can also be observed that
the error compensation of the simulator outperforms the mathematical model at
greater distances from the camera nadir - where perspective distortion is most
critical, while the mathematical model-based compensation leads to smaller er-
rors closer to the camera nadir. The advantage of the simulator lies in its more
comprehensive physical model, which not only utilizes a precise 3D vehicle ge-
ometry but also accounts for camera properties like lens distortion and tilt. The
close-range capability of the simulator would certainly improve with an even
more accurately modeled vehicle.
Table 1. RMSE of Euclidean error without and with error compensations for the whole
dataset.

Compensation method RMSE Relative error reduction
Without error compensation 13.5 cm
Mathematical model-based error compensation 9.5 cm 29, 6 %
Simulator-based error compensation 10.0 cm 25, 9 %

Table 2. RMSE of Euclidean error without and with error compensations at distances
of more than 8 m from the nadir.

Compensation method RMSE Relative error reduction
Without error compensation 20.4 cm
Mathematical model-based error compensation 11.3 cm 44, 6 %
Simulator-based error compensation 8.3 cm 59, 3 %
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Fig. 5. The position estimation error as a function of time with mathematical model-
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and without (marked with orange) error compensation.
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The temporal tendency of the Euclidean error can be seen in figure 5. It is
evident that the simulator-based solution performs exceptionally well at remote
areas, reducing the error by 15-20 cm. In figure 5 the orange curve illustrates
the center point deviation of aerial imagery-based position estimation without
error correction. The blue-orange dashed line shows the center point deviation of
the same aerial imagery-based position estimation, compensated for perspective
distortion using the mathematical model. The green-orange dashed line displays
the trend when compensating for perspective distortion based on the simulator.

4.2 Coordinate system accuracy enhancement and camera tilt error
mitigation

By error-component-wise evaluation the stability of the a-priori known
target-marker distance were analyzed, calculated based on the different (1, 2,
3, and 4 reference marker-based) approaches. As the altitude was increased, we
replaced the target-markers from ArUco markers to larger A0 boards for better
detectability. Figure 6a illustrates the results when the drone was operated in
a quasi-stationary state, hovering at various altitudes with a downward-facing
camera. Figure 6b presents dynamic scenarios where the drone was performing
horizontal movements, rotation, and in some cases additional camera tilts were
applied.

Figure 6a reveals that with a quasi-stationary drone position, at an altitude
of 10 meters, the error of individual reference pattern features mislocalization
is negligible, as evidenced by the similarly noisy results across all board con-
figurations. As the altitude increases, the error of individual reference pattern
features mislocalization becomes critical and clear trend emerges: the stability of
the distance-estimation improves with an increasing number of boards. The sin-
gle board setup is the noisiest. The two-board setup outperformed it by relying
on board center point detection instead of individual reference pattern features
detection and by distributing the mislocalization error over a larger distance,
thereby mitigating its noise. The four-board setup is the most stable one, as
coordinate system transformations and camera tilts can be handled more ef-
fectively through homographic transformation. This trend can be consistently
observed at different altitudes.

The true power of homography becomes evident in figure 6b, where the drone
was operating under dynamic conditions, performing both translational (x-y)
and rotational movements. Notably, in the last two scenarios the camera was
intentionally tilted to 85° and 80° respectively, representing a 5° and a 10° de-
viation from the direct downward-looking bird’s-eye view perspective. In these
challenging scenarios, the importance of homography in handling non-parallel
planes is clearly important. While 2 and 3 reference marker-based solutions in-
troduce ∼ 0.3 and ∼ 0.6 meter RMSE respectively, the 4 board-based solution
remains stable even in this scenario and has less than 0.02 meter RMSE.

By system-level evaluation we investigated how the different reference marker
setups influence the resulting system error measured by the Euclidean distance of
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estimated and ground truth vehicle position. Figure 7 shows the Euclidean error
progression for vehicle in near (marked with solid line), mid-range (marked with
dashed line), and distant (marked with dotted line) positions from camera nadir,
showcasing the performance of 1 (marked with blue line) and 2 (marked with or-
ange line) board-based configurations from different altitudes. First, from figure
7, it can be concluded that the two-board setup outperforms the single board
solution on system level as well, similarly to the error-component wise tests. Fur-
thermore, it is also observable that the final system level distance prediction are
smoother (less noisy) compared to the error-component-wise evaluation. This
noise reduction is a direct result of applying a 99-frame smoothing window.

Fig. 6. The error-component-wise evaluation of 1 (marked with blue), 2 (marked with
orange), 3 (marked with green), and 4 (marked with red) reference marker-based co-
ordinate system accuracy enhancement and camera instability error mitigation in (a)
stationary and in (b) dynamic use cases, from different camera positions and tilts, by
ground truth target-marker distance (purple) comparison.
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Fig. 7. The system-level evaluation of 1 (marked with blue) and 2 (marked with orange)
reference marker-based setup, from different camera altitudes, with diverse vehicle
positions (near - marked with solid line, mid-range - marked with dashed line, and
distant - marked with dotted line), by Euclidean distance comparison of estimated and
ground truth vehicle positions.

5 Conclusion

This paper provides a validated framework of methods that enhance the ac-
curacy of aerial imagery-based object position estimation, acting as an enabler
technology for advanced aerial surveillance tasks. First, we addressed perspective
distortion with both mathematical model and simulator-based approaches. Our
evaluation demonstrates that the simulator is capable of reducing this source of
error by up to 15 cm (by 60%) at distant areas, offering valuable, quantitative
insights for practitioners.

Second, we introduced and analyzed multi reference marker setups to mit-
igate the coordinate system inaccuracies (metric and orientation) and camera
instabilities (tilt and shaking). Through a series of real-world measurement sce-
narios, we evaluated 1, 2, 3, and 4 board setups and found that the four-board
setup is optimal, providing robustness against quick, dynamic drone movements,
camera tilts, and rotations. This superiority stems from leveraging homography
and from its ability to use a robust, board center localization-based approach,
instead of relying on the less precise detection of individual pattern features of
a single board. This was clearly demonstrated in our case study: while a minor
10° camera tilt (an 80° viewing angle) resulted in substantial inaccuracies in
coordinate system determination, an error of ∼ 90 and ∼ 60 cm RMSE in the
1 and 2-board-based setups respectively, the 4-board-based solution remained
robust with less than 2 cm RMSE. The four-board based setup performed the
best in every scenario, compensating the error effectively in both stationary and
dynamic drone operations, including scenarios with unavoidable camera tilts - a
common problem in practice.

However, due to practical constraints, a planar four-board setup may not
always be feasible at the measurement location. In such cases, height differences
must be compensated for. If this is not possible, according to our results we
recommend a minimum of a two-board configuration to maintain robustness
against the individual pattern features detection inaccuracies inherent in a single
board approach.
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Future Work In the future, we would like to measure and test how perspective
distortion error factor and error compensation perform in case of larger vehicles
(such as trucks and vans) - where the problem is even more amplified. Further-
more we will focus on extending the framework to non-planar environments.
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