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1Centro de Informática, Universidade Federal de Pernambuco,
Av. Prof. Moraes Rego, 1235 - Cidade Universitária, Recife - Pernambuco, Brazil.
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ABSTRACT

Geo-localization of ground objects from UAV
platforms is a fundamental capability for appli-
cations such as autonomous inspection, search
and rescue, and target tracking. This paper
presents a fully online pipeline for estimating the
geographic coordinates of multiple terrestrial ob-
jects from UAV monocular imagery. The ap-
proach integrates (i) a timestamp interpolation
scheme that synchronizes camera frames with
asynchronous UAV state estimates, (ii) a geo-
metric projection model that maps image de-
tections to ground-plane coordinates using UAV
attitude and position, and (iii) a spatial track-
ing stage based on the Hungarian algorithm and
Kalman filtering that associates and refines re-
peated noisy estimates into a consistent per-
object geo-location. Experiments conducted in
simulation with Gazebo and ArduPilot SITL
across 3 scenarios and 6 flight paths demonstrate
a mean localization RMSE of 0.603 m, with
97.9% of targets successfully identified.
Keywords: Geo-localization; Multi-Object
Tracking; Spatial Tracking; State Interpolation

1 INTRODUCTION

Geolocation of objects from aerial platforms is a key ca-
pability for applications such as mapping, inspection, search
and rescue [1]. When using monocular cameras, this task is
challenging due to the lack of depth information and sensor
asynchrony between the imaging and navigation systems.

An additional challenge lies in maintaining consistent as-
sociations between detections over time. As a UAV tra-
verses its trajectory, each physical target is observed multi-
ple times from different viewpoints and under varying local-
ization noise, producing geo-localization estimates that are
spatially dispersed around the true location [2]. Furthermore,
false detections may contaminate this set with spurious esti-
mates. Consequently, these raw observations must be aggre-
gated, filtered, and associated across frames to yield a con-
sistent and accurate representation of the scene. To this end,

this paper presents a method for estimating the geographic
coordinates of multiple ground objects detected in UAV im-
agery, addressing the inherent noise and association ambigu-
ity through a spatial refinement pipeline.

The main contributions of this work are:

• A timestamp interpolation method that synchronizes
monocular camera frames with asynchronous UAV
state estimates.

• A projection model for monocular geo-localization of
ground objects from UAV attitude and position.

• A spatial tracking and refinement pipeline that asso-
ciates, filters, and consolidates repeated detections into
consistent per-object geo-locations.

2 SYSTEM OVERVIEW

2.1 Problem Statement
The objective of this work is to estimate the geographic

locations of multiple terrestrial objects using a monocular
camera onboard a UAV. During flight, the UAV captures im-
ages while its onboard Flight Controller Unit (FCU) provides
position and attitude estimates. Objects of interest are de-
tected in the images, and their geo-locations are estimated
assuming they lie on the ground plane.

A fundamental difficulty arises from the fact that each
physical object is typically observed multiple times from dif-
ferent viewpoints along the UAV trajectory. These repeated
observations produce multiple geo-localization estimates per
object, as illustrated in Fig. 1. Due to sensor noise, detection
uncertainty, and projection errors, these estimates are spa-
tially dispersed around the true object location. Additionally,
false detections may introduce spurious estimates that do not
correspond to any real object.

Consequently, the raw set of geo-localization estimates
does not directly provide a reliable representation of the
scene. Instead, it consists of a mixture of:

• Multiple estimates corresponding to the same object.

• Estimates belonging to different objects.

• Outliers caused by incorrect detections or localization
errors.
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Therefore, the problem consists not only of estimating
object locations, but also of maintaining consistent associa-
tions between observations over time, correctly identifying
the number of distinct objects, and assigning a single, accu-
rate geo-location to each of them.

Figure 1: Illustration of the problem: multiple observations
generate noisy geo-localizations that must be associated and
refined into a single estimate per object.

2.2 Overview of the Proposed Approach
To address this problem, we propose the workflow illus-

trated in Figure 2, a fully online pipeline composed of two
main components:

• Object Detection and Position Estimation

• Spatial Refinement with Tracking and Filtering

The first component processes each incoming frame in-
dependently. Objects are detected as bounding boxes in the
image using a deep learning-based object detector; then, the
UAV position and attitude are interpolated at the frame times-
tamp, and each detection is projected into geographic coordi-
nates using geometric projection.

The second component maintains a set of object tracks
over time. New geo-localization estimates are associated with
existing tracks using a data association method based on the
Hungarian algorithm [3]. Tracks are progressively refined,
filtered, and either confirmed or discarded based on their tem-
poral and spatial consistencies.

Figure 2: Workflow of the proposed approach.

3 GEO-LOCALIZATION

3.1 Object Detection
For each frame, objects are detected and represented as

bounding boxes. The center of each bounding box is used
as the representative image point. The timestamp at which

each frame was captured is also recorded, enabling interpola-
tion and estimation of the UAV’s position and attitude at that
moment.

We adopt a YOLOv11 model for object detection [4], ow-
ing to its suitability in real-time systems with high-throughput
with low-power constraints [5, 6]. For each detected object,
we record the bounding box center, capture timestamp, de-
tection confidence, and object class. This information can be
used further to improve multi-object tracking and association.

3.2 State Provider and Interpolation

We employ the ArduPilot’s Software In The Loop (SITL)
for UAV control and state estimation. By default, it pro-
vides estimations of the current position and attitude at 10
Hz. However, position and attitude data are published in sep-
arate messages, so they need to be read asynchronously. The
state interpolator maintains two timestamped buffers, one for
position and one for attitude, defined as:

(pi, t
p
i ) (1)

(ai, t
a
i ) (2)

where p = (x, y, z) denotes position in local ENU coor-
dinates, a = (ψ, θ, ϕ) denotes the attitude as yaw, pitch, and
roll angles, and ti is the timestamp of the i-th measurement.

These position and attitude messages are saved in buffers
in the State Provider, with their respective timestamps. This
way, we keep track of the UAV’s movements for up to a
configurable number of messages, currently configured as
buffer size = 200.

The interpolations are implemented as linear movements
between timestamps, i.e., given a moment in time t, we com-
pute a weighted average of the measurements taken at the
neighboring timestamps. Position is interpolated linearly be-
tween consecutive measurements:

p(t) = (1− α)pi + αpi+1 (3)

where α is determined from timestamps, by:

α =
t− ti

ti+1 − ti
(4)

where ti ≤ t ≤ ti+1.
Attitude angles are circular quantities, so direct linear in-

terpolation would produce incorrect results near discontinu-
ities (e.g., wrapping from 359° to 1°). Instead, each angle
is interpolated by averaging its sine and cosine components
separately, then recovering the result via arctangent. Equa-
tion (5) shows how this applies to the yaw angle ψ:

ψ(t) = arctan

(
(1− α)sin(ψi) + αsin(ψi+1)

(1− α)cos(ψi) + αcos(ψi+1)

)
(5)
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3.3 Position Estimator

This module takes as inputs the coordinates of a given
pixel (u, v), the camera’s intrinsic and extrinsic parameters,
and the UAV’s position and attitude at the time each frame
was captured, as illustrated in Figure 3. Using a geomet-
ric projection model, it computes the geo-localization of the
given pixel, which should correspond to the position of a de-
sired object.

Figure 3: Inputs and outputs of the position estimator.

The geo-localization approach extends the method de-
scribed in [7] to accommodate a lower-cost UAV platform
without gimbal stabilization. In this setup, the camera
is rigidly mounted and permanently oriented towards the
ground. Therefore, the camera orientation is directly derived
from the UAV’s attitude using a fixed offset:

pitchcam = pitch− 90◦

yawcam = yaw

rollcam = roll

(6)

Since the camera is rigidly fixed to the UAV body without
stabilization, any change in UAV attitude directly perturbs the
camera pose and may introduce additional geo-localization
error. This trade-off is accepted in exchange for a simpler,
lower-cost hardware configuration compatible with custom-
built platforms.

The method relies on three coordinate systems: the world
coordinate system, the UAV coordinate system, and the cam-
era coordinate system. The world coordinate system is de-
fined in a metric georeferenced frame, such as UTM (Uni-
versal Transverse Mercator) or a local ENU (East-North-Up)
frame, allowing positions to be expressed in linear units (me-
ters).

In this formulation, all coordinate systems share the same
origin, defined in the world reference frame. The UAV and
camera coordinate systems differ from the world system only
by their orientations:

• World coordinate system: (x, y, z) = (east, north, up)

• Drone coordinate system: (x, y, z) =
(forward, right, down)

• Camera coordinate system: (x, y, z) =
(right, down, forward)

The relationship between these coordinate systems is de-
fined by the camera pose. The rotation matrix R that maps
points from the world coordinate system to the camera coor-
dinate system is computed following the method described in
[7]. This matrix encodes the camera orientation as derived
from the UAV attitude and the fixed mounting configuration.

The camera center expressed in the world coordinate sys-
tem is given by v0 = −RT t. Therefore, the translation vector
t does not need to be computed independently, as the camera
position is directly obtained from the UAV position, estimated
by the state interpolator.

Given the camera pose, the projection from 3D world
points to image pixels is modeled using the pinhole camera
model [8]:

K[R | t]P = λp, (7)

where K is the intrinsic matrix, R (rotation matrix) and t
(translation vector) map points from the world coordinate
system to the camera coordinate system, p = (u, v, 1)T is
the homogeneous pixel coordinate, λ is a scale factor, and
P = (x, y, z, 1)T is a 3D point expressed in homogeneous
coordinates.

To perform geo-localization, the inverse mapping must be
computed. By rearranging the projection Equation (7), it is
possible to derive the 3D ray in the world coordinate system
corresponding to a given image pixel. This ray can be written
in parametric form as:

P (λ) = v0 + λv, (8)

where:
v = RTK−1p. (9)

Thus, each pixel defines a ray originating from the camera
center and extending into the scene.

The geo-location is obtained by computing the intersec-
tion between this ray and the ground. Assuming a planar
ground model, this intersection can be obtained analytically.
Let ∆h denote the height difference between the camera cen-
ter and the ground plane, and let vz be the vertical component
of the direction vector v. The intersection point is then given
by:

Pground = v0 −
∆h

vz
v. (10)

This formulation provides a direct and efficient way to
map image pixels to 3D positions in the world coordinate sys-
tem under the planar ground assumption.

4 SPATIAL REFINEMENT

The purpose of this stage is to maintain a consistent set of
object tracks over time from noisy geo-localization estimates.
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The tracker maintains and updates this set of object represen-
tations upon the arrival of new geo-localization estimates at
each frame. The overall process is illustrated in Fig. 4.

Figure 4: Overview of the spatial refinement pipeline. New
detections are associated with existing tracks using the Hun-
garian algorithm. Tracks are updated, penalized, or removed
depending on their consistency over time.

Each track represents a candidate object and is defined by:

• Estimated geographic position (latitude and longitude).

• State covariance (for uncertainty modeling).

• Track status (tentative or confirmed).

• A penalty counter used for track management.

Two sets of tracks are maintained:

• Tentative Tracks: recently initialized tracks that re-
quire validation.

• Confirmed Tracks: stable tracks corresponding to per-
sistent objects.

At each time step, a set of new geo-localization estimates
(detections) is obtained. These detections are associated with
existing tracks (both tentative and confirmed) using the Hun-
garian algorithm.

A cost matrix is constructed based on the Mahalanobis
distance between detections and track estimates:

dM (x, y) =
√
(xdeti − ytrackj )TS−1(xdeti − ytrackj ) (11)

where ytracki and S are, respectively, the mean and the
covariance matrix of track i, and xdetj is the position of detec-
tion j.

Assignments are accepted only if the distance is below a
predefined gating threshold. The association step produces
three sets:

• Matched track-detection pairs.

• Unmatched tracks.

• Unmatched detections.

4.1 Track Update with Kalman Filtering
For each matched track-detection pair, the track state is

updated using a Kalman filter. The detection is treated as a
measurement of the track position, allowing the filter to re-
duce noise and improve temporal consistency.

The update step refines both the estimated position and
its associated uncertainty. This enables smoother trajectories
and more robust associations in subsequent frames.

4.2 Handling Unmatched Detections
Detections that are not associated with any existing track

are used to initialize new tentative tracks. These tracks rep-
resent potential new objects but require further validation be-
fore being confirmed.

4.3 Handling Unmatched Tracks
Tracks that are not matched with any detection are pro-

cessed based on their visibility:

• If the track is expected to be visible in the current frame
but is not detected, it is penalized by increasing its
penalty counter.

• If the penalty exceeds a predefined threshold, the track
is removed, as it is considered unreliable.

Visibility is determined by the camera’s field of view and
the estimated track position. This step helps to remove out-
liers from the set.

4.4 Near Matching and Duplicate Removal
To further improve consistency, a near-matching heuristic

is applied to the set of confirmed tracks. Since repeated obser-
vations of the same physical object may occasionally gener-
ate multiple independent trajectories, tracks that are spatially
close to one another are assumed to correspond to the same
target and are therefore merged into a single representation.

This heuristic helps reduce duplicate detections and con-
tributes to maintaining a compact and spatially consistent rep-
resentation of the environment. However, its effectiveness
depends on the selected distance threshold, particularly in
scenarios where multiple targets are positioned very close to
each other.

4.5 Final Output
At any time step, the system maintains a set of confirmed

tracks, each associated with a distinct physical object and
identified by a unique ID. The geographic coordinates associ-
ated with these tracks are used as the system’s final output.

5 EXPERIMENTS

5.1 Experimental Setup
Experiments were conducted in a simulated environment

using Gazebo, with ArduPilot’s SITL providing UAV con-
trol and state estimation. The UAV was equipped with a
downward-facing monocular camera; frames were published
to a ROS 2 topic and streamed via RTSP using GStreamer.

SEPTEMBER 21-25, 2026, STRASBOURG, FRANCE 102



ht
tp

://
w

w
w

.im
av

s.
or

g/
IMAV2026-12 17th INTERNATIONAL MICRO AIR VEHICLE CONFERENCE AND COMPETITION

Figure 5 shows an upper view from the experimental envi-
ronment and a view from the UAV’s camera while flying.

(a) A view of the UAV and the camera frame.

(b) Superior view from the evaluation environment.

Figure 5: The experimental environment.

Multiple flights were performed over an area containing
30 instances of a black-and-white fiducial target, with tar-
gets placed in different positions across 3 scenarios and the
UAV executing varied trajectories. These scenarios are illus-
trated in Figure 6, in which each plot shows the targets’ geo-
locations and the vertices of the search area. In addition, 6
different paths were defined for the UAV to follow surround-
ing the targets’ area, totalizing 3 × 6 = 18 runs. Figure 7
shows the predefined paths we used in the experiments.

Figure 6: Scenarios of target distributions used in the experi-
ments. The red squares indicate the targets’ positions, while
the yellow rectangle indicates the boundaries of the targets’
area.

(a) Path 1 (b) Path 2

(c) Path 3 (d) Path 4

(e) Path 5 (f) Path 6

Figure 7: Pre-defined UAV paths used in the experiments.

In each run, we saved: the UAV’s trajectory; the geo-
coordinates (lat, long) of each detected object; and the final
list of confirmed tracks.

For quantitative evaluation, each confirmed track was
matched to its nearest ground-truth target. Regarding these
matches, we measured the RMSE between the ground-truth
targets and our estimated positions and the detections’ recall,
i.e., the fraction of real targets successfully identified by the
system.

5.2 Results

Table 1 presents the quantitative results in terms of lo-
calization RMSE (in meters) and the number of correctly
identified targets for each flight path and scenario. The re-
sults demonstrate the system’s capability to perform geo-
localization of ground objects using only a monocular camera
and the UAV’s standard state estimates.

Overall, the system achieved sub-meter localization ac-
curacy in most experiments, with RMSE values ranging from
0.45 m to 0.84 m, demonstrating that the proposed spatial
pipeline is capable of consolidating multiple noisy observa-
tions. Note that, both the robot’s path and the targets’ distri-
bution have impacts in the accuracy.
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Figure 8: Results from path 2 being executed in scenario 1.

Figure 9: Results from path 3 being executed in scenario 2.

As shown in the Figures 8, 9 and 10, the raw geo-location
estimates form highly dispersed point clouds around the true
target positions. This dispersion is mainly caused by pro-
jection inaccuracies, GPS noise, perspective distortions, false
positives from the object detector, and small UAV attitude os-
cillations. Nevertheless, the proposed tracking and filtering
stages progressively reduce this spatial dispersion through re-
peated Kalman filter updates and trajectory association, re-
sulting in a more reliable representation of the environment.

Table 1: Final geo-localization results (RMSE / Number of
Targets per run).

Scenario (RMSE [m] / Targets)

Path 1 2 3

1 0.49 / 30 0.52 / 29 0.72 / 30
2 0.59 / 30 0.45 / 29 0.60 / 30
3 0.66 / 30 0.70 / 29 0.78 / 29
4 0.50 / 30 0.47 / 28 0.48 / 29
5 0.84 / 30 0.49 / 28 0.60 / 30
6 0.65 / 29 0.64 / 29 0.67 / 30

The results also show a high target recovery rate, with
most runs successfully identifying all 30 targets, as illustrated

in Figure 8, which shows the resulting detections and con-
firmed tracks when Path 2 was executed in Scenario 1. In this
experiment, all targets were identified and have their corre-
sponding tracks, with no duplicates. This behavior also hap-
pens in Scenario 3, which has one of its runs shown in Figure
10, on which all targets were correctly identified.

Experiments in Scenario 2 consistently presented a lower
number of confirmed targets, with several runs detecting only
28 or 29 targets. This behavior is directly related to the spa-
tial arrangement of the targets in this scenario, where multi-
ple targets were positioned extremely close to one another, as
shown in Figure 9. Under these conditions, small localization
errors become significant enough to cause ambiguity during
the association stage. As a consequence, detections originat-
ing from neighboring targets may be incorrectly associated
with the same trajectory, leading the system to merge two
distinct objects into a single confirmed track.

Despite the success in filtering and spatial association,
the methodology presents vulnerabilities that affect accuracy.
Since the camera is rigidly attached to the drone body with-
out a stabilization system, any perturbation in the UAV atti-
tude directly affects the camera pose, introducing additional
errors into the geolocation process. Furthermore, the geomet-
ric projection model relies on a flat-ground assumption and is
sensitive to inaccuracies in the onboard GPS system.
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Figure 10: Results from path 5 being executed in scenario 3.

Finally, the system is affected by information latency. Al-
though the pipeline includes a linear interpolation method
to mitigate the fact that the flight controller’s position and
attitude data are published asynchronously, the inherent la-
tency between image acquisition by the camera and the pro-
cessing of state messages may still generate small temporal
misalignments, degrading the estimation performance during
high-speed flights or abrupt maneuvers.

6 CONCLUSION

This paper presented an online pipeline for geo-localizing
multiple terrestrial objects from UAV monocular imagery.
The proposed approach combines three tightly integrated
components: a timestamp interpolation scheme that synchro-
nizes camera frames with asynchronous UAV state estimates,
a geometric projection model that maps image detections
to ground-plane coordinates using UAV attitude and posi-
tion, and a spatial refinement stage that employs the Hun-
garian algorithm and Kalman filtering to associate, filter, and
consolidate repeated noisy observations into consistent geo-
locations. Together, these components enable accurate esti-
mation of ground object positions, eliminating false positives
and consolidating repeated observations into consistent geo-
locations through a spatial refinement pipeline.

Experiments conducted in simulation using Gazebo and
ArduPilot SITL across 3 target distribution scenarios and 6
distinct flight paths demonstrated the robustness and accuracy
of the approach. The system achieved a mean localization
RMSE of 0.603 m while successfully identifying 97.9% of
the 30 targets per scenario. These results validate the effec-
tiveness of the spatial refinement pipeline in reducing local-
ization noise and suppressing false positives, even under the
constraints of a rigidly mounted camera and a planar ground
assumption.

Future work include replacing linear interpolation with
higher-order or learning-based state estimation to reduce tem-
poral misalignments during aggressive maneuvers. Addi-
tionally, conducting experiments in real outdoor environ-
ments will be essential for further validation of the proposed

methodology, as well as extending the evaluation to a broader
variety of target objects beyond the fiducial markers used in
this work.
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APPENDIX A: DATA

Table 2: Comparative analysis of targets detections vs. confirmed tracks across all paths and scenarios.

Scenario 1 Scenario 2 Scenario 3

Path Detections Conf. Tracks Detections Conf. Tracks Detections Conf. Tracks

1

2

3

4

5

6
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