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ABSTRACT

Drone-based thermal imaging is increasingly used for wildlife monitoring, but tracking individual animals in aerial footage
remains challenging in forested habitats due to low texture, occlusions and dynamic viewpoints. Traditional image-space
tracking methods often fail because motion and appearance cues degrade in thermal data. We present a geo-referenced
tracking framework that projects detections into world coordinates using drone localisation, camera pose and elevation
models. Building on Deep OC-Sort, we introduce (i) a geo-native tracker operating in metric space and (ii) a hybrid tracker
combining pixel-space tracking with geo-referenced recovery. Both use physically grounded motion models to improve identity
preservation under occlusion. Evaluated on a large airborne thermal dataset (225 videos), our methods achieve the fewest ID
switches, reducing identity errors by 17% compared to the best and 92% compared to the worst tested state-of-the-art
algorithm—in both cases without custom embeddings, which further improve results. Additionally, geo-referenced outputs
enable ecological analyses such as spatial mapping and movement estimation, demonstrating the advantages of global over
image-based tracking.

1 | Introduction ground-based approaches are often limited [7, 9-12]. With the
integration of thermal infrared cameras and Al-based image
analysis the scope of aerial wildlife monitoring has further
” expanded [13]. Especially, thermal sensors are valuable for
established ground-based methods such as camera traps [1]. detecting endothermic animals through canopy cover, especially at
Advances in technology have shifted this perspective from the  pioh¢ or during periods of low ambient temperatures. In addition to
ground to the air: Uncrewed aerial vehicles (UAVs or drones) now these, visual recordings, drones are also being used to collect
offer new possibilities for large-scale, flexible and often nonin- complementary ecological data, including environmental DNA
trusive wildlife surveys [2-4]. Drones have been applied across a (eDNA) [12].

wide range of species and habitats, including (but not limited to)

elephant monitoring on African savannahs [5, 6], koala detection ~ Despite these advantages, thermal-based aerial wildlife monitoring
in eucalyptus forests [ 7], deer surveys in temperate zones [8], and presents unique challenges. Thermal imagery lacks the rich

Monitoring wildlife populations is a crucial task in ecology
and conservation, traditionally accomplished through well-

multi-species assessments in tropical rainforest canopies [9, 10]. textural information found in standard RGB data, typically yielding
only coarse animal silhouettes. Moreover, the heat signatures can
Drones are increasingly deployed in densely vegetated environ- be ambiguous: unless full and distinct silhouettes or movements

ments such as temperate and tropical forests where traditional are visible, it can be hard to distinguish animals from other warm
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objects in the environment, such as sunlit stones or decomposing
vegetation, particularly when using nonradiometric recordings
with only relative temperature values instead of radiometric ones
with absolute temperature measurements. This makes wildlife
monitoring particularly difficult, especially when the forest canopy
further partially or completely obscures animals [2].

An additional challenge arises in the context of population esti-
mation: to avoid double-counting, it is essential to not only detect
animals but also track and re-identify individuals across frames
and flight paths. However, the combination of limited visual
features, complex backgrounds and dynamic perspectives during
UAV flight complicates reliable re-identification (as illustrated
in Figure 1). In addition to the low resolution, minimal
texture, and variable viewing angles, this task is particularly
difficult due to frequent long-term occlusions caused by topo-
graphy and vegetation. As a result, traditional visual tracking
approaches—such as those relying on pixel-wise motion estima-
tion (e.g., optical flow)—often fail under these conditions (see
Figure 2). Although some tracking challenges, such as thermal
texture ambiguity and dynamic viewing conditions, affect aerial
surveys across all habitat types, the combination of long-term
occlusion from canopy cover and the absence of persistent
background features makes forests particularly demanding.

To address these challenges, we propose a novel multi-modal tra-
cking algorithm that leverages both visual features and supple-
mental sensor data—specifically, the global position and global
orientation of the drone. By fusing visual detections with geospatial
and orientation information, our approach aims to apply tracking
based on global coordinates instead of local image coordinates,
which improves the accuracy of animal tracking and re-
identification (Re-ID) in complex environments such as forests,
enabling more robust wildlife population assessments from aerial
surveys.

2 | State of the Art
2.1 | General Multi-Object Tracking

Recent advances in deep learning have significantly improved
the ability to track multiple objects or points in video data, even

in the presence of frequent and long-term occlusions. The
dominant approaches follow a tracking-by-detection paradigm,
leveraging deep neural networks to extract robust appearance
features for associating detections across frames. Methods such
as DeepSORT [14], FairMOT [15] and StrongSORT [16] incor-
porate learnt embeddings to re-identify (Re-ID) targets after
occlusion, whereas motion-based strategies—ByteTrack [17],
OC-SORT (18], and BoostTrack [19]—improve association by
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FIGURE 2 | Two consecutive frames of an undistorted thermal video
where (a) is the start and (b) shows the view about 2 seconds later. An
animal occluded between those frames by a tree is labelled with a
bounding box. The fuzzy optical flow between both video frames,
shown in (c), highlights the challenges for state-of-the-art tracking
algorithms that rely on pixel features—partially zoomed in to improve
visibility of flow directions. In our approach, the position of a
detection is estimated based on the drone's global movement (d).

(0 (d)

FIGURE 1 | Illustration of the tracking challenge: A UAV conducts an overhead survey of a forested area. Depending on the drone's position and

viewing angle, the target animal may be completely occluded, as seen in (a), or only partially visible beneath the forest canopy, with different parts

visible as shown in (b)—(d). Such long-term occlusions in combination with variable visibility often cause traditional visual tracking methods to fail in

reliably re-identifying the animal across multiple frames or viewpoints. Whenever parts of the
because it is out of the view at all or occluded by the canopy, it is illustrated with a yellow overlay. The

by the drone's camera, either
of the drone is

shown as a blue frustum. Areas within the FOV, where the tree branches do not cover the animal are highlighted with a green triangle.
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accounting for both high- and low-confidence detections or by
modelling nonlinear motion to recover lost tracks. Algorithms
such as Deep OC-SORT [20] and BoT-SORT [21] combine both
Re-ID and motion estimation.

Transformer-based trackers (e.g., TrackFormer [22], MOTR
[23-25] and MeMOTR [26]) unify detection and tracking in an
end-to-end framework, using attention mechanisms and long-
term memory to maintain identity through extended occlu-
sions. This allows models to retain and recall distinctive features
over many frames, reducing identity switches. Additionally,
state space models such as MambaTrack [27] show strong
tracking capabilities in occluded scenarios. In addition, point-
level and interactive approaches—AllTracker [28], Track Any-
thing [29], PIPs [30] and CoTracker [31]—enable tracking of
arbitrary user-specified points, leveraging long-range temporal
reasoning and memory modules to reconnect trajectories after
occlusion. Recent developments in amodal tracking further
improve robustness by predicting object positions during full
occlusion [32].

Additionally, tracking-by-segmentation has been explored
extensively in prior work, particularly in the context of video
object segmentation approaches, such as MaskTrack R-CNN
[33], Space-Time Memory Networks (STM; [34]), and more
recent transformer-based methods such as AOT [35] and XMem
[36], which propagate object masks across frames using learnt
temporal representations. Recently, SAM3 and SAM3.1 [37]
extend this paradigm by introducing a promptable segmentation
framework with integrated temporal memory, enabling robust
mask propagation across video frames.

2.2 | Wildlife Detection and Tracking in Aerial
Video

Drone-based wildlife surveys have attracted increasing research
attention across diverse species and environments [3, 4, 13].
Early work demonstrated that thermal drone imagery combined
with deep learning can detect mammals in rainforest canopies
[9], eucalyptus forests [7] and open savannah [5, 6]. More recent
efforts have addressed deer surveys using enhanced object de-
tectors [8], multi-species detection through sensor fusion of
visible and thermal bands [38] and terrestrial surveys combining
thermal drones with modern deep learning architectures [10].
For population estimation [39], demonstrated how drone-based
detections following a point-based tracking strategy can be
projected into world coordinates enabling quantitative behav-
ioural and movement analysis using orthomosaic-based geo-
referencing. Although approaches for wildlife tracking from
UAVs do exist, they predominantly focus on RGB data [6, 40,
41] or environments with few occlusions [42].

2.3 | Tracking in Thermal Imagery

Research on tracking in thermal data is more limited than that
in RGB. Existing work demonstrates that adaptations of state-of-
the-art MOT methods are feasible when retrained on thermal
data [43, 44]—partially also covering wildlife, but not from an
aerial view [45]. The BIRDSAI dataset [46] provides a bench-
mark for aerial thermal detection and tracking of humans and
animals in antipoaching contexts, underscoring the relevance

and difficulty of this domain. This body of work consistently
highlights the challenges posed by limited features in thermal
data, especially for visual Re-ID.

3 | Dataset

We adopt the following terminology consistently throughout
this section and the rest of the paper. A (source) video denotes a
raw thermal recording from a single UAV flight. A sequence is a
contiguous temporal window extracted from a source video;
each source video may yield one or more sequences. A frame is
a single image within a video or sequence (29.97 frames per
second). An identity refers to a uniquely identifiable individual
animal that can be detected and re-identified within a video or
sequence. An image crop is a bounding-box-aligned patch
extracted around a single animal detection.

Between April 2022 and March 2025, we assembled a compre-
hensive airborne wildlife dataset, comprised of RGB and, most
notably, thermal video data (extension of our preview published
in ref. [47]). The dataset encompasses over 400 recorded flights,
each capturing a diverse array of mammalian species. The
videos were undistorted based on estimated camera intrinsic
parameters (for more details see Subsection 4.1). Each video was
manually annotated with axis-aligned bounding boxes by wild-
life ecologists highlighting species and occlusion status using a
key-frame approach.

Within this dataset, red deer (Cervus elaphus) and wild boar (Sus
scrofa) account for approximately 30% of annotated instances
each, making them the two most frequently represented species.
Fallow deer (Dama dama) represent the third most frequently
labelled species, whereas roe deer (Capreolus capreolus)
comprise the fourth largest group. In addition to these dominant
classes, the dataset includes a range of other mammals such as
chamois (Rupicapra rupicapra) or Alpine ibex (Capra ibex),
which have been recorded in diverse wild animal enclosures as
well as natural habitats.

Building upon this foundation, we curated a specialised object-
detection subset using 225 source videos, featuring three
ecologically significant species in Austria—red deer, wild boar
and roe deer Reimoser and Reimoser [48]. Because the primary
use case targets density estimation and individual tracking
rather than species classification, all animals are annotated
under a single “animal” label. This subset serves as the basis for
training an object detection model. It consists of 19,252 frames
in total, comprising 44,186 bounding-box annotations across
15,730 training frames (~80%), 9823 annotations across 1696
validation frames (~10%) and 4926 annotations across 1826 test
frames (~10%). Splits are defined based on individual source
videos and flight locations to avoid biases related to environ-
mental, sensor or flight characteristics. As a result, species dis-
tributions differ between the subsets. However, because our
focus is on general wildlife tracking and we are not considering
species classification at this stage, this should not affect down-
stream results.

In addition, we derived two further tailored versions of the dataset
to address specific computer vision tasks, using the same video-
level train/test assignments as the detection subset. The first is
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designed for our MOT use case, supporting the development and
benchmarking of tracking algorithms. It consists of 886 sequences
in total (714 sequences comprising 239,184 frames and 2434
tracks in train; 172 sequences comprising 61,450 frames and 943
tracks in test), with 676,413 and 223,309 bounding box annota-
tions, respectively; detailed per-split statistics are provided in
Table 1. For the MOT dataset, the key-frame bounding boxes were
interpolated to create complete, gap-free tracks covering both
nonoccluded and occluded animal positions.

The second derived dataset focuses on the task of individual
animal Re-ID, enabling more advanced and longitudinal
monitoring of wildlife. It comprises 1950 identities in total (1725
identities in train; 225 identities in test), each represented by
multiple image crops. The training split contains 32,894 image
crops across 1725 identities (19.1 + 2.2 crops per identity on
average). The test split is further divided into a query set and a
gallery set: the query set contains 757 image crops across 225
identities (3.4 + 0.8 crops per identity in average), and the
gallery set provides the candidate pool for retrieval with 3235
image crops across the same 225 identities (14.4 + 2.4 crops per
identity in average). All crops are uniformly extracted from the
source frames with a size of 128 X 128 px. A summary of all
three task-specific datasets is provided in Table 2.

4 | Methodology

Automated UAV missions are executed using predefined flight
plans that specify waypoints, flight altitudes, speeds and camera
actions, following the setup described by the authors in ref. [49].
These missions are uploaded to the flight controller, allowing the
drone to autonomously follow the trajectory while maintaining
stable altitude above ground level (AGL) and gimbal orientation.
During the flight, a real-time kinematic (RTK; [50]) base station
provides real-time differential corrections to the UAV, enabling
centimeter-level positioning accuracy. This high-precision local-
isation is crucial for downstream geo-referencing, as even small
positional drifts can accumulate into substantial mapping errors.
Following the flight execution, multiple pre-processing steps are

TABLE 1 | Summary statistics of the MOT dataset.

Train Test
335.0 + 421.7 357.3 + 204.6

Property

Frames per sequence
(mean =+ std)

Frames per sequence 238 325
(median)

Animals per frame 3.04 £ 321 384 = 3.63
(mean =+ std)

Sequences with > 1 track (%) 61.8% 75.0%
Occlusion frequency (%) 66.1% 42.9%

Occ. length (frames, 215.5 + 189.9 172.0 = 138.7

mean *+ std)

Species: Red deer 39.3% 28.6%
Species: Wild boar 50.9% 24.6%
Species: Roe deer 9.8% 46.8%

Note: Average values are reported as mean =+ standard deviation. Occlusion
(Occ.) frequency is defined as the fraction of tracks with at least one frame
classified as occluded in the underlying dataset.

applied before the object detection and geo-referenced tracking
pipeline is applied. This process is illustrated in Figure 3.

4.1 | Pre-Processing

The proposed pipeline builds on automated UAV flights con-
ducted with DJI platforms (DJI M3T and M30T). These UAVs
record (multi-spectral) videos while simultaneously logging the
global position and orientation of both the drone and its gimbal-
mounted camera. Global positions are provided in the WGS84
reference system (longitude, latitude, altitude). To enable reli-
able tracking in geographic space, all longitude-latitude pairs
are converted into a local UTM-based coordinate system (for our
dataset, UTM zone 33N, EPSG:32633). This transformation
replaces angular geographic coordinates with metric planar
coordinates, which is essential for computing distances, veloc-
ities, and intersection areas between geo-referenced bounding
boxes. Using UTM coordinates ensures consistent units (metres)
across the tracking pipeline, allowing accurate evaluation of
spatial overlap and object motion on the ground—capabilities
that are not feasible when working directly with spherical
latitude-longitude values.

DJI stores metadata for each video at 29.97 Hz in SubRip Text
(.srt) files, including camera position and orientation for
every video frame. However, these positions are limited to a
5-digit precision, which corresponds to an approximate spatial
accuracy of 1 m as highlighted by the authors in ref. [51]. In
parallel, DJI devices generate a proprietary flight log containing
higher-precision positioning (13-digit representation), albeit at a
reduced frequency of 10 Hz and covering the entire flight,
including segments without video recording (e.g., take-off,
navigation to the first waypoint, return-to-home and landing).
These flight logs can be accessed using third-party tools such as
AirData’.

To obtain high-precision global positioning for each video
frame, we synchronize both data sources using their timestamps
and an optimisation procedure that minimises the positional

TABLE 2 | Overview of all three task-specific datasets derived from
the same 225 source videos with shared video-level train/test
assignments.

Dataset Metric Train Test
Detection Frames 15,730 1826
Labels (bounding boxes) 44,186 4926
MOT Sequences 714 172
Frames 239,184 61,450
Labels (tracks) 2434 943
With bounding boxes 676,413 223,309

Re-ID Identities 1725 225

Image crops 32,894 3992

Of which: Query — 757
Of which: Gallery — 3235
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discrepancies between the 5-digit and 13-digit measurements
(as illustrated in Figure 4). Subsequently, we use linear inter-
polation to upsample the high-precision positions to 29.97 Hz.
This approach leverages the centimetre-level accuracy offered
by RTK-enabled flight operations [52].

Camera intrinsics are estimated using classical calibration pro-
cedures [53]. Because standard targets such as checkerboards
are unsuitable for our multi-spectral aerial setup, we instead use
2D feature correspondences across RGB and thermal images.
Conventional targets fail because thermal sensors capture
emitted long-wave infrared radiation rather than reflected light,
making printed patterns effectively invisible. Drone-based
acquisition introduces further constraints: sensors operate at
large varying distances, and any physical target would need to
be several metres wide.

To address this, we rely on objects that yield stable, high-
contrast signatures in both modalities. Structured objects, such
as buildings (as shown in Figure Al), provide sharp contours
suitable for cross-modal keypoint selection. Using these

. . Distributed Synced
Flight Plan RTK Station Metadata Metadata

5

manually defined correspondences, we compute homographies
and intrinsic parameters, including distortion coefficients,
enabling geometric undistortion and consistent spatial align-
ment between sensors, which is required for accurate projection
of points from image to world plane. After undistortion and
cropping, the recordings have a resolution of 512 x 512 px
(M3T), respectively, 1024 x 1024 px (M30T). Although RGB
data are not used for tracking, they can support interpretation of
ecological results as shown in Figure Al0a.

4.2 | Detection

For our detection stage, we trained a YOLO11x model [54] class-
agnostically for general wildlife detection on the described data-
set. YOLO was selected for its strong balance of inference speed
and detection accuracy and its native support for bounding-box-
level outputs compatible with downstream tracking frame-
works. The model converged rapidly during training, with all loss
components decreasing steeply during the initial epochs and
stabilising thereafter, indicating a good fit between the architec-
ture and the thermal imaging domain, as shown in Figure A2 in

Metadata
Correction z/alt.

&

Georeferencing

v Distortion s
Coefficients x/long.
LILL @
I — [ | C-mm
180001
LTI
= [ | [ |
TLLLL
. Videos Frame . . . .
Control Flight (RGB + Thermal)  Extraction Undistortion Detection Tracking

Flight Execution

.
Pre-Processing

Georeferenced Tracking

FIGURE 3 | Overview of the geo-referenced drone-based detection and tracking pipeline. The workflow begins with flight execution, including

mission planning, control, RTK-based positioning and image metadata acquisition. In the pre-processing stage, video synchronisation, frame

extraction, and camera-calibration-based undistortion are performed. The processed frames then enter the geo-referenced tracking stage,

consisting of object detection, geo-referencing of bounding boxes and finally multi-frame tracking of detected animals.

time(millisecond): 0

latitude: 48.3991039651327
longitude: 14.4385311321215
height_above_takeoff: 0

time(millisecond): 416900
latitude: 48.3981585677051
> longitude:14.4368477546887
height_above_takeoff: 45.16489

isVideo: False isVideo:True
2.9 ‘

00:00:00,662--> 00:00:00,696
latitude: 48.36793

longitude: 14.51061

rel_alt: 23.131

gb_roll: 0.0

FIGURE 4 | Synchronisation of DJI's high-precision flight log (top) with the lower-precision per-frame SRT metadata (bottom). The flight log
provides 13-digit GNSS positions at 10 Hz for the entire mission, including non-recording phases, whereas the SRT file supplies 5-digit GNSS

positions and camera metadata at 29.97 Hz only during video capture. By aligning both data sources via timestamps and positional optimisation
(green markers), high-precision positions can be interpolated for every video frame.
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the Appendix. Validation performance closely tracked the
training curves, showing no signs of overfitting. The detector
reached high accuracy across all metrics, achieving a mAP50 of
approximately 0.97 and a mAP50-95 near 0.90, demonstrating
both robust detection sensitivity and precise spatial localisation
despite the diffuse contours characteristic of nonradiometric
thermal signatures. Precision increased to above 0.93, whereas
recall stabilised around 0.92, indicating that the model produced
few false positives while still capturing the vast majority of animal
instances. Notably, because of the nonradiometric nature of the
data, the model performance may vary significantly across other
recordings with lower foreground/background contrast.

4.3 | Re-Identification

As described in the state-of-the-art Section 2, some tracking
algorithms incorporate appearance cues extracted through a
dedicated Re-ID network. For example, the Deep OC-SORT
architecture builds upon the foundational simple online and
realtime tracking (SORT) algorithm [55] by incorporating these
additional features, among other adaptations. Likewise, Deep
OC-SORT substantially enhances robustness in the presence of
occlusions, target interactions and complex motion patterns.
However, because the original Deep OC-SORT framework, for
example, was designed for multi-pedestrian tracking, its inte-
grated Re-ID component is trained exclusively on RGB imagery
of persons. This makes it suboptimal for our context, where
aerial thermal imagery of wildlife with different visual charac-
teristics forms the primary data source. The same is true for
other algorithms.

To address this limitation, we trained a wildlife-specific thermal
Re-ID model based on the Omni-Scale Network architecture
Zhou et al. [56]. The model was trained on the aforementioned
thermal data subset tailored for re-identification tasks, enabling
it to capture domain-specific appearance characteristics of
wildlife in thermal imagery. In this way, the Re-ID model
achieves a Rank-1 accuracy of 94.2%, Rank-5 of 97.0%, Rank-10
of 98.3%, and Rank-20 of 98.7%, demonstrating its strong
discriminative capability in challenging field conditions, pro-
vided that major parts of the specific animals are visible.

4.4 | Geo-Referenced Tracking

After object detection, each bounding box is projected from
image space into geographic coordinates, enabling tracking
directly in real-world metric space rather than in the image
plane. Object geo-referencing is performed by casting rays from
the drone's/camera’s global position, directed by its global
orientation, through the corners of each 2D detection, and
intersecting them with a high-resolution digital elevation model
(DEM) represented as a triangular mesh (as illustrated in
Figure 5). This yields a set of world-space points describing the
footprint of the detected animal on the terrain surface. The final
geo-referenced bounding box is derived by taking the axis-
aligned minimum and maximum of the projected 3D points.
By ignoring the altitude information, we again project these
points back to a planar space. Typically, a digital terrain model
(DTM) is used as DEM. However, depending on the use case, a
digital surface model (DSM) may be required for example, when
mapping arboreal animals in trees.

Because residual errors in drone localisation can produce sys-
tematic projection bias, we incorporate manually determined
correction factors. These corrections may be static for an entire
flight or defined for specific frame intervals to compensate for
time-varying deviations. The correction values are obtained by
projecting the positions of static objects (ideally flat to avoid
depth ambiguity) across multiple viewpoints and iteratively
adjusting the yaw and altitude offsets to maximise the sharpness
of the objects’ edges while minimising their apparent spatial
displacement (as illustrated in Figure 6). This procedure effec-
tively treats the scene as a geometric reference grid and uses
internal image consistency as the optimisation criterion. At the
boundaries between adjacent correction intervals, we apply
linear interpolation between the two corresponding correction
sets to avoid step discontinuities in the projected coordinates;
within each interval, the correction is applied as a constant
offset. In practice, the magnitude and temporal pattern of these
deviations vary considerably between flights. Across all experi-
ments, we were unable to identify a consistent triggering con-
dition or temporal structure that would reliably indicate
whether such errors would occur at all, how large they would be
or at which point(s) during a flight they might manifest. The
only stable trend we observed is that the corrections, when
required, are limited to altitude and/or yaw.

The quality and especially the spatial resolution of the DEM
directly bounds the projection accuracy, as a coarser DEM in-
troduces larger terrain approximation errors that propagate into
the world-coordinate estimates. This relationship can be for-
malised: when a ray is cast from the camera centre through a
detection pixel onto the mesh surface, the DEM cannot represent
elevation variation within a single grid cell of size d. On a slope with
gradient a, this introduces a worst-case elevation uncertainty of
approximately Ah =~ d-tan(a), which in turn produces a horizontal
displacement Ar ~ d-tan(a)-tan(6) at the angle 6 between the cast
ray and the vertical plane. Notably, as the terrain gradient ap-
proaches zero (¢ — 0), the displacement Ar vanishes regardless of
grid size d, implying that in flat or gently undulating areas the
spatial resolution of the DTM becomes increasingly less critical for
geo-referencing accuracy. For geo-referenced detections to be

Camera with Frustum

~ ~
Detection &3 3
(Image Space)  ~

Detection
(Global Space)

FIGURE 5 | Visualisation of the geo-referencing workflow, where
the drone's position and orientation initiate ray casting through the
image-space bounding-box corners to generate globally referenced
bounding boxes on the digital elevation model.
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ecologically meaningful in more variable topographies, the
displacement must remain well below the animal's ground foot-
print. Red deer (Cervus elaphus) occupy approximately 1.6-2.5m in
body length, wild boar (Sus scrofa) span roughly 0.9-1.8 m, and roe
deer (Capreolus capreolus) are the smallest of the three at approx-
imately 1.0-1.3 m. Therefore, sub-metre geo-referencing precision
is required to reliably attribute a detection to an individual's true
ground position. Considering a moderately steep forested slope of
a ~ 25°and an off-nadir angle of 9~30° near the edge of the sensor’s
field of view, a 10 m DTM (e.g., Copernicus GLO-30) yields
Ar = 2.7 m, exceeding the body dimensions of all three target spe-
cies and rendering individual-level localisation unreliable. A 1 m
DTM as provided by the Austrian Federal Office of Metrology and
Surveying (BEV) reduces this error to approximately 0.27 m, which
satisfies the sub-animal precision requirement. The DTMs pro-
vided by Austrian federal-state open government data portals that
we use in this work offer a still finer horizontal grid spacing of
0.5 m, further reducing the theoretical displacement to approxi-
mately 0.13 m. The ray-mesh intersection step is the computa-
tionally dominant stage of geo-referencing, and its cost scales with
the total number of mesh triangles. However, even at 0.5 m reso-
lution the overhead remains modest. For our MOT dataset, geo-
referencing a bounding box takes on average only 25.88 ms,
while initially loading the DEM requires, on average, 1.77 s
(required only once per flight or per area in cases with multiple
flights), as shown in Table 3.

As a subsequent step, we use the geo-referenced bounding boxes
in two complementary ways using adapted versions of the Deep
OC-Sort algorithm [20]. First, we change the algorithm to use
bounding box definitions within a global space natively instead
of the classic pixel-based (local) coordinates, and secondly, we

Altitude

(@

FoV,

Altitude + Correction

Geo-Referenced Segtic Object

22
Static object with matching global position from different views

(b)

FIGURE 6 | To compensate positional and orientational errors, we
apply manual corrections by taking (a) a set of views from different
time steps showing the same static object, whose geo-referenced
positions are initially inconsistent due to residual localisation errors.
A correction factor is then applied to yaw and altitude offsets.
Subfigure (b) shows the same static object viewed from the same
perspectives after applying the correction, with its geo-referenced
footprint now consistently aligned across all viewpoints.

use a hybrid approach, where the global coordinates are used
during an additional association stage next to the local co-
ordinates in the initial stages.

44.1 | Geo-Native Tracking

The adaptation of the Deep OC-Sort algorithm transforms it
from a traditional 2D pixel-plane tracker into a geo-native
tracking system. This fundamental shift decouples the object-
tracking logic from the camera's perspective, moving the
entire inference pipeline into a geo-referenced coordinate sys-
tem. By redefining the bounding box representation, the tracker
no longer operates on screen coordinates but instead processes
projected world coordinates such as metres.

The core modification lies within the Kalman filter, which has
been re-engineered to track targets in real-world units rather
than image pixels. Consequently, the state vector now repre-
sents the object's physical centroid, area, and real-world veloc-
ity. This transition addresses the perspective distortion issues
inherent in standard tracking; for example, when recording with
an oblique angle, an object moving at a constant speed towards
the camera appears to accelerate in pixel space, confusing linear
filters. By operating in a metric space, the constant-velocity
assumption becomes physically valid, resulting in significantly
more accurate trajectory predictions.

A major architectural change accompanying this shift is the
removal of camera motion compensation (CMC) for the tracking
state. In the original Deep OC-Sort, camera movement required
complex image alignment to prevent stationary objects from
drifting in the tracker's view (as shown in Figure 2). However,
because the new system tracks coordinates in a fixed geographic
frame, the logic becomes inherently invariant to camera ego-
motion. Panning or tilting the camera changes where an object
appears on the screen but does not alter its geographic coordinates,
thereby stabilising tracking without the need to warp the Kalman
state.

The data association phase has also been updated to utilise a
geometric Intersection over Union (IoU) metric calculated in
world space. This “Geo-IoU” standardises the association pro-
cess because objects now retain consistent physical sizes

TABLE 3 | Summary statistics of digital elevation model (DEM)
characteristics and bounding-box (BB) geo-referencing performance
across all 886 flights of the MOT dataset.

Metric Mean Std
DEM (n = 886) Load time [s] 1.773 3.096
File size [GB] 0.062 0.117
Area [km?] 1.086 2418
Triangles [10°] 1.945 4.297
BB (n = 804,854) Georef. time [ms] 25.879 192.791
BBs per flight 3593.098 7149.989

Note: Reported values include mean, standard deviation (Std), minimum (Min)
and maximum (Max). DEM-related metrics are computed per flight, including
loading time as well as physical and spatial extent, whereas BBox
geo-referencing time is measured per individual bounding box. This results in a
substantially larger sample size for BBox-related measurements, and varying
numbers of bounding boxes per flight lead to differing statistical distributions.
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regardless of their distance from the camera lens, unlike in pixel
space, where distant objects appear smaller. Furthermore, the
velocity direction consistency checks, which help to filter un-
likely matches during association, now operate on real-world
velocity vectors. This ensures that the tracker understands the
object's true cardinal direction, preventing perspective fore-
shortening from causing false mismatches. Despite the geo-
native core, the system maintains a hybrid input-output inter-
face to support appearance-based re-identification. Although the
motion logic and the observation-centric recovery (OCR) pipe-
line rely strictly on geographic history to recover lost tracks, the
system continues to use pixel-space crops to extract visual em-
beddings, as appearance features exist only in the image plane.
The final output is a synthesis of these two worlds, providing
robust geographic track IDs that are mapped back to their most
recent pixel coordinates for visualisation on the original video
feed, respectively, for comparison with classic image-space
trackers.

4.4.2 | Geo-Hybrid Tracking

Additionally, we propose a hybrid multi-object tracking archi-
tecture that extends the Deep OC-Sort paradigm by integrating
geo-spatial world coordinates into the association logic. Stan-
dard visual trackers often degrade under conditions of severe
occlusion, similar visual appearance among targets or erratic
camera motion. To mitigate these failure modes, our approach
maintains a dual-domain state representation for every tracked
object, allowing the system to fall back on absolute world-
coordinate positioning when pixel-space metrics become unre-
liable. The algorithm operates through a rigorous cycle of state
prediction, camera motion compensation, and a hierarchical
three-stage association cascade.

The fundamental unit of the framework is the track state, which is
composed of three distinct vectors: a pixel-space kinematic state, a
geo-spatial state and a visual appearance embedding. The pixel-
space state uses a Kalman filter with a constant-velocity model
to track the bounding box centre, scale and aspect ratio, along
with their derivatives. Simultaneously, the geo-spatial state tracks
the object's position in projected world coordinates. Unlike the
pixel state, the geo-state includes a velocity vector derived from
physical units (metres per second), providing a motion model
that is invariant to camera ego-motion. Additionally, a visual
embedding is maintained using an exponential moving average of
RelID features extracted from the detections, ensuring temporal
consistency in object appearance. The tracking cycle initiates with
a prediction phase. The Kalman filter propagates the pixel-
domain state forward in time, whereas the geo-spatial state is
linearly extrapolated based on its historical velocity. To account
for camera movement, we employ a CMC as in the original Deep
OC-Sort. An affine transformation matrix is computed by aligning
feature points across consecutive frames, and this matrix is
then applied to the predicted means and covariances of the pixel-
space Kalman filters. This alignment ensures that the predicted
bounding boxes are registered to the current image coordinate
system before association begins. Crucially, the geo-spatial pre-
dictions do not require this compensation, as they exist in
an absolute coordinate frame independent of the camera's
perspective.

The association of detections to tracks is performed via a hier-
archical cascade that prioritises high-confidence visual matches
before resorting to spatial recovery. The first stage implements
the standard Deep OC-Sort association logic. A cost matrix is
constructed using a weighted combination of IoU, cosine dis-
tance between visual embeddings and a velocity-consistency
term. This velocity term corrects the Kalman filter's pre-
dictions by incorporating the object's estimated speed, thereby
handling nonlinear motion more effectively.

The second stage, termed observation-centric recovery (OCR),
addresses the “overshooting” problem common in Kalman
filtering when objects abruptly stop or change direction. Rather
than comparing unmatched detections to the predicted track
positions, which may have drifted, the algorithm compares
them to the last-known observed pixel bounding boxes of the
remaining unmatched tracks. This step is particularly effective
for recovering tracks that have been temporarily occluded or
stationary, preventing identity switches caused by prediction
error.

The final and most novel component of the hierarchy is our
geo-referenced association stage. This stage targets difficult
cases where pixel-based overlap and visual appearance metrics
fail, often due to long-term occlusion or significant displace-
ment caused by camera shifts. Here, the algorithm utilises the
projected world coordinates of the remaining unmatched de-
tections and tracks. A cost matrix is computed using the
Generalised Intersection over Union (GIoU) of the geo-spatial
bounding boxes. GIoU is selected over standard IoU because
it provides a nonzero gradient even when boxes do not strictly
overlap, allowing the system to associate objects that are
spatially proximate but disjoint. For tracks that are signifi-
cantly displaced, the system applies a secondary fallback
metric based on the Euclidean distance between centroids in
world coordinates. If the physical distance falls within a strictly
defined threshold (e.g., 3 m), the association is recovered. This
stage provides a robust safety net, anchoring the tracker to the
world.

Upon the conclusion of the association cascade, the system
updates the internal states of all matched tracks. The Kalman
filter is updated with the new pixel bounding box, the geo-
history is appended with the new world coordinates, and the
appearance embedding is updated via the moving average.
Unmatched detections are initialised as new tentative tracks,
while tracks that remain unmatched for a predefined number of
frames are considered lost and subsequently terminated. This
multi-stage approach ensures that the tracker benefits from the
precision of visual data while retaining the robustness of
physical spatial logic.

5 | Results

For the evaluation, we have adapted the Deep OC-Sort imple-
mentation within the BoxMOT? framework and utilised the
TrackEval® framework for the evaluation. This allows com-
parison against state-of-the-art tracking algorithms: BoostTrack
[19], BoT-SORT [21], ByteTrack [17], OCSort [57], StrongSORT
[16] and the original Deep OC-Sort [20]. Additionally, we
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integrate the point-based tracking algorithm proposed by the
authors in ref. [39]. For this purpose, the centres of the detected
bounding boxes are used as tracking foundation.

In addition to these tracking-by-detection approaches, we also
integrated SAM3 [37],specifically, its recent update SAM3.1.
However, these results must be interpreted with caution. First,
SAM3 (and likewise SAM3.1) is primarily trained on RGB data,
whereas our dataset consists of thermal imagery, leading to a
significant domain gap that can negatively impact performance.
Second, SAM3 does not inherently perform identity-aware multi-
object tracking. Likewise, each box prompt is treated as an inde-
pendent track initialisation, without any mechanism to merge
overlapping or re-identify trajectories across frames. To enable a
meaningful evaluation despite these limitations, we approxi-
mated a tracking scenario by leveraging the ground truth anno-
tations: for each annotated trajectory, only the first frame was
used to initialise SAM3 via a bounding box prompt. We then
evaluated how consistently SAM3 was able to propagate the
corresponding mask (and derived bounding box) over subsequent
frames.

Furthermore, we integrated MambaTrack [27] into the evalua-
tion. MambaTrack relies on a detector module, a feature
extraction module and the Mamba Motion Predictor (MTP) to
forecast object trajectories using a state-space model, which has
demonstrated strong performance in occluded scenarios. How-
ever, the original MPT is trained on the DanceTrack dataset
[58], which consists of human dance videos exhibiting move-
ment characteristics substantially different from those of wild-
life in thermal aerial footage with additional camera movement.
To reduce this domain gap, we retrained the MPT component
from scratch on our MOT training split. Additionally, we
replace the detection module with our YOLO based detections.
The resulting domain-adapted model is then evaluated using
TrackEval alongside all other compared approaches, ensuring a
consistent and fair evaluation protocol.

All experiments are conducted in a Docker based environment on
a system equipped with a NVIDIA RTX4080 GPU (16 GB VRAM)
and a Intel Core i9-13900K CPU with 32 GB of RAM with one
exception. Due to its requirements of partially 30+ GB of VRAM
(depending on the analysed sequence), SAM3.1 has been evalu-
ated on an NVIDIA DGX-A100 system utilising one NVIDIA
A100 GPU (40 GB VRAM) and equipped with 640 GB of RAM.
The approaches are compared using identity-focused multi-object
tracking metrics because all methods (except of the additionally
compared SAM3.1) rely on the same YOLO detector (presented in
Section 5) and therefore share identical detection quality (except
for differences due to bounding box filters). This ensures that the
evaluation isolates the performance of the tracking component.
Identity consistency is assessed primarily through the ID switch
(IDSW; [59]) metric, which counts how often a tracker assigns an
incorrect identity to an object during its lifetime. To capture
overall identity-preserving performance, we additionally report
IDF1 and the association accuracy (AssA) metric [60]. IDF1
measures how well predicted trajectories maintain the correct
identities over time, whereas ASSA summarises association
quality at the sequence level by jointly considering correct and
incorrect identity assignments.

Based on the bounding boxes, we also prepared identity em-
beddings using our trained omni-scale model (presented in
Section 6), which again are re-used equally across the different
tracking approaches, where applicable. Because not all archi-
tectures support such visual cues, result changes are limited to
those integrating this feature.

For the evaluation of our geo-referenced wildlife-tracking
approach, we relied on the previously described MOT dataset,
which is split into training and validation subsets. Because the
major part of the tracking component in our current pipeline is
purely deterministic and operates solely on provided bounding
boxes, no learning-based methodology is involved at this stage
(except of the Re-ID model). This is also true for the other
compared approaches (except of the MTP module as part of
MambaTrack). Consequently, we evaluate both subsets and
report the results for each subset independently. In the context of
the present work, this separation is not required for model opti-
misation (especially with BoxMOT's default Re-ID model) but
ensures methodological consistency and prepares the dataset
structure for future extensions. In particular, it allows seamless
integration of end-to-end tracking frameworks that jointly learn
detection and re-identification in the future, where the distinction
between training and validation data becomes essential. The
quantitative results are shown in Tables 4 and 5. A qualitative in-
depth comparison for a tracked animal is shown in Figure 7 and
with additional examples in the Appendix C with Figures A3-AS.

Our study focuses on tracking performance, with particular
emphasis on identity stability in occluded scenarios. Likewise,
other metrics provided by TrackEval, including detection-
oriented metrics, are not thhe focus, but are still shown for
comparability in the Appendix in Tables Al, A2.

6 | Discussion

The results demonstrate that incorporating geo-referenced in-
formation into the multi-object tracking pipeline improves
identity preservation during wildlife monitoring in (thermal)
drone videos, especially under conditions of severe occlusion and
ambiguous visual appearance. Quantitatively, these advantages
translate into a measurable reduction in IDSW. In all tests, the
geo-hybrid approach achieves the lowest number of IDSW across
the evaluation (test: 34/train: 168 without custom embeddings
and 30/162 with such visual cues, respectively) while showing
comparable or improved identity-preserving performance, out-
performing not only the original Deep OC-SORT (40/202 without
custom embeddings and 53/185 with visual cues, respectively) but
also all other trackers by 17% (without custom embeddings) and
19% (with custom embeddings) or even higher in the combined
results of the train and test splits. The improvement is particularly
notable given that the geo-referenced methods do not use addi-
tional appearance training (except of the Re-ID model, i.e.,
however used equally across all methods); gains are achieved
entirely by operating in physically meaningful coordinates, which
stabilise motion modelling and association. Interestingly, the geo-
native approach benefits markedly from custom Re-ID embed-
dings, with ID switches on the test split reduced from 84 to 33,
indicating that there are some ambiguities in global positions, for
example, due to close clusters of animals, that can be resolved
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TABLE 4 | Tracking results across the train and test split based on AssA, IDF1, and IDSW with BoxMOT's default embedding-based Re-ID model

“osnet_ain_x1_0.pt”, where applicable (*).

Test Train
Model AssA 1 IDF1 1 IDSW | AssA 1 IDF1 1 IDSW |
StrongSORT* 55.324 51.171 509 48.565 43.167 1989
ByteTrack 54.992 51.701 289 48.996 43.867 952
BoT-SORT* 56.58 52.283 264 51.738 45.14 718
Koger et al. [39] 50.254 46.42 221 47.67 42.117 628
MambaTrack 51.697 47.125 135 47.5817 42.139° 536"
SAM3.1 43.355 26.911 128 40.467 22.805 412
OCSort 52.435 46.185 108 47.871 41.971 445
BoostTrack* 50.603 43.896 97 46.541 40.933 361
Deep OC-Sort* 56.526 48.806 40 52.434 44.976 202
Geo-native* (ours) 52.703 46.225 84 48.299 42.363 370
Geo-hybrid* (ours) 56.672 48.799 34 52.175 44.878 168

Note: The bias, since the MPT module of MambaTrack is trained on the the train dataset (. Underlined values indicate the best result for each metric, evaluated

column-wise. Bold text identifies our two proposed approaches.

TABLE 5 | Tracking results across the train and test split based on AssA, IDF1, and IDSW with our custom embedding-based Re-ID model, where

applicable (*).

Test Train
Model AssA 1 IDF1 1 IDSW | AssA 1 IDF1 1 IDSW |
StrongSORT* 55.31 51.146 507 48.573 43.174 1986
ByteTrack 54.992 51.701 289 48.996 43.867 952
BoT-SORT* 56.58 52.283 264 51.738 45.14 718
Koger et al. [39] 50.254 46.42 221 47.67 42.117 628
MambaTrack 51.697 47.125 135 47.581° 42.139° 536"
SAM3.1 43.355 26.911 128 40.467 22.805 412
OCSort 52.435 46.185 108 47.871 41.971 445
BoostTrack* 50.92 43.951 94 46.754 40.863 350
Deep OC-Sort* 55.349 48.033 53 52.452 44.994 185
Geo-native* (ours) 56.666 48.694 33 51.876 44.825 167
Geo-hybrid* (ours) 56.714 48.841 30 52.191 44.889 162

Note: The bias, since the MPT module of MambaTrack is trained on the the train dataset . Underlined values indicate the best result for each metric, evaluated

column-wise. Bold text identifies our two proposed approaches.

using some additional image level comparisons. The geo-hybrid
approach also improves, whereas the standard Deep OC-Sort al-
gorithm degrades in the test dataset and BoT-SORT does not
change at all. Although especially the original Deep OC-Sort
model already achieves strong results on our dataset, the use of
global coordinates improves tracking in cases with long-term
occlusions (as shown in Figure 7). However, because the dataset
contains a large proportion of samples without (long-term) oc-
clusions, the adapted algorithms can only demonstrate measur-
able improvements in the comparatively few sequences that
exhibit long-term occlusions. An additional issue arises during
evaluation because, although the detection model was trained in a
class-agnostic manner using only deer and wild boars, it partially
generalises to other species such as horses (IDs 1, 2, 5,7, 14, and 15
in Figure 8a,c). These individuals are detected and tracked
correctly by the compared approaches, but they are not repre-
sented in the ground-truth data, and thus bias the metrics
(especially AssA and IDF1).

Consistent with the conservative detection filtering strategy
inherited from Deep OC-SORT, the geo-referenced trackers
report lower detection recall than high-recall baselines (Byte-
Track, BOTSort, StrongSORT), producing approximately 70K
(train)/18k (test) fewer false positive track-detection assignments
without custom embeddings (as shown in Table Al). This
behaviour stems from the deliberate suppression of low-
confidence detections to avoid erroneous associations, prioritis-
ing identity stability over detection completeness. As a result,
DetA is lower (~ 32 for train/~ 27 for test) compared to the high-
recall baselines (~ 36 for train/~ 34 for test), which in turn re-
duces the HOTA score, which combines DetA and AssA. How-
ever, within the same detection regime—that is, among trackers
following a similarly conservative filtering strategy (OC-SORT,
Deep OC-SORT)—the geo-referenced trackers achieve competi-
tive or superior HOTA, driven by their stronger AssA. The lower
HOTA relative to BOTSort or ByteTrack should therefore be
interpreted as a consequence of the detection-association trade-
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FIGURE 7 | Visual comparison between the original Deep OC-SORT algorithm in image-space (b) and the geo-hybrid implementation (without

custom embeddings) (c), demonstrating improved tracking performance when the animal is occluded between frames. Image (a) represents the initial
frame, with (b) and (c) captured 1.7 seconds later. With local coordinates, the algorithm fails to maintain consistent identification as highlighted by
the different bounding box IDs and colours (green vs. magenta). In contrast, our method successfully tracks the occluded animal throughout the

sequence. Zoomed in for better readability. Sequence ID 26_3 in our MOT dataset.

off rather than weaker tracking performance. This interpretation
is further supported by the reduced number of IDSW, indicating
that stricter detection acceptance effectively suppresses erro-
neous associations at the cost of recall.

In contrast to the tracking-by-detection approaches, the behav-
iour of SAM3.1 reveals several fundamental limitations in our
setting. Most notably, SAM3.1 is trained exclusively on RGB im-
agery, which introduces a substantial domain gap when applied to
our thermal data. This mismatch becomes particularly evident
when using text prompts, which did not yield any meaningful
results in our experiments. In contrast, bounding box prompts
allow for partial functionality, enabling SAM3.1 to initialise and
propagate object masks across frames. Under ideal conditions, the
model demonstrates strong short-term temporal consistency and
is able to reliably track the prompted region as long as the object
remains clearly visible. However, this strength quickly de-
teriorates in the presence of occlusions as shown in the Appendix
in Figure A9. As soon as the target is partially or fully occluded,
SAM3.1 fails to maintain a stable representation, often causing
the predicted masks and consequently the derived bounding
boxes to drift, expand uncontrollably or even collapse. In several
cases, bounding boxes grew to cover large portions of the image or
were entirely lost, highlighting the lack of robustness in out-of-
distribution scenarios (thermal aerial recordings) similar to that
of ours. These observations underline that, although SAM3.1
shows promising capabilities for prompt-based mask propaga-
tion, its applicability for reliable object tracking in thermal wild-
life monitoring remains limited without substantial domain
adaptation (e.g., with retraining) and explicit mechanisms for
occlusion handling.

MambaTrack, despite being retrained on our domain-specific
MOT training data, achieves only a mid-range performance of
135IDSW on the test split. This places it clearly ahead of methods
that suffer heavily from the complexity of our data (such as
StrongSORT (509), ByteTrack (289), BoT-SORT (264) and the
centroid-based approach proposed by Koger et al. (221) but

substantially behind the stronger tracking-by-detection methods
such as BoostTrack (97), OC-SORT (108) and Deep OC-SORT
(40), as well as both of our geo-referenced variants. The rela-
tively high identity switch count is notable given that Mamba-
Track's MPT component was explicitly retrained on our training
data rather than applied zero-shot. This suggests that the domain
gap is not merely a question of motion statistics: the combination
of low-texture thermal signatures, highly variable viewing angles
and long-term canopy occlusion likely limits the MPT's ability to
produce reliable trajectory predictions across the characteristic
motion patterns in our dataset, even after retraining. Unlike the
tracking-by-detection baselines, MambaTrack's motion pre-
dictions are more deeply tied to the learnt representation of tra-
jectory dynamics, which may not transfer well to the erratic and
intermittent nature of wildlife movement coupled with drone
movements in forested aerial surveys. These findings indicate that
state-space model-based tracking approaches require not only
domain-specific retraining of the motion model but potentially a
broader adaptation of the full pipeline—including the appearance
and association components—to handle the specific challenges of
thermal aerial wildlife data.

The geo-referenced trackers share a similar conceptual motiva-
tion with the approach of Koger et al. [39] in the direction of
downstream tasks, particularly in aiming to obtain a global
overview of animal positions. However, Koger et al. project drone-
based animal detections after tracking from pixel space into world
coordinates by generating and geo-referencing an orthomosaic of
the entire flight. This process implicitly localises camera and
animal positions and enables quantitative analysis of group
movement and behaviour. In contrast, our approach does not rely
on orthomosaic generation via photogrammetry. Instead, it em-
ploys per-frame ray-casting against a pre-existing DEM to esti-
mate world coordinates directly from individual frames and uses
this global reference for tracking. This significantly reduces pro-
cessing overhead since no 3D reconstruction of individual flights
is required. This advantage, however, comes at the cost of
requiring a pre-existing elevation model.
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FIGURE 8 | Comparison of tracking results in local image space (top row) and global map space (bottom row), including the geo-referenced

bounding boxes, field of view (yellow area), and flight route (yellow line). Left Column (a, c): Detected (continuous box) and interpolated (dashed
box) positions of deer (left of street) and horses (right of street)—a result from the generalised detection model. Right Column (b, d): A moving
group of deer showing tracked paths allowing examination of movement patterns. This example also contains lost tracks, because animals

partially left and re-entered the field of view. Because of that, in combination with the movement, no re-identification can be established.
Sequence Ids 14_1 (left column) and 223_1 (right column) in our MOT dataset.

Although this work focuses on thermal imagery, the geo-
referenced tracking principles are not inherently modality-
specific. The enabling factors—RTK drone localisation, camera
pose, and DEM intersection—are available regardless of image
modality. In principle, the geo-native and geo-hybrid frameworks
also work on RGB video as shown in Figure Al0a. The primary
challenge for RGB transfer would be a domain-appropriate detec-
tion and a Re-ID model, as the current models are trained exclu-
sively on thermal data.

Beyond improving temporal consistency, the use of geo-referenced
bounding boxes provides several additional advantages. First,
because detections are anchored in a global coordinate system, the
animals’ positions can be directly documented on a map and can be
interpolated when no detection is available for a specific frame (as
shown in Figure 8a,c). This makes spatial patterns across moni-
tored areas more comparable over time periods or recurring flights
and allows changes in habitat use or population distribution to be
visualised more clearly.
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Second, global bounding boxes enable the monitoring of move-
ment patterns (as shown in Figure 8b,d) at a landscape scale as
long as the animals remain within the camera's field of view,
without the need to generate an orthomosaic using resource-
intensive photogrammetry approaches (as, e.g., employed by
the authors in ref. [39]) because we only have to geo-reference
four points per bounding box instead of requiring overlapping
images, feature matching, 3D reconstruction, bundle adjustment,
and dense point clouds. This can reduce processing efforts while
still providing trajectories and spatial behaviour.

Third, geo-referenced detections allow the extraction of metric
measurements directly from the (tight) bounding boxes,
enabling quantitative analyses such as estimating animal sizes,
distances or spatial densities. Because each bounding box is
anchored in a geographic coordinate frame, object dimensions
can be estimated in real-world units rather than merely in image
space. This not only supports more reliable long-term tracking
but also opens the door to ecologically relevant morphometric
analyses. Importantly, accurate metric estimation is most reli-
able on the ground plane, while objects located above ground
height inherently introduce greater uncertainty due to depth
ambiguity and geometric projection effects. This limitation is
particularly pronounced during non-nadir flights, where obli-
que viewing angles amplify perspective distortions and small
elevation differences can lead to disproportionately large errors
in reconstructed object dimensions.

7 | Conclusion and Outlook

This work demonstrates that incorporating geo-referenced in-
formation improves the robustness of multi-object tracking in
thermal drone videos of wildlife. By projecting detections into a
global coordinate system and integrating these coordinates into
both geo-native and hybrid tracking pipelines, we mitigate
many of the limitations that arise from perspective changes,
long-term occlusions, and ambiguous thermal appearance. Our
experiments on a large-scale airborne thermal dataset show that
both proposed approaches reduce identity switches compared to
state-of-the-art image-space trackers, despite using identical vi-
sual detections. Beyond improved identity preservation, geo-
referenced bounding boxes enable additional downstream ben-
efits, including mapping animal locations, analysing movement
patterns at a landscape scale, and supporting metric measure-
ments directly in geographic space. Together, these results
highlight the value of moving from local image coordinates to-
wards physically meaningful world coordinates for wildlife
monitoring and pave the way for more reliable spatially explicit
assessments in drone-based ecological surveys.

The presented tracking approach represents an important in-
termediate step rather than a final solution for wildlife popu-
lation estimations. Building on these results, future work will
focus on leveraging the generated tracks of bounding boxes
within a majority voting-based framework allowing to go from
rough “animal” classes to a fine-grained classification including
species as well as age and gender identification.

For the present comparison, we have limited our evaluation to
learning-free MOT approaches based on upstream detection
results. In future work, we plan to extend this analysis not only

to end-to-end frameworks such as MOTRv3 [25] but also addi-
tional point-level approaches such as AllTracker [28] and assess
how they can be incorporated in a global-coordinate-based
approach.

Additionally, the projection approach is not limited to bounding
boxes and can be generalised to arbitrary geometric data.
Building on this, we plan to extend the pipeline to other com-
puter vision tasks such as segmentation. Preliminary results
with SAM3 [37] are promising (Figure A10). However, as in the
MOT use case, a dedicated evaluation dataset will be required to
enable a thorough analysis.
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Re-ID: https://doi.org/10.5281/zenodo.15532500. MOT: https://doi.org/
10.5281/zenodo.15532567. For geo-referencing our drone flights, we relied
extensively on digital elevation models with a resolution of 0.5 m provided
by various Austrian federal states. Although these DEMs are publicly
accessible, redistribution is not permitted. To reproduce our results, you
must therefore download the required tiles directly from https://www.da
ta.gv.at/ or from state-specific platforms (e.g., https://www.doris.at/ for
Upper Austria) and convert them to meshes with relative EPSG:32633
coordinates. The selection of DEM tiles is defined via JSON description
files that also specify the absolute origin (UTM and WGS84) and the spatial
extent. These JSON files, together with the manually determined correc-
tion files used in our workflow, are published as a replication package on
Zenodo (https://doi.org/10.5281/zenodo.17865822). To ensure reproduc-
ibility of our tracking approach without the pre-processing steps, we
additionally provide our geo-referenced bounding boxes alongside the
conventional image-space bounding boxes as part of this replication
package. Finally, the trained models are also publicly available via Hug-
ging Face (https://huggingface.co/cpraschl/bambi-models and https://hu
ggingface.co/models?p=1&sort=trending&search=Bambi).
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Appendix

Key Point Matching
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FIGURE Al |
keypoints for generating homography and camera intrinsics.

One example image pair with manually annotated

YOLO11x Training Dynamics
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FIGURE A2 | Training dynamics of the YOLO11x class-agnostic
wildlife detector on the thermal dataset. The plots illustrate the
evolution of training and validation losses (box, classification, and
distribution-focal loss) as well as the key performance metrics
(precision, recall, mAP50, and mAP50-95) over 50 epochs.
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Long-Term Occlusion Examples

(c)

FIGURE A3 | Example of a long-term occlusion: (a) shows the start
frame, while (b) and (c) depict another viewpoint after approximately
4 seconds of flight. In (b), Deep OC-SORT fails to maintain the track
of the animal with ID 1, whereas in (c), our Geo-Hybrid approach
(without custom embeddings) successfully continues the tracking.
Sequence ID 294_3 in our MOT dataset.

1D:5 (0.79)
.

L

(©

FIGURE A4 | Example of a long-term occlusion: (a) shows the start
frame, while (b) and (c) depict another viewpoint after approximately
10 seconds of flight. In (b), Deep OC-SORT fails to maintain the track
of the animal with ID 1, whereas in (c) our Geo-Hybrid approach
(without custom embeddings) successfully continue the tracking.
Sequence ID 243_6 in our MOT dataset.
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FIGURE A5 | Example of a long-term occlusion: (a) shows the start
frame, while (b) and (c) depict another viewpoint after approximately
5 seconds of flight. In (b), Deep OC-SORT fails to maintain the track
of the animal with ID 1, whereas in (c) our Geo-Hybrid approach
(without custom embeddings) successfully continue the tracking.
Sequence ID 241_1 in our MOT dataset.

(@)

FIGURE A6 | Example of a long-term occlusion: (a) shows the start
frame, while (b) and (c) depict another viewpoint after approximately
4 seconds of flight. In (b), Deep OC-SORT fails to maintain the track
of the animal with ID 1, whereas in (c) our Geo-Hybrid approach
(without custom embeddings) successfully continue the tracking.
Sequence ID 238_2 in our MOT dataset.
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FIGURE A7 | Example of a long-term occlusion: (a) shows the start
frame, while (b) and (c) depict another viewpoint after approximately
2 seconds of flight. In (b), Deep OC-SORT fails to maintain the track
of the animal with ID 1, whereas in (c) our Geo-Hybrid approach
(without custom embeddings) successfully continue the tracking.
Sequence ID 211_7 in our MOT dataset.

FIGURE A8 | Example of a long-term occlusion: (a) shows the start
frame, while (b) and (c) depict another viewpoint after approximately
8 seconds of flight. In (b), Deep OC-SORT fails to maintain the track
of the animal with ID 3, whereas in (c) our Geo-Hybrid approach
(without custom embeddings) successfully continues the tracking.
Sequence ID 198_2 in our MOT dataset.
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(a) RGB image with SAM3-based

semantic segmentations of trees and buildings. (b) Corresponding

Geo-referenced multi-modal

field of view (yellow area). Sequence ID 1

camera’'s
dataset.

Geo-Referenced Segmentations
calibrated RGB-thermal camera model. (c) Global map view showing

thermal image, where the segmentation masks are projected using the
all geo-referenced bounding boxes, semantic masks, and the thermal

detections and segmentations.

FIGURE Al10

99T'8—  T899€T  998S6€  90S08T  SO6'Lv S9T'SE LT6'OT  LETYS  TLVIY  6LV'9  SVL¥9  SS¥9 TST'8E 6ELYS 18869  OIS'€y UIRIL (s1no)
8¥S0T 950S¢  €LS8ET  SELP8  YPO'TS 98567 OLL'ST  9EL°0L  SY6'LE  LVTTT  SOT69  €€TTT SLE'LE ¥06'T9 SLED9  YSOTY  ISAL +PLIQAY-03D
YOT'S—  LS99ET  898S6€  0SOST  POS'Lv TST'SE 98891  6€TYS  TLV'IY  €8V'9  WHLP9  8S¥9 1vT'8E TEL'YS 0L8'69  00S'€h ureiy (s1no)
£¥S0T €ETISE  69VSST  6€8Y8  bP9'IS 98S°6C OLL'ST  9IL0L  T66'LS  6STTT  TOT69  v¥TTT 12€°LE £68°19 66209 89Ty  ISAL ¥9ANRU-03D)
90'8—  9£9S€T  LOT96E  S9TOST  IST'Sy TI88PE 89691 9IEPS  CThI¥ €859  ShLP9 95579 867°8€ SLLYS 81669  ¥8S'€y UIRIL
0¥S0T 857SE  SLTSET €€0S8  9TE'IS 66L'6T 9LS'8T  689°0L  6L0'SS 06T SOT69  99T°TC L06'9€ 206’19 129°6S LTIy 1891 ,4105-D0 deaq
186'v—  9¥OY6T  T9T6Ty  OTILYC  SSP'TIS €OL'SS 6S8°CT  8€6'SS  SES9E  LSL'L  8LTS9  SOL'L ST9°€€ 661°SS 0L509  69T'8¢ urei]
LSL'6 8TSTIE [aidl S989L €80PS 89LCE O0ST'ET €160 1rve 20€°0C S81°69 097°0C T9L°€E 8€0°C9 (3874% €9G°LE  ISOL *0BI11S00g
9LT'8—  806Z€C 19210V  TTTSLZ  86€'8y LETOE 99€'ST  ¥ST'PS  SL9OF  OVT9  OTLP9  +LT9 LTT9E SILYS 1€099  OITTIy ureiL
60€°0T 0sPbE  YITOPT  ¥6IES  T96'TS €8TIE SSL'OT  6TL0L  SSTLS  LESTC  LST'69  68L1C ¥65°SE 0T6'T9 €6V'LS  ST96E  ISIL 110820
T€9'SS—  69VILE  LSE9TY  SE98TT  SITTS TST9E €€9TT  90T¥C  ¥LITC  LSTLY— LLSTY YEELv— 075°8T 926°0% $89°69 IP8°€E  UrRlL °
T00'9h—  SOSLET  TTE99T  8869S  OVF'ES POV'EE OST'ST  TEE'6C  0TS'ST  896'SE— 80609 STO9E— ¥55°0€ 195°TH 88L°TL  SLL'SS IS9L Tguwes g
LEV'6—  STOPPT  TLI96E  00T08T 6088y T0V'9E O06LFL 6SEES  LTh'Ty  09TS  9IL'V9  0ST'S 9TE"9¢ 9TYYS STL'99  8PS'TH UIRIL H
¥250T 95695 V6LSST  PISLS  6ST'0S 0SP'ZE T16€LT  60€0L 0616  Ob9'TT  LET69  08STT LLO9E 0TL'T9 19v'8S  06E£0v 1891 SoeILEqUIB m
1 T dd T NA ldL ) ) H }ad l oy ) ) ) 1 (0) 1 (0) 1 (0) 1 nds PPOIN W
VIOWS 91D a1 10 ¥TN ¥ld dIN 91D 41D VAOW dION VIOW V90IVIOH V0T VIOH VIMO £
(ponunuod) | TV ATAVL w
<)



	Stay Local or Go Global: Geo‐Referenced Bounding Boxes for Tracking Wildlife in Thermal Drone Videos
	1 | Introduction
	2 | State of the Art
	2.1 | General Multi‐Object Tracking
	2.2 | Wildlife Detection and Tracking in Aerial Video
	2.3 | Tracking in Thermal Imagery

	3 | Dataset
	4 | Methodology
	4.1 | Pre‐Processing
	4.2 | Detection
	4.3 | Re‐Identification
	4.4 | Geo‐Referenced Tracking
	4.4.1 | Geo‐Native Tracking
	4.4.2 | Geo‐Hybrid Tracking


	5 | Results
	6 | Discussion
	7 | Conclusion and Outlook
	Author Contributions
	Acknowledgements
	Funding
	Conflicts of Interest
	Data Availability Statement
	Key Point Matching
	YOLO11x Training Dynamics
	Long‐Term Occlusion Examples
	SAM3.1 Tracking Results
	Extended Results
	Geo‐Referenced Segmentations


