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ABSTRACT

UAV-based biodiversity conservation applica-
tions have exhibited many data acquisition ad-
vantages for researchers. UAV platforms with
embedded data processing hardware can sup-
port conservation challenges through 3D habitat
mapping, surveillance and monitoring solutions.
High-quality real-time scene reconstruction as
well as real-time UAV localization can optimize
the exploration vs exploitation balance of single
or collaborative mission. In this work, we ex-
plore the potential of two collaborative frame-
works - Visual Simultaneous Localization and
Mapping (V-SLAM) and Structure-from-Motion
(SfM) for 3D mapping purposes and compare re-
sults with standard offline approaches.

1 INTRODUCTION

Unmanned Aerial Vehicles (UAVs) have become an es-
sential tool for supporting conservation challenges to collect
data for 3D mapping, surveillance and monitoring [1, 2, 3, 4].
UAVs, however, have generally limited flying time due to bat-
tery power, requiring solutions that increase the efficiency of
data collection in the limited airborne time. A possible solu-
tion is to use multiple UAVs (or agents/swarm) which can col-
laborate in the data collection to support studies on wildlife
populations and habitat [5] and overcome the challenges in-
duced by the use of a single platform through collaborative
missions [6]. Collaborative mapping has shown its poten-
tial to study wide-ranging animal species that require larger
area coverage or locating them in complex environments that
may require a longer survey time [7][8]. Moreover, different
agents in the mission can leverage different hardware and sen-
sor strengths for fulfilling multiple goal targets [9][10] [11].
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Within the context of wildlife monitoring, a UAV-based col-
laborative approach has multiple benefits, including:

• extension of mission time of an on-going pursuit (e.g.
real-time poacher or animal tracking);

• 3D geometric information recovery (e.g. 3D pose
estimation from stereo vision from two synchronised
UAVs);

• coverage of wider target area (e.g. for tracking multiple
herds or speeding up mapping operations).

UAV surveys for wildlife studies have multifaceted goals
[12], such as mapping the terrain while keeping a lookout for
dynamic targets such as animal herds or poachers. Missions
need frequent path re-planning due to changes in the objective
priority, which can switch from mapping the scene to track-
ing targets. Therefore, upon locating an animal group of in-
terest, diverting from original waypoint-based mapping path
and navigating to unknown terrains is often required when
the animals move. In such a scenario where one UAV has
to divert to follow animals of interest, continuation of origi-
nal survey can be achieved through collaborative mapping i.e.
a follow-up from one or more UAVs. High quality real-time
scene reconstruction and camera trajectory feedback can opti-
mize the exploration vs exploitation balance of such a collab-
orative mission through enhanced situational awareness for
each agent. Exploration and exploitation are the key phases
of collaborative missions in which the information gained by
one or more UAVs (exploration) is used for path planning op-
timization (exploitation) to achieve data acquisition with the
least redundancy and best resource utilization [5].

Visual Simultaneous Localization and Mapping (V-
SLAM) is a key technique in UAV-based 3D mapping. It al-
lows an agent to localize itself within a 3D space in real-time
while reconstructing the map (environment) through various
sensors [13]. SLAM saw increase in popularity for visual sen-
sor based mapping in 2004 with the showcase of MonoSLAM
[14], a first complete real-time visual-SLAM system. A
SLAM system consists of the following parts: front-end com-
prising sensor and odometry components; and back-end for
loop optimization and mapping. Front-end acquires data from
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single or multiple agents[15] and, in case of V-SLAM, cov-
ers image processing (feature extraction, matching and track-
ing, and pose estimation on existing map), while back-end
increases and optimizes the map. Multi-agent visual SLAM
architectures are usually centralized: UAVs or unmanned
ground vehicles (UGVs) acting as front-end agents focus on
their real-time state estimation, and a server backend that per-
forms aggregate map generation and loop closure. Collabora-
tive V-SLAM’s performance deteriorates in complex outdoor
and dynamic environments, especially if RGB cameras are
the unique odometry sensors. One of the main problems is
that in the absence of loop closures the drift of the trajectory
increases rapidly, while exploring larger areas with multiple
agents. Systems equipped with other types of visual (RGB-D
camera) and non-visual (IMU) sensors along with RGB cam-
eras or LiDAR sensors are generally more reliable for map-
ping outdoor complex environments [16, 10, 9, 17].

Starting from image sequences, Structure-from-Motion
(SfM) estimates three-dimensional structures, usually a
sparse map of 3D tie points, and image poses [18]. When
it comes to high-fidelity mapping with RGB data, SfM can
be more accurate than V-SLAM, e.g. since SLAM forces a
limit on the number of tie points and/or uses lower quality lo-
cal features to improve computational time. However, tradi-
tional SfM is generally performed offline [19], in contrast to
the real-time-oriented V-SLAM. Recent advancements pro-
pose real-time Structure-from-Motion, also called On-the-Fly
(OtF) SfM [20]. OtF-SfM has demonstrated the capability to
photogrammetrically process image streams acquired by mul-
tiple collaborative agents without the requirement of spatio-
temporally ordered input, normally a major pre-requisite for
onboard V-SLAM [21]. The performance of collaborative V-
SLAM depends on individual UAV mapping performance,
since the SLAM algorithm runs onboard each UAV inde-
pendently, whereas optimization such as loop-closures and
map-aggregation happen on a centralized back-end [16, 17].
On the other hand, collaborative SfM could reduce the de-
pendence of collaborative mapping on individual agent map-
ping accuracy or on inter-agent communication for global
optimization [16]. It can handle asynchronous image input
from multiple UAVs and prior reconstructions are seamlessly
merged on the server into a complete model whenever images
can be registered, which motivates evaluation of its perfor-
mance in challenging savanna environment.

In this paper, we aim to study the potential and limita-
tions of UAV-based collaborative mapping in the context of
wildlife conservation using only visual data. A real-time SfM
approach (hereafter referred to as OtF-SfM 1) and a collabora-
tive V-SLAM software (hereafter referred to as CCM-SLAM
[22]), have been compared to traditional offline SfM process-
ing. In addition, the influence of learning-based tie points
extracted with convolutional neural networks (CNNs)[23]

1https://yifeiyu225.github.io/on-the-flySfMv2.
github.io/

trained for difficult scenarios is tested evaluating the final ac-
curacy of flight trajectories.

2 DATA

The data used for the study was collected in July 2023
at the Ol Pejeta Conservancy, located in Laikipia County
(Kenya), as part of the preliminary data collection mission
of the WildDrone2 EU project.

Dataset
ID

Sample Image Trajectories

1

2

red - flight 1 / green - flight 2 / blue - flight 3

Table 1: Used datasets with image samples and GNSS tra-
jectories (L1 GPS positions stored by the onboard receiver)
- different colors represent different agents. The red arrow
points at the ”Hippo Camp” on the map, a location later used
to describe the flight directions.

As real collaborative datasets acquired in savanna are not
yet available, for testing the collaborative UAV performance
in these wild environments, we simulated multi-agent data
input stream starting from some videos recorded in the same
area. We used two datasets (Table 1), each representing one

2https://wilddrone.eu
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multi-UAV scenario, collected using a quadrotor DJI Mavic-
3E. For dataset 1, image data comes from two flights repre-
senting two collaborative aerial agents, whereas in dataset 2
three flights represent three collaborative aerial agents. The
flight data selected for each dataset (specifications in Table 2)
fulfilled all of the following criteria:

• The flights were carried out sequentially or with no
more than a 10-minute interval between the end of one
flight and start of the next;

• the flight trajectories of individual flights were overlap-
ping to test the performance accuracy in merging sparse
map of independent flights;

• scenes with moving animals, cars, or people were not
used, to focus tests on mapping accuracy .

Dataset
ID

No of
agents

V-SLAM
frame
rate

SfM
frame
rate

Image
size

(pixels)
1 2 29.9 fps 1 fps 1920 x

1080
2 3 29.9 fps 1 fps 1920 x

1080

Table 2: Dataset specifications. For SLAM evaluation we
pre-created agent ROSBAG files with messages recorded at
29.97 fps which were played simultaneously on the client
nodes to simulate real-time video streaming.

In Table 3 the number of frames used in each processing ap-
proach and the flight direction are reported.

Dataset Agent Frame
Count

(V-
SLAM)

Frame
Count
(SfM)

Flight
Direction

1

1 1580 55 Towards the
Hippo Camp

2 4685 162 Away from the
Hippo Camp

2

1 6854 237 Away from the
Hippo Camp

2 6855 237 Towards the
Hippo Camp

3 6853 237 Away from the
Hippo Camp

Table 3: Dataset 1 characteristics: simultaneous flights are
simulated from two agents performing data acquisition from
opposite viewpoints. Dataset 2 characteristics: three agents
were simulated, all flying in the same region, one with differ-
ent direction with respect to the other two.

This selection process enabled us to use the collected
datasets to simulate a collaborative mission with multiple
drones even if data was acquired by a single UAV performing
sequential flights.

3 METHODOLOGY

To investigate the potential and limitations of collabora-
tive mapping, the approaches are considered within two main
domains: offline (3.1) and real-time (3.2) processing. Here
offline processing refers to mapping performed after com-
plete data acquisition i.e. methods that operate once all data
(i.e. images) are available. On the other hand, real-time
processing refers to methods that perform mapping while
data are being acquired. For already acquired data, real-time
processing can be evaluated by simulating a real-time data
stream through ROS (for V-SLAM) or terminal clients (for
OtF-SfM). To compare the performance of the tested map-
ping approaches, the available GNSS data (with an accuracy
at meter-level in single-point positioning) was used to assess
the accuracy of the agent trajectories in terms of Root Mean
Square Error (RMSE), i.e. the error between the estimated
and the observed GNSS positions.

3.1 Offline processing
We selected two well-established SfM software products:

a commercial — Agisoft Metashape 3 — and an open-source
— COLMAP [24], widely used for research purposes due to
the significant level of control it offers in all stages of the
photogrammetric pipeline. It is not fully known what type of
local features for tie point extraction are used in Metashape
wheareas COLMAP uses a GPU version of RootSIFT [25].
In SfM, distinctive and repeatable keypoints are identified in
the images, descriptors are assigned to describe the neigh-
bourhood of these points, and candidate corresponding points
(tie points) are exhaustively matched across all pairs of im-
ages by comparing the similarity of the descriptors. The can-
didate matches are further refined using epipolar geometry,
from which images can be oriented with different strategies.
The incremental approach is considered in this work: after
initialization with an image pair, subsequent images are ori-
ented through a resection on the triangulated tie points and
expansion of the 3D tie points via triangulation, followed by
several local and/or global bundle adjustments.

Considering that reliable and accurate tie points are fun-
damental for a good orientation of an image block, keypoints
extracted and matched with CNNs have also been tested
in addition to the traditional local features implemented in
Metashape and COLMAP. These CNN-based features were
trained to overcome the limitations of SIFT-like methods, par-
ticularly in scenarios involving matching images taken at sig-
nificantly different viewing angles and with drastic changes
in lighting conditions. In the context of this study, the pri-
mary challenge is matching images captured by drones fol-

3https://www.agisoft.com/
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lowing approximately the same trajectory, but in opposite di-
rections, where the terrain is viewed at an angle that varies
by approximately 180 degrees. Therefore, SuperPoint[26],
an end-to-end detector and descriptor initially trained on syn-
thetic images with a further refinement on real images, was
also included in our tests. SuperPoint features are typically
paired with LightGlue[27] or SuperGlue[28]: we opted for
the former due to its faster processing time and more permis-
sive licensing. For these methods, we used the implemen-
tation available in the deep-image-matching library4 (DIM)
[23], which prepares image matching results directly for the
import into COLMAP.

3.2 Real-time processing

For real-time collaborative mapping, two distinct ap-
proaches were tested. The first is a more photogrammet-
ric approach, referred to as OtF-SfM [20], while the sec-
ond is based on V-SLAM, specifically CCM-SLAM [22].
The OtF-SfM approach utilizes a server-client system, where
clients continuously acquire images and send them to a cen-
tral server. The server groups the images based on similar-
ity and attempts to orient them into a single map. When not
feasible, sub-maps are generated and later merged once a suf-
ficient number of common images are available. The incre-
mental mapping process is based on COLMAP, a new fast
image retrieval strategy, and a weighted BA based on image
similarity.

For the V-SLAM based approach, we chose CCM-SLAM
because it is a state-of-the-art collaborative SLAM system
that relies only on visual odometry (VO) without inertial
sensor fusion. Every VO agent in CCM-SLAM is built on
an ORB-SLAM front-end, currently a widely used monoc-
ular SLAM solution that limits the amount of observations
using only the richest frames through a keyframe selec-
tion procedure. Keyframe poses, keypoints, descriptors,
and 3D tie points are sent to the server that builds local
maps, attempts to close loops, and merges these maps us-
ing place recognition[29] with iterative global bandle adjust-
ments (GBA). The agents download updated keyframe poses
from the server after GBA, improving local map accuracy and
trajectory estimates with information from other agents.

Since neither OtF-SfM nor CCM currently incorporate
GNSS data in trajectory estimation, all results presented here
are based solely on image processing. Except for CCM, video
frames were selected based on a temporal interval of 1Hz, en-
suring approximately 80% overlap between consecutive im-
ages. In the case of CCM, however, the frames were recorded
to a ROSBAG file at the frame rate of the video itself which
was 29.97 Hz (refer to Table 2). Real-time processing evalua-
tion was performed on an Intel(R) Core(TM) i7-10750H CPU
@ 2.60GHz with an Nvidia 2060 Rtx GPU.

4https://github.com/3DOM-FBK/
deep-image-matching/

4 RESULTS

This section presents the processing results for datasets 1
and 2, comparing the estimated trajectories with the GNSS
data used as ground truth. RMSE is reported for each agent
individually and for the entire dataset when more than one
agent trajectories have been estimated together (Tables 4 and
5). The processing with traditional SfM software (Metashape
and COLMAP used as reference) highlights the complexity
of the analyzed datasets, despite their apparent simplicity. At
a semantic level, many savanna characteristic elements are
well identifiable, such as the river, trees and bushes. At a
more granular level, however, the keypoints are quite poor,
since they are extracted on the scale of grass and leaves. In
both datasets, Metashape failed to correctly orient the im-
age block, creating degenerate trajectories and maps. This
happened probably due to the poor quality of the tie points
(Figure 1a and 2a). Also COLMAP with RootSIFT features
(default) shows degenerate results for dataset 1 (Figure 1b),
while for dataset 2 (Figure 2b) it is the only approach that ori-
ented images from all three agents together with the RMSE
of 1.10 m (see last column of Table 5). In general, for all
approaches, the major challenge was to orient images from
drones flying from the opposite viewpoints. For this reason,
COLMAP was tested with the use of SuperPoint, a local fea-
ture trained for these kinds of difficult viewing angles. In
dataset 1, it succeeds in orienting the agents individually, ob-
taining the best RMSE (0.20 and 0.11 m), but in dataset 2 it
only succeeds in orienting the two agents flying in the same
direction and not the third, while COLMAP with RootSIFT
succeeded. To understand the possibility of working with
variation in flight heights to cater to multiple fieldwork re-
quirements, the results seen so far for SfM processing are all
self-calibrated.

Dataset 1 RMSE [m] on trajectory
Flight 1 Flight 2

Agisoft
Metashape

degen degen

COLMAP degen degen
COLMAP
(SuperPoint)

0.20 0.11

OtF-SfM 0.42 0.50
OtF-SfM
(SuperPoint)

0.45 1.18

CCM-SLAM 0.30 0.26

Table 4: Dataset 1 results in terms of RMSE of trajectories
compared with GNSS positions. Due to critical difference in
viewpoint of agent cameras, collaborative mission simulation
results were degenerate in all applied methods, hence only
single agent trajectories were compared.

Collaborative approaches did not produce degenerate re-
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(a) Metashape (b) COLMAP

(c) COLMAP + Superpoint (d) OtF-SfM

(e) OtF-SFM + SuperPoint (f) CCM-SLAM

Figure 1: Visualization of image orientation results for dataset 1. (a) Degenerate trajectories from Metashape; (b) Degenerate
trajectory recovered for agent 1 in COLMAP, shown from top and side view; (c) Trajectories in in COLMAP (SuperPoint)
for both agents, shown fr top and side view; (d) OtF-SFM trajectories for both agents shown from an oblique view point; (e)
OtF-SfM (SuperPoint) trajectories for both agents shown from oblique view point; (f) CCM-SLAM trajectories for individual
agents shown from top and oblique front view (green point cloud represents mapping through agent 1 and red point cloud from
agent 2).
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(a) Metashape (b) COLMAP

(c) COLMAP + Superpoint (d) OtF-SfM

(e) OtF-SfM + SuperPoint (f) CCM-SLAM

Figure 2: Visualization of image orientation results for dataset 2. (a) Degenerate trajectories from Metashape; (b) Trajectories
recovered from all three agents in COLMAP shown from nadiral and side view; (c) Trajectories recovered with in COLMAP
(SuperPoint) for two agents shown from top and side view; (d) OtF-SfM trajectories for two agents shown from oblique view
points; (e) OtF-SfM (SuperPoint) trajectories for two agents shown from nadiral and side view point; (f) Collaborative mapping
results in CCM-SLAM for two agents (1 and 3) shown from top and oblique side view (red lines indicate the location matches
in key frames).
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Dataset 2
RMSE [m] on Trajectory

Fl 1 Fl 2 Fl 3 Coll #

Agisoft Metashape degen degen degen - 0/3

COLMAP 0.39 0.27 0.30 1.10 3/3

COLMAP (SuperPoint) 0.28 0.27 0.36 1.03 2/3

On-the-Fly 1.52 0.80 0.98 1.54 2/3

On-the-Fly (SuperPoint) degen 1.51 0.69 1.46 2/3

CCM-SLAM 0.74 0.54 0.81 6.39 2/3

Table 5: Dataset 2 results in terms of trajectories RMSEs.
Last column describes the number of agents for which tra-
jectories were recovered during collaborative mission simu-
lation.

Figure 3: CCM-SLAM loses tracking of features when the
camera undergoes rotation movement. RQt visualization
shows the reduction in tracked features as the drone turns.

constructions, probably thanks to mandating the use of pre-
calibrated cameras, which reduced the influence of outliers
and inaccuracies in tie points as they were easily filtered out.
Furthermore, contrary to traditional SfM methods, they gen-
erated trajectories and maps in real-time, but generally at the
cost of higher RMSE (Table 4 and 5). Neither OtF-SfM
with SIFT or SuperPoint, nor CCM-SLAM managed to orient
agents flying in opposite directions due to the strong change
in viewing angle. This problem seems to be related to the per-
formance of the local features and matchers used and the spe-
cific implementation, while COLMAP SfM with RootSIFT
had been able to orient the entire block. In terms of accuracy,
CCM-SLAM was more accurate in dataset 1 than OtF, in par-
ticular in the case of using SuperPoint. But in dataset 2, OtF
achieved much better accuracy with respect to CCM-SLAM,
and with a more complete trajectory. In fact, in CCM-SLAM,
upon a critical rotation of agent, tracked features were lost
partially (Figure 3) or entirely. This was observed mostly
upon fast rotation of camera, swift change in camera pitch
or due to small-parallax motion in case of high-altitude UAV
flight, such as is performed in wildlife habitat surveys. Since
CCM-SLAM cannot recover from lost tracking, parts of the
trajectory were lost.

5 CONCLUSIONS

The paper presented results and challenges of UAV-based
collaborative 3D mapping for monitoring large-scale savanna
environments. The results show that relying solely on visual

data is promising, with open-source collaborative frameworks
available for real-time processing. However, the solution is
prone to the quality of local feature matches. To solve these
issues, the addition of IMU or RTK-enabled GNSS data could
be considered to avoid mapping errors and degenerate solu-
tions.

When compared to visual-inertial odometry (VIO), purely
video based visual odometry (VO) is less common in applica-
tions of V-SLAM in outdoor environments [17]. VO can be
sensitive to repetitive textures, dynamic scenes and is more
prone to tracking losses or initialization failures. Inertial mea-
surements make outdoor operations more robust to challeng-
ing situations, compared to VO [30].

However, ensuring that a comparable quality of results is
achieved with just visual data, a purely photogrammetric ap-
proach has greater potential for widespread use in widelife
research. This is due to the popularity and high availability
of off-the-shelf drones, which can easily provide high-quality
video sequences, but inertial measurements and RTK GNSS
positions can be hard or impossible to retrieve from their
data logs. Therefore, evaluating the performance of real-time
camera-based pipelines such as Visual-SLAM or OtF-SfM is
crucial to understand their applicability to UAV swarm tech-
nology for wildlife conservation through habitat monitoring.
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