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ABSTRACT

This study investigates the effects of downscal-
ing hardware and software on the performance
and processor load of small drones, with a fo-
cus on rainforest exploration. Through system-
atic benchmarking, we evaluate state-of-the-art
path-planning on resource-limited platforms, ex-
amining trade-offs between computational load
and key navigation metrics including gap size,
obstacle detection, and reaction time. We offer
practical guidelines for autonomous navigation
on low-power processors in dense, narrow-gap
environments. Finally, we demonstrate the feasi-
bility of this approach through a 100-gram pro-
totype achieving full onboard autonomous navi-
gation through unknown, unstructured forest en-
vironments.

1 INTRODUCTION

Tropical rainforests, essential to the planet’s ecological
health, are increasingly threatened by deforestation and cli-
mate change [1]. Preserving these ecosystems demands a
deeper understanding of their biodiversity, a task complicated
by the sheer size and inaccessibility of rainforest environ-
ments. In recent years, drones have emerged as a promising
solution, enabling researchers to monitor forest conditions,
gather critical biodiversity data, and evaluate the effects of
climate change and human activity, as shown by [2–6]. A key
advantage of drones lies in their ability to navigate remote,
hard-to-reach areas with relative ease [7, 8].

Advances in aerial robotics have greatly expanded the
autonomy of unmanned aerial vehicles (UAVs). The EGO-
Planner, introduced by Zhou et al. [9], marked a milestone
in making high-performance local planning feasible on small
quadrotors, while recent work demonstrated vision-based
route following indoors on a 56-gram drone [10], hinting at
the potential for outdoor use. However, that system is limited
to retracing previously flown routes in obstacle-free condi-
tions, whereas our system performs fully autonomous navi-
gation through unknown, unstructured environments. Such
route-following approaches, while highly memory-efficient,
require prior traversal of the environment and cannot handle
unknown obstacles — capabilities that are essential for rain-
forest exploration, where terrain is unstructured and no prior

Figure 1: The 100-gram autonomous drone (DJI Tello with
Raspberry Pi Zero 2W, and Arducam ToF camera) navigating
in a dense forest.

map is available. Yet many state-of-the-art obstacle-avoiding
algorithms still depend on high-performance processors and
sensors, adding significant weight and reducing endurance.
For instance, the EGO-Planner implementation employs a
150-gram microprocessor and a 40-gram stereo depth camera
on a 900-gram platform, leading to a take-off weight of over
1 kg and flight time of 8 minutes. Lighter onboard processors
and sensors directly extend flight endurance by reducing pay-
load mass; this also enables the use of smaller, cheaper, and
safer drone platforms that achieve comparable endurance to
heavier systems, making them more practical for real-world
applications.

Within this work, our objective is to advance the under-
standing of ultra-lightweight autonomous drones and their
performance in complex natural environments. We present a
fully autonomous aerial system weighing only 100 g, with all
computations performed onboard. Its lightweight design en-
ables agile navigation in cluttered environments such as dense
tropical forests, addressing critical challenges of rainforest
deployment. We systematically analysed the computational
demands of path planning, establishing performance met-
rics to evaluate navigation effectiveness. Benchmarking tests
measured computer processor load, memory usage, and loop
durations across different configurations, while simulation
experiments incorporating real-forest data allowed us to ex-
plore the relationship between navigation performance, CPU
load, and sensor data quality. This process identified compu-
tational bottlenecks within path planning sub-processes, of-
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fering insights into power optimization. This paper begins by
describing our baseline 500-gram rainforest drone, developed
for the XPRIZE Rainforest competition, which served as the
starting point for our downscaling experiments.

The main contributions of this work are:

• A systematic benchmarking framework for evaluating the
trade-offs between computational load and navigation per-
formance in resource-constrained path planning, using four
defined metrics: minimum solvable gap size, minimum de-
tectable obstacle size, solvable obstruction width, and reac-
tiveness time.

• A Pareto-front analysis revealing feasible configurations
for autonomous navigation under processor constraints,
providing practical guidelines for system designers.

• A proof-of-concept implementation of autonomous 3D ob-
stacle mapping and path planning on a 100-gram drone
platform, demonstrating that real-time autonomous naviga-
tion through unknown, unstructured outdoor environments
is feasible at this scale.

2 AUTONOMOUS FLIGHT WITH A 500-GRAM DRONE

A 500-gram autonomous drone was developed in the con-
text of the XPRIZE Rainforest Competition [11], which tasks
teams with surveying large forest areas without human entry.
To address this challenge, we derived a set of technical re-
quirements: fully autonomous flight without external signals
(GPS, joystick, or video stream), robust navigation through
dense vegetation with obstacles at all heights, and sufficient
flight time to cover meaningful ground area. The platform is a
Parrot Bebop 2 drone equipped with an Intel RealSense D435
depth camera for obstacle sensing and an ODROID-C4 com-
puter for onboard autonomy. Low-level flight control is han-
dled by the Bebop 2’s internal controller, interfaced via the
Robot Operating System (ROS) using the bebop autonomy
SDK [12].

2.1 Energy Usage Benchmarking

When downscaling a drone to a smaller form factor, en-
ergy consumption becomes one of the biggest bottlenecks.
With a smaller battery, smaller motors and smaller propellers,
the payload that the drone can handle becomes more crit-
ical. Sub-100-gram drones typically have a flight time of
approximately 5 minutes. But with even the smallest addi-
tion of mass, the available flight time drops significantly. To
integrate an autonomous path planner on tiny drones, extra
sensors such as a depth camera and a processor unit are re-
quired. To optimise path planning in forest conditions on
resource-limited processors, benchmark tests are performed
to measure CPU and memory load. To interpret these bench-
marking results meaningfully, we define a set of performance
metrics that capture both navigation safety and computational
demand.

Performance Metrics
Autonomous planning involves perception and planning
steps. This section introduces four metrics created for safe
and robust navigation in dense environments: reactiveness
time, solvable obstruction width, minimum detectable ob-
ject size, and minimum solvable gap size. Experiments on
a 500-gram drone indicate that processing load is more af-
fected by perception configurations than planning configura-
tions. Depth image rate and resolution significantly influence
processing load. Planner configurations, like cost function
and maximum iterations, impact performance but do not sig-
nificantly alter processor load, therefore these are not consid-
ered in the trade-off comparison.

Depth Image Projection
Depth image projection translates 2D depth images into 3D
detection points. This process involves using intrinsic and
extrinsic camera matrices to determine the 3D position of ev-
ery pixel with respect to the camera’s coordinate frame, illus-
trated in Figure 2 [13].

Our benchmarking explores how lowering image resolu-
tion and frame rate affects perception performance, CPU load
and memory load. Once points are projected into 3D, we must
update the map to reflect both obstacles and free space—this
is handled by raycasting.

Figure 2: Illustration of depth image projection from a 2D
camera frame into a 3D obstacle map, based on camera in-
trinsics and extrinsics [13].

Raycasting Process
Raycasting updates the 3D map by considering obstacles de-
tected by the drone. The probability of currently mapped ob-
stacles that lie in between the drone and newly detected ob-
stacles will be lowered, applying the probabilistic occupancy
mapping concept [14]. It assumes no obstacles lie between
the drone and the detected points, crucial for updating the ob-
stacle map. Raycasting addresses sensor noise from the cam-
era, essential to creating a robust obstacle map in challenging
environments. With the map updating in real time, we can
now quantify what sizes of gaps the drone can navigate.
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Figure 3: Illustration of the raycasting process used in oc-
cupancy mapping. Voxels marked as obstacles but lying be-
tween the drone and new detections (red blocks) are removed
to reduce false positives and sensor noise.

Minimum Solvable Gap Size
To find path-planning solutions in a dense forest, identifying
small gaps is crucial. Therefore, we created the minimum
gap size metric, which can be used to determine the sizes of
gaps that can be detected. The minimum gap size depends
mainly on voxel grid resolution, with smaller voxels improv-
ing accuracy but significantly increasing processor and mem-
ory load — for example, reducing voxel size from 0.20 m to
0.05 m can increase memory requirements by tens of times,
depending on environment structure and octree pruning, as
illustrated in Figure 4, observed in our benchmarking, and
consistent with voxel-based frameworks like OctoMap [15].

This metric considers factors like pixel size, camera res-
olution, inflation distance, and grid resolution. Hypotheses
suggest CPU load increases with decreasing gap sizes, im-
pacting the performance of the algorithm.

Figure 4: Illustration of the minimum solvable gap size for
diagonal gaps in voxel-based mapping. The resolution of the
voxel grid determines the smallest gap that can be reliably
detected.

Equation 1 defines the guaranteed minimum gap size
based on configurations and camera specifications. In the
equation, PS is the pixel size, FOV the camera’s field of
view, Rcam the camera range, Cres the camera resolution,
Dinfl the inflation distance,Dmin the minimum inflation dis-
tance, GR the voxel grid resolution, and GSmin the min-

imum solvable gap size. A refers to the dimensioning il-
lustrated in Figure 4. The square brackets, also known as
the ceiling brackets, indicate that the decimal number inside
should be rounded up to the nearest whole number.

PS =
tan

(
FOV

2

)
·Rcam · 2

Cres

Dinfl = ⌈
Dmin

GR
⌉ ·GR

A =
PS

2
+
√
2 · (GR)2 +

√
2 · (Dinfl)2

GSmin = A · 2 +
√

2 · (GR)2

GSmin = PS + 3 ·
√

2 · (GR)2 + 2 ·
√
2 · (Dinfl)2

(1)

Depth Image Resolution
Lowering the depth image resolution, either by using a lower-
quality camera, or by skipping pixels defined in the configu-
ration, negatively impacts the detection of small obstacles.
Thereby creating a risk of not detecting tiny branches in the
forest and crashing. Figure 5 illustrates the potential blind
zones for a certain configuration and distance to an object.
But, at the same time, lowering the number of computations
for the projection, thereby lowering the processor load. In
benchmarking, the depth camera resolution is varied to assess
its impact on drone perception performance.

Figure 5: Illustration of pixel skipping in the projection step,
where 2 out of every 3 pixels are ignored. This reduces pro-
cessor load but increases blind zones and the risk of missing
thin obstacles.

To estimate the minimal size of a potentially missed ob-
ject at maximum camera distance, Equation 2 provides an
approximation. This equation considers parameters such as
FOV field of view, CRmax camera range, OR original
resolution, and SP skipped pixels. The result, denoted as
SMmax, represents the maximum object size that may be
overlooked. The pixel projection scales linearly with the cam-
era range, allowing detection of smaller objects at closer dis-
tances.

PPmax =
tan

( FOV
2

)
· CRmax · 2
OR

SMmax = SP · PPmax
(2)
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Local Planner Range
The EGO-planner’s local range is the area around the drone
in which obstacles are considered to plan a path around. By
only using a local region, the path planner can calculate tra-
jectories more efficiently. When the obstacle is wider than the
local planner range, and the planner assumes all space outside
the local planner range is obstacle-free, an issue arises. Figure
6 illustrates this issue where the planner gets stuck in a loop
where it never succeeds in navigating to the goal. A well-
known failure mode of local, potential-field–style planners, a
limitation first noted in classic potential-field navigation stud-
ies. A smaller range reduces CPU load but may hinder effi-
cient route planning. Balancing local planner range is crucial
to avoid navigation loops and ensure effective obstacle avoid-
ance.

Figure 6: Illustration of the local planner range limitation.
When obstructions are wider than the local planning horizon,
the planner incorrectly assumes free space beyond the map
and may enter an infinite replanning loop.

Equation 3 can be used to determine what obstruction
width can be solved by the algorithm. In the equation, Dinfl

is the inflation distance, Dmin the minimum inflation dis-
tance, GR the voxel grid resolution, Rloc the local range, and
SOW the solvable obstruction width.

Dinfl = ⌈
Dmin

GR
⌉ ·GR

SOW = Rloc − 2 ·Dinfl

(3)

Reactiveness
Reducing the depth image rate, by using a lower-quality cam-
era or skipping images by configuration, the processor load
can be lowered. But, for newly occurring obstacles, it takes
more time to map and detect a possible collision. By vary-
ing the depth image rates during benchmarking, the processor
load and reactiveness are compared.

Equation 4 shows what sub-processes and configurations
affect the theoretical reactiveness duration. This is the dura-
tion between the occurrence of a new obstacle, up to the mo-
ment it is mapped and a collision check is performed. In this
equation, PI is the number of iterations until the threshold is
reached, Pt and Pi are respectively the probability threshold

and probability increase, Rcam the camera rate, and Tproj ,
Tray, Tupd, Tcol the loop times for projection, raycasting, up-
dating, and collision check.

PI = ⌈Pt
Pi
⌉

Treact = PI · 1

Rcam
+ Tproj + Tray + Tupd + Tcol

(4)

2.2 Configuration Variations
Four parameters are varied to compare planner perfor-

mance by the metrics mentioned above. These are voxel grid
resolution, local map range, camera resolution, and camera
rate. Each parameter variation explores its impact on the
processor and memory load, offering insights into optimal
configurations for autonomous flight in challenging environ-
ments. Table 1 shows per metric what parameter combina-
tions are benchmarked.

Table 1: Simulation Experimental Setup
Voxelgrid
res. [m]

Local
map
range
[m]

Camera
res. [-]

Camera
rate
[Hz]

Gap size [.05 .10
.15 .20]

10 [1 1/2
1/3 1/4]

15

Obstacle
size

0.10 10 [1 1/2
1/3 1/4]

15

Obs.
width

[.05 .10
.15 .20]

[1 2 ...
35]

1 15

Reaction
time

0.10 10 1 [15 7.5
5 3.8 3]

3 DATASET COLLECTION

Creating a dataset for simulations involves several criti-
cal steps, from data collection to processing. Initially, ROS
nodes are configured to output loop durations for specific
sub-processes, providing valuable insights into performance.
Ground-truth data is also gathered during dataset creation to
enable comparison of different methods. This section details
the process of generating an outdoor dataset.

1) Data Collection Setup: To monitor the performance
of the EGO-planner algorithm, ROS publishers are integrated
to output data related to the duration of key sub-processes:
projection, raycasting, map updates, and collision-checking
for each processed depth image. This data is logged for later
analysis.

2) Processor and Memory Load Monitoring: To evaluate
the processor load and memory usage, the cpu monitor
ROS package [16] is used, publishing system metrics at a 10
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Hz interval. This helps assess the computational resources
consumed by the algorithm during operation.

3) Evaluation of State Estimation Methods: The study
evaluates a drone path-planning algorithm based on dead
reckoning by conducting performance tests in both indoor
and outdoor environments, each requiring distinct data col-
lection methods. For indoor testing, high-precision mo-
tion data is obtained using the Optitrack Motion Capture
System, which integrates seamlessly with the ROS network
via MAVros. Outdoor tests take place in dense forest set-
tings, where GPS data provides the ground-truth position. A
UBLOX F9P GPS module equipped with a helix antenna is
mounted on the drone to enable comparison between dead
reckoning and GPS-based navigation.

In both scenarios, inertial measurement unit (IMU) and
image data are collected to enhance position estimation
through visual-inertial odometry. This is implemented using
VINS-Fusion [17], built on VINS-Mono [18] and leveraging
techniques also common to ORB-SLAM2 [19], which tracks
landmarks in infrared images similarly to the EGO-planner
[9]. Together, these approaches allow the study to com-
prehensively assess the effectiveness of the dead reckoning-
based path-planning method across varied environmental
conditions by leveraging motion capture, GPS, and visual-
inertial odometry data.

4) Outdoor Dataset Collection: The outdoor dataset is
recorded in a dense forest environment resembling rainforest
conditions. During autonomous flight, the drone navigates a
walking trail with obstacles, capturing sensor data through-
out the flight. This dataset ensures repeatability, using real-
forest sensor data, and minimises the need for further out-
door testing to validate algorithm configurations [20]. Our 3D
mapping pipeline is conceptually aligned with recent under-
canopy photogrammetric work using stereo vision to generate
dense point clouds for parameter extraction [21].

5) Simulation Benchmarking: To assess the drone path-
planning algorithm, simulations are run using different con-
figurations while replaying the sensor data from the dataset.
This section outlines the process of preparing datasets, run-
ning simulations, and extracting results for analysis. The
dataset is curated by filtering and trimming the logged data
from real flights, focusing on the drone’s IMU data and the
depth and grayscale images captured by the camera.

For efficient simulation and data collection, a bash script
automates the process, running the planner algorithm on the
dataset with various configurations. The results are then pro-
cessed into Python data for further analysis. This automated
approach allows for batch processing of over 100 simulations,
making it a time efficient method for bulk analysis.

4 ANALYSIS

The analysis script processes all data using specific func-
tion definitions for calculating performance metrics as de-
scribed in Section 2.1. This includes pixel size, minimum gap

size, maximum obstruction width, minimum obstacle size,
and reactiveness.

When downsizing computational load for tiny drones, it
is crucial to closely evaluate the CPU load profile during sim-
ulations. The perception phase, focused on updating the lo-
cal map using depth images, differs from the planning phase,
marked by peak loads during path sampling, optimization,
and refinement. Figure 7 exemplifies the CPU load distri-
bution during a simulation run with varying voxel grid reso-
lutions. In this example, left of the vertical dotted line is only
perception. While on the right side of the dotted line, the per-
ception and path planning are both active. For the benchmark-
ing, the path planning is triggered to re-plan every 2 seconds,
causing the peaks in the CPU load.

Figure 7: CPU load distribution over the benchmark simula-
tion with voxel-grid resolutions of 0.05, 0.10, and 0.15 m.

5 RESULTS

This section presents the benchmarking results for each
of the four performance metrics defined in Section 2.

5.1 Gap Size Performance
CPU load was measured for varying voxel sizes and im-

age resolutions. The relationship is non-linear, with smaller
voxels increasing load. Figure 8 shows how grid resolution
affects CPU load and the ability to navigate narrower gaps.
Memory usage follows the same trend, increasing signifi-
cantly with resolution; reducing voxel size from 0.20 m to
0.05 m can increase memory requirements by tens of times,
depending on pruning and environment structure. This indi-
cates that higher resolution improves gap navigation but at
steep computational cost—critical for small onboard proces-
sors.

5.2 Obstacle Size Performance
For detecting smaller obstacles, the relation is tested with

decreasing CPU load during the benchmarking. This test
involves varying the depth image resolution and voxel grid
resolution. Results, shown in Figure 9, indicate that at the
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Figure 8: CPU load (%) vs. minimum solvable gap size (m)
at full, half, and quarter image resolution.

finest voxel resolution tested (5 cm), relaxing the minimum
detectable obstacle size leads to a significant, non-linear re-
duction in CPU load. At coarser voxel resolutions (7–15
cm), the same relaxation yields only a modest ∼5% reduc-
tion, which is not considered significant. This suggests that
detecting only larger obstacles yields modest computational
savings unless voxel resolution is already high.

Figure 9: CPU load (%) vs. minimum detectable obstacle
size (m) for voxel resolutions of 0.05 m, 0.07 m, 0.10 m, and
0.15 m.

5.3 Obstruction Width Performance

As mentioned earlier, path planning around wide obstruc-
tions requires a larger range for the local planner. In the
benchmark, CPU load was tested for increasing local plan-
ner ranges and varied across different voxel grid resolutions.
The measured loads exhibit a roughly linear increase as the
obstruction width that can be handled grows, see Figure 10.

For high voxel resolutions, such as 10 cm, CPU load rises
significantly—from about 35% for a 2 m wide obstruction to

85% for a 35 m wide obstruction. In contrast, for lower voxel
resolutions, such as 20 cm, the load increases by only 5–10%
across the same range, which is considered insignificant.

Figure 10: CPU load for various minimal obstacle widths
with voxel resolutions 0.10 m, 0.13 m, 0.15 m, and 0.17 m.

5.4 Reactive Performance

To test the potential load increase for a system that has a
quicker reaction to newly occurring obstacles, the rate of the
depth images is varied in the benchmark tests from 3 to 15
depth images per second. The voxel grid resolution is also
varied to increase the general system load to check if this dif-
fers in the results. The results in Figure 11 show a slightly
curved decrease in load when the image rate is lowered. The
plot shows that for a system with high load, the impact of
decreasing the rate has significantly more impact (25% re-
duction) compared to the test where the general system load
was low (5% reduction).

Figure 11: CPU load for various reaction times with voxel
resolutions 0.05 m, 0.10 m, and 0.15 m.
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5.5 Trade-off: Safety vs. Performance
By combining the results, trade-offs can be visualised in

which the CPU loads can be plotted for a combination of two
performance variations, also known as a Pareto-front [22].
The main objective is the comparison of CPU load relative to
flight performance, which is represented by the minimal gap
size and maximum obstruction width. Safe and robust flight
was one of the secondary objectives, and this is represented
by reactiveness and minimal obstacle-size performance. Ex-
ploring the trade-off between safety and performance at dif-
ferent CPU utilization, using reactiveness and minimal gap
size, reveals a Pareto-front.

The Pareto-fronts, shown in Figure 12, indicate the per-
formance combinations where the CPU load is equal, drawn
in yellow for 90% CPU utilisation, and drawn in purple for
50% CPU utilisation. This Pareto-front shows the trade-off
where a combination of safety and performance has to be cho-
sen, with a limited CPU load, that is most suitable for a design
situation.

For example, in the trade-off in Figure 12, for a CPU load
limit of 50%, a minimum gap size of 0.8 m can be chosen
with a reactiveness of 1.2 seconds. Or, the combination with
a much quicker reactiveness can be chosen, for example, 0.2
seconds, but now the minimum gap size is 1.1 m. Any combi-
nation on the purple line would be valid within the 50% load
limit.

Figure 12: Trade-off between safety and performance shown
as Pareto fronts for CPU utilization levels of 50% and 90%.
Each curve illustrates feasible combinations of reactiveness
and minimum gap size under processor constraints.

6 AUTONOMOUS FLIGHT WITH A 100-GRAM DRONE

Unlike prior sub-100 g autonomous systems, which are
limited to route following in controlled indoor environments
[10], the platform presented here performs real-time 3D ob-
stacle mapping and path planning in unknown, unstructured

environments. This is achieved by fitting a Raspberry Pi Zero
2W processor and an Arducam ToF camera onto a DJI Tello
drone, resulting in a fully autonomous 100-gram, 10×10×10
cm system with all computation performed onboard. The to-
tal material cost is approximately 200 euros, of which 100
euros is the drone platform itself, making it a low-cost solu-
tion compared to existing autonomous systems of comparable
capability. Low-level flight stabilization and velocity control
are handled by the Tello’s internal controller, with high-level
commands sent via the DJITelloPy SDK [23].

The parameter configuration for the 100-gram platform
was derived directly from the benchmarking results presented
in Section 5, using real forest sensor data as input. By select-
ing a 10 cm voxel grid resolution, 10 depth images per second
at 120×90 px resolution, and a 5 m local planner range, the
processor operates at 80–95% CPU load — within the safe
limits of stable operation on the Raspberry Pi Zero 2W. This
configuration yields the following navigation performance: a
minimum solvable gap size of 1.0 m, a reaction time of 300
ms, a minimum detectable obstacle size of 2 cm, and a maxi-
mum solvable obstruction width of 3.6 m. These values repre-
sent a deliberate trade-off between computational feasibility
and navigation safety, selected using the Pareto-front analysis
described in Section 5.

Preliminary flight tests were conducted in a controlled in-
door environment with artificial vegetation arranged at ap-
proximately 1.0 m gap spacing, consistent with the pre-
dicted minimum solvable gap size. The drone successfully
navigated autonomously between obstacles, confirming the
benchmarking-derived parameter configuration in practice.
Outdoor flights in a forest environment demonstrated func-
tional obstacle avoidance, though thin branches were occa-
sionally detected only at close range, consistent with the 2 cm
minimum detectable obstacle size and 300 ms reaction time
reported above. The addition of the companion computer and
sensor payload reduced flight time from the platform’s origi-
nal 13 minutes to approximately 6–7 minutes. Full quantita-
tive outdoor validation remains future work.

7 CONCLUSION

This study demonstrates that downsizing hardware and
adapting algorithms enable small drones to achieve effective
autonomous navigation in dense rainforest conditions. By
systematically varying parameters such as voxel grid reso-
lution, camera resolution, and local planning range, this re-
search shows clear trade-offs between processor load, mem-
ory usage, and crucial performance metrics like minimal gap
size, obstacle detection, and reaction time. Our findings in-
dicate that reductions in image rate or resolution can sub-
stantially decrease CPU load but must be carefully balanced
against the increased risk of missing small obstacles, or re-
acting too slowly to new hazards. This balance is further il-
lustrated through Pareto-front analyses, offering insights into
optimal configurations for different mission requirements. Fi-
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nally, the successful implementation of autonomous 3D ob-
stacle mapping and path planning on a 100-gram drone plat-
form confirms that real-time autonomous navigation through
unknown, unstructured environments is feasible at this scale.
This was demonstrated in both controlled indoor environ-
ments and outdoor forest conditions. These results open a
promising path for future applications in biodiversity moni-
toring and ecological conservation.
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