Finding 3D Positions of Distant
Targets from a Moving Drone
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What and why? Learning-based options
How to determine the location of a target object such as a If the target can be found with a particle filter or a human
wildfire from a drone looking towards the horizon? can estimate the distance from a video, why couldn’t a

: . . itD
« Segmentation models can be taught to distinguish smoke neural network do It:

clouds even from ~10 kilometres in real-time with on-board How can we train them without the right data?
resources [1]

* Finding the 3D positions on-board the observing drones

enables communicating wildfire positions directly - Mono depth estimation

« Combining it with the segment would tell how far each
segmented pixel Is from the camera

* Most 3D vision solutions are computationally expensive
and/or limited to shorter distances

» Metric depth estimation models fail with aerial imagery
due to lack of available training data

* Obtaining ground truth for such data is difficult

Figure 2. Relative and metric estimates from Depth anything v2 [3]. The metric
depth estimate was 3-5 km and required setting the max depth manually.

Figure 1. Wildfire smoke segmentation examples from our smoke
segmentation dataset [2].

| | - End-to-end learning
Perspective-based solution
— the particle filter  Predicting the target position directly from the camera

. . o . . Image and pose requires the least software components
The filter fits a distribution, modelled with random points, to J P . P

the 3D position of the target object using a sequence of * For most tasks there is no data
segments and camera poses.
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- Diffusion generated simulation videos
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* Generative models improve the visual diversity [4]
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Figure 1. Simulation results of a particle filter positioning a target observed
from two kilometres away in the presence of different types of noise.

Pros: cons:

- Requires engineering for

+ Intuitive

Figure 3. Fusion of Stable Diffusion 3.5 [5] generated backgrounds and real
new tasks smoke that could be used as a basis for the simulated videos.

+ Provides uncertaint
/ - Manually defined behaviour

+ No data required _ _
- No estimates without References
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