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> 3. Run path planning over found locations: global greedy
When run online, in the field, in response to what the vehicle is Simulation results:
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Previous approach requires synchronized surfacing. Can we gain al i
from adding a surface-based data hub allowing asynchronous £
surfacing? Main question: when to surface?
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L0 (D oi/ 2 oin) =7
> Gain-based surfacing: how much can | obtain at the surface? o
(di—1 fs(Nawvs = 1) > 2(1+ (t:/te)) (fsdos)
Simulation results: %“’1

—
(]
[=]

no hub, timed | no hub, vor | with hub, timed | with hub, altruistic | with hub, gain-based : il m i i T?i' x i ::s,; s e gy
20.0 £+ 0.06 147+ 1.1 20.6 £ 2.9 6.4 + 0.9 187 + 1.1 - L wmwmw?@w@%@wﬁ%@@%%wm
0o 1t 2 3 4 5 6 7 Stimgestegg(pys(;ozs) 13 14 15 16 17 18 19 20 21

Table 9.1: Average number of surfacing events, with one standard deviation, averaged over all

scenarios, over both vehicles, over all 30 simulation runs. S  —tmed, oohub b‘
-l
no hub, timed | no hub, vor | with hub, timed | with hub, altruistic | with hub, gain-based —gain-based, with hub
9478 + 189 8979 + 409 | 9337 + 293 10135 + 366 9347 £+ 298 5
g 10
Table 9.2: Average number of samples in final GP for hyperparameter optimization, with one S
standard deviation, averaged over all scenarios, over both vehicles, over all 30 simulation runs. %102
no hub, timed | no hub, vor with hub, timed | with hub, altruistic | with hub, gain-based § '
1309.9 + 23.2 | 2101.3 £ 228.6 | 1269.3 £+ 24.3 1268.8 + 17.0 1278.8 + 30.1 10’
Table 9.3: Average time of first surfacing event with standard deviation, averaged over all scenarios, T R I
over both vehicles, over all 30 simulation runs. timesteps (per 600s)

Conclusions:

> all approaches perform approximately equal w.r.t. RMSE between vehicle-created models and the ground truth

> Voronoi coordination approach has wider variance on initial performance, but also better performance for scenarios sampled from GP
> Altruistic surfacing strategy outperforms gain-based: similar performance is obtained with far fewer surfacing events.
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