GYPR Multi-level Neural Scene Graphs for Dynamic Urban Environments
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TL;DR: We present the first benchmark and a novel method for radiance field reconstruction of dynamic urban areas from heterogeneous, multi-sequence data.

What? Benchmark Method Experiments
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Today, driving data is
available at
unprecedented scale.
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Previous works... * 14+ sequences in different conditions X up Comparison to state-of-the-art
e are restricted to static environments Initialization via GPS = Offline ICP C(r,t,s) = f U(uw)a(r(u),t,s)c(r(u),d,t,s)du We use KITTI, Virtual KITTI, Argoverse 2
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* Proposal networks o,

e Calibrated cameras C via extrinsics w.r.t. ego- IransSmitance: U

1. Multi-level rTeural scene graph vehicle T, and intrinsics K, * Composite density: N o Take aways
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images with 1,000+ objects * Foreachobjecto € 0O Y(x,d, ws, w,) ~ 1. Modeling transient geometry and sequence appearance via latent codes
b ° P . .t. _ h’ l t ° ° ° . ° . .
2. Fast training and rendering via composite . O(;)g:ztvxéirmeengsc)io\;es ;c e é; Optimization g gynamlc. objects canl.cha.nf?f(e thfelr azpe.arance according to the scene
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4. Leveraging multi-camera constraints in pose optimization improves quality

3. Benchmark for radiance field reconstruction Goal oy (rw).t.s) ) du

in dynamic urban environments from Estimate the radiance field f with parameters 6 0 (r(w),t,s)+0oy (r(w),t.s)

heterogeneous vehicle captures Hierarchical pose optimization: : : :
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