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- SIMO FMCW radars enable multi-object localization, which is 0 Estimating {X;}}_, by promoting joint sparsity via the 3D I, ; LS problem:
crucial for multi-person NCVSM. However, detecting and ’
positioning humans in crowded scenarios is challenging and highly
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1. F1 score of the RalLU-Net outperforms all other methods and passes 96% for
any ADT above 5 (here the theoretical angle resolution is ~30")

2. Both RaLU-JSR and RaLU-Net achieved a small average angle-MAE< 1.5 for
Signal Model Ral.U-Net Architecture every ADT. However, whereas the accelerated iterative method requires 100
iterations, the unfolded network employs about 7 times lower number of layers

d We adopt the bilinear model of [1] for a SIMO FMCW radar signal ., . \
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Achieving high performance with
Q A-2: U « MP objects, meaning that {X;};_,are U-sparse matrices minimal computation in thousands
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