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[Abstract]

In this paper, a human activity regeneration (HAR) system based on multiple input multiple output frequency modulation continuous
wave (MIMO FMCW) radar was designed and implemented. Using point cloud data from MIMO radar sensors has advantages in terms of
privacy, safety, and accuracy. For the implementation of the HAR system, a customized neural network based on PointPillars and
depthwise separate convolutional neural network (DS-CNN) was developed. By processing high-resolution point cloud data through a
lightweight network, high accuracy and efficiency were achieved. As a result, the accuracy of 98.27% and the computational complexity of
11.27M multiply-accumulates (Macs) were achieved. In addition, the developed neural network model was implemented on Raspberry-Pi

embedded system and it was confirmed that point cloud data can be processed at a speed of up to 8 fps.
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Fig. 1. Structure of the proposed human activity recognition system.
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Table 1. Comparison of LeNet-5 and DS-CNN models in
terms of accuracy, computational complexity, and
number of parameters.

Accuracy Complexity Parameters
Network model (%] [MMacs] [k]
LeNet—5 model 92.5 52.94 236.45
DS-CNN model 88.73 4.75 46.41
HE 2. CIFS DS-CNNQ| Metret it S, mi2lojg %=

Table 2. Accuracy, computational complexity, and number
of parameters of various DS-CNN models.

Input A C p
Sive cl |c2|c3|c4|ch|cb]| fc (%] [MMacs]l [K]
64 | 64 | 64 |128] — | — |128| 86.64 | 2.53 24.27
64 | 64 (128|128 — | — |256| 88.73 | 4.75 46.41
32x3
64 | 64 | 64 |128]128]128|128| 91.21 2.82 42.31
64 | 64 [128|128|256|256|256| 92.43 | 5.84 115.3
64 | 64 | 64 |128] — | — |128]93.32 | 10.13 | 24.27
64 | 64 |128(128| - | — |256| 95.58 | 18.98 | 46.41
64x64;
64 | 64 | 64 |128[128[128|128| 98.28 | 11.27 | 42.31
64 | 64 |128|128|256|256|256| 98.42 | 23.35 | 115.3

A: Accuracy, C: Complexity, P: Parameters
c1: Convolution 1 input channel, c2: Convolution 2 input channel,
c3: Convolution 3 input channel, c4: Convolution 4 input channel,
¢5: Convolution 5 input channel, ¢6: Convolution 6 input channel,
fc: Fully Connected Laver input channel
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