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[Abstract]

In this paper, we present the design and implementation results of a system that classifies drones from other objects using an
FMCW (frequency-modulated continuous wave) radar sensor. The proposed system detects various objects through a four-stage
signal processing procedure, consisting of FFT, CFAR, clustering, and tracking, using signals received from the radar sensor.
Subsequently, a deep learning process is conducted to classify the detected objects as either drones or other objects. To mitigate
the high computational demands and extensive memory requirements of deep learning, a BNN (binary neural network) structure
was applied, binarizing the CNN (convolutional neural network) operations. The performance evaluation and verification results
demonstrated a drone classification accuracy of 89.33%, with a total execution time of 4 ms, confirming the feasibility of

real-time operation.
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Table 3. Accuracy and memory usage based on BNN

COMPARATOR| MAXPOOLING
12bts abits bit ouTPUT
< IMAGE

32bits
result

depth.
Conv depth Accuracy (%) Parameter (KB)
128 37.33 28.23
256 89.33 4713 )
38 11. BNN ¢ds 85k st=lof 7
512 84.67 167.89 Fig. 11. Hardware structure of performing BNN operations.
FCL
Convolution & Convolution & Convolution & [N
40x40 BatchNorm2D BatchNorm2D BatchNorm2D —
htanh htanh htanh |
Binartize 3x3x64 maxpa:)oIZD 3x3x128 maxpacI)oIZD 3x3x128 ma)(pa::volzl:i—b
) ] 3
LA
256

O8 9. HMotEl AJARIS] BNN =
Fig. 9. BNN structure of the proposed system.
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Table 4. Resource usage of the hardware.

Parameters Value
Logic utilization 5,707
Total memory bits 426,500
Total registers 1,262
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Fig. 12. Setup of experiment environment.

team01@raspberrypi g aster

eam@i@raspberrypi: S source ~/miniforge3/bin/activate
(base) teamoi@raspherry| nda activate pytorch-env
(pytorch-env) team@i@raspberrypi:~/ ter S python RPI_FPGA_SPI.py

Prediction: drone

done
(pytorch-env) team@i@raspberrypi:~/Desktop/demorad-master § ss'

J8 13, &5 Eold ¥
Fig. 13. Output terminal window.
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