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ABSTRACT

Technology for detecting objects in invisible spaces is attracting attention for various purposes such as
military, lifesaving, and autonomous driving. RF radar signals are considered as suitable sensor types for
performing this task because they can measure objects through walls. In this paper, a data collection
experiment environment is constructed through a MIMO(Multi-In-Multi-Out) antenna and a Ultra-Wideband
radar chip. Using signals collected using the configured environment as datasets and the corresponding dataset
as input of the Transformer model, 3D object detection through Bird-Eye-View Bounding Box is performed to

present algorithms for object position estimation.
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Table 1 Training Hyperparameter

Parameter Value Parameter Value

Learning Rate 107! Weight Decay 1074

Batch Size 4 Epoch 100
Encoder Layers 1 Decoder Layers 1
FFNN dimension | 2048 dropout 0.1
Number of Heads 8 Max Number of 100

(M cads) Objects (V)
I fficient
GIOU Coefficien 1 |LI Coefficient (c;;)| 3
(carov)
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Table 2. Accuracy in Test

TIoU Threshold 0.7 0.5 0.3
Accuracy(%) 85.09 99.60 100

B 3. YAF AUt A A3 A ol e s A

§—Jr£ HlJL

Table 3. Comparison of Test Accuracy by Convolutional
Neural Network and Max Number of Objects

ToU Threshold 0.7 0.5 0.3
Accuracy with | V = 100| 8509 | 99.60 100
CNN (%) N=2| 1962 63.70 90.92

Accuracy N =100| 4.20 20.55 46.83
without CNN
(%) N = 31.25 65.74 78.32
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Table 4. Comparison of Test Accuracy by Algorithm
with Transformer and Complex YOLO

ToU Threshold 0.7 0.5 0.3

Accuracy
Transformer 85.09 99.60 100

(%)
Accuracy
Complex YOLO 2.13 37.33 62.40
(%)
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