F13%6 Hx M IR AR (P ) Vol. 13No. x
2024 7H Journal of Radars Jul. 2024

ETMIMOFEIER & EFFIR IR AR EZS IR A 753

THERD  wEHEY ok A2 o B Y g xKY g Y kepsr”
DmmIk® &% 210000)
O(LifMABFHAFLH Lk 201109)

FHE . YA IHET B IR R R NRSIE R L F B A T AR T A4 8 3= A I 2 B AE . M Tx Ak
B, RS SE A SFEIE S T S R AR O E B RS E (VIR AR E ), G T S iy
ETCVEXR AR IZ SRS D) 1) NS AT A R AE, SECRMERERNE F . N THRIX— 8, SR T
— P T 2 K Z(MIMO) F ik St B e 31 (U 1) NS ZS 0771, LA s i & A5 B e 31 (0 T QSR RAE D) 1) 4
AINREE BRE R S F B AR AL, 8 I SR E RS A 04 7 VR AR AN [ 3 47 1 (0 B PR i, ST 70 1) N\ A 28 5 1y e
BRI B, EIE R R S (CFAR) @ A Nk HARFTTERE RS 1], #ed, FIRIS D &8 B AR ERI 4
WU B, R A A B AR e A 4 Capon EVEAG THH V) MR AR BS . AR EEAN T AL f BE A5 B0
BB, 5 WS AR 4 BRI e B IBGEE SR, MDD M NS S BRI 51: ARG, SR T — b elost i 22 408k
A EOE N A L E, MRS, SR NRR BRI GERRE, SCERUET R &S, SR T MR T
TR B S A R M A7 (ST-ConvLSTM),  FIF ConvLSTM # yt 3K 2 2] U] i) N A 2874 % K 41
TR 2 YERAAE, I 255G 2 I e DDA R B A AR T P 1) 2 ) AR A R IR P 470 ) PRI PR AIE o %oF b S 1) 4 T 45 2
R, ATk, ZSCHTHR H 7 R AESFh R (i 1) 1) A A 2835 (1R 50 HR S 1 96. 9% IHERf R, B8AE T %
TIEAEY) I NAR LSS TR IR m AT AR i

XHER: MIMOEIE; VIM AL BGE TS BIUR M, RS

FESES: TNI57.52 XHRFRIREE: A XEHS: 2095-283X(2024)x-0001-17
DOIL: 10.12000/JR24116

1AM THEEL, XITEEE, 70, & FETMIMOE KRR B 5 40 ) 1) AAREZS R[], BBk (h ),
FFHAR. doi: 10.12000/JR24116.

Reference format: DING Chuanwei, LIU Zhilin, ZHANG Li, et al. Tangential human posture recognition with
sequential images based on MIMO radar[J]. Journal of Radars, in press. doi: 10.12000/JR24116.

Tangential Human Posture Recognition with Sequential Images

Based on MIMO Radar
DING Chuanwei®  LIU Zhilin®  ZHANG Li®  ZHAO Heng®  ZHOU Qing®
HONG Hong®™®  ZHU Xiaohua*?
®(Nanjing University of Science and Technology, Nanjing 210000, China)
®(Sh1mghai Aerospace Electronic Technology Institute, Shanghai 201109, China)
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move toward or away from radar in radial directions. Conventional Doppler-based methods can barely describe
the true characteristics of nonradial activities, especially static postures or tangential activities, resulting in a
considerable decline in recognition performance. To address this issue, a method for recognizing tangential
human postures based on sequential images of a multiple-input—multiple-output (MIMO) radar system is
proposed. A time sequence of high-quality images is achieved to describe the structure of the human body and
corresponding dynamic changes, where spatial and temporal features are extracted to enhance the recognition
performance. First, a constant false alarm rate algorithm is applied to locate the human target. A sliding
window along the slow time axis is then utilized to divide the received signal into sequential frames. Next, a
fast Fourier transform and the 2D Capon algorithm are performed on each frame to estimate range, pitch angle,
and azimuth angle information, which are fused to create a tangential posture image. They are connected to
form a time sequence of tangential posture images. To improve image quality, a modified joint multidomain
adaptive threshold-based denoising algorithm is applied to improve the image quality by suppressing noises and
enhancing human body outline and structure. Finally, a spatiotemporal convolution long short-term memory
(ST-ConvLSTM) network is designed to process the sequential images. In particular, the ConvLSTM cell is
used to extract continuous image features by combining convolution operation with the LSTM cell. Moreover,
spatial and temporal attention modules are utilized to emphasize intraframe and interframe focus for improving
recognition performance. Extensive experiments show that our proposed method can achieve an accuracy rate of
96.9% in classifying eight typical tangential human postures, demonstrating its feasibility and superiority in
tangential human posture recognition.

Key words: MIMO radar; tangential human posture recognition; sequential images; image denoising; deep
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Fig. 2 The framework of the proposed tangential human posture recognition with sequential images based on MIMO radar.
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Tab. 1 IMAGEVK-74 Radar configuration parameters
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Fig. 12 The experiment setup BB S 3.75 cm
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Fig. 13 Illustrations of eight typical tangential human postures
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Tab. 2 Descriptions of eight typical tangential human postures
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Tab. 3 Results of tangential human postures recognition methods

ik WMARHE P 3-A7S ERFERT (s) it FEELFEHT (ms) FR R (kB) TR
1 i [ - 2 25 N/A N/A CNN[) 2.60 2602 72.7%
2 I i) - 22 2 ] N/A N/A CNNLHI 2.60 2602 70.3%
3 HAL B 751 N/A N/A ST-ConvLSTM 1.93 151 91.4%
4 Bz E MTI 0.13 ST-ConvLSTM 1.93 151 89.8%
5 G B 51 SWT 0.03 ST-ConvLSTM 1.93 151 92.1%
6 Bz E BM3D 4.40 ST-ConvLSTM 1.93 151 93.0%
7 R B 1) Proposed 4.61 3DCNNHY 2.38 3806 90.6%
8 A& K5 Proposed 4.61 CNN-LSTM“ 0.92 41299 91.4%
9 HAL B 751 Proposed 4.61 ConvLSTM 1.29 148 93.8%
10 Bz E Proposed 4.61 S-ConvLSTM 1.62 150 94.5%
11 A% & 7 Proposed 4.61 T-ConvLSTM 1.35 148 95.3%
12 A% [ Proposed 4.61 ST;ZI;;L,;T)M 1.93 151 96.9%
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Fig. 15 Recognition results of tangential human postures by ST-

ConvLSTM network based on imaging sequence. (a)~(h) indic-

ate tangential human activities from Tab. 2, respectively.
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Fig. 16 Visualization results of tangential human postures recognition methods
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Tab. 4 Robustness performance in individual diversity study
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