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High—precision gesture recognition based on data enhancement algorithm

and CNN-LSTM
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Abstract: In recent years, radar—based gesture recognition technology has been widely used in
industry and life, and more complex application scenarios also put forward higher requirements on the
accuracy and robustness of gesture recognition algorithms. A high—precision gesture recognition
algorithm based on millimeter—wave radar is desgined. By comparing the existing classification
algorithms, a Convolutional Neural Network—Long Short Term Memory(CNN-LSTM) deep learning
algorithm model is constructed for gesture recognition. At the same time, the Blackman window is
employed to suppress the problem of spectrum leakage in gesture signal processing, and efficient clutter
suppression and data enhancement is achieved through the combining of wavelet threshold and dynamic
zero—padding algorithm. The actual measurement results show that the proposed gesture recognition
algorithm achieves a correct classification rate of 97.29%, and can maintain a good recognition accuracy
rate under different distances and angles with very good robustness.

Keywords: gesture recognition; millimeter wave radar; Convolutional Neural Network—Long Short

Term Memory(CNN-LSTM); clutter suppression; wavelet threshold algorithm
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Fig.5 Comparison diagram of single-frame RDM image clutter suppression
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Table 1 Radar parameter configuration

number of transmit number of receiving bandwidth sampling rate  frame period . . .
parameter frame number  number of chirps  sampling point
antennas antennas /GHz /Msps /ms
numerical value 3 4 4 1 40 50 50 256
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Table2 Classification confusion matrix

prediction category

swing to the right swing to the left swing down swingup  swing clockwise swing counterclockwise
swing to the right 79 0 0 1 2 0
swing to the left 0 80 1 1 1 3
swing down 0 79 0 2 0
real category )
swing up 0 0 0 78 0 1
swing clockwise 1 0 0 0 75 0
swing counterclockwise 0 0 0 0 0 76
accuracy/% 98.75 100 98.75 97.5 93.75 95
average accuracy/% 97.29
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Table3 Average accuracy of gesture recognition at different distances(%)

R=20 cm R=50 cm R=100 cm
preprocessing+3D CNN 95.80 93.33 86.26
CFAR+CNN-LSTMF"! 94.21 89.16 79.50
preprocessing+CNN-LSTM 97.29 94.80 89.74

MEERATLIE Y, BEE NS TR Z e, BUINMER R TR, X EZR M TRENESHEMRL
Wt B AN T R B R B . R T 3D CNN 230 M R BEAR SCH 0k, RO ME B R s AR [, AN i 7 5 56 B 444
B, N R0 S AR SCEE 22 B R SR Y CRAR BB 55k 1 RUG HE B A 7E B B 3 ik, F e BE B, IR i8R
TR X W PR 2 D B BT B o DL SRR T A SCH 2% D ] B0 T X SR 1N AR R B S5 ) M P 2 D R A T Dy L
(K MERE T, IR IR SORY A 9 CNN-LSTM 55 5 5 AU 7E T 3450 75 i M BE R L R 4F o



5 5 EEmEE . ETFHIEERE XN CNN—LSTM ME B EF RT3 555

42 BERM
6B B 35 20 cm SRR, T AS ) 69 A S5 A0 3 037 58 0 A7 9 [&

UMK, W10 Bk . bR R RS T 3l FHRGE S b ﬁ w

BB BE S IR ST, TSR M4 TR, BT TN

220 AR IR TR I A A S I — B R s\, N

HW R R RER N FRE SRR TR SN AN

IR, LS X T 2 B R AE R AR R . T 4 T ol B QB

DAt A5 A8 T 45 VP50 2R 49 £ L 90 ol 0 PR A K gﬁ

K CNN-LSTM %332 452 8 (4 R0 o i 4 4 3D CNN 2 AY , 7E ff) QB

JEAE A T R B /)N, GIER] T CNN-LSTM 57 A5 4 75 4ib B £y - , . -
o ig.10 Gesture detection at different incident angles
AR Al ok O RRAE I 22 I, RERE SR I BE O R AP Ar S RE T Pl 10 A8 [R] AS£6 1 T 38 il
K I CFAR BB S35 O PURME R R, A A BEAR AR, T Rt 38 4
Ko mICIEW] TASGE Hsh AR %, i F45 S0, 7k f B AL A B BLAr 095 i
4 AT BT ABRBPEIIUER (%)

Table 3 Average accuracy of gesture recognition at different angles(%)

angle=0° angle=15° angle=30°
preprocessing+3D CNN 95.80 84.97 69.78
CFAR+ CNN-LSTM 94.21 83.46 66.35
preprocessing+CNN-LSTM 97.29 88.32 74.18
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