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Detection of common incorrect squats based on sensor insoles

Zhou Bingtao, Xiang Mian, Wang Tao,Chen Shiqgiang, Jin Hao

(School of Advanced Materials and Mechatronic Engineering, Hubei Minzu University, Enshi 445000, China)

Abstract : Squat is known as the king of strength trainings. However, the incorrect positions may produce irreversible damage to the
human body. This study proposes a method utilizing plantar pressure to detect common incorrect squats position. Insoles with eight
pressure sensors are utilized to collected 5 sets of database, which are correct squat and 4 common incorrect squats. An algorithm is
proposed to segment those continuous pressure data. Then, the pressure nephogram is also analyzed. Three sets of deep neural network
are designed as classifiers, which are Att-LSTM, LSTM, and CNN, respectively. Experimental results show that accuracies of these
models are 90.2% , 83.0% and 79. 8% , respectively. The results suggest that the utilization of sensor insoles with LSTM and attention
mechanism as the classification algorithm is a valid method to detect squats position.
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Fig. 1 Comparison of sensor insoles and pressure cloud
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Table 1 Parameters of the pressure sensor
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JE B/ mm <0.45
ifif AP/ T3 IR >100
WRH R/ MO >10
WL /v DC 3.3
M 17 B [77]/ ms <1
RIS R] /ms <15
TAEWBE/C -20~60
HEME/% £10
—FH/% £10
e B R kg 4530

B R 4 R G0k Y 2 MY2901 SR RE 2%, 4 %k
100 Hz, 0] DASCHE 8 BRA5 5 Lt . BURBCRE)S 1L
K JE £ 53 10 B AS100DS ( ashining, China) , 5% JH
RS232 # TTL H# 385, RN 115. 2 kbps, B & 40
3| PC Uit MATLAB #Ef7Ab 3

ARWFFEIARZE T 5 AARFCRI R 4F 250 F 5 10 fi
B, R B MO BEAS UE B, REAE R &
b A TR B DA R UL TR B R S S E R
WOEBRR T 25 AT B ST BT R RS M R
PR I 2 N S AORTRIA T BB/ 4% 100 WK, BR B R 2
YR ENE 2 Fos . Bk R G HR 4 3 250 000
FIEJIEAE, Bt 2 500 Z2REEEE, A S5 E5#H
PR T LR, A SHEEWRG TN 5%
I pEs



112 U #H £ ¥ W

F42 8k

(a) E% (IEMED
(a) Normal (front)

(b) IEH (T
(b) Normal (side)

(OF: 532114

(c) Knee adduction

(d) ELOHTH
(d) Forerake

(e) BrzasME (6 ELJFAN
(e) Knee outreach (f) Lean back
K2 S

Fig.2 Squat actions
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Fig.3 Matrix curves of squat data
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Fig. 4 Distribution of pressure sensors
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Fig.5 Pressure nephogram of center of gravity deviation
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Fig. 6  Pressure nephogram of knee shape
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