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Hybrid-order channel response symmetric bilinear convolutional
neural network for distributed pressure recognition
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Abstract: The distributed pressure recognition method based on sensing arrays is usually to characterize pressure information as an
image. Then, features for classification are extracted. However, there are still two problems. The first is the limited density of sensing
arrays which leads to low resolution of the formed pressure images. The second is the existence of elastic coupling in flexible sensing
arrays, which results in blurred edges of the pressure images. In this article, a hybrid-order channel response symmetric bilinear
convolutional neural network ( HoSB-CNN) is proposed. Firstly, the channel attention response CNN is constructed for enhancing the
representation of first-order features. Secondly, symmetric bilinear features are proposed to improve the sensitivity to edges. In addition,
due to the structural symmetry of the symmetric bilinear features, only the triangular matrix is retained in the storage and transfer of the
features, which could reduce the network complexity. Finally, a multi-order feature hybrid strategy is used to enhance the nonlinear
fitting ability of the network. And a press-letter dataset is constructed by self-built data collection platform and 8% 8 sensor array to
evaluate the HoSB-CNN. Results show that the accuracy of the proposed method is 98. 11%.
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Fig. 1 Non-ideal effects of pressure images
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Fig.2 Schematic diagram of the hybrid-order channel response symmetric bilinear convolutional neural network
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Fig. 3 Compression-excitation based channel attention response
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Fig.5 Self-built pressure data collection platform
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Table 2 Network complexity of HoSB-CNN

ik FLOPs e WgS NS
/ms #m/kB H/MB
HoSB-CNN  3.81x10° 0. 475 43.31 17.2
Baselinel 4.23%10° 0. 450 241. 04 4.43
Baseline2 3.78x10° 0.474 42.25 11. 41
Baseline3 5.95x10° 0. 489 2119. 68 81.17

3) X R MR 5 Z B Z2 2R RlA 1M RR

R T U A B SR MR AE A 22 [ 22 )2 45 AE TR 5 X6t 1)
LEMERESRTHAO TR, HL %S T HoSB-CNN 5 — [ 8 i AN TRl
JZRFAE B PR, 25 SR AN EE 3 Fron, i i A HoSB-
CNN H C1JZ2H C1° (UERGR v LU H | X FR AU 1 4
TE S THRAE A AT e, C1° BB SR A L C1 42
BT 17.1% , A B AR AE B e AT Bl A, RG5O
FC1, 383 LA AN M 2% FC1 g HERRM: , T LU — 25 B
FRIER A AR, SARBINGLA B B2 AL, FC1
FIMER RN T 4. 6%
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it A HoSB-CNN HoR [] )2 AN [R] B R AiF 1 il &
AR VLI Z M Z 2 Rl AR RE . e AN E
HAEH F-CLRBIMERRINE 4 Fin, alDIAE N, A8
B ARAE TR & 4L e — B R E TR A L R IR B R s, B
Ah A TP E SRR 16 B2 B T i A TR A
TERRT o3 PER R . PR R X AR 4 B R U, (K2
FRAE RTS8, T AT A 7= A X i
G RSB Y RRAE . C1® AN CS RRAE B 4 A B
T HER R 94. 7% , Lb—BMIR &4l C1 A1 C5 AR
R 3.9% . DL EZERULE T R £ B 2 2 R R 0 5 R
PERT DA R 45 O AR ML A RE T

%3 HoSB-CNN &EREiRFIAME
Table 3 Recognition accuracy of HoSB-CNN for

each layer %

W &% Cl1 c1® c2 C3 Cc4 C5  FCl

HoSB-CNN 41.0 57.1 53.1 655 77.6 84.4 94.7
B2(—Kr CNN) 41.1 - 53.2 64.8 76.9 851 90.1

&4 HoSB-CNN 1 EA&IRAHEMHE
Table 4 Recognition accuracy of HoSB-CNN with

different layer combinations

ZIREMAE HERR /% ZlE—mds MERE/%
c1®+cs 94.7 C1+C5 90. 8
25 +C5 93.6 C2+C5 91.6
c3%+C5 93.5 C3+C5 92.1
c4b+cs 93.3 C4+C5 92.3
4 it

A SCER R 43 A 2R 3 YU A A8 A o 3 3 ) kA
BB A BRARSON  $2H T HoSB-CNN Bk i gt oA &2
IR R 7 R R S H TREIE R R, 815 T
98. 11% MY PUMMER R . A SCH) EETTERAE T 1) M
T A E T W R CNN K B o 2 25 R 0 B M
FROESX T AN [R) BUAE, 2 T+ — B CNN REAE (9 4 34 B
2) $ T B R B OB MR AE B e I 4 X S0 EE A
G IABURRRE  HAR BORRE 2 AR KR, AT ELRRAE 1 %
HEPRAE . 3) X B OBLER M R AiE 5L A 25 A R, T
PAFEFRAEAL 338 5 i A7 P AP~ B8 = 1 0 I, 7 1k ) 28 &2
ZRBE, 4) # 2 ZZIR A RHE, 5253 R H CNN K[
JEATE B i B AMIE A A 2 R AE 1) 503 4 T I 245 1)
LA RS,

ASCHE Y HoSB-CNN FEANHE i1 o0 26 T~ B 1) 15 10

P 1 28 AL AR IBCRE g AN A TR, S T 3 Y
WUIMERRTE . eAh, BT AESAR Y SR A 5 R EE T4
HABEZR /NS R 53 B 32 00 AT S Bn U 55 o
ARH L, PRI AR SCHR HG A58 S — T o A, T
LAY e BIA W] Y S B I v
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