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Abstract

Artificial intelligence recognition of gestures shows a wide range of applications in cognitive neuro-
science and robotic arm technology. Cameras and strain sensors have recently been used to collect
photo and time-dependent response data for different gestures. The data are input into artificial neural
networks for recognition. The large amount of the input data induces computing power waste, massive
energy consumption, and significant time delay. This paper introduces a gesture recognition pathway
based on bend-sensitive graphene strain sensors and diffractive deep neural network (D2NN). The
strain sensor is fabricated on graphene oxide (GO) film through laser scribing and exhibits tunable
current responses under the adjustment of bending angles. 10 strain sensors are located at finger
joints to capture the current responses under different gestures and convert them into a 10-pixel im-
age as the input of diffractive deep neural networks. 100% accuracy can be achieved within 3 itera-
tions to recognize gestures representing numbers 0~9. The amount of input data is only ten, much less
than those of the reported gesture recognition devices. The pathway combining graphene strain sen-
sors with optical neuromorphic computing paves the way for achieving low-cost, efficient, and high-
accuracy human-computer interaction.
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BEE (5 BRI AR AE S, AW B IEEMAAE SB[ A FESaERS X, FHRME
WEIHH R RINUE BRI EXE 2], FHIRAMBEZ — BTG LREFAR A, JF
W AR 2 B AL 27 ) B3] [4]0 R NS00 23 e B 77 PR TR 9 o D P R0 A6E AR S (1 ek i)
IR, H—MgFREF. FhiskarE LR AR, B F ARG S[5]. mTRESEEZ
B I AL OB, DRI SR AFAE S N B B R R s o O T 0D e i BOR SR Ot S I/ N B i
BIFRFH RN AR ELEE,

BT, A SRR G b R T AR L BRRSE VR A S B R T A2 B T2 AU [6] [7]. AL 5205 (Gra-
phene Oxide, GO) R Ui A5 A il R RS AR = S8 A A4 B8] [9], B AT LUIE Ik o I T3 303 J& it
I J5U AL 5297 (Laser-Reduced Graphene Oxide, LRGO) [10] [11]. A 547 N 48 14 B HAG 2R3, wT &
EVRETERE . O BIEEEAR AFRRE ML, PR KRR B & (1 S FITE 5 Z R B vh AN AR e . b4k,
S 0 7 SRR A A EL A TR R AL B B R L R R 0, A U % B A R S il I L N R R AR
SERME S . FE, WO S A B IE BAT & T A SR R P FIE R, bR TR
A A SR B 1) R AR AN e o X PhEE M A E IR 2. TR B RS 4R AN AT 28 S A 4% v 1K) S AR A
RLFSHE T BRI F1[12]-[14] 0 A RRaS BT 2 T 5P L], A HE R B AN[15] A1 [16] [17]
FIZ B AR [18] [19]0 FHorbr,  JE T e BSOS ) A Bt EL AT ] 18 SR 508 R s iy 7 (15 £ [20] 0 53—
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I8R5y 245 [23] TEH PR [24] . TREEB R Z 45 [25] [26]. N LAHZ M 2% (Artificial Neural Network,
ANN) [27] [28] AT 5 5 1 22 % 4% (Diffraction Deep Neural Network, D?NN) [29]-[31]. D2NN & —Ffh 4=
WAL, CRNEATH RIS IR S S G, AR R TR B 4 [32]

TEASCH, FRATEE ORI L HARTE GO HiE EHI/E T LRGO falal Hitk. 41 GO/LRGO AL %
JERASFEAN R Sl 7 5 R R I AT A BRI R . E TR O AR CE 10 AN RIS, IUE— AT 10
ANHREEE . AR5, KX 10 MER K 10 B REME, 1E9 DPNN BIHAN . XF T 0~9 # 7 FHm =il
S, FET D2NN PR AIHER R T/ 3 MR e NIE E] 100%, HEFEILT35F ANN [R5, 5 S 2T
&, HANEE I i /b T RGN AR A B2

2. SN FESHMERSHRAEE
2.1. GO/LRGO A5 A& 5%

] GO AR TN B T/K, W HFREN 2 g/l BRI A B+ 600 =T+ GO &7, A5
H Hw e B 2 IR 2. B2 g (Polyethylene Terephthalate, PET) i . [ 4RZ& % 24 /IS, 53] GO
M, SRS, EREEIIR N 30 mW. HEEEN 80 MHz. FHH#IEEE A 50 mm/s. KN 780 nm )
Nanoscribe FREUNH AT HOCZIR . EEE L HI1E T i 18] AR AN 77 T FA, e PR sl e T 6] T 2.
Beo W, MRAREERE B AR AR L.

2.2. GO/LRGO M LB RIAESFR

{5 ZEISS Sigma 300 4 185 ORI 28 7T 5 SRR &S TR AE . 7E 532 nm HOLHR IR T,
{iF HORIBA WITEC Ly 2 Rguntfy 2 il 3t TR AE. Ml K-Alpha XPS {X#8 X1k %0 & 0 A kAT
KAE, 1 H Keithley 4200 - FAKSE BT ACR 150 Z K3 LA & K FEPERE

23. ATFHAANNMELSHRNE

10 N RBFRIRERAL T FHR AT, FTUEE 0~9 BrFH m siima N . BANFHE 5 500 K, &
500 4 HL AL, HdR4E i 5000 A BRI Rk, (E KA AR i FEr, ARIE R EH, GO/LRGO K
AL R ARAE T APAT AR P B AR 2 B R B R AR . F AT IR A i s A T TS
BTN XTI, FON AR E O A . AR 2 % 5 IR M AT
[N . 5000 NECHEEE L BENL M ED, e 80%A1 20%%3 5 FH Tl R FiR 4L . 78 D2NN w1, AN TAhZ
TR RGPS T — BRI AR E 0%, IR IRIEAFRAL - — B P2 A N T - R A% s 1)
JRFR B S BB . RAEIA] - FORFEATH R3], A AERERE V20 (X, y;,2) K, SFER
—Z(x,y,2) BLEMFETT | A=A T e

z-z;| 1 1 S
W (x,y,z)==""t = 4— e 1
(xy7) r2 \2zr  ji, ™)

S, W SUNEIR R A R, ¢ U A PR, U, 5 12 (x, y,.2,) 00
Zouiii SR 1 EFTE G e T LLZ AN E e I R SR R B W] (X, y, ) IR
(%Y. 2)=w (X Y,2) 8 (X, Y52 )'anlgl(xi Vi Z) )
k

XL R G AR B A a3, AR5 NS 2 AT DL g0 it 80 1 2 ORe L IE o AERT
SRR R RE R, AR Z R AR R T AT TSR . £E DPNN A, SHLEFT U BE AR
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Wi T LR &5 RO RGBSR IR )T . MR EE I 2R TE 1 25 TR L AN AR 2 2K )
fENTRE o I N Z BT i 2 AT G SRR SR, SR TR AR S R A A B AR . (HId 2 )R R e
SEOCREERINR BIERARE I, EESIATURTE, RmPEEZATERE. Fit, HERMERE
JCEEBUREIRALET . (RIS, oK H & BRGS0 0 R MR LR AR L . B R M e %, AT
5o PRy s ) 1 BE DB, TE S AR A A AN IEZE S . AR, R AR R T ] RESZ PR TN RS
FRAT TCIE s L BRIR R RCR, A 2S5 S8l a. & 1A T AFRSET DNN 1R
HEMR, ATLARIEE 32 DPNN /2400 5 2 Ao | v 784 i, MU SUMMER R i, &R
Bom, NS ST 2 R

Table 1. Comparison of recognition performance of D?°NN with different parameters

#F 1. FEIZHT DNN KRB REXTEE

TSR FE A 22 0 2 J2 5 Hheu s H HER =
3 625 88.56%
3 784 90.23%
5 625 97.14%
5 784 100%
7 625 96.88%
7 784 98.3%

W FRERTT, AT T AR TR TR D2NN NS EEAKES, EH—MaANZE. f
ANTHEM— MG 2SR . N ZEREANMITHE RS 784 MEA T, TR H 10 ML ek, H
TFHHI. FRS, ZIRMR KRB IRAE R RO HE ., S o RN R LB S,
5 DR 2% R PR AR 2 B TR MG FC o T v PR 257 ) B e AR S B BRI ZY, S AT I ke, AR
T I A ) 27 2T ZRWAE KN R A 1, HL T REBA N = A/ it o B AN Wt SR I0 A &2, RIEE S I N
0.0005, FrLAFRATESE 0.0005 1E 4y DANN MILZEHELEM 5 2 R 24, JLAL, PR R 0T 75 B2 G TAT:
% HFR. SF21E5%, Softmax-Cross-Entropy (SCE) 45 2k bR FUnT DA it &4k T 5 3 SEAR S (I 2 73 A
ZER, RETE HEHILAG S T . T T R ZE A R B RT R R R A S )P O RS B, BRIk
SHENR . 10V K& % H PRI (i [RII ZER mos B RVIRAERE), wT 51 NINBLE A3 R 3. AT TAER B Ax
Fili D?NN et 0~9 +ANFHEFd T s Aok, Frblikst SCE #k s BE N4t Rk s L. [
i, I ReLU BRI —fb B AR X B 2 R bR AT T Ak,  DURIES 5 R BRI H80CR

7E ANN ™, BASEIEF AL S B R IARE ST, IGRRCRAZAEGE . )2 M2 (W
Rl )=) B 2 T NGk BUH SR RARR, (EHE USRS T i s B SRR Ok R . B SO0 N, Wi £
JE AR AR BT 5T R R ARRAEAS 2. MR e H B UUE T 48 1 B S FRF ISR AR RE 7 36N 2 70 3L
B AP T AR NS U . 5 DANN A EIHA, ANN FIRRE TR0 5 N\ 48 B AR GBI Z 2
LB RS B BT LURE TR 80R BN, EARSCH, BATF T ANN HEZE—ILEPUE, — M
NE FANBRIREM— M 2. Kb, SMIANBEE 784 MIZ T, WAFREUZE 2 7IA 128 Fl 64 Mz
JG, FHEE 10 MREIG. FRE, oI RENRAGERRNIZ 0 S, REWRSIOE B RIAR E T .
WM RS SBSHEH DK R, R RETE BRI RSB 2R R R 5 2] 2 A
R NS, H 2N RHN NS 72 ANN 1, FRATR A Adam L ib2 ol g2 ik 2 > R F2h i S X —
)RR . A SR % BR B0RT LA B TROAE 22 0 A 5 OSERR 2R I 22 57, BE A A SO I AT 55 1),
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CLIEFEBR L T /Mt (R K/ 10) i /IME 2 U0 R 435K, ANN IS B AL F5 380G “ %
iR 2 RN SRR 55 B A LA E R BN e B BV [, S SR M B ST R DL
TR E S E .

3. R5iT1ie
3.1. GO/LRGO RIZE{L B3 B F R BIHLH

SR N AR AR RER I A A ] L) FR, Bl MO REIE R A R, HE T — X35 LRGO H
Mo HH AR FURROAE) F 1) AR A8 I B A T A TR I B D A o 48 (B SG1 Ak o [RIBG,  HAME RIS AR
() LA IR B2 T IR AR 3 0~9 I F 35 . GO/LRGO WAL KA (il fE L AR & 1(b) B 58, ¥ GO
IKBIFIRREE R PET 2L BT T2 SR)5, 7EUURA GO i i TIOGRIZ, TR LRGO [1ia]#E
BI% . (ERIGFE kb e se HI B2 T4 S 7], LRGO R & & TRk, &5,
B — A7 R AR AN —ANJ7 T LRGO HLK %) TH] ZH ek, H AR R 4%, T R — A HE X R R AR AR IR 45
X TRE—ANFH, AT IER PR RS2 A E AL i, MR A FE R E RS . 10 Mg
TR SR P R S A4 R 10 AR RO EIE, 1 D2NIN SN . 7E DANN ik Z e, BTt s s 4 -+
AR X, A X R — MR 0~9 Fr T MIATH 1 KRGS, it 2 A R X
e, TN II(E 1(c))-

(a) .
GO/LRGO strain sensors
T 2 C} 2B A:Pollex
QB‘ 1B B:Index finger o
PET / B° Slow 2N C:Middle finger 1:Metacarpophalangeal joints
GO / P 1D D:Medical finger 2:Proximal interphalangeal joints
LRGO / 1A EiLittle finger
(®) GO ¥ IR Laser
GO Film ) LRGO ! Electrode I
PET substrate Fume hood drying ¥ IR Laser
Electrode 11
Laser processing
Ag Wire f’ ﬁ —
Strain sensor Double-layer assembly
© D2NN Correct recognition
. 2C7 g
LRGO =1
Gesture1 = ' Ggo 5
N ;
o

Time(s)

Figure 1. A GO/LRGO strain sensor for gesture recognition: (a) An illustration showing the structure of the strain sensor located
at finger joints; (b) Fabrication process of the sensor; (c) The principle of gesture recognition using the sensor and D?°NN

E 1. BTFHiR5IA GO/LRGO MEfEREER: (a) T FHRXTAHNMEERBENRER; (b) ERFHIET
2; (c) FIFMERLESHN DANN #ITFH AR RIE
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Figure 2. Characterization of the GO/LRGO strain sensor: (a) Raman spectra of the GO/LRGO film; (b) A XPS spectrum of
the C1s region for the GO film; (c) A XPS spectrum of the C1s region for the LRGO film; (d) A SEM image of the GO (left)
and LRGO (right); (e) I-V characteristic curves of the sensor under different bending angles; (f) Time-dependent current re-
sponses of the sensor under different bending angles; (g) Time-dependent current responses of the sensor under different bend-
ing/recovery durations. The bending angle is 60°

2. GO/LRGO R ZEf&RABRHIRAE : (2) GO/LRGO S#EERIH 851 ; (b) GO SEHE Cls XIFiA XPS Hi&; (c) LRGO #
f% Cls X13iAY XPS Jik&; (d) GO(Z)F LRGO(A)RIIFEEBIRE1R; (e) NEZHIAE THERXIRM IV FitrhLk; (f)
T EIE i A B T L RS PEAT B L R BRI AL 5 (0) AN[E)ES R/ B R Lh (8] T 15 Rk 2S B AT [B) L Y B R 2 . 5l
&7 60°

P12 R FAE GO b JEARE i — A 2k R[34]. 1n1&] 2(a)fiizs, 7E GO F1 LRGO fdi & i ]
DARE 5 31 =N R U {H——1350 cm ™ AL 1) D WEARFR BRI AN S M Bk, 1583 cm™ &b G IEAREA 7
BT IR N 4R S, 2700 em ™ 4b i 2D AR S 2 I HE B IR ANAH SC 1) B4 2 HUF 16 [35] . LRGO (1 D
VRN G U2 A (158 L (1o/le) i T GO, IX R BRSO EIE J5 J5 A1 22 DX )]SI T [36]. o Hke X o
2% FL 7 E1% (X-Ray Photoelectron Spectroscopy, XPS) & r T Otk A i B2 ih AL i o 10284k . 1] 2(b) &
7~ 1 GO B Cisotil, Horh C-C 81 C-O BEIIMIAE A 43 L4 il 43.6%A1 16.4% . WOLIE R )5, K
H C-C #EA C-O B 70 EL 2 BIAE N 75.1%A01 11.6% (4 2(c)). X3RO o A 1w 2 P GO
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FIE S E[37]. K 2(d) B T 4E 30 mW 0B A1 50 mm/s OG5 EE F in L GO Al LRGO [
94 #2755 448 (Scanning Electron Microscope, SEM)EI% . MEHE AT LLE HY, GO KIZ i £ £L H A kE,
M LRGO M 7 FoR4:#y, BAG TS k.

GO/LRGO J% A5 & k2% 7 i R RK G Bk . Wl 2(e) o, 1-V HIZRTE-6V il 6V Z [HRIH B
UFILRPEmR N . TEAFERE AT, Fme N2 AT, RO AR EER 148 1R RN 7 T2 LRGO HiAl I
ETEANT T IR ARA I SIS, B F AR AT AR TRT SR 2 0/, AT 385 A8 fo T R 5 o5 2 A e v B
[36]. 42 EEA OB 4L S 60° KT, HTHEMtmARI K, (RERASmFHE . — B A i — Bk,
LR R OS2 B FE B, RIS FEUAR 2 RD (1P 2RI BR PR 254K, b4 SECRFHIS K. Wl 2(HFs, 7E1V
L R 7S F S A B2 Y GOILRGO AR A% [Ba% (1) HL AL B o FEAS [R) A 5 125 Ml 0, H gt Jo
fREFfE, BRI SEMRRE M. B 2(0) 8 T 25 iRt () Ny s i 28 4k, 76000 F2 Hh it m 1
ANTR)RE LI TR] (1) 25 i (F 2 AN 0738 2] 60°) FIR 52 (F1 2 AN 60° 9k /N1 0%) o 7E 5. 10 1 15 AP (KA [F] 25 il /1K
STRFEERT N, FLIRIA RLR RN, BOHIE T AR A AR E 1
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Figure 3. Performance of the GO/LRGO: (a) Strain sensor response time of the GO/LRGO strain sensor; (b) Recovery time;
(c) Hysteresis characterization of the GO/LRGO strain sensor; (d) Relative changes in resistance and bending strain curves for
the GO/LRGO strain sensor; (€) Durability of the strain sensor for 1200 cycles of repetitive loading at an angle of 20°; (f) Stability
of the waveform within the time range of 6470~6520 s during the cycle depicted in (f)

3. GO/LRGO R &Rk MM RE: (a) GO/LRGO AR RAZRAIMIATIE]; (b) WRERTE]; (c) GO/LRGO R & R%zR
AR EYFME; (d) GO/LRGO R fE AR AV HA T AR TILdhLk; (o) RIEERSRE 200 T EE ME 1200 )%
BRI AM; () EOFERNEIRSESD, KR 6470~6520 FHBTESEE AR E MY

(@) 1AL KA R 60° 75 i AR ) SN FLIATIE N 2k, R WTIZ B N NI R 190 2
o [, [ 3(b)ZRWIFE 60725 il AR T FELIAU I L T 2 P PSRN ) 9 236 2200, T LM BEIS (] FRAT T3k
BVl TR IR SRR Ol WP 3(c) R, EREAN AT A, ARSI RN T 5%, IRk
% o Ja il LARISANTE, I BEMERS ISR AN S S IS AR . RBUZZWT T GO/LRGO MARfEIKAT /I —
ANEEVERER E, B R WE LR T (Gauge Factor, GF)H . GF 71577 V5 &K AH X i B AR 4k, 5 it
IR ARHR R, ana(3)Fs:
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Figure 4. GO/LRGO strain sensors for gesture recognition: (a) Photo of the strain sensors; (b) Photo of the sensors mounted
on the corresponding finger joints; (c) A top-view photo of the sensor applied to a bending finger joint; (d) A side-view photo of
the sensor applied to a bending finger joint; (e) Photos of gestures representing numbers 0~9; (f) Bending angles of each finger
joint corresponding to gesture 1; (g) Greyscale images of gestures 0~9 with 10 pixels

4. BT FHIRAE GO/LRGO MRS (a) MEEARBNRE; (b)) REABEFHEXT LHERRESRZRA; (0)
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Figure 5. Bending angles of each finger joint corresponding to gesture 0~9
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Figure 6. Performances of D?NN-based gesture recognition: (a) Accuracies within 50 iterations; (b) Testing the loss value of
strain sensor current data through D2NN trained with 50 iterations; (c) A confusion matrix after 3 iterations; (d) Output distri-
butions of the gesture representing number 1; (e) Output distribution images corresponding to gestures 0~9

[El 6. ET D°NN BIFHRAIMEE: (a) 50 MOEKABVERZ; (b) Bid 50 RIERUIZRAI D2NN it f R AR
HIBAIRNKLIE; () £ 30 FE’meﬁ%EIEE (d) KEHF 1 FHENBESPHE; () 5FB 0~9 X NAHL 2%
Elf&

DOI: 10.12677/mo0s.2025.145374 76 5 1 A


https://doi.org/10.12677/mos.2025.145374

RS

D?NN FJF 65 AR (5 5 A FRANTHEEEAT N LR R R, $R4E 1 — b A P FE AR AR R AR O 22 i 4%
[38]. D2NN M55 /2 —5K & 10 MFHBRMER 10 R KEEIEZ . K 6(a)~(b)E/R T 0~9 FHiH
BINZRRCR, F 6(c)RaRn T =WIERE MIRIERFE . 7628 =R, #EMRIAE] T 100%. £ 6(d)&
~TREHT 1 FHREH . FAFEEREEBE T 0. BT 1R E s iR, Bk
D?NN SR T F-35 1o AT Ho0h B2 4 o0 A R A 6(e) s WTRAE Y, T T30 ae e HEmf
WAl D?NN %ot H T IRA R D E G R EE[39]. HREEIFHEFRMAE 10 ™MEZER, D2NN 7] LLLIK
e FRITRE A 2R A T X P/ INERCH 1R 31 [40]

FT D?NN MRS REE T35 T ANN BRI MERE . Wil 7() MK 7(0)FTaR, 287N IRIEAR G HEH
RIEF] 100%. 1 8 £l T /S iEAUE 2T ANN IHAIVRE R, 10UE T 100%M1HEM R . SR, &
=GOS, HERRAN 36%, B EAR T T DANN IR AR & 7(c) i (IR 8 R FE A B T iX

PG RE -
()12 (b)
3.5} —— Training Loss
1.0r 3.0l —— Validation Loss
>0.8 251
® w20}
506 e
8 —15¢
<04 —— Training Accuracy 10l
Validation Accuracy
0.2 0.5F
0.0 0ot .
' 0 10 20 30 40 50 0 10 20 30 40 50
Epochs Epochs
C Confusion matrix d
( ) 0/ 10 20.0 ( 20 | Identification result is 1
1 175
2 15.0 0.8}
T 37 >
[ =
(_% 4 12.5 g) 06l
[ 5 100 ()]
2 <
~ 6 75 —04
7
5.0
8 0.2
9 25
0.0
234567829 01 2 3 4 5 6 7 8 9
Predicted label Category

Figure 7. Performances of ANN-based gesture recognition: (a) Accuracies within 50 iterations; (b) Loss values within
50 iterations; (c) A confusion matrix after 3 iterations; (d) Output distributions of the gesture representing number 1
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Table 2. Comparison of this work with other gesture recognition with the help of sensors
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