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Abstract

Lightweight convolutional neural networks face problems such as a single network structure, poor
feature extraction ability, and low recognition accuracy in gesture image recognition tasks in
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complex backgrounds. This paper proposes a lightweight gesture image recognition method based
on improved MobileNetXt to address these issues. This method introduces a CA attention mechan-
ism into the Sandglass hourglass block to capture cross channel direction and position perception
information; The MetaAconC activation function is selected to adaptively control the activation
level of neurons, enhancing the model’s feature learning ability and gradient propagation effi-
ciency. This method has a recognition accuracy of 99.12% on the publicly available NUS-II gesture
dataset, which is 2.25% higher than the original MobileNetXt network. Compared with GhostNet
and EfficientNet classic lightweight convolutional neural networks, this model performs better in
network metrics such as training time, model parameter count, and recognition accuracy. The ex-
perimental results show that this method has strong information representation and channel ex-
traction capabilities, and still has high recognition accuracy in the face of gesture recognition
challenges caused by various complex background factors.

Keywords

Lightweight Convolutional Neural Network, Gesture Recognition, CA attention Mechanism,
MetaAconC Activation Function

Copyright © 2024 by author(s) and Hans Publishers Inc.
This work is licensed under the Creative Commons Attribution International License (CC BY 4.0).
http://creativecommons.org/licenses/by/4.0/

1. 518

FHARNKEL T EMT RO RIEA G REEFHERBWAREFT RE TN, 2EMAH RN E
7. BEE RN TR e BRI AW D, T30 J5 AR 9 AHLAS B ) B 2 R 2
R T BT /A VRS, BB RS0, TSR0 2 BB T AR R R %, BTN E
(AL SRR SR AT HE T8 110025 R PSR 72 () o B S S =35 RORS B IR ), T 470 B 8 & PO B AN S PR A1) 7 FH P 1
HREa) HsAR S, ML e Tk, FET AV F AR BRI K g, A T8
158 i R 7 28 £ BEN] 43 AR RN 2 ST R FIUR FE 2 S P2 I 28 R

& 8 B TF- 4R 0 7 2 DU N IR El,  JEE E SRS BRI SRR . [ S [1] R F B E BIE )
RGB 5 YCb Cr iR& Bt 7 (A EE LI N R Az e 20 #), HERANFEDGIRIA S NS AE B a E B
Sy BB s At S S [2] 58 H — Pl T st A% B ANt (X 25 A1 U /) GA-BLS /1%, # SVM. KNN. RF.
LDA 4 Fhfk G5 J7 i ERfG R i BRI 0 ;s BB [3] 80 7 — Rk U R P IRV AL SR 2L
153 K5 A DWPSO-SVM, X NIAPN12 25 T30 1E iR nlAER % =ik 93.274%. iR FHEMG IR T7 %
HAE— B R BT TAE G T ERE, (HHX T T30 2 ARG S AL BRRE A IR, D7 iR feH
HIEEZR M RAE BE 7 ME DL 2 IS 5t 75K

BE 2 TH B AE 1 BT RN KA AR SR A B, AR IR B R DL JZ R R 45 5 14 32 ST Bl i &
1E, ISR KR RFESE B S AGR A RE J1, Rl R B AR A M 45 (CNN), R I HiTHae S A ]
R, TETH RN L R BOR . EIREE[A]E i M @ 5 SSD W 4% 45 F -l N IR FE 7] 40 25 45
LS HL CNN B A2 Ak, FEAERR R ALY T ST 4 2 (R BT T RAFI-F 4 2 955 (5] YOLOVS H
10 5 T4 20 X 4% 5 i B i B A 22 X 4% MobileNetV3,  [E]I o 34 B8 16 21 AN ekt Bk TR B, 4%
461 YOLOVS Sk 6% M4 BEEAE[6] LA TR EMSHE N K AL, 152 + 1) D BIEIM

DOI: 10.12677/mo0s.2024.133265 2923 e RSE TR


https://doi.org/10.12677/mos.2024.133265
http://creativecommons.org/licenses/by/4.0/

Fhigkzs, RIEER

Fenti o Hob ) 3D BAE R 3D IR T A BN, AlETE R JIHLE VRN SRFE R RAEA 2, FEORIUE
R RS BE B AT N B 7S A, For B 7 7 — RN AR S 2 5 Xeeption W45 1
BFHRBNTTE, KRS TINGEEN RSO TisiTEE. ERFHEGENTESR AR
TR SR AR G N 4 25 R LA D AR T I 24, (HRRE T A IR R N 2 A R R R S B T
B T A ) HE A 26N A2 1) I

R T R R M A AR AR AN S R R RE . AR SCIE T MobileNetXt Z2F4[8]4H H —Ff B i1
BEHFAIRMN TR 1Z7E7E Sandglass #ER P SERE_FAE CAVER ML, SINKEHIFIALE (E S 155
FHZE R 28 X N B R AERE /7, TRANE MobileNetXt 2545 F /N5 AR A% 5 SR f 38 18 7] 56 28 EEARAS 2 1)
)R [ SR H MetaAconC B0E R 8L, 7817 B RelLu6 R BU7E IEAR X Ik M ME (O 25 m |, J7E 4f [X 3%
FINFE N AR AR, 5 ReLub BREE MUE X E T REUNALIX i, 5]\ B S EH0nms
BRIRAERE SIANZ AR . A SCIEISXT MobileNetXt W& 7004k, EARIFR R B2 i Fend F ik
— DT T B GRB HER
2. MR
2.1. MobileNetXt P4& 454

MobileNetXt & —F 2 m g AR WG AR, o H T8 3 2 AR N 0 £ 56 A 0 B i 5
R TAE, HAEEY SandglassBlock ARV G IS 1 B . B8 2 4> 3 x 3 RE ] 4y B
241 x 1B 4 MBI, 3 x 3 REM/EEHRH T2 EEEAH, 24 1x 1 E8EEH
FREAERNTLoE, TSR RYTE B iy (4 S AT REAE Wi A 2 (R 4, Z2/% MobileNetV2 [ 245 Hh {31 5% 72 15
HeSEIRLE BS AL FERE IR {5 8 E AR FEVRIE 117 8 . MobileNetXt W4 25yt 1 firos, #57Y
BAH 2 NMERE, BN ERZEESE — MEEIR—LE, WM&y R ERIN B E N 6. MobileNetXt
IR 28 P A B A AL TS L IR 28 S5 R RE NS T B, 4R R RHIE R AR R I A 2, T B 2R3 50T B4R

BEJTH R

Dwise 3x3
\, Conv 1x1 / Péedfe -
- v
y
-~

-~ [7:3
. P Conv 1x1
Dwise 3x3 K GHEN =
=< - Conv 1x1 FH4E
TR ~ 1
~

A 4
~
/ Conv 1x1 \ F& > Dwise 3x3
\{4_ \i_'_

(a) (b)

Figure 1. Different types of residual blocks. (a) The classic bottleneck structure of deep
space convolution; (b) Sandglass module with bottleneck structure
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Table 1. MobileNetXt network architecture
%% 1. MobileNetXt f%&£5#

IR i L0 B R HK B HRE PN S AR g B

112 x 112 x 32 2 1 224 x 224 x 3 Conv2d 3 x 3
56 x 56 x 96 2 1 112 x 112 x 32 Sandglass Block
56 x 56 x 144 1 1 56 x 56 x 96 Sandglass Block
28 x 28 x 192 2 3 56 x 56 x 144 Sandglass Block
14 x 14 x 288 2 3 28 x 28 x 192 Sandglass Block
14 x 14 x 384 1 4 14 x 14 x 288 Sandglass Block
7 x7 %576 2 4 14 x 14 x 384 Sandglass Block
7 x 7 %960 1 2 7 x7 %576 Sandglass Block
7 x7 %1280 1 1 7 x7 %960 Sandglass Block

1x1x1280 1 7x7x1280 Avgpool 7 x 7

k 1 1x1x1280 Conv2d1x1
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Figure 2. CA-Sandglass module structure
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Figure 3. Acon module network structure
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Figure 4. MetaAconC activation function fusion position and structure
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Figure 5. NUS-II gesture dataset example image
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SEIGFAEE 4 Ubuntu20.04, Python 3.8 fiiAs, i PyTorch 1.10.0 /F AR 22 SIHESE, 7£ 120GB W17,
RTX 4090 24GB % RHECE FRAT IR, SKIGHIWIMG5 > 2 E v 0.001, & AdamW fL1k 35 1 B AR 1Y
ZH, A JEHH Epoch 2 50, fitAbFE K/ Batch Size S 16. FE ISR B e JF 4G 1) F A MG T R~ A
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ITAREA AL EE,  $8 S B A [R] G FR R BT T UG AR A I 38 B A ANV A RE 7o A3 [l 3 bR B e DI o F2
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T VA o FE MobileNetXt M2 I MERER I, 7RSI L8 S8R, X CA-Sandglass
MetaAconC Wi B 2 AT T RioeS EL SRS, B0 IR 2 BEHOR I 28 1 BRI DT R RS2, 25 SR a0 2 R
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Table 2. Results of ablation comparison experiment
= 2. HRR LRSI R

CA-Sandglass £t MetaAconC i B4 % ¥ TR %
1.94E+06 96.87
\ 2.81E+06 97.93
V 3.03E+06 98.65
\ % 3.89E+06 99.12

3.2.2. HiERBIxIEL LIS

N T AR MetaAconC S R B MR RE L 34, AR ST 5 B A [R] (1 30E R TE ot S 1Y)
MobileNetXt #5878 & 3475256 bhxt o AFAI B0 s 24T 10 YOS IR B R AL I8 45 T 5, &
SRAFIZAF AL N - B0 bR B P S HER S 035 3 o

Table 3. The average accuracy of models under different activation functions

F#® 3. NEHERB TRE R T ERE

b SR U2 1%
Sigmoid 90.52
ReLu6 96.77
Swish 98.61
SMU 98.91
MetaAconC 99.02

ALAEH, 1 MetaAconC I BR A AL S #ERR %204 99.02%, 5 Sigmoid B& %A1 ReLub BRi%L
HLE A5 8.5%H1 2.25%(1 2T, Sigmoid BRI s JE 5 2% In) RS 1 ASE 28 f e S5 P R AR, TR B
AL 0 yHty, FEEERE I Zod B AL E B AR E s M2 R, ReLub MEE—EfEE L
SRR T BBIETH R MR, TESINAERT O B OREF THEE MBEE, (HEREERMNE /N T 0 B e RIS, %
5y 3R G O E N SR FE R BT, AN FE ALY (i h PR AR B T MetaAconC I R O 0k S T
Bof JEE S SR R 22 TC IR BRI ol i, FERE A N ot R b R B AL O M BE . [RIR . MetaAconC ¥t bR 45 A5
RV UET 2 5 Swish BREURT SMU B8 EUHTEL 401 0.41%F1 0.11% 32T . Swish BRI —Fl 1 1#8
TEERAL 4iA T Sigmoid BRI 1 IR AN 2R I R B, HLTEAS TR A N DX 18] A B A AS IR R0 5
875 bR A EASE R 1| R 2 P R S LA (1 40 AT SMU BRI — RSP 00 AT A3 S80S o
K, B ISP R PR G ReLu BREITE O JTARHIANTESEME: /R Swish I SMU BRAHRAE — & L& 1k
BE T ARG R AR AL {2 MetaAconC BRI AT DURR 4 04 26 25 4 1 3 I A A0S eR BN TR, BB
PTH TR RIERE ), (EIREE S ST R R I RE
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N T BAEA ST NSRRI ATV, £E NUS-II FH 5l 4 E 5545 MobileNetXt. ShuffleNet. GhostNet.
EfficientNet fl SqueezeNet 5 /N4 LR 5 0 45 AN 22 IR 248 BEAT LUEL, 25525 FE N 48 IR YIRS ) VB ZR K /)N
PR SRR R UE A R S FR bR X B A M REREAT VP, SEIR 45 B 4 Fs .
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Table 4. Comparison of network model performance

4. MBIEBIMRELLER

P 25 A5 7Y IR [A)/s FEZY K /NMB RS H & TEF2/%
MobileNetXt 3160.07 7.76 1.94E+06 96.87
ShuffleNet 3556.46 9.78 2.56E+06 94.81
GhostNet 3204.61 15.29 4.01E+06 97.12
EfficientNet 3668.47 15.37 4.03E+06 98.97
SqueezeNet 3519.23 2.83 7.41E+05 95.63
AL 2% 3116.99 14.83 3.89E+06 99.12
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94.81%, ¥JITART ASCINES, L8] 73 SN BE SR e AT 55 rhodk LG 2 Tl AR 7 . GhostNet a8 i &
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Figure 6. Network model accuracy curve
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