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Abstract: To address the challenges of mechanical property prediction and structural optimization design for
auxetic honeycomb materials, a machine learning approach integrating the particle swarm optimization ( PSO)
and the long short-term memory ( LSTM) networks was proposed. A training dataset consisting of 400 groups of
geometric parameters (including straight wall lengths, cell heights, wall thicknesses, and cell angles) and their
corresponding mechanical properties (including energy absorption, Young’s moduli, and Poisson’ s ratios)

was constructed through finite element simulation. The PSO algorithm was employed to globally optimize the
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hyperparameters of the LSTM model, to establish a multi-objective mechanical property prediction model. Fur-
thermore, an inverse design framework based on the PSO-LSTM was developed, enabling the optimization of
geometric parameters driven by target mechanical properties. Experimental results show that, the optimized
PSO-LSTM model achieves R* values of 0.983 4, 0.974 6, and 0.970 4 for energy absorption, Young’s moduli,
and Poisson’ s ratios, respectively, with mean squared errors (MSE) below 0.001 2. The relative errors of total
energy absorption, Young’s moduli, and Poisson’s ratios for the model obtained through inverse design are 0.
432% , 1.05% , and 0.327% , respectively. The proposed method provides theoretical support for the intelligent

design and engineering application of auxetic materials.

Key words: particle swarm optimization; long short-term memory network; auxetic material; geometric pa-

rameter design
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Fig. 1 The principle diagram of the PSO algorithm
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Fig. 2 The structure diagram of the LSTM
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Fig. 3 The flowchart of the improved PSO-LSTM algorithm
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Table 1 Ranges of honeycomb structural parameters
structural parameter value range
0/(°) 35~60
L/H 1~43
t/mm 1~2
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Fig. 6 Prediction results of the PSO-LSTM model for total energy absorption
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Fig. 7 Prediction results of the PSO-LSTM model Fig. 8 Prediction results of the PSO-LSTM model
for Young’ s moduli for Poisson’ s ratios
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Table 2 Prediction results of various models for total energy absorption
PSO-LSTM LSTM RF SVM XGBoost ANN
R? 0.983 4 0.855 3 0.817 3 0.735 5 0.861 2 0.976 8
E s 0.000 5 0.014 0 0.003 7 0.003 9 0.001 3 0.000 6
R 3 AT SR ) TR 2 2R
Table 3 Prediction results of various models for Young’ s moduli
PSO-LSTM LSTM RF SVM XGBoost ANN
R? 0.974 6 0.764 5 0.717 0 0.616 6 0.846 1 0.890 9
& 0.000 7 0.003 3 0.004 6 0.006 6 0.002 0 0.001 5

ms
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Table 4  Prediction results of various models for Poisson’ s ratios

PSO-LSTM LSTM RF SVM XGBoost ANN
R? 0.970 4 0.828 7 0.781 8 0.692 9 0.818 1 0.947 9
& 0.001 2 0.003 4 0.004 2 0.007 4 0.002 9 0.001 3
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Fig. 9 The flowchart of the inverse design process

B et B B I 1) BN ARE A 5 4 SRy It Ak SR AR 9 S5 43 A L ) R0 B B, DA A ) J LA S 504
R ARFIE R LSTM AR IS 5G| S 4 RE H bR 5 i . 78 2 R itk SO0 B, R PSO &
PAENE AR, SEH PSO wIta bk F1E, Bk PR — A5 B LT S8, ik S80S Al (L e
[8,13],H e [5,10],t € [1,2],0 € [40,65]) H i85 i@t LSTM FlR4109 £, E Fl v, FHIE 0] T
DA A% P00 (>R A9 . PSO B33k Ak A7 B pR S, T33O B, SRR R B 5 7, 3R B e R AR B LA
K3l I BEAEMSC ST BB i 3 1 BE S5 /N T LA S50 A AR B A R 35 e 0 0 JRURS: |, 6 [ BE AL 46
FEEAE T X PSO #4172 R STIZ AT , HHic 53 22 A USSR 22 WS 84T 10 AL A i o e B i, 38 30 A BIR e L X 3
SO R A T R SSIE , B AR BRI BE AL HARE Y 7 A R R a1 125 SR % A8 AN B ™A 1 BH T 3R
fif RME—a2 SR, (R T 2 UGE 1T — B i 54 FRIT T BEE 48 5 1 45 R 0 v SR S TR AT AT,

i 0 SR

F(x) = o)’ + (1 E“““J 2 + [1 V‘“r”‘j 2 (4)
e 1 - E’\mm B Etarrel B Vtarget )
25 7E SRE B, BRPEARL RN Poisson FLIY HARME, 2858 I kit e, SRS L L S8 A& (L7 1T
t*,0%] = [11 10,9.27,1.77,53 ] i A BROTy HE, A3 RIS R E,  =74.676, K, =22.232, v, =

- 0.220 72, SHIRA E, | =75,E 0 =22,V == 0.22 ’Jéﬁxha%/\”lm 0.324,0.232 #10.000 72, #%F

’ target > target




% 8 1 BT, 2. 35T PSO-LSTM f917 Poisson HLBAAEL )22 M RE T 5 S8k 51t 997

BREITHIN 0.432% ,1.05% F11 0.327% , i & T FEAE 2R HT T 4L H AR E T 30 0E . 58 — 4l H AR R

E, =25E, . =12,p,. =035 380050/ LaS8a 4 (L7 1 0°,0" ] =[10.77,10.0,1.00,53],
KRG ELERN B, =25.041,E, , =12.064 v, =~ 0.345 01, HIXH5RIE 53510 0.164% ,0.533% Fl 1.423% ;

HAREN E, | =110,E,,, =24,v,,,=-0.15, BERIISEAG R (L7 H 0*,0" ] =[12.16,
8.52,2.00,59 ] , X1 {j EL4E Sy E,  =110.06, E, ., =24318, v, == 0.152 84, HIX=22 5515 0.055%,
1.325%F01 1.893% , [Al A3 /& T ARG 20K,

NGRS H R 1%, AR SCR A PSO-LSTM  GA-LSTM J GA-BPNN = FSE A &% Fil i i H A
TIZEVERESH (B, = 75, B = 22,V == 0.22) , REBMESIILIISEL [ L, H,0,0] A BRI 45
BN 5 Frn NG BT AR, 1SRRI £, F Poisson b v RYTIN A PSO-LSTM (945 5 & g H2ir H bR
{8 (74.676,-0.220 72) , fEFPEAR E BT A GA-LSTM FRHLEAE(21.972) L343 LB vl i, = Rl 75 1 g
SCER H AR R R ) T8, (145 A FEASFE bR L A R B AE 22 7 a5 55095 (GA) B PSO J& Wi LAy 1k
B GA B EFR A ORI S AT 2 R & A B 2% ) AEC S5 12, PSO 3 ot R B[] B3, WA Stk
1B5 B A Jay il B . GA-BPNN 45 538t AL 5705 S [ A4 46 P 28 I 2% 38 5 W S 8R40, 18 5 B ARy i dse A
PSO-LSTM %44 PSO i LSTM 4%, GE S 474412 52 A2 AR 0GR, TOUIUDHS B2 o 2. DXLkt 76 S B oz A ol A 4
W R E SRR S 1] 3T SR

pred

R5 MBI R AR

Table 5 Reverse design results of 3 models
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