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Abstract: Compared with the traditional design method of composite cylindrical shells with straight fiber
laminate, variable stiffness composite cylindrical shells can greatly increase the design space of composite material
and thus achieve higher buckling loads by means of the curved fiber laminate. To describe the curved fiber path
precisely, it is necessary to establish high-fidelity detailed finite element model for variable stiffness composite
cylindrical shells. Therefore, it brings great challenges to the efficiency of buckling analysis and optimization of vari-
able stiffness composite cylindrical shells. In this paper, a variable-fidelity transfer learning model was proposed for
the fast prediction of linear buckling load and post-buckling load of variable stiffness composite cylindrical shells.
Firstly, the appropriate high-fidelity model and low-fidelity model of variable stiffness composite cylindrical shells

were constructed. Then, the deep neural network was established and trained with a large number of low-fidelity
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samples as the source dataset, and the pre-trained model was obtained. Finally, the last layer was retained by fine-

tuning with a small number of high-fidelity samples as the target dataset, and the variable-fidelity transfer learning

model was constructed after the retraining on the pre-trained model. The example results of linear buckling and

post-buckling load prediction of variable stiffness composite cylindrical shells indicate that, the computational cost

of variable-fidelity transfer learning model can reduce by 47.7% and 62.3% than surrogates built by the high-fidelity

samples directly when achieving similar prediction accuracy, showing the advantage of high prediction efficiency of

the proposed method. Besides, compared with the variable-fidelity surrogate models built by the bridge function

and Co-Kriging, the proposed method shows the best prediction accuracy with different combinations of high-

fidelity and low-fidelity samples, which demonstrates the advantage of high prediction accuracy of the proposed

method.

Keywords: variable stiffness composite cylindrical shell; buckling analysis; transfer learning; variable-fidelity

surrogate model; deep neural network
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Table1 Material properties of variable stiffness
composite cylindrical shell

Property Value
E,/GPa 134
E,/GPa 7.71
E;/GPa 7.71
Gy,/GPa 431
Gi3/GPa 431
G,3/GPa 2.76
V12 0.301
U3 0.301
Usg 0.396
Thickness of each ply/mm 0.127

Notes: E,, E,, E;—Modulus of elasticity of direction 1, direction 2
and direction 3, respectively; G;,, G;3, G,3;—Shear elasticity of
direction 12, direction 13 and direction 23, respectively; v,, vy3,
v,3—Poisson's ratio of direction 12, direction 13 and direction 23,
respectively.
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Fig.3 Schematic diagram of fiber path (a) and design variables (b) of

variable stiffness composite cylindrical shell
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Table 2 Buckling load and computational cost with

different number of elements of variable
stiffness composite cylindrical shell

Number of elements ~ Bucklingload/(kN-m)  CPU time/s

600 97.30 28

840 95.46 37
1 000 94.46 45
1 800 93.78 65
3 600 93.22 120
6 000 93.12 190
7 500 93.09 230

— 93.10 (Rouhi!™”) _
Note: CPU—Central processing unit.
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Fig.4 Schematic diagram of high-fidelity model (HFM) ((a), (b)) and
low-fidelity model (LFM) ((c), (d)) for variable stiffness composite
cylindrical shell
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CPU time=190 s
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CPU time=28 s
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Fig.5 First buckling modes of HFM (a) and LEM (b) for variable stiffness

composite cylindrical shell
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Table 3 Prediction accuracy and computational cost of various surrogates for variable stiffness composite cylindrical shell

Kriging RBF-VFSM Co-Kriging Proposed method CPU

R Resgst R Rrasss R Resist R Rpysg __lime/min
30HFM 0.272 0.849 — — — — — — 95.0
90HFM 0.691 0.548 — — — — — — 285.0
180HFM 0.850 0.380 — — — — — — 570.0
200LFM 0.549 0.661 — — — — — — 93.3
300LFM 0.542 0.668 — — — — — — 140.0
30HFM+300LFM — — 0.529 0.691 0.780 0.481 0.823 0.418 235.0
50HFM+300LFM — — 0.661 0.580 0.838 0.393 0.871 0.360 298.3

Notes: R*—Regression square; Rpysg— Relative root mean square error; RBF-VESM —BRF-based variable-fidelity surrogate model.
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RBF-VFSM [ ] I 50HFM+300LFM RBF-VFSM |
Il 180HFM
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I SOHFM+300LFM

Co-Kriging Co-Kriging Il 180HFM
RBF-VFSM RBF-VFSM
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0.5 0:6 0:7 0:8 0:9 1.0 0 01 02 03 04 05 06 07 08
Regression square R? Relative root mean square error Ry

6 AZRIBEE A RRHR 7 B4 AR 0] )5 2240 R? (a) FIAHAT 7R IR 22 Rpwse (b) TN BE
Fig.6 Prediction accuracy of regression square R* (a) and relative root mean square error Ryygr; (b)

for various surrogates of variable stiffness composite cylindrical shell

x4 SHIETRESAMBSSMEER AN [R] P90 s S T B i B A I EE A A R T
Table 4 Material properties of variable stiffness composite Jo 2T 5 AR AN 3R 5 TR, 20t A IR
cylindrical shell with imperfection SHEAM AT . A S 3 B 4% B By 28 560 1Y AT PR oG
P Val
e o B o HEM, 36 010 5 5B 4 2 600 (97 WS
1 a X
E,/GPa 8.69 RERIAE S LEML. 5 i B 22 M2 52 5 b 6] 7 ) e
e o Wi 53 1 % 5 PR B 7(0) B L AR S SR [43]
12 a 4.83
G,3/GPa 4.83
Gy3/GPa 4.83 R5 ARAMEHETSREENEE S
v 0.347 ISR f A 5T E AR
Thickness of each ply/mm 0.124

Table5 Post-bucklingload and computational cost with
different number of elements for variable stiffness

T A E BRI . & 3.1 A4 T HEM Fll LEFM composite cylindrical shell with imperfection
AT 32 BB A EE TR Number of elements ~ Bucklingload/(kN-m)  CPU time/s
B/ . HFSM. LESM. RBF-VFSM 4 Co-Kriging i 2600 i .
(RS AR Bt 7 000 74.98 176
3.1 HFM 5 LFM #5443 e o oo
TS % ik [42-43] gy I R A Y AR 21 600 73.50 895
B EHR TR I TS, BOALR AR 206.5 mm 28 560 7130 1423
EE K889 mm. HAEEE S 0.124 mm /) 8 )2 — n2o” —
EEMEETE, BIRMESEINE 4R, 4% 151 B
MG 2 AR E T,(=1, 2) #4E , T, i HUE g ~
T [0, 90°]. 1 4k ff 8 Rk A7 b =X (10), £ 12:) £
AR R 2T 90 g [45°/-45°/6/6) 2127 &
f ABAQUS Frst 74 RUE AL, 5% Sk [42] B, ]

fdi ] S4R (4 15 s 46 AR Hon) se Bon R . (@ HEM (];M
Fe st HI R . T SR ) (B 51  31 Ciroumferentalanle )
N N (c) Imperfection distribution
B, 0 T 1 A T S WIS 225
§ i . & JHAE T Lﬁ N J ﬁiﬁi - . fi‘a 87 BRI 2 A FHRIE5E HEM (). LEM (b) S5t < 3K (c)
TES 2% 5 i E—L‘L% B FL R AR R YR o Fig.7 Schematic diagram of HFM (a), LEM (b) and imperfection
T s S g T kM TR A 200 ms, distribution (c) of variable-stiffness composite cylindrical shell with

iz B F R 5 mm, imperfection
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HR A S I o Bl B B B R OTAE AL R, DA R
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71.30 kKN (BA YR i3 FE /M 4 1 423 s), 5 White %5142
WX BT SS H 71.20 kKN oM HE, D8] HEM

(a) HFM (28 560 Elements)
P.=71.30 kN

CPU time=1423 s
P ,—Collapse load
K8 EEEAENIE R &R EHRISE HEM (a) 45 LEM (b) Ji itz
Fig.8 Buckling modes of HFM (a) and LFM (b) for variable stiffness

(b) LFM (2 600 Elements)
P,=75.69 kN

CPU time=72 s

composite cylindrical shell with imperfection

AL AR EASE . LEMAHESE RN 75.69kN
(AT AERT Ky 725), 5 HFM HYi% 2% K 6.16%,
ORG BE S G0 HEM,  {H BB 55 4 Hb [z B HEM 19 2% 1k
EFHH BA B & ERCE,
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FTH L3 R 4R s O vk ST AR R A AT
o2 BRI, DNN BRI R Z 0 5, B2 %
Ju¥H M 50, I ZRETHL2E ) % =510, Adam
AR ECH 2000, FEATIER IR E 1242
FH ap=1x107" A4 10 25 AR AR A (RS B (ff 1
A Ah 100 > HEM #F A md A il i 4R ) F0 550 FE i
mFE e s, MHEASHS - SHFM+50LEM B, 42
P ECRE I A8 S BRI R? 9 0.961, Rgyse N 0.196,
K B WEAR T 20 4~ HEM FEZS /5 F 8 i) HESM (R* 4
0.959, Rpyse M 0.201), H# HFSM 1721 62.3% [
TFEFERT, BUE T T Ok i A o

ARFEARAE T, B HE TR 5
%1 . RBF-VFSM #il Co-Kriging Y 1 % 45 J& 1 #E i
k6 fron, £ A A TR BE X L an 1 9
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*6 RBTENESSHMHHTESSAEBEERHNEESIHERN
Table 6 Prediction accuracy and computational cost of various surrogates for
variable stiffness composite cylindrical shell with imperfection

Kriging RBF-VFSM Co-Kriging Proposed method CPU
5 Rovse R Rovse R Rovse R Ryysy  me/min
5HFM 0.744 0.503 — — — — — — 118.6
10HFM 0.915 0.290 — — — — — — 237.2
20HFM 0.959 0.201 — — — — — — 474.3
50LFM 0.843 0.395 — — — — — —_ 60.0
100LFM 0.842 0.395 — — — — — — 120.0
5HFM+50LFM — — 0.933 0.257 0.932 0.260 0.961 0.196 178.6
10HFM+50LFM — — 0.946 0.231 0.956 0.208 0.972 0.167 297.2
Proposed method \ (@) Proposed method \ (b)
Co-Kriging | SHFM+50LEM Co-Kriging |
I | OHFM+50LFM
RBF-VFSM \- 20HFM RBF-VFSM \
] SHFM+50LFM
Proposed method Proposed method B 10HFM+50LFM

Co-Kriging
RBF-VFSM

Kriging

0.850 0.875 0.900 0.925 0.950 0.975 1.000

RZ

Il 20HFM
Co-Kriging

RBF-VFSM

Kriging

0 0.05 0.10 0.15 020 025 030 035

RRMSE

o BRBE AR MR A5 bR e 32 0145 ARBEREAY R® (a) F1 Ry (b) IR

Fig.9 Prediction accuracy of R*(a) and Rpygg: (b) for various surrogates of variable stiffness composite cylindrical shell with imperfection
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