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Optimization Design of Penetrator Geometry Using Artificial Neural

Network and Genetic Algorithm
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When the penetrator collides with the target, the penetrator has different penetrating characteristics and residual velocity
after penetration, according to the geometry of the penetrator. In this study, we optimized the geometry of the penetrator
using the artificial neural network and the genetic algorithm to derive the best penetration performance. The Latin
hypercube sampling method was used to collect the sample data, Simulation for predicting the behavior of the penetrator
was conducted with the finite cavity pressure method to generate the training data for the artificial neural network. Also, the
optimal hyper parameter was derived by using the Latin hypercube sampling method and the artificial neural network was
used as the fitness function of the genetic algorithm to optimize the geometry of the penetrator. The optimized geometry

presented the deepest penetration depth.
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Fig. 1 Schematic of penetrator geometry
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Fig. 2 Schematic of Latin hypercube sampling method

Table 1 Range for parameter combination of penetrator geometry

Parameter Minimum [mm] Maximum [mm]
7 1.0 3.5
7 1.0 3.5
hy 1.0 35
hy 1.0 3.5
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Fig. 3 Schematic of the finite cavity pressure method
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Fig. 4 Simulation model of the penetrator
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Table 2 Range for the optimization of hyper parameter

Hyper parameter Minimum Maximum
Numbflri (;)(fe?]ol(:;i ft each 5 100
L2 regularization coefficient 0.001 0.0001
Learning rate 0.01 0.0001
Number of iterations 1000 100000
Number of hidden layers 1 5

Activation function Sigmoid, Tangent hyperbolic, ReLU

Table 3 Results of the optimized hyper-parameter

Hyper parameter Value
Number of nodes at each 1
hidden layer
L2 regularization coefficient 7.44E-05
Learning rate 7.48E-03
Number of iterations 14100
Number of hidden layers 3

Activation function Sigmoid + Tangent hyperbolic
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Hidden layers: 3 layer

Nodes of each hidden layers: 12 nodes

Penetraion depth

1st-Sigmoid l
2nd- Linear

Tangent hyperbolic combination

Fig. 8 Schematic of the final artificial neural network
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Table 4 Optimal parameters of penetrator geometry

Parameter Optimized result
7 [mm] 2.13
72 [mm] 3.50
Ay [mm] 3.50
My [mm] 1.00
Mass [g] 20.01
|
g

3.50

Fig. 11 Optimal geometry of penetrator

sieh. webd 2 Aol ARE A st o e 9
shefule|o] gae 9ja) Qlelat Eeo] AL 2

<
2 Q)= o3

>~
ol
ox.

= =
e AEE o835t ftaasie of

vl mee A, ARbE A sl ARee 97t

Ik Slo) BEA) B4 sehle 2FoR 1F AAYIA
ASE= T Zol= 214 mmo|w {3ha sl oAl oS
= B3} Zlol= -206 mmE 3.88%2] @x}-&o] WAYsITE. Fig

112 Hd B3 ZlolE =28 4 Qe wEAte] 24 4ol

Fig. 12(a)i= A<kl w}% Ao} Ff gl wlatelth. <l
S A 913 200709 B HlolE F 47 939
PAhal A FAS vty 1 2w, olo] FAakwTh
%

T A
M 1o oy

B4 0t o7t /b Ak AL AR H ek
Fig. 12(by 5E 3¢ dlo|elol 28 @4ye] £t o] ulte]
ok SR 22 GAre] Tt Zolrt B dloleelA &

2} S} golurt S4ah Aghe E skt

Fig. 59 4714) Qo] WAt 214 apln) =t Zole} W
2 wwstec. Table 5% 200742 31 dlold % 47 £
Qo] YA 7 Yool e Kt Zoje} Ankolch, & AT
oA Q1F AT f1 SIeES ST A Yao] Ft
dolt b A el A wsle uea A3 3y

0_
E 504
£
S WAL A LA AAAAAAAAAAAAAAAAARAA
2 -100-
[ ¥
= 8
g€ as0{ = Tpe 1™ MAAAAAAAARAAAS
= A
E AA.AM/ A
£ 00l ” sassssss
I 2 e
A —e— optimization
-250 T T T T T T
0.0000 0.0001 0.0002 0.0003 0.0004 0.0005
Time [s]
(a)
Number of cases - 7=0
0 50 100 150 200 250
TSt it o
E .:.-. oo © o ® ® L4 . o: .'
— ° e® o . ° LIAIOL Y -‘..... o o
f .: M o e %o ® oo, ° oo
ol L
2 K e s ..
g oS0 o ee et ot
= R .
& . % ° . e e
t o * ° .'. LY ... o @ e o°°
=] . P . o o ®
S 2200 o o " e o, . o« 4 e
BT f """""""""
@ Trainingdata set 206
-250 @ Optimization result
(b)

Fig. 12 Comparison of penetration depths with the optimum
geometry in (a) 5 types and (b) Projectile geometries

Table 5 Penetration depth and mass results according to projectile

geometries
Type 1 2 3 4 Opt.
Penetration depth 39 -106 142 183 206
[mm]
Mass [g] 19.8 19.3 20.7 20.5 20.0
B 35 A BE 5UW A o] LEUAS 2n
k. FE % 2FoIIA} BEA) L4 WAL BE

oAz Hgtert. Fig. 132 ARkl g WEA] &=
£ Y T8 zolnt. 7t Aeaes BEA 5oluA7t
Hot oy #EAe] 27] L-olvAl= LOXPS’J HEP A=
AT Gl G2 BEA] s} LA GBS Aoy
Moz PEAe] il Ako] S5k & 4 girk. 1 A
o] ThE 47} S89| Qo] AR £Er} AP el g
I gtk Fig. 14= Fig. 69] 1717 @A} B Alof|A] =&3
A1 Ao A T HE AL vlLP 2ot Fig. 14()
L wEAelA] &4 Wdo] WAR A B 5 UYL Fig.
la(0)2) 2242k Aoz 2 ol v o, 7] 94
S fAT 2S AT 5= ek
Aol A5k oy 2

ol
-

(1l o) 2t TR



ro
H
02
ue
O
o
Toi
Rl
2
w
~
M
=
(o2}
fo

June 2020/435

-400

-200—: | J/ | %

-600 | /= i

—=— Type 1

-800: ~ 4 Dype 2

Velocity [m/s]

- Type_3
-1000 - s Type 4
-1 200 | —&— optimization
-1400

0.0000 0.0001 0.0002 0.0003 0.0004 0.0005
Time [s]

Fig. 13 Comparison of velocities according to time
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Fig. 14 Deformation of the projectile after the penetration (a)
Example 3 and (b) Optimization result
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