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Effective Position Intelligent Decision Method Based on Model Fusion and
Generative Network

Abstract

Abstract: Military intelligence technology is currently the most dynamic frontier and the inevitable trend
for the development of unmanned equipment in the future. Aiming at the dual requirements of reliability
and real-time performance of unmanned platform autonomous decision-making in complex environments
and the shortcomings of existing combat simulation technology based on rule reasoning in terms of
dynamics and flexibility, a research method of principle analysis and experimental verification is adopted.
Based on the shooting experiment dataset of an unmanned platform, the effective position recognition
link of attack decision-making is transformed into a binary classification problem with imbalanced
categories in the field of machine learning. The effective position intelligent decision-making model with
high real-time performance and flexibility is constructed by using correlation analysis, feature engineering,
and model fusion technology. Based on the imbalanced classification architecture of ICGANStacking,
directional expansion of minority class samples is proposed to achieve data enhancement and model
performance improvement. The experimental results show that the recall rate of the proposed method
has increased by 4.1%, the accuracy by 0.4%, and the F1 value by 1.5%, and the AUC value reaches 90.9%,
which can meet the real-time performance and reliability requirements of the unmanned platform in
performing combat tasks.
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reaches 90.9%, which can meet the real-time performance and reliability requirements of the unmanned

platform in performing combat tasks.
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http: // www.china-simulation.com

Published by Journal of System Simulation, 2024

1575 ¢



Journal of System Simulation, Vol. 36 [2024], Iss. 7, Art. 6

36 45 7 M
2024 %7 H

1.3 FEAARTY 525 Rk

D95 IS A AE R ZE 15 DL T A SR P
F, WL I @B H AR 24 OX A RUBEA i
AT POEAER RN, QF H 52w Sk ) B BRRE
WYY G BEAT 7 SR W R s 5 A )
TrE. B, 1ENEE G S AR5 T i ik A5
i(basehne model), MV EIE S| —E 1) 53 FHRE L
[ ) 3 75 2 A — 8 B AT RREE, RERE NI
ﬂﬂﬁLﬁﬁmﬂDTTE”I']*T‘QEME}UJCE’J g
45 [ )9 (logistic regression, LR) 1145 1t 77 F2 AE %
T B AR B R BN FIWTRAE B B, TR
(decision tree, DT)" ] LAAR 48 2 #553d F2 W 5 253 1) 4
SR REAE B 2V AT EDW I 2, kR84
5] U T e SR B AT AR, O R S I 4 A
Hh 4 SR AT 5 R
e HE 7:3 1 B S 36 it B B ALK 3 1T 5
SRS, LL AUC(area under the curve) /£ it
SHORRABFR, A 5 B A8 I8 UE AT R 2R A
WHEAGE SR, @i QAL ST T s
PE D, BAYIZR, T IR A R I AR
HEAT B . BRI GRS RN 2 Frow .
HHR 2 P50, R SRR (1 40 0l 25 70 ) 6 o
TR, U AR FE B A e SR A DL S B
PREEA B . Ik, Rz g i A s 1) —
IR, ARG R DL R SRR g HE A,
|
5

a_1000 .

Koy

K_06 mmm

K_03 maaam

K_01 .
a_1100 n——

a_1200 I——

K 0.5

RGN AR

Journal of System Simulation

Vol. 36 No. 7
Jul. 2024

1 7 3 T 4 VR R AR R A B R (1 3R 2%
e, IR RFIEAT A2 1K) 5 38— 2D 3R T+ Hhodle B Ik
B, IR T e AR {7 A AE -

R HEMERARNZRES

Table 2 Baseline model training results %
Rt R JRE K% Fl AUC
I 615 623 326 428 670
MiRE 621 627 331 433 67.1
Y4 815 488 629 549 808
MiRE 815 421 658 514 80.1

LR

DT

3 Fras,  DARERIR B 1 2T AL o
B[R] )9 75 R AR R AR B S R IR T 10 4 TEAH 5G4
EF B 55 10 M AR IE - B, o lGa8 R T
WIREL, BRI K=0.7 5Hh&HEHEIE
MK, HIREXN T, D, JEIF i
ABK=1 552 H W R 5.

WE 4 PR, DAREIR BE 200 g S 7Y 1)
FEAR G A AT B R 3. 0 #r el 20, HAbs
e 0, SHEED, . RIFHIRE R K =M IET
BON RS HEUE X 75 FE I BT 25 SR K

g bR R R A 0% T R AR AR R B T
Baseline 157 45 JL AR 1) 7 VR RRAE 0T 5 25 1 2 22
PEREAT 00T, IWARRIED, v On~ Toi~ Tipe »
K 5Fr% HORBRRERm, 5 S5 AR R oG Rk
BEAT TR BRI AT AR

|
-0.
0.3
~0.4
7— < ' = ‘ah) .'
8 —

[\

S e m e
DN |
M M ! M =

0.35
0.30
0.25
0.20
0.15
0.10
0.05

0 s

—

B3 AR AR A R AR H AR IR

Fig. 3 Histogram of logistic regression model independent variable coefficient values

http: // www.china-simulation.com

* 1576 ¢

https://dc-china-simulation.researchcommons.org/journal/vol36/iss7/6
DOI: 10.16182/j.issn1004731x.joss.22-1265



Guo et al.: Effective Position Intelligent Decision Method Based on Model Fus

36 555 7
2024 £ 7 H

Vol. 36 No. 7
Jul. 2024

FBIyo, A HE TR R AR 1 2% A R R L R e TR R 1

Qm' <=-0.52
gini=0.422
samples = 24 975
value = [17 406, 75 69]
class =0

K<=3.5
gini=0.497
samples = 10 229
value = [4 690, 5 539]
class=1

Qm' <=-0.274
gini = 0.47

class=1

samples =6 871

value = [2 595, 4 276][Value = [2 093 1:263]

gini=0.469
samples =3 358

gini=0.465
samples = 624
value = [229, 395]
class =1

class =0

gini=0.487
samples = 706
value =[296, 410]
class =1

gini=0.499
samples =1 873
value = [987, 886]
class =0

SERRS UL e S IE NS

Fig. 4 Tree diagram of decision tree sample classification rule

2 HRHER

2.1 FHERTAE ST

REAEAT AR R BE A H08 2R 17 B R 16 61 2
SCI RS B E AT, SR 2 AR AR M
ML DO R B T . SRR E, FRAERTAR
BWRTTE,  — PR AR 28 S R AL 1 Bt
BT T B RHIEAT A, S Ah— PR R i A
PR ZEAH LA N5 R A B I RRAE AT AR . AERF
TERT A 52 WG 7 22 1 S B R 45 B g F 7 2 3t
Y. HEMML RS B SRS
T AT RFAE R %6, 50 B T S8URRAE I Bk sk A7 Rk
fiE, M2 m AR B AR R A 5 245 R

(1) X HERHERTAE

A8 XA G R AR AT AR 1) B A REAR R s B O
BAEA R BUE K Z 854728 X A, AT A 2
WMrB. BT XHGEMENRERERSS
XA RHIE 7 BOBE AKP 2 F, BRIAE XA
B RFAEAT AR — M & T U B b 1 B R

FB B S EATAERHERE RS T Mg, A
oI AR R R 2545 B

(2) ZHIAFHERTE

%2 T URF AT A A 4 1 SRR 1) 5 L (support
vector machine, SVM)"#% % % [ LA, @it
FEAIE B £ H0E B O A 58 ST 77 261 2 97 7
B @GO 2 I RHEAT A G T IES AL
B, RIS B H i 36 KO8 77 EERAT AR AR AE R
FH — 78 FR FRUAL B 77 925 SRV o 04 4 00 A 13 e i
TER PTG B BEE o

(3) PG HRHIERTE

I3 GV RFEAT AR ) B A AR R Se ik R A
FROEAE N RBERRAE, SR 5 DAOCHE R AR 1) AN [A] BUE
YE oy AR FF i AR R ) G i & . ik
B HIOR - B N ORBERRAE, Geit &) DL IME
T7 7 AmEE . U JE AR X IE AR B SRR
WA LR A A S A X B R &
Gt 4EIR . RN A] DO PR AE R AR B ) 2 2 4t
THEE SR U BRI, A Bl K 47 28 B uE AT

http: // www.china-simulation.com

e 1577

Published by Journal of System Simulation, 2024



Journal of System Simulation, Vol. 36 [2024], Iss. 7, Art. 6

H36 B T
2024 %7 H

Hbrgmih. HA4h, 78 kA5 it 4s B ddnt -
] DLt — 25 [ G o0 B R AIE AN AT AR KR AE SR FH DY D)
1z FEZH N A — A ) 7 i R UG T R IE AT AR

2.2 HERIgHE

B E A —Midid IR 2 APl &, FFELL
FERR PR LR A AR AR R, BERE TE SR AR
R HEA bt — PP R I . TR S A i
SRR I PR R B R B W], BRI EE RN R
S LR RUGE, AT i T A5 20 4 A 1) 92 Ak e
TEGFARS T, RS RL & J7 A R R
(Voting). B 7% (Stacking) F17E 774 (Blending) .

(1) Voting

5 2232 Voting J2& 1 4fs 20 HiUi A 22 K it 0 0] sk
TR a R, Horh 3T 00 SRR 4R 5
VEWE R At 4% 5 (hard voting), H&F-45 58 B{E T il
THE == BB 1) 152 SV 4 R O R4 52 (soft voting).
1B EIRBEEE TR A b, 3 nT DO i A A
w07 2, B A B uE A AR AL A% i — 20 R
Voting [ PERESE 250 o ANFRE B, 7E{RUEZR
) S BN G OL R, AR ) 284 R UEH
A% I I8 ) 80% AT, Voting #E# R 296 15%
RIARTH . B, AR KA A E R KA
w,=log(p,/1-p,), HH, p NEA i3I E=H73K
W BE o

(2) Stacking & Blending

Stacking /& H1 Wolper 4 H i) —Ff (0 & £ 227
SIS AT R A N, RS — R
B SscBE S ey ats 3 Y S v B o
Stacking i i 2H & 7] 57 5 57 o1 1) R 7 = 2% 1 7 20k
o ZREPE, DURIRRHIEVE N EE — B2 21 8 )
BN, K TN 2 RAE IR TS 2] A
NFHIE, B 2% FH 05 > 25 H a4 Tl 45

15 25 78 7 U6 38 R D={(x,,y (x05), -+,
(x,,. ¥, b5 Stacking F58 N ZRimAE T L2 4 LA

RGN AR

Journal of System Simulation

Vol. 36 No. 7
Jul. 2024

IIROIE'E

1) 4 J5 46 05 4 43 R I G546 D, AR S
Do BRI BZME KANHY I8, K=1,2,
<ok WD, S NKAYY, 1AED ~Dye

2) IR D \~D, AE g 8 5 5] 38 I SR IR 4R
RV THIEEME NI EZIB/INGEE. £K-
fold 22 IR UIE J5 , K A7 5L 2% 51 3% 28 S IE 1) 45
RN HEZ T I Z={z,.2,, .2, }o

3) {l A= B YNZRER Do X FT A 257 3] 25 HEAT
g, ARSI A% o

4) ¥ BT R ) AR TN AR Z B pEEE, B
BOBTREERBE 5 BRI SR 2 D, 5 25 5 I BOBT EX
PEED,,,» FFWNTTF AT ISR,

H Stacking Il 25t #2 0T 0 S B R £ HE ) &
2% 2], Stacking 7% > & I ZREUE HE A 2 L4
B 2% ST SR N SR EE M B, T 2 SR P 38 Sl
RIIBLE, IXRE % O] SRR ISR R B T —
B FEAERTMEE, TR AT AR 1) 45 15 I
NG S BRI ONRRE . P S B, I X
PN 5SS SCIN 25 1 7 2 s B M i N 1) 4 H )
o, B T IR RS B, R SR IR
TR )BT SORA A S ) B A R, A
Y 1451 % R Bt NI 5 TR AT N SR, /N
BB i R 5 R (A R o 0 2 XU, {EL [ ) 448
KT AR GR I 5 44 B A0S B ROA

[Cige [wirse [ mins

s lalal o] 4]
N
o
(8]
i~

K5 Stacking P4 B K 3758 Xl Zrid 72
Fig. 5 Stacking internal K-fold cross training process

http: // www.china-simulation.com

* 1578 ¢

https://dc-china-simulation.researchcommons.org/journal/vol36/iss7/6
DOI: 10.16182/j.issn1004731x.joss.22-1265



Guo et al.: Effective Position Intelligent Decision Method Based on Model Fus

236 555 7

2024 47 A FBIyo, A HE TR R AR 1 2% A R R L R e TR R 1

Blending 7F Stacking [ 2£ A I, I8 Il 2 gk
PEHT RN 53 BN SREEFN IS (1) 7 20, WAL o) 38
JEROESE R IS5 R B T AR, o
T Stacking P #8588 N ZR#RAE, KR FE FEAS 115
Yz E & . H2HT AR T IIZREERE
R, ArRes ok —g e XU .

(3) ZRLEE LR ARAM

2 L % IR AR MK gcForest A& — F DB A5 78 Ry
FERRAI AT IR EE R VL, EE 2R LR
(multi-grained scanning) F1 2% Hx £k #k 25 14 (cascade
forest) AN 2R . TERFIEACIRIN B, 5% 1746
4 28 ) £% (convolutional neural network, CNN)""”
18 26 AL AT FRAE SR IO AR, i 2R
i V8 B0 B T S SR R AR R AR R 3G 0 . AR
RYNGRBTBL,  LLSE 2 BEHLAR PR BE N AR AR 9 15
HMHERZE, P3G AL S SRR R AR SR BRI N R
— UK E BRI SR E s, JF R A Stacking SR g
MR Z NG R G K . Rk, BT 9E
JE 5 5] 28 geForest B0 45 i AL £ B R &
MRAESIRE ), RABSHD . /i KE R,
AR A e P

2.3 ARSI

A G T X % (generative adversarial networks,
GAN)"" R T 4F SR IR P 27 ST AR AR B8 A AT BT
BRI — AN, A58t Goodfellow 5 ) F A=
JSCABE R ] ) £ AR AE “ 287 ik B A4k
(i JEABL R A 1) TG M B 2 I B . fE GAN T,
e G178 4y 1 o R a5 B A Al 2 A 7R 3 LA
M A S5 A A I A v Z AR AL E
Fr, FERCAARAL BARIIREN T, BEAN THREAR Y
Al TR E RS, A REORUE AR R A
MZFEPE. 7E GANHY, AR A 5 IF A5 SEhri
e A, MR A e, AT E B
WA 2 Z 0 S8, DASE AR R B AE 31 3 S s Oy
ATELT, X FPHLHE 1S GAN AR BB 72 2
FLSE ) B IS ORYEE 2 FEVERFE -

Vol. 36 No. 7
Jul. 2024

GAN 8, % 4 f 2% G 5 #0175 2% D P /> L Al
2% . R GBS A WIRMNAE R 53 A0 P, 111
75 2 B PR AR G(2) A He Bl o, 07 48 D g ar—
A L SRR AR BB R AR 21 A ) Sl Dy LB A
[0, 1] X A Wt o AR s IRAT 55 0 27 ) JLSops:
Kx WA, ST EEFEAR DA Py, G AR A
G(z), LAk 3020 2] 700 25 19 H B, 17 2050 2% D Y
1R 55 R R BRI H N2 SRR T HOR R AR x ik 2
B REAR G(z), Seidid & o) SRR A FR 28 K 5 B
H & 28, P g5 Fon 2B s G T 340
kP

W 6 s, GANE I A s 5 0 ) 4% W 4%
(R128 25 5 BT I A 45 P A 9 28 2 O I b 45 21
1, A 2805 BN AT IRAS IS, AL )
G5t il. FEARIRZS N, LRt AR piad G i 2 Py
A, AR D TIER G(2) 5 HSERE AR x i

Wl

W i 2
ARG R
Hilix P TET)
A ] (T m
HSL A
Hidix
S g

Kl6 GANMIZIZH
Fig. 6 GAN model structure

SCHR[19] 51N B R B et A B AR
5 CNN &5 &, 32 R JE 6 BUAE BON $T 9 2%
(deep convolutional generative adversarial networks,
DCGAN)™, 75 P& {5 0158 35 25 v 4 HO4 11 4 J b
RO ERKIE 7. IRANER 4R GAN BEHL A B
B A, SCHR (21792 5% A 204 ot Bt 199 45
(conditional
CGAN), &I 7E A Fi#s G A 5 2% D i N 293K
ATy RAR T EE R A O R . i NS bR A
S5 S BT DUE CGAN % J8 48 8 S A hr 28 28
RUPE SR, e AR Y € ) o

generative  adversarial  networks,

http: // www.china-simulation.com

e 1579

Published by Journal of System Simulation, 2024



Journal of System Simulation, Vol. 36 [2024], Iss. 7, Art. 6

H36 B T
2024 %7 H

3 sERRIH R

SEOIY /. Windows ¥4 58 R it 47, A A
JupyterLab 3.10 IDE #I Python 3.9 Kernel, i
Scikit-Learn FE it A< 4 1.02. CPU fic & 4 Intel Xeon
(R) Gold 6248R 4b P 2%, 1% O % 24, F i
3.00 GHz, W 17 64 GB, & £ A NVIDIA RTX
A6000, 1748 GB.

3.1 BEREATA STk

56 RSB0 B AR AR B TS BE A L m b e , dE
17 LA B R IEAT A2 S ik

T, FOREREE R 1) S AN RBRRE, X4
PR ANE S AR BRG], I3 AT A A A
TERTA M 2 BURRRERT AR, Ho, S XHENTAE
FRIE DT 2207 ZBME N 1. 2T H A A I B
o3, TG AT R 7R 50 5 R R FEAS 2 0.01 1
FRAE, PR A BLAE EE AR KT A5 B4R % E
0.1 f5 FIHRFAE, 5% o O B7 P9 Fh 077 35 7 ok o A1E 1) 28
£, SEPkidk H 228 ANFAE

R, AT HG R IERT A, 5B, -
On s Ty~ Type ~ KIENRBERHERBEAT 734158
HHSAEATAE, SEAIE 1 130 ML, o 5 2
BT EAS B, K PR 7 ik Pkade ok 6 HREAE L
AT 4R B A0 348 HH R 429 NRFAE o [R] B BBl 48 O B
FEAAT A REAE, SR H bR 65 A0 4 A DY I iz 5 5
3B 77 V5 PR O AT RRAEATAE A0k, e 2%
457 N RURHIE

wJa, ¥ ER=MOr AR ERE S &
i EE g A R 5 G RRAE AT DF 4, K 729 ANFRAE
(AT AR S AR R 4R

3.2 BRIEEBOR VP

Voting 42 F 2R B pe T 55 257 > 48 1 3% #A0
ALE L, 1M Stacking A1 Blending A4 F+ R 4= %
HH 2% 2 S] 48 E Ao 22 2] 2 ) e i 5 AR R e g -

RGN AR

Journal of System Simulation

Vol. 36 No. 7
Jul. 2024

THI I AE 2 B] ) o 25 > e 8, N SR AR g )
R (R EMETTE, BT RE B AR
TR s AR, B AR ORIE B 2% o) 2348
PRI T, RS ATRENINGEM Z e, DR
Fep S) IR A L AMST N, AR T RRCHIEE R
HSERRARINTT 2, STl S A RAR ) Z AL RE /T .
totn, JREMEHREEAL ., LA, SR,
Rlt, R R0 5 SEERpP A i 77 X, o2k
SOk P R AR m R E N I A, OF
DASHE 1 22 1 P MRS SE 1M D S, X 2 ) SR
77 AT AL &

&3 /Al s, ANFSRA oy R 3 2%
FAETREAURE L L U ZR18 B AN N AE S AE 3 AN JT TH
CREmEEVEMRE . ANz, B,
B AR I ZRFE I I K SVML JE 2R MR Y
o K FEAG BRI KNN A BRI BA B 51 B o 9K
J5, Afi B Optuna™ HE 42 F 1) TPE(tree-structured
parzen estimator)”  ULIH- 7 00 A6 B33 5 47 52 BT
AT S B, IF AR I8 TR 1 I 45 R ouf
RO KRR ERE AT VAL o

MR K 4 S0 45 R 50, JEZ AL
MLP A1 4E % # A & XGBosot. LightGBM,
CatBoost HPEREm AL . PRI, K5 bk 4 Pri Ay fic &
4 Voting {14557 > S (L i R R B ), BAA
Stacking. Blending 157 2] #8 /=, Jf 0t Hol 24
HATRESH A% . [RI I R SR SE A ] . A8 Bl FE IR
MZPERR LRAE Mooy ) 4%, S &l 7 B i &
BT (A 2

55 Baseline B 8 (Il SR im #2 FE A HH [F], £ K]
oy e BRI ZR AR AN SE b, i AUCHE NS
BORAOLTE bR, Al FHALAS 7 S R s st . A
BN Gk, 5372 EIE A Optuna ft 4k i F2 3E 4T %
A%} %4, Voting. Stacking Al Blending fili & #5574 DA
J% geForest 1 5 4 RS R R Il 25 A 285 RN 55 5
FE 8 PR

http: // www.china-simulation.com

* 1580

https://dc-china-simulation.researchcommons.org/journal/vol36/iss7/6
DOI: 10.16182/j.issn1004731x.joss.22-1265



Guo et al.: Effective Position Intelligent Decision Method Based on Model Fus

236 555 7 Vol. 36 No. 7
2024 47 A i, S BT AT E A AR I 28 TR A R A e R S T Jul. 2024

R3O REERE I

Table 3  Principle analysis of classification algorithm

RPN Ji 3 (W= B
4 E b bR BUE Wt £ Sigmoid BRI I8 K , Aib PR R A A FNAST- T
LR PEVELT , I s
LA 72 PR DIZE IR KA
KNN SR [0 A BE B 5 EAT 70 28 R GE R ] 5, THI SR FEARPY PR 4ERHERE /I A 2
I I A R K R AR WG B i 4 ] SRR HLTRRE JE 3 o WO o
SVM ot L A/ INRE A B 22 S R A5
Py o e 4/ INRE A B 27 21 BE I B0 SR
MLP FEHTE P 28 SR Bt b, N S B B 5L RetS A B AR 2R e 1) R B ME R EUE R MR, W]
I R BRI 1) N A 22 X 2% 55 7Y Bmme fEERENEAR
MRS B 25 77 M BEAT B LR 2 2R R 45 Ak B R 2R B AR BE D 99
DT AL SN R R
o R I BN BA AT R 5
Ak P e AR RE D, WP R AR BN A B MR 4
RF 55T Bagging #10 F1 CART 4 1) 4 i f5 84124 , ,
I Bageing SLERICARTHIAAI RIS AT B 0 AR 155 0T AR 22
KH B &SGR R AR (7 50 RS R ) RS puid B RS T ISRk
AdaBoost )
Il Boosting G RE ) RS
— X‘ [) 47 ’t I\IE ’ 1
GBDT  SRHIBIE T B I 1B AR BRI HEAT 0 2 T DL 72 AL 2 PR ,Ejﬁ ﬁif fCALIE, 15
7N 1A]
£ GBDT H:filli EXT 426 s B AT W 28 ke SCRPIFATIHER, 0 B A8 SUBRAIE,
XGB ‘D%%X‘ , NN [27]
O e IE NS BT {1 B 11 B PERTER
, SR L P BB B LR S R RS, e
LightGBM B 3 5 B IR, WA FEZD Xof W 7 A g AR
CatBoost DARIAR = X G B R R B i BR Al TE B EORARE , S ARG, B B R AIE (¥ AL 2 T 46
P 22 B HE 7 $2 T 795 Kl 5 v, T PR DR ) PN A7 AN 7]
T4 BRI RE AL A5 MLP ).
Table 4 Classification model performance evaluation results XGBoost
B HERIR AR K% F1 AUC M
R YIZHE 0.823 0500 0.651 0.566 0.859 LightGB
M4 0.825 0503 0.659 0.570 0.856 Original Features CatBoost ,];redicted Results
MLP YIZREE 0.839  0.545  0.695 0.611 0.884 Dataset Base Learner Meta Learner

iK% 0.839 0546 0.694 0.611 0.882 B7  Stacking Al Blending 252 51 3 S AT 5 AL B
N t > - >
YIZ4E 0816 0536 0.686 0.490 0.831 acking M Blending 27 e ML

DT . Fig. 7 Stacking and Blending base learner layer and
MmiRgE 0.814 0.531  0.612 0.568 0.825

YIZEE 0828 0.626 0.629 0.627 0.872

meta-learner configuration

RE MARE 0825 0.655 0.613 0.633 0.870 5 ORI AL T s 5

AdaBoost YIZ4E 0.836 0537 0.685 0.602 0.880 Table 5 Performance evaluation results of fusion model
M5 0.835 0.532 0.686 0.599 0.878 it AEFR A% KR F1 AUC

GBDT Y 0841 0.528 0.771 0.606 0.877 Votin E 0824 0.736 0.596 0.658 0.892
WS 0840 0524 0.708 0.602 0.883 £ Mg 0821 0732 0591 0.654 0.888

XGBoost UIZkE  0.805 0.803 0.553 0.655 0.892 Stk YA 0843 0.601 0.684 0.640 0.894
W% 0803 0787 0552 0.649 0.889 Acking %8 0840 0595 0674 0632 0.891

LightGBM ynzﬁ\% 0.798 0.821 0.541 0.653 0.893 e UIZAE 0845 0598 0.690 0.641 0.894
WA 0794 0810 0537 0.646 0.889 T g 0837 0579 0672 0.622 0.888

CatBoost VIZESE 0832 0696 0.623 0657 0893 YIZE 0836 0.509 0.698 0.588 0.873
W% 0.829 0.693 0.616 0.652 0.890 gcForest

M 0.837  0.515 0.701 0.594 0.874

http: // www.china-simulation.com

* 1581 -

Published by Journal of System Simulation, 2024



Journal of System Simulation, Vol. 36 [2024], Iss. 7, Art. 6

5536 %55 7 ) ARG 1R Vol. 36 No. 7

2024 7 H Journal of System Simulation Jul. 2024
1 FE729.

0.8} Q) HMNEDKEITZSE T HERZ N3N

@00 VGG 2Ky, E R 8 G A 4% B A5 A AT A

E o4 . WS, T B 1 CGAN I Zhist 7 o th LR

02l = ég%%%%‘é%%%%?)%g ) JEE 3 2K 1a) Eiﬁk %EG AN JEIJ %IJ‘%&‘D ?@ L] Eij ik

ol | — gcForest(AUC = 0875) % LeakyReLU W0 BR 2, [A) I 38 o 1 28 4G A

0 02 04 06 08 1 AR R B BRAE AT R BO(E B k.
fRIEp% (3) 454 17 B V1| 2k Batch K /NS08 8, %

K8 G HA ROC 2k
Fig. 8 ROC curves of fusion model

g5 Loy pr e, AlE R E MR AR g R
RAETAFEREMAAL. Hd, Stacking il &Y
(1 F0 0 285 S B U, R 2R O 84.0% A [El Ny
59.5%- K& i % N 67.4%. Fl-Score A 63.2%-
AUC L H89.1%, HAFEA RIS RN 1.3 50
LI EE KR A ARHE LR, I
B R & S5 TR T, A R A 28 e T SRR
TREE TER N LIS BAFAE R Z BN, i
A EERR R R . A Stacking @l AR S, H
SR—E RS FIRTE TR RS . (R B 4
I (AP i R SO0 B2 KSR % . F1-Score
VP PR AR AR IR AEAE . DL, 7 XA
BEREA I 53 0T AT R 5T
3.3 ICGAN-Stacking 4214

£ 55 1) CGAN A 185 G AT 1) 4% D &5 ¥ #12
HEANEEEEMHEAY. BT EEREFTES
. RIBREIES . THEE S SEER A, Al
45 A2 FH G B A5 A2 5 CGAN J#EA7 ik, DA#R
T CGAN X 4EfT A B AR Rk e 70, JFmk
RN ZR SR, 2 H ICGAN AR

WE9 i, ICGAN it s 3 ZALHE DA
ARG TR

(1) fER R o N B B, e R 8 R
Embedding /7 % 2 9% A p(hR25)BEAT /MR B2 TH4E
HAEHESEREBEAESHEHMANERZ 4

4 %t 4% SE B Batch Normalization™ 44, 17 78
59198 D fe Jo i PR 4 4% 2 P 4 F Dropout” $:1E
By 1k X 2% Y Bt F A5 o

(4) X 2E B 2% G AT 28 D ) Adam”™ {4k
LT IR R BN I A AR 1, 1B 5 ST =
0.000 1, £=0.9, £,=0.999.

1 Stacking il & A5 284 R 5] N ICGAN 52 B %t 45
£ TP ) D BOCRFE AR AT 8 M AR, AT S 4K
A TERE,  BRARAE AR A P4 VX 23 R 2 4
IS . (A, #f ICGAN Al Stacking #:47 % 4,
LU=:95 ) I BEWEE I R NG Cle B SV U VA 2R A ]
ICGAN-Stacking 5 %1 444 .

W10 Fros, K T AL EE i 0 AT AE B I 4R e
HH R REAE FAR 25 40 Sl R B SERE A x FIZ) SR 46 Ay
XFICGAN BT ISR, MARERFEAAR; B/ b %k
P N B3I 2k 56 HE 0 ICGAN B 8L, Sl $iedhs
(R 4 70 R 78 AR B B0 5 R R Bl SR
ITIRA, T RO 75 B P 400 52 J5 i\ Stacking
RE B AT I G, 4% BB VR G 40 B &5 R0 R 2
I3 BB BT AL . ICGAN I 2 P2 45 2 A8 44, 1
B 11 PR, A2 pas G A 4% D IIE B 9 0.5
FEATMHEIES] T sk

58 UFE ICGAN-Stacking 424 1) AN T~ i 1 4% 43
FVEREACR, WE RS IEMAEA S 1:1.5,
g5 Wl ff B SMOTE-Stacking. CGAN-Stacking .
ICGAN-Stacking A1 17 73 FE 4 M) 47 /D R FE A
SE [ AR ORISR )1 25 4R 45 50 WK i B 45 3
K6 PR

http: // www.china-simulation.com

° 1582 ¢

https://dc-china-simulation.researchcommons.org/journal/vol36/iss7/6
DOI: 10.16182/j.issn1004731x.joss.22-1265

10



Guo et al.: Effective Position Intelligent Decision Method Based on Model Fus

36 555 7 Vol. 36 No. 7
2024 4E 7 2R y0m, A ST B RN AR R N 2% R AT R B B B R SR T v Jul. 2024
‘ Output ‘
‘ ‘ Output ‘
| FC-784/1 | |

‘ Conv2D-128/1 ‘

|

. LeakyReLU |

l
\ LeakyRTLU(O-Z) | Transpose2D-128/128|

| Conv2D-128/128 |
| | LeakyReLU |

l
‘ Leaky! RTLU(O-Z) ‘ ‘TransposeZD- 129/128 ‘

| Comv2D-2/128 |

| FC-50/49 | LeakyReLU(0.2) |
FC'SIO/ 29| | pudaa | | Embe[dding | FC1006272 |
Embe[dding | | Input-llabel’ | mnputnoise |
Input-label |
Discriminator Network Generator Network

K9 ICGAN KR4y
Fig. 9 ICGAN model structure

B6 TG SHAO R FA 4R

sy Table 6 Performance evaluation results of imbalanced
ﬁiﬁﬁ%?zgﬁ classification architecture
e 5 P 1R WEfE HAFR BHE Fl AUC
( firtk () il Loy ICOAN | ((Stcking} |, kg VA 08430603 0680 0.640 0.894
1 1) I acKin
CSEES E%UE B et % £ M4 0.839  0.603 0.674 0.631 0.891
THAb 2 ICGAN-StackingZ2 ¥4 SMOTE- ZifE  0.891  0.895 0.889 0.892 0.964
F10 ICGAN-Stacking 4 H 4y Stacking y“ﬂlﬂﬁﬁ% 0.830  0.666 0.625 0.645 0.886
Fig. 10 ICGAN-Stacking imbalanced classification CGAN-  VIZs% 0877 0827 0860 0.843 0.952
architecture Stacking X  0.831  0.638  0.651 0.644 0.891
ICGAN- IZitE 0872  0.847 0.835 0.841 0.951
12. — Generator Stacking M  0.833  0.644 0.678 0.646 0.909
— Discriminator

Lor SR, 3R 5 KA T — 5
g% B 4, 36 SMOTE-Stacking i3 1l £ F2

0.61 - .
B, AUCH FEK A 88.6%, B &R AR TIH
0.4} . . - o
B 3B () SMOTE" " S92 25 BRUBE A AR K26 | 2 e

02— : : : : . e N e
0 10000 30000 50000 70000 FEREA, Ff BAIGHE AR T AR A S A A AT
terations Ho#ifi %, ICGAN-Stacking 484 43 35 Mk g 452 7 2%

B 11 ICGAN I FEHi kA 1k = )
A [a] 7 0 y R

Fig. 11 ICGAN training process loss variation KA, ARG T 41%. HEB R T

0.4%. FLEIEFF T 1.5%. AUCHILF]90.9%, 5K

http: // www.china-simulation.com

* 1583

Published by Journal of System Simulation, 2024

1



Journal of System Simulation, Vol. 36 [2024], Iss. 7, Art. 6

H36 B T
2024 %7 H

U 4k K B ICGAN-Stacking Z2#4H Lb T & GE 1
PiE G FHR, BB, BE
B R IRAE L, Betig i 2 TP 6
A T RDULINAE B AR AT PR TR A R AT TR
MR Bbah, 7 RAE AR BT AR AT vk 5
b A EA AR A A AT TR

£ LRIz A, A LK ICGAN-Stacking 1E M
TINGBR RN TN G R %, BRETH
DU HEVE 7 LR AL . 4B NS SRR H bR S
AWM BERSHER. RBSEEHRER. &
S8 S 1 OB BT AL SR . A5 I 4 i
WA &G AL, MITE N G 3AT BT s 4
FIWT 2 50 BEAT BT BT, WHRAT TS T %
CAT R E AR RS, 8 3 & B AR S
RLEREEARAY, AT T B2 o Rk R 26 F |

I
4 5w

ASONSRBLTE N & A A e A R A5 S
th BEAT PR HE A R AL R SR, R O b A
S ST AU S B AN ) A 2 R, 2R AR R
fIE TR S BT 5 A A 0] 7T 0 4% 48 7 V0 A v
ROR AT B BE TR SRR . 25 B 5 A% I PR B
Te NV 65 Bk R S 0 R Wi 3 2 BUAE WL 5 /2w e
PEGRG . SEIREZRXT IS m, R BRI A 5
AN A BRI TR T A S

PO

(1] A5, W, 22008, KR SLARTR i R i H R[],
FaPEfmI 510 1, 2018, 40(1): 1-8.
Si Guangyu, Miao Yan, Li Guanfang. Underwater
Tridimensional Attack-defense System Technology[J].
Command Control and Simulation, 2018, 40(1): 1-8.

[2]1 IR, R —, EH. B E TN RGEBAK M
RLAFTEAT]. TARFEFAR, 2021, 4(4): 1-13.
He Yuqing, Qin Tianyi, Wang Nan. Cross-domain
Collaboration: New Trends in the Development and
Application of Unmanned Systems Technology[J].
Unmanned Systems Technology, 2021, 4(4): 1-13.

[3] EHERE, BIKIR, £/, 5. 2019 T N RS AUEUK R 257

RGN AR

Journal of System Simulation Jul. 2024

Vol. 36 No. 7

] BNRGHAR, 2019, 2(6): 53-57.

Wang Yalin, Yang Yiran, Wang Tong, et al. Summary of
the Development of Unmanned Systems in 2019[J].
Unmanned Systems Technology, 2019, 2(6): 53-57.

[4] Zd, T, B NEF202FTANRAHLEET

ARG RBEARKES ] ENRGEHA, 2018, 1
(4): 79-84.
Li Lei, Wang Tong, Jiang Qi. Key Technology Develop
Trends of Unmanned Systems Viewed from Unmanned
Systems Integrated Roadmap 2017-2042[J]. Unmanned
Systems Technology, 2018, 1(4): 79-84.

[5] JEDGEE, 5. 8% N LA e 6 RSB RIEFIR[CL/
N AR R R 2 SCECEMD. dEa T
Ak AR A, 2018: 66-70.

[6] FEHEW, KEH. GitM]. bl HHE R AL,
2010: 215-220.

(7] JEHE HLEESI M. Jbat: B HR A R, 2016.
Zhou Zhihua. Machine Learning[M]. Beijing: Tsinghua
University Press, 2016.

[8] Quinlan J R. Induction of Decision Trees[J]. Machine
Learning, 1986, 1(1): 81-106.

[9] Olson R S, Moore J H. Identifying and Harnessing the
Building Blocks of Machine Learning Pipelines for
Sensible Initialization of a Data Science Automation Tool
[M]//Riolo R, Worzel B, Goldman B, et al. Genetic
Programming Theory and Practice XIV. Cham: Springer
International Publishing, 2018: 211-223.

[10] BEX. AiEgitM]. Jb5t: B7 Tk R, 2018.

[11] Peng Hanchuan, Long Fuhui, Ding C. Feature Selection
Based on Mutual Information: Criteria of Max-
dependency, Max-relevance, and Min-redundancy[J].
IEEE Transactions on Pattern Analysis and Machine
Intelligence, 2005, 27(8): 1226-1238.

[12] Cortes C, Vapnik V. Support-vector Networks[J].
Machine Learning, 1995, 20(3): 273-297.

[13] Narasimhamurthy A M. A Framework for the Analysis of
Majority Voting[C]//Image Analysis. Berlin: Springer
Berlin Heidelberg, 2003: 268-274.

[14] Wolpert D H. Stacked Generalization[J]. Neural
Networks, 1992, 5(2): 241-259.

[15] Kuo C C J. Understanding Convolutional Neural
Networks with a Mathematical Model[J]. Journal of
Visual Communication and Image Representation, 2016,
41: 406-413.

[16] Z1H, A, TR K IR ERMAT LA, Jb Tk
SRR, 2022, 48(2): 182-196.

Xia Heng, Tang Jian, Qiao Junfei. Review of Deep Forest
[J]. Journal of Beijing University of Technology, 2022, 48
(2): 182-196.

http: // www.china-simulation.com

* 1584

https://dc-china-simulation.researchcommons.org/journal/vol36/iss7/6
DOI: 10.16182/j.issn1004731x.joss.22-1265

12



Guo et al.: Effective Position Intelligent Decision Method Based on Model Fus

236 555 7

Vol. 36 No. 7

2024 47 A FBIyo, A HE TR R AR 1 2% A R R L R e TR R 1 Jul. 2024

[17] Goodfellow I, Pouget-Abadie J, Mirza M, et al
Generative Adversarial Networks[J]. Communications of
the ACM, 2020, 63(11): 139-144.

[18] Diederik P Kingma, Max Welling. Auto-encoding
Variational Bayes[C]//ICLR 2014. New York, USA:
ICLR, 2014.

[19] Radford A, Metz L, Chintala S. Unsupervised
Representation Learning with Deep Convolutional
Generative Adversarial Networks[EB/OL]. (2016-01-07)
[2022-07-08]. https://arxiv.org/abs/1511.06434.

[20] Vincent Dumoulin, Francesco Visin. A Guide to
Convolution Arithmetic for Deep Learning[EB/OL].
(2018-01-11)  [2022-07-22].  https://arxiv.  org/abs/
1603.07285.

[21] Mehdi Mirza, Osindero S. Conditional Generative
Adversarial Nets[EB/OL]. (2014-11-06) [2022-07-15].
https://arxiv.org/abs/1411.1784.

[22] Cover T M, Hart P E. Nearest Neighbor Pattern
Classification[J]. IEEE Transactions on Information
Theory, 1967, 13(1): 21-27.

[23] Ian Goodfellow, Yoshua Bengio, Aaron Courville. Deep
Learning[M]. Cambridge: MIT Press, 2016: 106-140.

[24] Breiman L. Random Forests[J]. Machine Learning, 2001,
45(1): 5-32.

[25] Freund Y, Schapire R E. A Decision-theoretic
Generalization of on-line Learning and an Application to
Boosting[J]. Journal of Computer and System Sciences,
1997, 55(1): 119-139.

[26] Friedman J H. Greedy Function Approximation: A
Gradient Boosting Machine[J]. Annals of Statistics,
2001, 29(5): 1189-1232.

[27] Chen Tianqi, Guestrin C. XGBoost: A Scalable Tree
Boosting System[C]//Proceedings of the 22nd ACM
SIGKDD International Conference on Knowledge
Discovery and Data Mining. New York, NY, USA:
Association for Computing Machinery, 2016: 785-794.

[28] Ke Guolin, Meng Qi, Finley T, et al. LightGBM: A
Highly Efficient Gradient Boosting Decision Tree[C]//
Proceedings of the 31st International Conference on
Neural Information Processing Systems. Red Hook, NY,
USA: Curran Associates Inc., 2017: 3149-3157.

[29] Liudmila Prokhorenkova, Gleb Gusev, Aleksandr
Vorobev, et al. CatBoost: Unbiased Boosting with

Categorical ~Features[C]//Proceedings of the 32nd
International Conference on Neural Information
Processing Systems. Red Hook, NY, USA: Curran
Associates Inc., 2018: 6639-6649.

[30] Takuya Akiba, Shotaro Sano, Toshihiko Yanase, et al.
Optuna: A Next-generation Hyperparameter Optimization
Framework[C]//Proceedings of the 25th ACM SIGKDD
International Conference on Knowledge Discovery &
Data Mining. New York, NY, USA: Association for
Computing Machinery, 2019: 2623-2631.

[31] Yoshihiko Ozaki, Yuki Tanigaki, Shuhei Watanabe, et al.
Multiobjective Tree-structured Parzen Estimator for
Computationally Expensive Optimization Problems[C]/
GECCO 2020-Proceedings of the 2020 Genetic and
Evolutionary Computation Conference. New York, NY,
USA: Association for Computing Machinery, 2020:
533-541.

[32] Simonyan K, Zisserman A. Very Deep Convolutional
Networks for Large-scale Image Recognition|EB/OL].
(2015-04-10)  [2022-08-03].
1409.1556.

[33] Gu Jiuxiang, Wang Zhenhua, Kuen J, et al. Recent

https://arxiv.  org/abs/

Advances in Convolutional Neural Networks[J]. Pattern
Recognition, 2018, 77: 354-377.

[34] loffe S, Szegedy C. Batch Normalization: Accelerating
Deep Network Training by Reducing Internal Covariate
Shift[C]//Proceedings of the 32nd International
Conference on International Conference on Machine
Learning-Volume 37. Cambridge: JMLR, 2015: 448-456.

[35] Santurkar S, Tsipras D, Ilyas A, et al. How Does Batch
Normalization Help Optimization? [C]//Proceedings of
the 32nd International Conference on Neural Information
Processing Systems. Red Hook, NY, USA: Curran
Associates Inc., 2018: 2488-2498.

[36] Diederik P Kingma, Ba J L. Adam: A Method for
Stochastic Optimization[EB/OL]. (2017-01-30) [2022-07-
29]. https://arxiv.org/abs/1412.6980.

[37] AUk, MRS SC, MREE. SMOTEI RAFE K H etk S

FEFIR[T]. HRERGLR, 2019, 14(6): 1073-1083.
Shi Hongbo, Chen Yuwen, Chen Xin. Summary of
Research on SMOTE Oversampling and Its Improved
Algorithms[J]. CAAI Transactions on Intelligent
Systems, 2019, 14(6): 1073-1083.

http: // www.china-simulation.com

* 1585

Published by Journal of System Simulation, 2024

13



	Effective Position Intelligent Decision Method Based on Model Fusion and Generative Network
	Effective Position Intelligent Decision Method Based on Model Fusion and Generative Network
	Abstract
	Keywords
	Authors
	Recommended Citation

	/var/tmp/StampPDF/OC0_GSkzJu/tmp.1725069604.pdf.ai7tf

