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Data-driven effectiveness evaluation modeling and simulation of
anti-missile equipment system

ZHAO Haiyan'? |, ZHOU Feng'* , YANG Wenjing” , ZHAO Jing® , WANG Xiaoshuang®
(1. Air Defense and Antimissile School, Air Force Engineering University, Xi’an 710051, China;
2. College of Information and Communication, Wuhan 430035, China)

Abstract: Aiming at the problems that traditional effectiveness evaluation methods can not reflect the evolution, emergence and adaptability of
the anti-missile equipment system, a data-driven effectiveness evaluation method of anti-missile equipment system was proposed. Based on the
analysis of the characteristics of anti-missile equipment system and the shortage of traditional effectiveness evaluation method. the Bayes optimization
algorithm was used to optimize the convolutional neural network hyperparameters, and the efficiency evaluation model of Bayes-CNN ( Bayes
convolutional neural network) was constructed. The flow and steps of Bayes-CNN system effectiveness evaluation algorithm were studied, and a set
of completed efficiency evaluation algorithm was formed. Designed and validated the simulation experiment, input a lot of test data to Bayes-CNN
model for training and learning, so as to obtain the simulation prediction of the effectiveness of anti-missile equipment system. The experimental
results show that the error between the actual and expected output is very small, and the non-linear fitting effect is great so that it had a high degree
of feasibility and reliability.

Keywords: data-driven; anti-missile equipment system; effectiveness evaluation; Bayes; CNN

Wit 2 3 A DR B 1 ORI A R X 0 Y
Ji&, AR A AR R AL M2 AL R AL R ok
ML, OO B AN R T SR AR TR RE Y
B TR SR 2A 190 24% S MK SR W [ A il 2 1
R Z B XL, %25 5 10 25 1 WAL G2 i 1R BE A
PRI ) IBE SV 5 T e s IR R AL RE A
o AT e 2R A PR R TEAR IR P A A S Pk e

W Fs HH#3:2024 - 09 -02

JRCA 25T IR BRI Y R A

TG R RE AL — e i it P — e s el R S e
AT S5 R BE , BEH PR R AR A , [ N ohe
BN B R Z 18 73 PRG54 38 RE AN
DR, TR T DL AT EE T A
“OFELAM ML S EEACR M IR R RE R
Jridio ARG AR SE R F BC i n] A AT A5 1 E

EEWE MR A AP RIITUH (62001059) 5 Bkpb4a [ AR 2 ERIATFE TR T _E¥E Byt H (2023JCYB509 )
F—1EE GRIHE(1978—) Lo, NPYBE SN, RIZUR , T - P58/ E-mail : 813086903 @ com
FBEAEE JAIE(1973—) 5 LROEBR  Zfz , 1, b2k S, E-mail : 2z2£f00@ 163. com
SIARE R, JEIE, BoCEr, A5 BORIKEN T R SR R R ABEIT A S 07 0 [T, E BRSO E 2R, 2025, 47(3)

81 -89.

Citation .:ZHAO H'Y, ZHOU F, YANG W ], et al. Data-driven effectiveness evaluation modeling and simulation of anti-missile equipment
system[ J]. Journal of National University of Defense Technology, 2025, 47(3) : 81 —89.



- 82 - (FE TR SR S AN S

547 %

(availability dependability capacity, ADC) J5 5,y
AT 3 JE 8 A ERETE bR, X A T R A R gk
P T RREPEAE o ARHRRE SR TR W A 5 i, A
6 DI 7 18 ANRURERZ W R 3R 545 , X /K T
TR 75 S G P4 7 i AT T A9 o R 2
TE 5 T Agent 9 i #1 5 {lj H ( Agent-based
modeling and simulation, ABMS ) £ 11 Anylogic
ARG Ry 13 AR B A R GRS B
AR 4R T —Fh T B AR R T Y I
AR BT 38 T AR B 25 A R GE VR B RE
T o B 5 L 3 ZE R R O S T O B
FEXFGE, XA BE 4 B\ — R 1 52 5 1) 28 i PR A 5 7Y
PR A M AT ST o (H X 86 5 1 5
AR T JFE T B A DL S et 4
TR 2 Z A RH A FH O 20 RCRE A R0

ARSOR TS TR BK Bl 1 S 3 A IR R AL RE
PR R R R G MR BN RS
T2, DU 5 R R B A 5 4, LUK ZR %
URIMESRAT, LAoE AR G AR S AR , 72 K
SRR AL AT, S DT AR
1 25 B 2% ( Bayesian convolutional neural network,
Bayes-CNN ) #6280 f K040 47 73 B ~1 , A AR A
XF IR 5 VR R R PEA 30, S &2 2/ R P 45
T RCFERAAR R RE P S PR B

1 TSR MNEEE

DU GBI M4 S — Pl L 22 R 45
( convolutional neural network, CNN) [{2F {4, & 7E
RGBT E 2] B R N 4% i S5tk b5 | DL B
FEIE , PTG i 3705 280 RE T 285 SR 1) AN 2 1
PAS i P Bz ALBE ) o SR 48 AH L,
DUIH-Sr A B e 228 00 208 75 04 T 5090 Ak BRI AT SRy
AR R, AT A RO P 3 iy A B 19 =) AR AIE
WD T SR R L DU R 22 25 1
ZJE KRG AF N T2 57 2 BIBHR 1 2 )2 K
P, T REAE AL 38 81 Sy 52 2% 1) 5 5 D1 it 34 4 AR
22 W28 AL ARV E R A T s rY 03 1 A S 5
i, (EAREE 17 8% i ORI e HA — o AN
PEo B Z, DU TR 28 0 28 7E A A 2 |
A R 2 2 DL BT AN SRR R o
1.1 HRWEMLE

BRI RS AT RIS L
SR 00 0 RO 24 JETRIE 2 3 (decp
learning ) MR F 1 2 — ) MIAL TFAE S8 1o i
e[ CNN SR FH R i Herty 7 s A
LA B 7% 19 7 CHR BOBE FRRAIE , R OR AR 1

TR, AR R T RO R AE B O S A

—N LRI CNN BB il A2 BB
J2 M AR)Z | A )2 LR R T
v

ity

BWE

FI1 CNN R4
Fig. 1 CNN model architecture

1.1.1 A& E

GIZE N CNN A% 0 A, JR$H T CNN
RIS 55, HOC AR T2 S BB A ALE o
BRI B A AT AR s — T B 3l i /N
i 115 i A BCHE [ 38 00 3 AH 3 7 AR A 1 45
VB XA/ NG 3 1 EAT [ A, T AR AR —
N EPULERRE RN S . BRERIERES A2 H
L EE S R A 2 3 58k v A R AR A, AT S B
2N

BRI RE (D) BiR .

x.f: infl*kij+b.f (1)

o, L RN MR RS, 0 R IEL b D45
b Mt it i R ARHIE T 5, m Rn G
X

TEEPURAESE I )5 3l 25 | AR ek,
Xof 5 ARV 1 i S A 2k P LS, CNN G ]
LM HE R PR (rectified linear unit, ReLLU) 1E 1%
15 BRI, 738 Sigmoid R BRI 1E D) eR B0l A7
B o A 22 9 2% 1) o 508 T BB A 2 A BR L 5
RSO SRS AT R KM R P 28 R IR R ), JLT W]
A 3 A pR A
1.1.2 wmiLE

AL Z AT B2 O B, % b —
J2 SR IR R B AT T Sl B 1 RS Bl it iR R
VE, EZAE R X G RRZ B A TR 4E | FRARAE Y
22 S ) RO 0820 2 B0 B, DT B2
TR, B A XU



3 ]

RUTRESHE , 55 - B KBl 19 S T2 A VR RS RE VAl A 5 7 5 - 83

HAT % A Ak 75 30 A3 o 2 3t 1k
(average pooling) i Ktk ( max pooling ) FHJINAY
SRAMNMLAL (sums pooling) % JLFH , {H /2 R i 2
R340 P A A R R A P A

A SCHAL)Z R R KA Ty =X, B 5 Rk
W

p; = <_,-_?}.?§,<,-S[xfl'<’) ] (2)
X, p) ML 2 i a5 T, s R AL KR,
x5 (r) A r A ITEG Y2 M i 45
1.1.3 4&%EE

AR 2 MR T R K A B2 R0 Ak 2 1 i
FROEGEAT—4E 0] B 1) e SF- AL 1R, OF S5 2 1Y
P2 TTH AT A 4, T 2 B pl 2 oo 1 ST R B
PEAT oy Se

BRI E TR

8 =f(w'x"" +b") (3)
2,6 M E w0 HAE, TN k-1 R
W, 0" R kR RE, £O) R R
1.2 Nt Ex

DU O AR S — b A R O AR P S0
TESL A AR 2T AG b, SR DL S A S vk
AT SRR
121 WAtz 22

DU SO0 A A1) T DL I 38 RS R H bR R A
F/MER— RO A B R E bR
BRI S0 74 L SOR FH I 2R B i 5 75 21 1 WL
I A5, R ARA BB 1Y 5 30 A1, ik i (4)
NS

P(wX,Y)=]%);i;?§€(w> (4)
K P(w|X,Y) KR FiflE 3R, 2R Edi e
N P SRR A s P (w) S BB, 3R
INEEAR TR SR Al T, — RS E NI 2N
8" HMER O HIEZS A3 A s P(Y X w0) I USRS,
TR0 8 i AN AN SO (o £ A A e 1 45 R )
ARSI s P(Y | X) gl d , v DA B Ay A6 245 3
B A O R B BT A 1 D
1.2.2 &5 %

SRAERREL ™ 1 B S AR 5 56 43 A ME R A
I AR SR A DI e A 1) i B4 ) e 0 e IX ekt
FroRAE , A e e b R R O REAS £, AT H A
BREL R/ o H BT SR AR BB = B AE
7 (upper confidence bound, UCB) | #f & pi ik
( probability of improvement, PI) Fi ff 28 $# &>’

(excepted improvement, EI)

UCB 2R s i 5, B0 220k 00
Jues (%) =u(x) +Bo(x) (5)
K w () I 0 (x) 9752858 T-FHHERS
BB R, J5 BT EEOR
PI i i i 2 P AT A L0 24 i e 0 A R R
Pi(x) =P[f(x) =f(x") +¢£] (6)
Kb RREBISEA G (o) FR YT &
Wi 28 B W B, € WIE T — MMk
DEAELAY B (R
1.2.3 MR REHEA
R AR 7R > J2 4 P ok 2 /i R 0 H A e
RO AR A ACHRARE R, 3 3k A Wil 56 % H AR eR Y
SR AE R AT RESAE 1, T 7R H AR R0
R3PS S i A
TEMEAR AR h— A AR T2 ey i ad
P2 ( Gaussian processes, GP) ™ | & 7 i #2458 11 J&
—H L ARG BAT EA IR BENLZ B AR
REAZ A= B R 4 R GG IEZAS 40 A . 1 CNN R 1L
MESEERE N X = {x 0,2, 0 R HFRR N
DU Ak g 9 HAR R (x0) , WA
S(x) ~Glu,k(x,x) ] (7)
A, 6 R WA, w IE, b (o, 0) R PRI7
ZERREL
1.3 N ERHBERMLE
>R 1] CNN X Jz 538 48 1R &R R0 RE R AT B0
VRIS, [ K000 B i 4 22, CNN S 500 i 5
T B A TR CHE I T, PR, A SR DL 38
KA TN 2 M 288 S5
L.3.1 ALK
CNN ZAUA 28 L 45 W 28 2 2 2] FAE
WL F A fE 5k 22 B AR Ry Il 25 Bayes 531 1Y)
BARFEAS, S DLk 2% H AR s AL K221k
A2 AR AR IR M 45, TR SRt 1Y
P 258 T T A
WX ={a, 0y, x, | H— AR BES
HE,x, B n NBESEME S Y =L(x,, V)
(i=1,2,-,n), 500, Yy HEREE, « WS
i, VOAIRIESR AR A S8 G« iz 1k
e
W f(x,) A S B IPAL 45 R, W1k
TR AR B L S
x = arg min f(x) (8)
K, x TRl H AR iR NI S EE , x e X,
TERRRSZ T T, e 0 R HIORR 5y A 2 80



84 [ B B K 2 2 iR W4 %

& X FIRIESE G Y YR f(x) SR JE AR E R
B RO R N — 4TS
1.3.2 Zirskiedse

DU AL A A T BB HLER B4 2k pR %L
S Bt/ IMEL, X TSRO M- fe , R il 2
BOW A0 pREGHEA T iR T e B R, B 2k 5N -

fx) =L(m, . V,) +0 9)
Lo V) = 3 1w, (x).Y) - (10)

Hrp, L(m,, V) 2 BFReREL, m, R ESE
Hdig 0 RN N(0,87) 43 ol F eRE f(x) KA1,
HBEIE AT CNN 7 A 1)/ S50 B0 ik B50iis 4 1t
BR
1.3.3 El £ £ Sz

AR SREVE LSS f(x) B —UCR ]
RS EHA TR E, B T — 55 2P 1 A5«
K ELSRAE RBCR I E T — IS5~
EI R R E B 28 00

E,(x) = Emax[f(x) -f(x«"),0]  (11)

M AT DA BT & 02 S50 G i i

RAEL A B2

2 Bayes-CNN Hi%i%it

AR T IELT A 2 118 DL W 5 B o 2 D) 2% il
R, 3 i1 Bayes-CNN [ 2% £ 1A R 2 BE 1EAG 55
e, 6 R A B AR R AR A T BN RN TA
2.1 Bayes-CNN &2

K Bayes-CNN 533 47 [ 5 36 &5 IR R 3K
REVEAN , 1 Jei A SR FRRE A R K 5 AR AR
AR 73 IR0 S A B 48, 2 5 kA T
B A — A FECE -0 A0 B 98 FH DT - S A5 8 5%
B2 19 A8 2 2T SR DL OE Ak 2R B S5 2 50k
Tl TR S 5E , # E CNN R 2% X 11l 25
BRI T2 2], X B e AR 2T AL R L A T
I, 150 22 01 4t A BRI B . Bayes-CNN 2
BERAR R E L AR A 2 PR,

2.2 Bayes-CNN &E& B

HRAE A 2, Bayes-CNN [ 3242 5514 R SREVTAL
LT BRI 7 AR

Step 1.5 ATEIRFEAS SR, BB AN EOR
{9 B | s e e e 6 e SO Y 7
51k, R B Al - o — 45 -

Step 2. Hy AL SEL, LS50 CNN
SNBSS HL, A SRR 19 U8 NV
2 H Ly FOENIAE R AL L, 3X 3 A4 %5 P 48 52 1) LAt
KRS BGHEATIAL

Tk b mmEmEm s
Dl O
S0\ b A Hu =t
: H | oEwrzx
[ i ] I
' i S Bayes (£ AL 5
b e
Bl T i |
. B | wmemE. mi
| mmswestin | | i sk
R AR > |
v 1 - N
HER T
T Trmsg |7
3 N
BN St ! ;
. ¥ HER
T A S :
st | ! ;
LR REEE Gl
4k 1 I 1
CNNE B E i Bayes & 1k i

____________________________________________________

12 Bayes-CNN S 748 & A RARE R L TR
Fig.2  Flow of Bayes-CNN efficiency algorithm of

the anti-missile equipment system

Step 3. 4/ Bayes {4 HAn bR %L, W& 2
B A ] R AR, s

Step 4 i HIRAE R EUESE T — MBS
FH e AR T T A S5

Step 5: H|Ibr Bayes FIAMAT 2B A LA
YRR E = 10, W2 Bayes fiALit53, 4
th CNN R e 2850 ; 4 W, 3% 9] Step 4,

Step 6 JE17 45 FRERAT, 51 ABUE BR &L, X 4
FRUZ 4 0 B R AT ST, 2R P e Rt A =%
G RZEAE AT R4 | A 4 T 10 2 1 i ) AL
AT ) 04 P AARAE

Step 7 SE LI , 4T BdE R A — 1k, 2 )
AT L BT AT AT IR SRR T Uy 22
(mean square error, MSE ) | - 33 4 X 1% 22 ( mean
absolute error, MAE ) | 3§ J5 8 1% 22 ( root mean
squared error, RMSE ) | 3 ¥ 408 Xt 7 43 W iR &
( mean absolute percentage error, MAPE) | 43T
%% 7% (residual predictive deviation, RPD ) £ 4% F
W,

2.3 Bayes-CNN &8

HRE 2. 1 53R Bayes-CNN B3 i e [N
2.2 WIS TR, TR 58 I 3 A A 1A R 4
PrE s B BE il b, 44 EE 5L T Bayes-CNN Y RLRE DT
FhR IS 1 PR



3 ]

RUTRESHE , 55 - B KBl 19 S T2 A VR RS RE VAl A 5 7 5 -85

EiL 1 Bayes-CNN REEFERNEITEE X
Alg.1 Bayes-CNN effectiveness evaluation algorithm of

anti-missile equipment system

BN (x50, (0,0) 5, (x,0) , Hdx e R,
v € R R VA ERREE , R AR R 4

8 4 HL M7 € 36 MSE MAE . RMSE \MAPE .RPD , it
ERBR %

1 P REAS AN B 1000, I 45 4 5 55000 46 )
60% i AFEAELERE J9 2,50 53 I 2k 4 R RS , 647
B IH Ak BB s T 1 4ERRE

2. WAEMRALMBEIES P= (N, Ly, L, | N T
BB Ly WIS R L, h e R

3. 43 Bayes (AL HAR A% /() BB SHGEH L
AR 8] (A BRI L 35 K3 AR v B0l 10, R 1 1k
g

4 THPRIERELE, (x) = Emax[f(x) -f(x"),0] BEd
T AESEL R AR R () =L(m,,V,) +0
PEA X R S H A H AR R A RE

5. JIT Bayes $E 5 AT & 5 4F & 21 41, 24 AR K
$=10 i, &1k Bayes SiALIHSE S wefl VoL Ly
TR B @A T —48 58

6. WATHERURIE «) = Zxﬁ*%+¢,mARdUﬁ

1
J

BB L p) = max (1] (r) | AR B

HIZ 8" = f(w's" "+ b") Ffi th )2 Softmax, 1k
VLM BT B A B KN R ECHh
1 000

7. SEATEE SO Ak, 2 4 o3 B ] T 4
XTI REASJELA T 1] | (] ) P iR 22 .
75 B 4E 1% MSE \MAE . RMSE .MAPE .RPD
FIRE R A

3 IRESHT

158 LSk pty, ISR RGP 5,
BT R e A A AR AR R RE Oy g, SRR
IO (48 B 8dls , BE4T Bayes-CNN B PPAG S A1
R L AT
3.1 ERHEERE

— IR SEREN S TR BT 55 oA 475 T T4
KBLANR AR KO S AR B
DRI, 92 I — U AR T 55 0% 55 SR R
PRI R HE P O A B R R 2K
o LA A BR B A% BE S A 45 T2 AR I8 1 13
RN AL BRERRE T 5 455 1 A RE ML AL 5 4 4%
ARG E AR5 UK A5 ILRIRE 1 2% 5 K 142

I =

WARLREN LI S BRI RESINRE ) 455 1
SR RRE I AL 2 (L B TR 22 A N HE | 1A
AR W L S A A TR AR B A RE )
36 N REEE BRI T, Ak 1 PR

®1 RSMERHEERETET
Tab.1 Factor of anti-missile system efficiency index
¥ LAY 75 LY
1 DX 5 19 5 L PR B R
2 R ORI S 20 FH LRI E

3 MR 21 R
4 PR 22 TR

5 P 1] 23 H b2 #aE 71
6 SR TE DR 2 24 TG fETERE
7 R 25 LY SIS
8 TREVE 26 ZRANIR
9 545 FUKF 27 Bt
10 5 RAL B SE 28 e
11 ERsBlLES 29 NI B R

12 fEHRRRE 30
13 TR A] 31

HEHE R ] 1R 22

R R R

14 P py i i) 32 A A
15 JREHLKE || 33 ki I SiE
16 REGRNEE] 34 PIUES

17 KIJEIEEL 35 (LY

18 Sk || 36 USRS

SRS E IR TR AR T TERUIINZR R 58 it
PR RAR , LU e S 3R A A R A o —
AR HRAE 1 000 ZHAEAKE , Horb 700 ZH %K
5 M T I 25 Bayes-CNN, 300 4 % 4 F 0 3
Bayes-CNN .

3.2 HEEmHE

MRAESTE 1 B3t Bayes-CNN AL REEAL 3 1%,
iz 15 A gm0 L f A 1 000 4H 05 E AR AR
KR REAS X B S 2 1 S 2R B0CRE BEAT TN PEA
P 3 I ZRAE po 45t < R Bt £k, DA ET Pl LA HY
WNZRAEAR 2K B B BE A R AR UK 8 22 T T R
P2 BB 200 Yk A 2 05 ik BV EAR A, Uk
AL WCSGH B AR, HE R LB

K 4 Ry I AEAU G BN . A 250 BT A R
ABEAU B g BB 0. 978 45, KR AU F
BN SE PR P A5 A R B2 R H& s Bn A REAR B 1Y



- 86 [ B B4 K % o

0.8

55 06
E 0.4

B 0.2L

0 200 400 600

800 1000 1200 1400 16001800 2000
ERKE

KIRERE R SENTE T
Fig.3 Training set loss functions curve

1.000

0.990

0.980

000
g

0.970

0.960

T

0.950 +
0.940 +
0.930 o
0.920 +

0915 : : : : : : :
091 092 093 094 095 09 097 098 09

HYHE

K4 A REALS T
Fig.4 All sample fit prediction

T E 77 iR ZE D 0. 003 039 3, /R A6 7Y Y Fi
(E AN LB Z ) 1% 22 )P S (AR /0N, B %A
TR FR T RE ) 058

K5 S ZREE AR REIEAS SR . e RO
0. 977 4, F/R N ZRER BRI PR A HL DL 5 AT
A MR A R T AR 220 0. 003 191 8,
TELAR FAK 227 VI 2k B B0 A0 52 P (AR 22 HE
BN

1.000

0.990

0.980 * +

* W

0.970

0.960

T

0.950
0.940
0.930, *
0.920

0.915
0.91 092 093 094 095 09 097 098 099

HYHE

Bl 5 UNGREERREPEAL 45 R
Fig.5 Training set effectiveness evaluation effect
6 SHIASE R RE TP 45 R . e RECH
0.979 49, EEHAL G BE AR v 5 DA FOmI 4 5 AR
PR 0.002 886 9, it BH Xt T 0 X 4 e 13 1% 4 7Y
BABE R,

1.00

0971

T

70,92 0.‘93 0.‘94 0.55 0.‘96 0.‘97 0.‘98 0.99
HARE
K6 MHKLEALRE PP 2
Fig.6  Test set effectiveness evaluation effect

7 DR A T R 2% , AT ] LA 31
RER 7 PR 22 4 e [ - 0. 005,0. 005 ] Z [8],
ARG TN R 25 H BLAE [ - 0.010,0. 010 ] 2Z 18],
e Remi e 22 H BLAE [ - 0.015,0. 015 ] Z ],
RIS ) R ZE 50N RS HERE B

0.015

0.010 -

0.005

ol

T2

—0.005

—0.010 1

—0.015
0

50 100 150 200 250 300
WA A 5
[SIVAEe SIS
Fig.7 Test set prediction error
P 8 IR AR i TP R B SEAE X EE T B
MIE R a] LA P00 (B A0 52 B AR 3 40
P RN 0. 977 4 045 BE R R 5 2 5 AR 22
J50.003 191 8,725k 1.018 7 x 10 7, # &
JEER , R 22 AR W /N e AR 23 BT iR 22 T T IEAG
PR FHUINOH L, (L BK , 2 7 A58 TR0 ) o 000 38
g, — BT M iR 25 =2 I BRI S TR,
ARETL TR 25 09 6. 661 2, JIE WA AR 7Y m] 5¢ 1
AR = o
PO Shy X TN A 552 B (L A X B £
M aT LA Y, S0 (E AN SE PR fEE W i, A
WAHIHEAR . RERBY 0.979 49, 4 &
T 1 ¥ 7R R 220 0.002 886 9, LIl ZRAE 91y
DR 22 MR 2 7 2 0 8.334 2 x 107°, Hu I &5
e R 32 7 2 W AR s H X0 iR 220 6. 983 9, LL I



RUTRESHE , 55 - B KBl 19 S T2 A VR RS RE VAl A 5 7 5 - 87

—— L
—e— Bayes-CNNTH &

o 96

3
095

......

0 100 200 300 400 SO0 600 700
T A

K8 IR T4 RX b

Fig.8 Comparison of training set prediction results

1.00 —
099t § Lnb + @ -e-Bayes CNNmWE
! il ||?"
| i"" ”””l "I‘" I || {ll | |

= ’ ! \

B 096 ’ || ( I : . I

& m ; 1 l“ u u |
0.95 8 |‘

0.94 dir:; i
003t B % |2 849 d It
092 [, 1 137 B
50 100 150 200 250 300
T A

B9 MR TAS KX L

Fig.9  Comparison of test set prediction results
GREEARXS 73BT 15 22 W 1 « 3 T W A AR Y ] HE PR
o

BRZE H 5 AT LIS RS b e B R T 1% 25 4
AL, 18] 10 Dy HAT 20 AR 2 BT 18, B
AR IR ZE A TSR ZEZ 08 AR HA IR 2
SR, MR T LR 3, 158 22 1 57 3 43 At
0 P, HA2 AR, UE BT AR f 22 45
N, ZINER 25 PR 2 B AR B, T 5 LSk
{EAAAERY IR ZE BN RO AT EE
3.3 LBHERSN

WE— 2 i} 8 4 9285 ) MAE . MSE . RMSE

MAPE RPD L K R*, 7] 15 %] MAE 3} 2. 064 1 x
10 ° ,MSE >}y 8.334 2 x 10 °, RMSE }j 2. 886 x
10, MAPE /2. 144 5 x10 ™ ,R* 24 0.979 49,

1 FH TR )RR A B a4 T At B 7 R4
Bk 5 m & B A ML (improved particle swarm
optimization and support vector regression, IPSO-

SVR) IARAC AL T35 5 TR JEE LA I 4% (grey wolf
optimization and deep belief network , GWO-DBN) &

e

K10 RZEEITE
Fig. 10 Error histogram

ILSEE, 5 Bayes-CNN SZEGAH L, 15 RO 2 4%

TR ZRLRE VAL HAR 2= IR 2 i

®2 FEETEHEIRE

Tab.2 Performance evaluation simulation error

FEFR Bayes-CNN IPSO-SVR GWO-DBN

MAE 2.064 1x107* 2.7653x10™* 1.0725x107°
MSE 8.3342x10°° 9.3546x107° 3.7034x10°°
RMSE 2.8860x107° 2.9925x10™° 1.924 4 x10"*
MAPE 2,144 5x107° 2.1445x107° 1.1057 x10°°
0.932 51

R’ 0.979 49 0.993 55
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