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Abstract

Aiming at the non-linearity and randomness of China's gross national income data, this paper es-
tablishes a grey neural network combined forecasting model which is improved by using the com-
plex Simpson formula to predict China's gross national income. Firstly, the GM(1,1) model and the
GM(1,1) model based on the complex Simpson integral formula to improve the background value
are established. Secondly, a BP neural network prediction model is established. Furthermore, the
GM(1,1) model and the BP neural network prediction model improved by the complex Simpson
formula are optimally linearly weighted, and the objective function is solved by using the genetic
algorithm to obtain the objective function with the smallest squared error sum. Weighting factors
are to improve prediction accuracy. Finally, the GM(1,1) model, the GM(1,1) model of the modified
Simpson formula, the BP neural network model and the improved gray neural network model of
the modified Simpson formula are used to compare the results of the gross national income fore-
cast. From the prediction results, the gray neural network model improved by the complex Simp-
son formula is significantly better than the GM(1,1) model, the GM(1,1) model of the modified
Simpson formula and the BP neural network model.
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1. 51§

GNI, B RN\ (Gross National Income), JEff “—E 4544 2 B E Py Az = F1E S b A = 3R
AR R, XA TR BT W B E — 58 I A WK 43 BC 1) B 24 45 3 -GN 55T GDP
I bk B EA R R WO, — BRIk B E M EL R SN /N T A E GDP IR, Hitk GNI 5 GDP
EAERUEAE Y, —E A T — E &G, WeRH, 2011 [1]: BEr, 2012 [2]). Hik, Bl
AERf T A2 GNIT A T A B 38 1148 R PR 2 22 B BUCSR AN ok 5 R R LRI 5 S T .

YT GDP LB SESEHIE P M EEN:, GDP kR & R&%xKE, ENIMREEZ TR
5] A0 B A8 FHAS R 79256 GDP $cHs Tl 1 R &R 7 TAE . 57 #2310 4 1 [l VS 28 o 3 R 8
(6] AR TR %of [ N 48] GDP AT @R TN , 3K AT 4138 ) GM(1, DR RN 1L 7644 A\ Y GDP 347 #5442 Tl
FHHIRZBIER GM, DB TR AT 50, FRA[S]R FH #H 2 I 2% 592560 GDP # CPL ghA7 Fitdll, Jf:
$2H 7 PCA-PSO-BP 54!, Hrh GM(1,DEAIX] “/IMEA. FEE” RGEA RGN, SR80,
24 GM(1, DA SR GG s R AT — B 8, SR B H RN ik, TS KT [0 R 2 AL
Simpson 5| NBIK GBI, PRI TRIB MM IR T PR A BUE T S

ARSCAE IR T A b, i S Ak Simpson U T K UL TS SLE,  FIFHAE LSRR IE T AT
RO 2, K GNT R 12 FrRRGE =k 5=k 35 ==k ki, Tolk, 2R3,
R T A RIS AR IR Rl s = NS5 [ N AR = SRR i 2 X 2% N #4246 Simpson
S GM(1,1), CSGM(1,1))5 BP #4248 31T R 2 B /N PE AU A, I 8% S e 8 R e AL 1
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Rl SRIFEARBUREL, ot 3 B RSN T T BT . A E Ge iR 53815 19 1987 4:~2007 4
(%) ] ] B i W N B A R A A 2008~2016 4F ()R 1 5 AL i B0 5040 % B 43 B GMI(1, 1) AL
CSGM(1, )%, BP M2 157 . AL Simpson 2> 3 Bk 1 K o4 25 9K 45 5 78 F S04 5

2. fARGE
2.1. GM(1,1)F s &

BRI X e R A X (@U)ﬂw) O () WA, AT
RS TTRE. G B x O, #x x U g x MIMMFWJX':“M)(Nﬂpg '(m))> Hrhs

(k) =Y 5 (i) (k=1,2,-,n) (1)
20 xO B RTA: 20 =(20(1).20 (2),,20 (n)) S
2 (k)= 0.5(x (k) + 5 (k=1)), k=23, @)
NI, IR TTREN
X (k) +az" (k) =b,k =2,3,-,n 3)
Hob, o RIER¥ b NREIERR. #u=[ab] WEHH, LA
—2"(2) 1 x(2)
5 _2(12)(3) 1 v x(O):(3) @
—2"(n) 1 X (n)

T Z(3) A e/ Tl T S0 AL -

a=(B"B) B'Y (5)
5B, Y, 0 W R R@MR(S), I A TR
o
T+ax —b (6)
M), GM(1, )RR f B 8] 51 e
(1) (oYl ek B s
X (k+1) (x (1) aje +a,k 1,2,-+-,n (7)

WESE, O TR
A (k1) =29 (k+1) =3 (k)

= (l—e”)(x(o) (1)—2Je”k, k=12,---,n

a

®)

2. BREREFES
H IR GM(1, 1) R34 R I )M L 8710 1, GM(L, D TR R A% FEBOR T 28 a, b, SR ORE 240 as
)
b, 20 (k). B GM(1)BEALR 2 F 2RI T 2 (k) (TS5 X¢%+ax(l)(t):bﬁ[k—l,k]iﬁ
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GM(1, B T B 1 LT S BB %, TT DLW e i 2 (o) ZE LK 1] [k — 1, k] - S5kl o
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| . AL Simpson AR GM(L B, 15 B R K1 [k —1,&] 0 MR T AL
2 R, ITRAE . BT MR N AE TR

t
k-1 k

Figure 1. Comparison between the real value and the trapezoid
formula background value
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Figure 2. Comparison of the true value and the background
value of complex Simpson formula

2. AEXESE K Simpson AXHIE REMELE

2.3. ETE ¥ Simpson 2ANEHEA GM(1,1)#EH!

HITEAE I 2 AL Simpson #7323 3 75 ZERTEAE R AN/ X E] P BB A7 s B ML, i EAEESE ST
1-AGO Bh&FFITA 7], MHABZEF T FOBER AT AL, 1-AGO P ABARF IR HOE A, XA 2k A
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e SR 2 o AT A K 2% e it X i s B ) — AN s P AR . ik, A8 [k, & +1]=[a,b] »
AT PSR AN XA [k, b +1] E 0 5550 5&5’]@@1@(&] S (a+k)KIME), REFHEAL Simpson KA it
SRR SRR TR GRS X —{ 2(1),x7(2),x (3),--,x (n)}, O (k)>0
AH1-AGO BIFEsIA: xV (k)= A"V B, A

©
g (k) (an
x(o)(k—l)
©)
A= x (k) (12)
x(o)(k) B 1_x(o)(k—l)
% (k - 1) % (k)
©
O (k)= A = 5O (k) - x (k) (13)
x(© (k) x© (k - l)
1=
% (k —1) X (k)
B (1) = 40 4 B, 1> 1 H3E 1-AGO B i HIBUNHA.
BN XA [k —1Lk], KX IS0 2m = p 6y, 45 20N
. 1
A = (k=14 k), (1= 0,1,2,,2m), hz;,mz%,mzl,z,---,g (14)
M FE(15) A [k~ LK) LB, 4
1=[" & (0)+af x(1)de=b[ dr, k=23 (15)
(1) AT 25 R s
1=x" (k) =" (k=1)+af 5" (r)dr=b, k=23, (16)

Hitr 1-AGO B AU, dz I BUA R 5y J7 ik M52 46 Simpson B 230, tHH j XU (¢)de #£
[k—1,k] EBIRY, A

I, = kkilx(l)(t)dt
1 m—1 m (17)
=§{x(‘)(k)—x(')(k—1)+22x2,.kl +4Zx2,.k11}, k=2,3,-,n
/=) i1
sy LR A:
=3 (k)=x" (k=1)+af " ()ds
m=1 m
:x(O) (k)+%|:x(l) (k)_x(l) (k_1)+22x2ik71 +4zx2ik1—1:| (18)
:b’ k:2,3,"',n
X EE(16) 2018 15 5HE 2 (k) H:
zm(k):%{xm(k) A (k- 1)+2Zx2, +4zle 11}, k=23, (19)
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2.4. BP #HEZ ML

BP (back-propagation) f1 45 [ £ /& Ff Rumelhard Z5RH7 58 T 20 tHh42 80 AEARIZHI ], BP #1142 I 2% /2 —
Pl iR 22 R AL TR EIE I 2R 2 )2 BT N 2%, W2 BT i) 2 & Mg 8 2 —. BP £ /45 A
BARSRIAEZEE T BE 77, IF HINESIBE & 24, % )2 B A0 FE PR Tl K I 25 11 2 2] R 55 2 30T AR 41 i)
R B TS BLT BE, BAA R RGN, B R HEUR 24080, 8 3 IR T BP & 4% (1) 1) B g
AR

RER

Figure 3. BP network structure topology diagram

3. BP WL MR NE

2.4.1. HETIRE
—ANEEA BP AT BA R NN, FARAKN B —ANEUE w, UGS F— 2. W%
Bt AT RN A
Y =f(wp+Db) (23)
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W2 (1427 2J S0 43 FRE AR SR A S o AL R S B0 - FEIE R RR IR T, B —EMan gm T~ — R
MZETE. B SN A BRI SRR, NS ik R AT, SRS R EALES, il
J2 i E R LR TR o G SR 5 SR AR ZE B, M N5 S SR S o 2y, i SR AT I )
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2.5. 84t Simpson #ZMLELAE TR

TG B A2 PRAN — A TR R SR AR AR B o AESERRTRN T, T RGER %, BENLEATE IR
BZ, PWIERX RGHHEBED, HEARRRE IR RGH KRR, B — € kI
HAS R B — B R 2 f8 T RGEA R RER, EENBHER AT I A S, ZRE 7508 B — TR A A H
MIfE R, REANSA TR ARG R A . 4 A — TR BEAT AL, AR B 3 S A R
B, R MARKHES BB, A SCRARIEANEA &7, HEA B AR U AR S Ah A U h &
RN HARBR AL, AR RARFAM T RS AR B i e, A2 st A S IR, mA s 2t
G RERTMINEICE

ARSI GM(L, DR & A R I 0, 10 HL 80 2R AR EUE KON . BP #4248 I 75
FEREMBEEAEAEAT UG, T HY K. ACEREHE 7R — BB A E, K CSGM(T, 1)
RN BP A2 X 25 5 R e G PR SR AL & 105 20, BLRZE D5 Al NN B P 2, (R e A —
WAL SRR MR E U S IR RS, BEAT AL AL & DL SR s TR BE A H ). B a5 niEl 4 pr
Zi

| BPHMZRLTI Y |

£
B\ RS HE AR TR S
L ES »)
oA
HALSimpsonid i

GM(1, 1) B 27

Figure 4. BP network structure topology diagram

[& 4. BP M4 LE$R3MNE]

L0y, #0(e), P(e) HHFR BP LML EAL, 51K Simpson ABUER GM(1,1)BALFILL
EIMAEAAE ¢ W2 BB E, w, w9 BP MR BAE Simpson 2B GM(1,1)85
AR AL, W

P(6) =z (£) + w2 () (34)
Hw,, w2

{wl+w2 =1

35
0<w,w, <1 (33)

Loe (1), e (t) e(t)5r10 BP MZFRAHIN . CSGM(L B, 44T ¢ %2,
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éw:ik@r,wﬁ%ﬁﬁﬁ?ﬁﬁ,ﬁ#ﬁﬁiﬁz

t=1

mine = Z| | |w1e1 (t)+wye, (t)|2 (37)

m%¢:ﬁﬁmﬁﬁ,ﬁc=2k@r¢%w“1@ﬁ%i%§ﬁﬁ:

2= 3 2y 1) +mses (1)) 1) =0
ﬁé=Z2WWA0+%%UD%OFﬂ -
ow, I
=3
2 2 ) >
wie, (1)+wees (1)
| ma2) e (2 )
e, (m) wse, (n)
W 57 B R AT A
EW =0 (41)

BT oA /N o I A, A SR AR R LR I i) A B, AR SRAREE R H k. AR SCfE
BRI — B FER R AR (38) 3, DUHCRSRIF A A T AL R B w, . w, o

A& 1% (Genetic Algorithm)/Z Holland £ 1975 £F4H HA I — i fi 48 A2 47 S 1k A A T8 A0 1T SR ) &K
iU R AR IR R ) G N A R AR R R . R RABE A SN AR e 2 I R IR . 2 B AR IR DL R AR
LRV I RIS BRSO R R AR YR BDRRID IR TR . SRRV B A
Ko AWIAE XA R, PRI, F SR EAR R AMACREE ok, B & S0 R AN Wik AT AT 7= A=
BN SRS RIACEEA LG, A Sk AT DUA 08 S VT 22 SR AR s, ELBE L B AR R A AR 4
FAE R B AAZ BIERNRE 5 ] HEAERR A AT RA(38) 3N H AR B3, 18 A% B2 AT TR A
DAS B AU RS, LRI St 4 A T A 2

3. REERBBATN

N7 RS i M HEA T IR, ASCA R E G AR SR EE R 1978~2016 4R 1 E RUEIRON 12
AMRERCGE = =, ==, ko, Tl @5, e, s, FmmEiR.
Sfb. e ANYIENAFEERE). FIH GMA,1)FIE AL Simpson MUk GM(1, 1) E F RNk 172
BT . A 1978—2007 4 IRIAHEARVEAMZ L N E, B ESINVE Y B AR, DAt 2 E R
S NBEAT A TION o B85 K S 4k Simpson BT GM(1, D)SITIIE 5 BP $PZ M2 I TRIME AT H S, 155
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HE BRI TME . £ 2008—2016 FE RO NIUERHR IR KR ZERE L. HORHEHE WA 1

Table 1. Actual GNI data from 2008 to 2016
Fz 1.2008~2016 A GNI SRR

G20
1978
1979
1980
1981
1982
1983
1984
1985
1986
1987
1988
1989
1990

SepRiE
3678.7
4100.5
4587.6
4933.7
5380.5
6043.8
7314.2
9123.6
10,375.4
12,166.6
15,174.4
17,188.4
18,923.3

4
1991
1992
1993
1994
1995
1996
1997
1998
1999
2000
2001
2002
2003

Kb
22,050.3
27,208.2
35,599.2
48,548.2
60,356.6
70,779.6
78,802.9
83,817.6
89,366.5
99,066.1
109,276.2
120,480.4
136,576.3

4
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016

KB
161,415.4
185,998.9
219,028.5
270,844
321,500.5
348,498.5
411,265.2
484,753.2
539,116.5
590,422.4
644,791.1
686,449.6
741,140.4

4. FmLE R

AL H MATLAB Zwfe it 5, 430k GM(1, DAL, Z 4k Simpson A X 1) GM(1,1)8%Y . BP
o120 [ 208 A5 TR S S T AR R FRARL o R FH B8 4% 925, 193 BP 524K Simpson BT GM(1, 1) 8L 4
BRARBD A w, =0.425, w, =0.574, LA HEL Simpson 2 3k 2K (o 28 /0 245 21 A b A .
Y (1) =0.425X" (1)+0.574X\") (1) . 4 FREALAOBOME W22 2 MO 5. JAFE 2 AIE S spl B, B
GM(1, )BT 25 SR AR X B 22, CSGM(1, DR BLFN BP #1448 X% GNI TGl 45 AR GM(1, 1) Fl
HAE —E M, BB 2008 4 E] 2016 4 GNI (AR LA . SR1fT, AL Simpson 2 ek i) K g

2 00 24 2 5 R TR Y TN AL G AR A R B T LS

Table 2. Comparison of the predicted and actual GNI values of China from 2008 to 2016 based on different models
% 2. ETTREHREAHE 2008~2016 £ GNI FUM{E 5 SEFRERIELE

Fy PR E BP CSGM(1,1) GM(1,1) HA T A
2008 321,500.5 307,020.8 273,138.6 400,044.6 287,265.4
2009 348,498.5 375,943.9 312,980.9 459,224.2 339,427.2
2010 411,265.2 480,925.3 358,635 527,158.4 410,249.7
2011 484,753.2 591,258.7 410,948.5 605,142.4 487,169.4
2012 539,116.5 648,890.1 470,893 694,662.6 546,070.8
2013 590,422.4 695,708.5 539,581.4 797,425.9 605,395.9
2014 644,791.1 713,382.3 618,289.3 915,391.2 658,085.5
2015 686,449.6 736,190.6 708,478.3 1,050,807 719,547.5
2016 741,140.4 732,242.4 811,823 1,206,256 777,189.4
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Figure S. Comparison of predicted and actual GNI values of China from 1978
to 2016 based on different models

B 5. EFAEHERIEHE 1978~2016 4 GNI UM 1A 5 SERRE R EL 3R
9T H# GM(1,1), CSGM(1,1), BP, 4k Simpson 2 2 B (1) 2K € 1 28 X 45 20 -EA5 70 () 00 6 1,
S THE 4 PRI UE S (1) RMSPEPO LA AR R 22, HER I 3. Mok, v 7 H B HLEL 4 Ff
BRI TREE, 6 45 T 4 B A X R 22

Table 3. Relative error between predicted and actual GNI of per capita based on different models
%= 3. ETTAEHREA AL GNI FUN{E 5 SEhrERMTIRE

Epy 2H A TR A BP CSGM(1,1) GM(1,1)
2008 0.106485 0.045038 0.150426 0.244305
2009 0.026030 0.078753 0.101916 0.317722
2010 0.002469 0.169380 0.127972 0.281797
2011 0.004984 0.219711 0.152252 0.248351
2012 0.012900 0.203618 0.126547 0.288520
2013 0.025361 0.178323 0.086110 0.350602
2014 0.020618 0.106377 0.041101 0.419671
2015 0.048216 0.072461 0.032091 0.530786
2016 0.048640 0.012006 0.095370 0.627568
RMSPEPO 4.4688% 13.9508% 10.9451% 38.8671%

M3 5 ATE 1, GM(1,1)) RMSPEPO =ik 38.8671%, CSGM(1, )5 AL ] RMSPEPO 4 10.9451%,
BP &M LA f) RMSPEPO A 13.9508%, E 4k Simpson 2 3 ik i 7K €8 b 25 0 465 21 & 455 284 1)
RMSPEPO N 4.4687%. Kk, THELEHEKH, S Simpson 2 2Btk ) 2k G 28 /K 4% 20 A AT X GNIT
FRIFIIN 25 BAL T GM(1, DR, 54k Simpson i) GM(1,1)85, BP #Z: M Z5Ri 7Y,

5. &t

ASCHM A Simpson 73 24 206 GM(1 DR AR REAT it , FRRE LS BP fhe ML &, i
SEAEAE Simpson 2 3UEACHE AR Epsh 22 100 2% 2 A R RS v [ [ PR MSON (GNIBEAT T 23 A, el SRR -
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Figure 6. GNI relative error comparison graphs based on different models in
verified data
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