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Abstract

The development of higher education is the source power of national innovation in science and
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technology. The original data sequence of the classical DGM(1,1) model is accumulated with the
constant 1. Therefore, this paper proposes an optimization DGM(1,1) model based on variable
weight accumulation. The DGM(1,1) model and AVW-DGM(1,1) model are established respectively
to simulate and predict the enrollment of graduate students, master students, specialized subject
of raw and undergraduates in China. Next, using PSO to optimize the weighting coefficient of the
AVW-DGM(1,1) model. The four numerical examples provided show that the AVW-DGM(1,1) mod-
els all have higher simulation and prediction accuracy than the classical DGM(1,1) models in this
paper. It can be seen that the adaptive accumulation of original data series through particle swarm
optimization algorithm can make the first-order accumulation sequence more in line with the re-
quirements of DGM(1,1) model for data characteristics, thus improving the accuracy of simulation
and prediction.
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A NRE, RERANA TS MBS R TR, 2 St ikah ke 5 @ B e A E X
Pz OEZR. 3 1978 FRESEAEME s HAESMALBE LK, KESSERELT T —&51
A FUIR R FE,  RINFSOGR 1% 2 a9 IRE&T7 TR R B 7 3O TR . AR R A s
7N, 2020 SEFRE AL R AE MU EE Ok 967.45 1N, [FIRFARYE 2020 454 [E A 70 AR AR T AR )
BIR, 2020 A E 0 AR A NBCE Y 300 7, TAF 341 5N, SEIEG R I EiE . mxERE
EEHE PR KRR RS, BEE BN AR = S 2 AR U O, P R R TR A
HOE TR e R BRI, (R A SOR SR K SR R

BB UL AR B R BOE K R s 2 FA ke s S, DRI 9 A0 22 22 8 R kAT 1R S
TRIT IR TR 2 BUNREAY . s Fr A L[] [2] [3]. Mm% [4] [5] B E 43 #r[6] [7] [8]. ZK LT
DBLAL[9] [10] [11] [12]. FEIXSCTOMARL, IR AR FH B o, B i Fe AR > Ak sifi 52 31 1
Tz R

RETRIG R SR 2 T 1982 4 RIRH[13], ‘EAEALFR “/NEEA” , “FHER” MEhHEEE
FKEEMAEH . Horb, KO TN R 2 K R A% OB 7 o 7E TSRS, GM(L )RR B A 22t
BT, 2K TR Y Je SO A L4832 (R B AE A 22 AN D7 T, G BRYR[14] [15], £k [16], BHE[17],
WES[18]LA R RST[19]5 . BTk, | RERFERIEAB I SEHRA T . i RFIF[20]5 NI H —Fh5)
o AR R, SRl T K BB (1 — B B0 R RE R AKX —BRBG . S AN [20148 T —FloBn (1 2K €. 73
DR, I 97 F T TR0 - () 7= 5 A0 CSI 300 $8 %0 B85 A [22] [2310H 70 T & £ iU GMP(L,1,N) B
FRAN & [24]32 T —F0H bt + ¢ SRESGE NGM(L, Lk ey R Ak e AE . 32, BRSEAN[25]88 T —
H GM(1, 1) B8, K EBIEEN bto + ¢, H A E R BT . 4K GM(LN) BT K L HE 15
BRI A2 3 T2 ey, B, Liu A1 Lin [26], Tien [27] [28], Zeng %[29] [30], Wang %[31], Ma [32]
[3315 NFHIE AT o AH_FIR B AR AR K AT — B SRINAC BRI, SR AR 2508 B R A 9 2 1. Xt
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Wi R, 84y 238 [34] [35] [36] [37]38 3 . S A [R] R 22 v B - A BR A0 LASRE AR L R IO AS B2, e
[38] [39]2E T~ A [a] F) K AL e B AR {4 5~ , ORI LA 3 .

BT R SCBREER, ASCEEH T Rl B S N A FOIN 1 B UK BN, @il AVW-DGM(L,1)
BEAY, FERH A E S E PRI, BERE A, AT R RUARR A I HE A N BN S B AT
TR . TSR LH, AVW-DGM(L, 1) BI4L T4 diff) DGM(1, 1) %Y

2. {54 DGM(1,1)iRE

X = (@mm (2),- n»ﬁ#ﬁﬁ%?ﬂ;ﬁ?mﬁﬁﬂ A, TSR (A TR
Zeit—W 2, A XY ()mxmﬁym%W®%$\ D3 X O ft—r R0 R  (1- AGO) FE A,
oo

K (k) = 3 X (i) (k =1.2,-+-,n) M

BWAEGFA) X O m—Pr Bt s XY i ERTE, B
£ (k+1)= &Y (k) + B, )

9 DGM(L MR, siF A GM(L )R BBkt [24]
= B=[p.8] HB¥H. H

x (2 (1) 1
I x¥(3 | (2 1
0,= B=l ®3)
x" (n) xY(n-1) 1
U 5 R TR RO (k+1) = BRY (K) + B8, B N edtiv 24505 B =[ B, B, i
f=(8le) Ble, @
4 %W (1) = X (1) 0 B8 2R
o) _ gl oy P |, B N
% w+g_@[x(g]fmjl Ak 1,2,---n-1, (5)
W EAE A
RO (k+1) = (k +2) - (k)
(6)

1

:(ﬂl_l)(x(o)(l)_lijﬁlk,k:1]2,...,1_1,...
3. BENTWNRMAILE AVW-DGM(1,1)1EE

3.1 MRBEHREFIIRER

BT —MNERENRGHA S ZRINAA BB bz, X ST IR %R SRR R R
FEERE P DA AE D BN M . TEXT IR BAR AT I @A, TRINASKRAS AL R B i, TS B 2= 32 B 1R K 1)
SO . LR B TR R A GM(L, 1)K T AT DGM(L, )RR . 3 644 45 () I € TR R Y 76 HEAT — B B
AR — P BT A (L-AGO) I, — & R Z R RN, BRI — AN IR AR BRI R B N E e 8 1. X
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il EoIn 77 SNA R 78 70 KR JF A B P SRS B, AR TR AR A E . AT, 20—
R RN T7 2, A A S0 07k A B — A RN AE 15 41 (1-AVWGO) o F L PP A1 BEAT 2K (L R S
R A AR — R KL RS AR, DLk 994k R An Bt OBERLYE, 2t
T 452 e AR )40 5 N TR 2
X L BB F I8 X = (0 (1), (2),-,0% (n) . R BN

p= (s e ) st > O, K =1,2,-,0 o X JEAAKLHE B SRk VE RS A B, 43 SRS R S0 1 )
Ky =(67(2),0 (2),--,0% (n) Skt

0 (k)= 17" (k),(k=1,2,---,n) )
3.2. BB AWC-DGM(1,1)iEE

B X = (X (2),x%(2),+- X () ) HEBAMEAE T, 0= (01, 0,,,0,),0, >0,k =1,2,++,n W
AR R AR X O sk, YO = (v ),y (2),, ¥ (n)) 3ok

y(o)(i)za)ix(o)(i),(i=l,2,---,n) ®)

S AR S A B I (R 310 Y O AT — U B, AL — ok B 05
Y(l):(y(l)(l),y(l)(Z),---,y(l)(n)), o

YO (k) =Y ox® (i), (k =12, 1) ©)
i=1
A5 PR IIALAE $ b R 5 10808 P 91 Y O g S B TR £ DGMI(1, 1) 7
§9 (k+1)= o, 9" (k) + 2, (10)
Wa=[a,a,] WEHH, ¥
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® ©
0,=|"7 :(3) B,=| 7 :(2) 1 (11)
y(l)(n) y(l)(n—l) 1

) 85 R 2 T 9 (K +1) = 0,92 (K) + c, TN —TRAH B 5051 G = [ e, 1, ] W52

é=(B]B,) BlO, (12)

4§ (1) =y (1) T34 K
GO (ke =l vO (1) =% |+ % k=-12..n-1... 13
99 )= [y~ k12 &

12
§° (k+1)= 9" (k+1)- 9 (k)

:(al—l)[y(o)(l)— % ]alk,kzl,Z,---n—l,---
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3.3. MMM AHAHE

N YRS IR AR (R FE AR S DAL AR i ) AVW-DGM(1, 1) 8 (AL Z 85, 5 LT 1 73 LR 2 (APE)
MISEI 450 1 7 iR Z2(MAPE), i EARR LT

1 &2 (k-2 (k)|

MAPE = 5 x100%, I <m<n, (16)
m-1+1G] O%) |
0) (k) 5
APE (k)= Mxloow k=12,n. (17)
22 (k)

N L T @B REASEE AN . B EsUT A, 2k =12, N I, APE(k) @& Edmigans i 5y
iR ZE: 1k =N+LN+2,---,n i, APE (k) MK SR f4ax iy bRz Z1=1,m=N I, MAPE
TR A HAR I 40 B LR M1 =N +Lm=n i, MAPE Fom 56 A 1) F 4% 5 4y b
W2 Hl=Lm=nltf, MAPE &R BRI 4 1o k% .

MRS FER 1, AVW-DGMQ, DR P ALK R FIZEON 0 = (@, 0.+, @,) 0 >0,k =1,2,---,n ¢
M ERRM 0=(0, 0, ,0,), 0 >0,k=1,2,--,n &G, FJLGET RN ZTRIERMESH G =0, 0,] -
L, AR R R/ANEN, & 0=(0, 0, 0,) 0, >0k=12n{ERHL MAPE (128, @

/MBI
(0) 5(0)
. 13|27 (k)-27 (k)
mInMAPE(a)l,a)Z,,a)n)—H;T(k)xloo%
2 (k) =—§° (k).k =121,
=250

§9 (1) =y"1), @ >0k=12--n,
9(0)(k+1):9(1)(k+1)_9(1)(k)=(a1—1)(y(°)(1)_ a, ]alk. (18)

l-o

st
k=12,---n-1

00 (k +1) = o (@1_& ikzlz... -1
y(+) al(y ()1—051 +1—a1' T

@=(88,) B0,

FIE R ERAB MR IR, RIFRMD 0=(0, 0, @,), 0, >0,k=1,2,---,n RIRHXER . FET I,
RAE R TR SR T BRI 0= (0, 0,0+, @,), 0 >0,k=1,2,---,n fH.

FF#ER Ak (Particle Swarm Optimization, PSO)% 7% i Kennedy 1 Eberhart & /32 . ZH LR
FL R 2 i B AR b, 8 AL S B AR P R RAT T A — P T AR R 0 A R B LA
RHE . R REEE e e R M P BTG RT3, HVIaa R B FIO B . R 2S IF I 4E 2 R ARy f Ak
I (AR AT R o R ER R A A (R — M B AR R AL IR R — AN, I B — AR A
W E, YRR ATEE BRI ), DM AR T Re 68 K v fif 2 (R R PRVR TR S AL AL . R PR 1)
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AT A I L B O s P DA E AT BRI S5, R T e AZ Dh e s T
KT LR B BAALE . JEIEACTIE, B R — MR AR ERID SR IR E T O, b AN A
HAE AT pbest 1%, FEAHAE T gbest T3k, FFARHRIZ L SRR SRR A 23 18] Hh (1 A AN RAT I
SRIERLT RSB BE A 1T AR DURL T AE R 0] th 4k R o R I R SRR L P IR

Stepl: HUGAMBERLTMEM , KL TY4ER Dim, BORIERIEK,, » FIET 1,1, BHERER K
EW, o Wiy s

Step2: WIAAHANRERL T 5 RALE X, o B/MLE X0 BRKHEEE BN R AMA R
P p A ALAE pbest LKL HE AR el Ar B g AR (L{E gbest ;

Step3: THERL TR AE— VR T AYIE N fE MAPE (K) 5

Step4: A4 NRE 118 N MAPE (k) 730515 MABAA pbest (k) UKL 71 42 5 i SL{E gbest LE#. 4
R MAPE (k) < pbest(k) , JW /] MAPE (k) # #& 45 pbest(k) Jf # #efi T MR m Lz & p . W2k
MAPE (k) < pbest (k) » TIH MAPE (k) ¥ 45 gbest & bl 1 4 Ry iR S LAr & g 5

Steps: #% LA R AR AN E w ;

W= Wrax = k (Wmax = Whin )/kmax :
Step6: 1% LA AR A AEFE A v AL B x JFREAT I8 S AR AT AL
Vi (K +1) =wixvy (k) + ¢ (k)< ( py (k) = x; ()

eyt (K)x( P, (K) =%, (K)),
X (k+1)=x; (k) +v; (k+1).

Step7: FIWTEIEZ L FARTW L 8, WA REEIm R R: BRE Step3.

A L2 () DGM(L, )RR, ASCHE ) AWC-DGM(1, )47, Rl H 3& N AR R 2 i DGM(1, 1) 17,
eSS AT PSO Hika, fifh 74 DGM(L,1)1EAY DA & BCE BT — B SNAL BRI 72, SEEL T AR
i S AR . 5 U BN E AR AUAR B, DA I R BN R A R ) 5 RS SR AL
P HITEAE NS B I HAEMEH B 3&E N AE BN R GHIR 7o )G, SRS — BnA 7575 &
DGM(1, 1) B A5 Hh 4 () AR 2K

4. AVW-DGM(1,1)#EBI5 57 F

XK FE N TE PR B . FE R A [ AVW-DGM(L, 1) (ki . ¥ st 54
S DML )R HEAT X AT . 3heh, AVW-DGM(L D) BB I R M 0 = (a0, @,,++, 9, ), @, >0,
k=1,2,---,n tH PSO ki€

SCE AR R A o E ST 4 2005~2016 AF 1 E i A A SRR A N B E A SRR, DAk i
AVW-DGM(L, )RR . SR E e i 1 s

Table 1. Number of years of actual enrollment of higher education in China
& 1.2005~2016 FHFESFHE ERBE AR

FE W Bt LR AR

2005 36.4831 31.0037 504.5 236.3647
2006 39.7925 34.197 546.1 253.0854
2007 41.8612 36.059 565.9 282.0971
2008 44.6422 38.6658 607.7 297.0601
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2009 51.0953 44.9042 639.5 326.1081
2010 53.8177 47.4415 661.8 351.2563
2011 56.0168 49.4609 681.5 356.6411
2012 58.9673 52.1303 688.8 374.0574
2013 61.1381 54.0919 699.8 381.4331
2014 62.1323 54.8689 721.4 383.4152
2015 64.5055 57.0639 737.8 389.4184
2016 66.7064 58.9812 748.6 405.4007

4.1. PERRERBEAH

Wb /N T 4 B R AL AL SR R [ Gk A S AR A A ST AR, JE T ST DGM(L,1) A5 A
AVW-DGM(1, )15 8Y, 55 v [5 iR 7 AR 0 AR NBGHEAT T AL eI SR8 RN R B (B AR B DU /s
e 2, £ 3FE L, K2 dghH. IR 2 1AL, AVW-DGM(LL)ERITE AT BN,  JRAGEHE 1AL
HIFAREAEE 1, RS FIREAE P 5 B SR RRE, T AR R SR R B AR 3 R 1
FILAEH, PR BB SSR L H T R 7T AR FE AR N B e s . A3 3 AT RAE HH, DGM(L,1)1E %Y
I MAPE, 45 5605045 1) MAPE F1LE B MAPE 73514 1.6791%, 13.7769%#1 6.7199%, 1] AVW-DGM(1,1)
5394 3.53 x 107 %%, 0.3485%#1 0.1452%, X Lb4k FR 0, 76 b [H B 7T A3 A Nk, AVW-DGM(1,1)
B DGM(L, 1) B 7Y B A i Tl AR Ak 3

Table 2. Weighted coefficients of the two models

2. APEEE MR

Y EX
DGM(1,1) 1,1,1,1,1,1,1)
AVW-DGM(1,1) (1.0000, 1.2376, 1.2123, 1.1714, 1.0547, 1.0318, 1.0215)

Table 3. Calculation results and errors of the two models
3. MR EERURIRE

FEy S DGM(1,1) APE (%) AVW-DGM(1,1)
2005 36.4831 36.4831 0.0000 36.4831
2006 39.7925 39.5405 0.6333 39.7925
2007 41.8612 42,5517 1.6494 41.8612
2008 44.6422 45,7921 2.5758 44.6422
2009 51.0953 49.2793 3.5541 51.0953
2010 53.8177 53.0321 1.4597 53.8177
2011 56.0168 57.0707 1.8814 56.0168
2012 58.9673 61.4168 4.1540 58.9673
2013 61.1381 66.0939 8.1059 60.7646
2014 62.1323 71.1271 14.4769 62.6168
2015 64.5055 76.5437 18.6623 64.5253
2016 66.7064 82.3728 23.4856 66.4921
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simulation MAPE 1.6791 353x10°%
forecast MAPE 13.7769 0.3485
overall MAPE 6.7199 0.1452
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> - - - AVW-DGM(1,1) A
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g A
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Figure 1. Comparison of simulation and prediction of DGM(1,1)
and AVW-DGM(1,1) models in graduate enrolment
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Figure 2. Adaptability evolution curve of PSO algorithm
2. PSO BiRia N L%k

4.2. REBMEHREBEAL

5 B =L, i DGM(L,1) B AL F1 AVW-DGM(L,1) B B, 3 fi i kL 7 i 55 v X
AVW-DGM(1, )R I S HHAT R AFE . 15 BN e 20 H 45 AL R B GO R B DU N B fE S 4, 42 5 A
K3, El4dgath. %4 0KRY], AVW-DGM(L, 1) R R BHA RN EE 1. IWEI3FTELEH, M
Lt DGM(L,1)B5), AVW-DGM(L, 1) B 5 G455 Ay s (1) 50w 0 0F 90 A= 40 A AN BB A3 . e

1
600
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5 AT LAE 1, DGM(L L)AL MAPE, 50404 MAPE FEL1) MAPE 737124 1.9163%, 16.0442%7H
7.8029%, i AVW-DGM(1,1)% %4 4.31 x 10 ™%, 0.3764%#!1 0.1568%

Table 4. Weighted coefficients of the two models
4. FAREEI AL R

R &Y
DGM(1,1) 1,1,1,1,1,1,1)
AVW-DGM(1,1) (1.0000, 1.2682, 1.2402, 1.1926, 1.0589, 1.0335, 1.0221)

Table 5. Calculation results and errors of the two models

F 5 MMEENTTEERUKRE

AR HYHE DGM(1,1) APE (%) AVW-DGM(1,1)
2005 31.0037 31.0037 0.0000 31.0037
2006 34.1970 33.9552 0.7070 34.1970
2007 36.0590 36.7624 1.9507 36.0590
2008 38.6658 39.8017 2.9377 38.6658
2009 44,9042 43.0922 4.0353 44,9042
2010 47.4415 46.6548 1.6583 47.4415
2011 49.4609 50.5119 2.1248 49.4609
2012 52.1303 54.6878 4.9061 52.1303
2013 54.0919 59.2091 9.4601 53.7540
2014 54.8689 64.1041 16.8313 55.4282
2015 57.0639 69.4037 21.6246 57.1546
2016 58.9812 75.1416 27.3992 58.9347
simulation MAPE 1.9163 431x10™"
forecast MAPE 16.0442 0.3764
overall MAPE 7.8029 0.1568
801 - -® - Raw data
75 - & - AVW-DGM(1,1) a
= 1 - & - DGM(1,1) K
S 70 A
4 1 p
2 65 N
= 1 Data for building .
\‘E 60__ the models , A P s
53 b Ahatthababbt bttt - ’ z
£ % et h
g 50 :
g | x predict values
E 45 | e -
s ] A
Id
g 407 o A
o 2
Q — -
g 35 | . R
= 304 &
25 T T T T T .
2003 2005 2008 2010 2013 2015 2018
Year

Figure 3. Comparison of simulation and prediction of DGM(1,1)
and AVW-DGM(1,1) models in master enrollment
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Figure 4. Adaptability evolution curve of PSO algorithm
4.PSO BIAIE N Ll Zk

4.3. PEIXEMNEREAY

[FFERD, fHH DGM(L,1)HE AR AVW-DGM(L,1) 45 4 xif o [ 1 A% & b7 A= N $idk 47 2 A5
AVW-DGM(1, 1) 8 (1) 24 fd R 7 BEIEAT AL SR A . PR MBS 1) e 28 U1 B 45 SR (B DR B DU A7 /1N )
e 6, 27 ME S, Bl 6 gt 6 8ox, AVW-DGM(L, )RR IR 2 B0 I 25 SR 4GB 2810 T AR AL,
[, FEA TR —ANE TE 115 2. IEL 5 T RUE th, 2R AR B R HE A N B AT @ i s, AVW-DGM(L,1)
HEZY L DGM(L, L) 2 (1) 40 G 85 B LA S T RS P #8281 7E% 5 1, DGM(L,1)IAEHL MAPE, k4o %
f) MAPE A1 () MAPE 43 %14 1.9163%, 16.0442%71 7.8029% ifif AVW-DGM(1, 1)43 54 5.41 x 10 3%,
0.3764%71 0.1568%.

Table 6. Weighted coefficients of the two models
2 6. FFREIAII R

e ei) &3
DGM(1,1) 1,1,1,1,1,1,1)
AVW-DGM(,1) (1.0000, 1.1006, 1.0865, 1.0350, 1.0062, 0.9946, 0.9880)

Table 7. Calculation results and errors of the two models
7. AR EERURIRE

Epy S DGM(1,1) APE (%) AVW-DGM(1,1)
2005 504.5 504.5 0.0000 504.5
2006 546.1 548.6084 0.4593 546.1
2007 565.9 574.3444 1.4922 565.9
2008 607.7 601.2876 1.0552 607.7
2009 639.5 629.4948 1.5645 639.5
2010 661.8 659.0253 0.4193 661.8
2011 681.5 689.9411 1.2386 681.5
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Continued
2012 688.8 722.3071 4.8646 688.8
2013 699.8 756.1915 8.0582 704.6215
2014 721.4 791.6655 9.7402 720.8065
2015 737.8 828.8036 12.3345 737.3632
2016 748.6 867.6839 15.9075 754.3002
simulation MAPE 0.8899 541x107"
forecast MAPE 10.181 0.3184
overall MAPE 47612 0.1327
= 900+ - & - Raw data
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Figure 5. Comparison of simulation and prediction of DGM(1,1)
and AVW-DGM(1,1) models in undergraduate and junior college
enrollment
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Figure 6. Adaptability evolution curve of PSO algorithm
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4.4, hEEXRMEREAH

K=, AT K R ko] o [ ) A RHE N BT AT, g E# 52 DGM(L,1) B A I A
AVW-DGM(1, 1) BERLBEAT X i [EIRERD, AR BEEIERT AVW-DGM(L DAY () S50tk A7 Ak .
AT () B AT S A (IR DU N TESR 8, - ORI 7, & 8 Wil . 7E3% 8 XTI T DGM(L, 1)1 %!
1 AVW-DGM(L, DR — B B4 5 R R B, 45 3R B8, AVW-DGM(L, )RR IR R Bt 2 — A
W R A6 H 8 7 AR AT AR PP, JEAN R — AN EE ) EE. £42 9 1, DGM(L,1) AR MAPE, ke
i 1 MAPE FLE I MAPE 433 1.9163%, 16.0442%7F1 7.8029%, 1fii AVW-DGM(1,1)%> 54 0.0028%,
0.3764%7#1 0.1568%. MIE 7 ATLAE i, AVW-DGM(L, 1)L frIF0h & kS 1 DL K FRS FE . DGM(1,1)#5 7Y
HEL o

Table 8. Weighted coefficients of the two models
2 8. MFREIA MR

et e
DGM(1,1) (1,1,1,1,1,1,1)
AVW-DGM(1,1) (1.0000, 1.3147, 1.2029, 1.1648, 1.0819, 1.0242, 1.0285)

Table 9. Calculation results and errors of the two models
£ 9. AMEREMNTEERURIRE

Fpry B DGM(1,1) APE (%) AVW-DGM(1,1)
2005 236.3647 236.3647 0.0000 236.3647
2006 253.0854 260.4513 2.9104 253.0854
2007 282.0971 278.8862 1.1382 282.0834
2008 297.0601 298.6259 0.5271 297.0289
2009 326.1081 319.7628 1.9458 326.1081
2010 351.2563 342.3959 2.5225 351.2563
2011 356.6411 366.6308 2.8011 356.6553
2012 374.0574 392.5812 49521 374.0574
2013 381.4331 420.3683 10.2076 381.4232
2014 383.4152 450.1223 17.3981 388.9340
2015 389.4184 481.9822 23.7698 396.5927
2016 405.4007 516.0972 27.3055 404.4023
simulation MAPE 1.6922 0.0028
forecast MAPE 16.7266 0.7061
overall MAPE 7.9565 0.2958
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Ordinary undergraduate enrollment (ten thousand)

Figure 7. Comparison of simulation and prediction of DGM(1,1)
and AVW-DGM(1,1) models in undergraduate enrolment
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Figure 8. Adaptability evolution curve of PSO algorithm
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