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Abstract
Satellite clock offset is required for satellite autonomous navigation as priori information. The
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traditional models for long-term prediction of clock offset, e.g., the quadratic polynomial (QP) and
GM(1,1) grey models, are not fully satisfactory. In current work, an artificial neural network (ANN)
model is developed to accurately predict long-term satellite clock offset. A raw time-series of sa-
tellite clock offset is firstly differenced epoch-by-epoch by first-order differenced generation op-
eration (1-DGO) to obtain a stationary series. Secondly, the differenced series is used as date basis
to construct training dataset, and then the extreme learning machine (ELM) algorithm is employed
for network training. Finally, multi-step extrapolation for differenced series is performed by the
ANN model in a recursive way. Final GPS satellite clock products provided by the International
GNSS Service (IGS) are taken as examples to carry out a 60 d-ahead prediction experiment. The
results show that the accuracy and stability of the both short-term and long-term predictions gen-
erated by the developed ANN model are noticeably than those by the QP and GM(1,1) models.
Compared with the QP and GM(1,1) models, the accuracy of the predictions up to 60 days is in-
creased by 87.51% and 81.09%, respectively, and the stability of the 60-day-ahead predictions is
increased by 88.94% and 82.9%, respectively.
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1. 51§

1E4FR A 341 £ 45 (Global Satellite Navigation System, GNSS)H, B2 B Z= TR AEAL S/ s S i B
ZESH[L] 9 A2 SR B RGBT 75 SR [2] LA A TR B 3 SR R /e i (5 B T AA 20 %
PIFE R3] [4]0 15 b 2 T i 8 o mT LA TR BRI 36 B B GNSS 2B H O R A [k 3 2 T R4S,
B 3G P RRG 2 R D338 e T RGOk, — B RGMes, NIRRT E B % A, TRS
LR G 2= DR 5l B TRD S 1 P N B, 2 B S R G 1) I A8 A T 5 ZE M T R Gk Al K H—E
KL PRS2 TSR E v E EARER, S PR 2K T LEA ESMAAEEZ L.

T TR T2 A, W5 2B IS5 B B DR 2R I s i DURS R 22 58 2 2%
BT RVRS], BT AL e S TR B 1) TR RS R sk AR AR L PR A, AL ) e A e T TR e 2
FCRS A — AN DRHME PR e R, AR 31 T 222 (1 v AR T e g 12 R A — A e AR AR L D ]
PIANEH RN T 2 Fh TR Bh 22 ARAR Y, 2 — Ik 2 155X (Quadratic Polynomial, QP)#5%4[6]. K a7 (GM(,1))
[7]. ARMA #%1[3] [8]. Kalman JEHARRI[O)FIFHLE LA 10155, X LURAI AT HE i G, Wik
Z SRR YE TR S R R, R SO, (LT 22 B 2 OO e R 3 T 3 s AR (e
TURT AR AEAE D . AR KITHRICR LT, (HAR R ER B 2 7 5D H 2 HEECR I, X PR
THMNAVEE; ARMA HBESR BN ZHER AR, e Z KPR AR IEPRRN, MORER T8 2= K
Tiid; Kalman JE5 75 ZEAERf M e RAS AR AL 1) I FEnde A AU 75, R RES G Th e s N— @ iR 2, FHIK
ARG, N A2 4% (artificial neural network, ANN)RETUAS 35 BRI () A R R BOC R, & FVaE),
BAL G TR A B S TR L, (A TR R Z AR sk, HSIoR E#12[10].

ASCEP X PR ZEKIATNR, AR DR ZEFIINAESRE. P RRBENURE, I 2985 m] LSS
A E A AP Rk 1 a5, DA A28 X 48 7E AR 2R M I 1) 13 21 A5 7 THI R R AR, B 22 70 AR B JE AR S ANIN
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2. DEWHETHRA ANN HE

T ) T2 22 TR ) ANIN B F) A JEAE Oy 15k, SR FH 22 73 5501 (Differenced Generation Operation,
DGO)X J5i o T & B 72 7 5 EAT 22 50 A8 4, DAHISS SR db b 22 P A I AR ok, I 2250 A8 e J5 1) 7
IR IE N ZRFEAR A N g R BEAT I 5 e Jm, R 20 B 110 B H—— BN A 1 (Accumulated
Generation Operation, AGO)XJ i £ i th 25 R AT IR iR, DAIRAS e 2 B8P 22 TARAE . LB b 22 AR 1) ANIN
T (1) LR B0 R BTk

21 ERTHERMEIR

WRE PRSI Z SRR R TR, PR EREER AR S, AP o) R ZEUEAZEA
K, B Z B A ZEAS KA T ANN (22 232, T oA R B0 2 52mi ANN U SAoHR 5 . 1
i, FUF — B 2253 557 (L-DGO)TEAR &8 i 70 ) B 22 H0dis 2 [RE 2253 A8, JL— T LASRAG — N R 3k
WA 20 P, AT DA BRI aa Bk 22 51 R B ST, S sm Bk 22 e SR AR A I, T SRAG — AN
AHT ANN 22 N RS Fr 41, H = mT DL B TR ph 2 i th 38 > RS0 %E, I R4
RZEXT ANN IZ AL PERE IR .

X0 = (30 X0, e, O} oL 0 AT — NSRS, P 5 5 AR
TOH B 2SR 2 IAIEZE 0SB 5, 7T DA — AN M RO 9 24y Fr ) X ) = {xl(d),xgd),---,x{d)} :

X4 = {Xﬁo) -x% 2<ks<n

10 o )

Her, d A ESHT.
B X = {)‘(ﬁ‘i)l iﬁi)ziﬁ‘i),} NEE VAN ZEZ I BRAE I — DM e 51, A 251 (1-AGO)
2 B HE AT 25 4 0 A8 4 BT T 3R AR B & B 22 TR 1) X = (R Rovaoo s Kot |

k
£ =x9+ 3 89, ny1<k<n+l @)

i=n+l

2.2. EHEXEE

WIZRFEAKT ANN 22 I 24 B AR B RN, BRRRBIMAEYERE. HIERIHaTiniph ZE S
FRARJUA DI eI 3 S o 22 B 2 T AT BB IR AR S, 0286 (¥ A AN

{xﬁ)u,x(d) xl((ﬂ~~~,x,((d_)2,x£‘2}—>x£d), u+l<k<n (3)

k—u+11

Heb, u RN FERLER R EE R N A AN Al RS IR R AR 5
PR, #Hu=5.
N T S R A B ORI A, SR 3l 11 7 3R 3 22 A S AR HE I RS -
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ZA, TS n ANPEEREBEEFS, 8IS 17 3T POIE n—u -+ 15 AR )1 2R
FEA

TESE I ANN 4 H— A —A 250\ B Bt R (MU 5, TETIRR B, i iz 5 HE ) U7 :Use il 2
B Z KT, RIS IHRES EEA k =12, | I P25 X 4 AR H 23

X Xz Xy > K k=1

ol R R, K2 ®
o(d o(d o(d o(d o(d

Xr(H%—u ' Xr(HLl—u [ Xr(H%—Z ! XEH%—l - Xr(wj k = I

2.3. MEFE N

J [ A% 1 (back propagation)2 > 5322 5 0 —Fh ANN 2231 R500:, (HIX RSy AAAE B B N R 56
B A0 R S5 ok 1 2tk 4 B PR 2% ST A (extreme learning machine, ELM) 5325 /2 1 4F Sk 35 M4 (1) — Filr 2 & 2 R
TR I 2% 2 S Bk, AR SR TEAECRAIE S SRS FE IR T HoA% Gui 2 ) R B s R [11] . ARSTR A
ELM 2% 2 59200 ANN BB HEAT IS, SB A2 M NS Sl (25 st f iR > R o ELM % >J 50K
FR IR AR BTk [11] -

Z{:‘\%*UII%%{(XPyl),---,(Xi,yi )} , Hr, X, eR', yeR, i=1,2--,n—u+1, WEHE N M
JERREE TG ELM [EIAEER AT LR IR A

f(Xi)=Zajg(Wj'Xi+bj)=Za;h(Xi) (6)

=1 j=1
b, a, A AN TR T TG AL, W, NS | MRS R AT SR
JUIRN AL T, b W [ AMAE AR h(X,)=o(w,- X, +b, ) K& B HIARE . a Rl w,
BN ELZE 2 ST AP (R RS, A 6 a 77 DS SR R e 7 FR4L(7) o b — TR .

yiziajh(xi), i=12--,n-u+l @)
j=1
FTFRE(T) BN —TRfE N
a=H'Y )
Hrf, H A%EFE H K Moore-Penrose |~ ¥,

3. Hpl55h

R T SIE TR A ZE TR ) ANN B A R, BAARERE AL R 4i(Global Positioning System, GPS)
i, I FH E B GNSS AR 25 4124 (Intentional GNSS Service, 1GS) & i1 5 min [A]& 1) 3 J5 45 %% GPS T2 42
P AR R TR EAT PR ALS . 25 RS M HT GPS A ZEH Block 11-R. Block 11R-M #1 Block 11-F L2
PR, W BE ML 3 IR S R B B — B TR AT PR ES, A SCIE B PRN20(11-R) « PRN24(11-F) A
PRN31(IIRM)iX 3 i LA 2019 4E 2 A 1 HE 4 A 15 H 2 #dndhdh 2505/ v m, Hep, 2019 4 2
H 15 H% 4 H 15 HAENER Z TR B, FIFH ANN B ZIN B h 22 30T T, R kst SR 5 2019
2 H 15 HE 4 A 15 H R 5k 5 8h 2 Bdm 347 LR R4 dr , 40w R F 207 5% 22 (Root Mean Square
Error, RMSE). 4%} 5 K% 2 Mbr i 2 (Standard Deviation, STD)/E AR (R4S B EN 4845, Hir, RMSE
FH AT B TR R 22 ()P 3 AR A 10, 000 B R 22 FH SR A B TR 5% 22 P AR 15450, 17T STD FH Skl & Tl
RERIEENFRE o
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ANN HERIEZ A RE S I SR B B 2 D% UG . R T AT AN R SR80 BT ANN B Tl 14 s
g, RN IR L ) e ZHAR R NN 2R 80T ANN BRLEEAT ISR, TidkAR>K 60 d B PRSP 2K
AR L. 3 HEE 2019 £ 2 H 12 HE 14 H@B d). 201942 H8 HE 14 H(7 d)f1 201942 H 1 HZE 14
H@4 d)BARIE N ZR8m AT Tk, Rk & R T X b, 18 1 S T AFEIZREIE &L T
PRN20. PRN24 F1 PRN31 iX 3 i s #h 7 60 d iz 2z dh 2k, Hrr, gasSid3oR 3d YIZRKE T
TRz, WESEIIRT d IGKE FRRkiRZE, 26SEFRR 14 d YIGKE PRz zE. ME L
ALER], IGEERKFEN 14 d B ANN BB TR 2Z A0 3 d F1 14 d IFREDDN, FZJREAE T, 14
I EA 3 d Al 14 d I ANN BERCRS 20780 1125, BRIZREHE A 2 1 ey o Bk 22 208 (K 3
AR DL S AT S B AL AL TR 5 S BURIEIRES s AR E Ny 14 d B ] DLERIE ANN B8 B 78 /2 (1)
W ZRACHE B o >0 b Z2 5 v B S A (5 B AR A %S . FESERRR Y, BT 2 g8l e
FEAER S N2l RS, DARARALE 2 ) (G LE), Bk, IFARIZREdE EoO0er, HE52,
GBSO RS AN T 2% 27 21 Gk A SCIERELTHRAT 14 d Hdis FH T #h 2 28 11 % 21 U1 e
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Figure 1. Error curves of the predictions obtained by the ANN in case of different training data lengths
1. FEINZKET ANN ER TR IR E %

N TR ANN REZY (R FRAR AR, AN SORE ANN SRS R TRORS B 5 — 0k 22 T ABE 2R AR AR € RS Y ) At
A FEIEAT 16 EE AR AT, Horp, ik 2 A AR (BRI 2019 45 2 H 1 HE 14 HEWR AT (S
ANN R HA R B AR [A]) - PRN20 PRN24 il PRN31 X 3 FUR #8080 2 60 d TR Z 2kt 1 fow,
Hr, GM(LD)FRKEGER, HEOSIARRHREZE, QP Xn kB IR, HadsisfR
HpifkiR 2z, AR R ANN BRI TR IR ZE, 2 1 G0t 7 RS TN, IR EBRT ANN AR5
TR IS T AR 22 . R R PR iR 22 A T 1R 22 RO A A 22
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Figure 2. Error curves of the predictions obtained by the QP, GM(1,1) and ANN models
E 2. ZRZBMARE, REREM ANN REFHRIRE /%

Table 1. Accuracy statistics of the predictions obtained by the QP, GM(1,1) and ANN models
F 1 TRZMAARE, REERF ANN ER O FIREE S it

Satellite Prediction day Model RMSE/ns Maximum/ns STD/ns

QP 4.40 10.23 2.72

10d GM(1,1) 2.77 7.00 1.85

ANN 2.62 6.14 1.82

QP 32.09 70.69 20.65

PRN20 30d GM(1,1) 22.46 50.36 14.68
ANN 22.18 49.57 14.36

QP 130.42 294.39 87.40

60 d GM(1,1) 96.62 220.76 65.67

ANN 94.94 216.87 64.43

QP 75.68 145.00 41.07

10d GM(1,1) 24.90 47.37 13.65

ANN 15.09 29.10 7.17

PRN24

QP 377.00 782.82 228.50

30d GM(1,1) 82.97 160.40 46.06

ANN 40.26 86.64 22.22
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Continued

QP 1189.40 2513.30 741.29

PRN24 60d GM(1,1) 159.08 27551 79.50
ANN 56.74 96.20 24.47

QP 20.82 42.52 12.23

10d GM(1,1) 48.14 95.77 27.05

ANN 8.93 18.05 4.84

QP 101.76 198.45 59.45
PRN31 30d GM(1,1) 255.14 520.87 153.86
ANN 30.05 46.06 14.97
QP 295.60 601.17 178.95
60 d GM(1,1) 811.43 1702.3 506.22

ANN 50.10 75.95 22.53

MIE 2 FTRAE B, ik 2 TR R AR (RS 2R 1) T4 B o T i 3 I 36 oK, R R Ik 2 I
OB (1 TR AR 2248 KB IR, RIS RS T b 22 KA TR (K AR AN EE s X e =ik 2 it
BRI AN RS, ANN B PR TR 158 222 B A TROHR B PRy 8 s ) AR R, 080 R L 73 9 7 A B i 222
W BB KBS, 4T Ak 1~10 d.1~30 d A1 1~60 d FAI TR, ANN 7Y () 4R 35 22 43 il ] AR I E 18 ns.
61 ns 1130 ns LAY, FKHT ANN B B IR UF (K HATIR AR . 22 1 T UK I, ANN B2 T 45 S 1
TR HRAR 22 B R TR A5 2 R0 T A 22 b v 22 240 B AR T R 2 T U AR R (45578, 28 ANN
BERUA L 5 S A 8 LA S A TR 52, 10 L TR AR B M AR T R Ab PR SE AY . R 1 aEmT DK
I, =PSRN AN 5] T B () PAhORS BE AN — B, 1X F 22 AR P B ae 22 5 51 . PRN20. PRN24
AT PRINSL 33X = 51 T A2 e 2 [T~ 32 35 O AR P i 26 AP 3 I 8 ZE Al 22 14 3 o
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Figure 3. Mean RMSE and STD of the predictions obtained by the QP, GM(1,1) and ANN models
3. ZRZMANARE, REEEF ANN ERH I HFRTIRIRERFITERIREE

M 3R A 2, % 1~10 d TR, — 2 BB MU (A i~ 22 249 07 AR F94 2% 22 7373 79 33.63
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ns Al 25.27 ns, 1 ANN HE7 ()7 545 J5 AR 1% 22 )9 8.88 ns, AH EL T vk 22 T s A AR (0 5 70 4 3] [EAIG 1
73.6%F1 64.86%; fE 1~30 d T, ik 2 WU AL AN K E AR (1) - 35 35 T AR R 22 43 ) A 170.28 ns Al
120.19 ns, 1fj ANN #1155 5 iR 254 30.83 ns, bt ¥k £ 1AL AT K (AR 84 45 51 P T 81.89%
1 74.35%; 7 1~60 d TR H, Ik 2 T A% B RN AR E i R 1 T 350350 7 Wi 1% 22 53 ) oA 538.47 ns Al 355.71 s,
1M ANN B (1335535 7 ARIR 228 67.26. ns, b =ik Z TR FEIK 1 87.51%F1 81.09%. Hi 7tz %=
M5, ANN RS R TIRORS B bE — ik 22 TS B R AR A A i — N . — IR 22 TR AR AN K (S 2 )
T 1~10d. 1~30 d 1 1~60 d TRk i% % AR #E 2 4351 18.67 ns. 102.87 ns. 335.88 ns 1 23.32 ns. 71.53 ns.
217.13 ns, 1] ANN A FRUEZ S35 N 4.61 ns. 17.18 ns A1 37.14 ns, 1~10d. 1~30d A1 1~60 d fI ik
Fasg FE b — R 2 R A 2y I HR T 75.3%. 83.3% A1 88.94%, LK (LAY /) HilH e 80.23%. 75.98%!
82.9%. MATTF, ANN B (1P 15 FiAhc e B b — Ik 22 T B R R B A e il — MR 2

ANN AR (P e 2 TR AR S AT IR RIAE T, — T T, S — B 22 40 AL B T30 b 22 P 1 A T 2 Ak B, A
AT LA ANN AR 2 2E R faf 5, 1 HL AT DS S IR AL RE AT $ 8 ANN BB (1 Tl v g 59—
JThl, ANN FERUA B B — @ I ZETE, AEUSIR I3t TR Bh 2= HEAT A AANHE, W (56 TR 8R4
TR HIAB A O (AR, WRAEH ANN BA0 TR Ah 22347 JAE, b 22 2500 A7
TERGRZE, WA ZE 50 J7 5 e Z 5 TIE A, ANN FERY REAE IR A5 B 47 (1 B 22 TR 5 R

4, Z5ig

ASCE R DR ZE R AR L AR AT, R ANN BORN AT TR SR Z BRI TR, 57 11
AT DR ZEBIRZHA . BRI, FEFRaRE b, SRATIZ A 33 4 (1 SR SE L B 22 1 0
PR o JERLRIGIGAE T ANN AR b = 2 IR R AR (i B S 07 I IR BOR, sl g Rae W], —
R 2 TR TR TR Co RS 2R 1) o 1 22 B A TR N R G I T4 oK, DRI IR 2 TR B (1 ol 1% 22 3R
FALCAGHT S, ANIE & T Bh 22 KR ANN AL R R AT R A BT FAORG B2 e R A E BT AT — ik
LI AR Y, 1~10 dv 1~30 d A1 1~60 d ~F$4 P ks S AP 2 Tl A i 2 b — ik 2 Tl Ui 2
IREAEA L — MRS W PR A R4l A, USRI R 458 Sl AR P oiE — B Z= 2 1)
FERTTI%, ANN AR E A5 S TR B 22 (4 RS RE T, RN T DAGE G b 3 B2 % PR X 25 54

B o

SR EBR GNSS k55 ZHZA(1IGS) TR A1) GPS K% B I ##, B e A & SO0 e SCIRBE I R 52 W
E&WHE

A2 [ o8 AR 4 (1150303 1) B BAAN AR M 17 E AT Rl 35T H (KC18079) Bt By
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