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Abstract

Introduction: Data assimilation seamlessly combines observational data with model-based me-
thods to achieve more accurate predictions and state estimations, playing a positive role in mul-
tiple domains. In recent years, the significance of data assimilation in the nuclear industry has
been steadily increasing. In order to assess the effectiveness of assimilation algorithms across
various data scenarios, this paper conducts a comprehensive comparative analysis of data assimi-
lation methods, including Ensemble Kalman Filter (EnKF), 3D-Var, and 4D-Var. Method: To vali-
date the assimilation effectiveness of the methods above in various data scenarios, this study uses
the Lorenz-96 model to generate simulated data. Different noise levels are added, and data with
varying observation intervals are obtained. The assimilation methods are applied to different da-
tasets, and the assimilation performance is evaluated through statistical analysis of the root mean
square error in space and time. Result: The experimental results indicate that EnKF demonstrates
excellent assimilation performance across different levels of observational noise and observation
intervals, making it suitable for data assimilation in practical complex systems. Due to its assimi-
lation being confined to the current data points, 3D-Var exhibits a faster assimilation speed. On
the other hand, 4D-Var assimilates data within a given window, resulting in a relatively longer as-
similation time than 3D-Var.
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1. 51§

VEN—FMERR . B 2UiE S REIR, L RETE RO AR AR i R FEE BRI E I [1]. Bl A5 3
Bl H s FA, A% IR B A AR R R UE AR R M B A G 4. BEERH RS, R ATidk T
BB Re L B A4 [2] [3]. fE LRERIEF, HdE Rk (Data Assimilation, DA) [4]/2 — M K1 T A,
KIS RO T AR R R vk g Gk ok, B A B AT TN AR A A5 v o B RAGAE RS TIS] [6], <
REA[T] [8], METRAA[9], JEIBANK OB 10534 N o 7EAZ TREH 158 — S b i F 46 T 60 4EAX,
B 7E 78 53 R FH 2 I AR i S0 B0, R A R SV TR, I S DA R R 5 1 R B P [11]-[14]

BT i) I N HEIE AT HR TE I B S R A RRAS, MBS R SOIRAS  HESIRFE /- A 55 4] [15],
KRS RXZ B W EEMAEFER CEE., Fik, 78RN TR 2 N ASERLL . AT, B
THAMERZ . WESMALER R, BUEBI S PSRRI E % . B8 F 4107
TERE LA R P B A HOURD SRR W UE P15 U2, SRR A r 3ty B SR AS TR AT R0t vt

AR, BOE RATEARZ A2 IR R FERAE L - B, Garcia S5[16]1) TA/EWS T T %d FALLE AL
HURE 2 1 22 AN SR B AR OIS BN B T B - Lu S5 [3142 2 LABE [F) 4kl S Al i B 2 A= ) 1 4
B RIEE NN - 4% - VIEE RGNS . Argaud S5 [A1KEE R4k 72 T 4% s B HEME RS, %51
FSRAE T A2 ek B 22 /MG BAE B DL PP AR AR R s . [RIRE, s b 3K SRR R RS
Befbivh, I ) SO A% S B HE HE O (T ARG FE o Gong &5 [1 7] 4Gt ) = 4k 4% 43 (3D-Var) ik A%
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IEHE ) & el AT T DR, B2 AR ARSI T SRR 0 % s S HE W E5 485 147 [ 46 - Cheng 45[18]
PRt T MR E BRI STV, Al T — DN ER AR, AENLES S IR Ra AR & R
ARy INEATEAR R, T EERZ BN HEIZ AT B Be PN D 2 50 A . Guo 25 [15]42 tH T —F T PWR #A#E
XA R4 7. KR AT 3D-Var BEBEATFE /- A A e, R N AR 22 I 2% (ANN) SLVE 57 7 1A
Fe i S5INBN MM E IR KR BUEAREW, 2T EAEFAFE AR 2 B3 ko, DhER oA 1A
Xof 5 2 fie KAB AT LA 9.53%k /)N £ 5.11%

BB THEL RS 1 LA BB R, a0 R OR SR % (Kalman). 3D-Var P& PU4E74E 73 (4D-Var)
[15] [19]-[22] 55 %4 [R1 46 75325 i a5 1 2R M4 w5 o = /K 2 Ik S AR PR [19] [22] 2 B WL BRI Rl 44 5 i o
SN /R 2 Y [19] (Ensemble Kalman Filter, EnKF) R TF RGUIRES, Fral @ E IR m gt 258 .
FREAR GBI R EAN RGURE IR, X RGEFPRESHATE T EnKF R T4 %R /R 2385 ETE
ARG RRYE, 24t 7 —MEEH T LR E R RN EEE R T B, Zheng 55 [23]45 & BEAL
WEEY B AR EnKE R R B BCR AT F ROl . Tang Z8[241FF EnKF A 87 22 00 A9 Hio
RSO A% S UL 7SI I R TR B S 8

3D-Var J7¥E ] DL et 4 il 5 DL 17 2 b 1) £ P4 5 tH 8], L AR AR 2 e i g /M A B A 4D 45 31
EMMME 2 )2 5, SR MYIIE %A . BARITE, 3D-Var [17]772 KW Edh 588 1 ek 1
iy, BRIy, (RIS A e oAU A I o X — R AT DU A ME— MR
M SRR ZE T AR R R SE . Gong A8 [17]48 H T — & T PR s L& 30, T 3D-Var £4 A4k
TE I A% S S HERRLAD, r () & P ST T RAVEMENNA, WS B HAR I A HE R R AR LG, T
TR A . Ak, %57 E L 4E R F] CORCA-3D [25)CH L,  F - A% B o 4 Fr g
Kl

4AD-Var J7i£[22] [26]/2 —Fhm g s R 7%, T oo BUE s i il pe /7. 35 i i
ME— AR BRI R, AR BRI SE S UL ] R) 1 P A B 34T B, X — B[R] o AT DA B 2k
I EHE B ADIRES , (515 4D-Var AMUHBEYIG 56, L% 7 RIALE BN N[ & 1 P (v A
JE I IR AR R AR RURAS AT S 40 AR R B HE 7 O 5 A R 1 22 i DL B S B R PR A T 0 SR AT
IR LR EA T VEAEAN R 3 5 R BV RE LU UL A R — P IR A

AR SC R Lorenz-96 #: 74 [20]4 Beff FAE KX EnKF. 3D-Var fl 4D-Var J5ik, fEMRZK
SR ] B R 2R AT 5 A PR REXT L AT o ARSI /AN . 255 1 WA T 3 MR R Tk
MIJEIE, 252 194 1 Lorenz-96 B8 K vPAN K [RIML 7 L 4R bR, 38 3 TN RIIERISESS, 55 4 978
4Eig,

2. WERMLT &

SR IF A KT T 5 B 2 i A, 0 1 R, Ol T R L S P
YU B SCRRAIS] (27— FIER AT ER, I R SIRA R Gk sk, I
PRGN R 5 A RGNS R B ok, T BRIk S R

2.1. EnKF 73%

EnKF %4 [F 4k J7vA T 1969 4 1 Epstein $2 tH fUREHLEN 7 HNEL &, A& — P T 2UE R <Ak
P S U B AR T i, G e L K R AR BB R R 2, A S DI ) A 40K
FEE T KERRE. EnKF A EEEHE - THRENES, A FRrEPi=12, N, N&
AR TR BAEFR REMAHENE . A (X, ) BV BAE A THI BRI E, TiSEA T
FEA O T ZERE MR P A B (A T IO IR 22 B 7 Z2 (R Al i
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Figure 1. Data assimilation “bridges” observation data and models
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1E 3D-Var 7k, AN BB A SRR A A B S 2 [ W 2 57, SR R AL i) @ A i pe A
kg, AR EREL T LRI N T2 (3):
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Table 1. The physical meaning of math symbols in cost function of 3D-Var
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TRYE W77 ZHE I8 S, R REBY € UNTTHE(4):
B=E[ (% -%)-(x-x)'] @

Hh, E[|RBCEME: xR ESOREM AR R SR, SRR TGTE B R B s,
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B=B,C ®)
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Cu=£1+]%jeL (6)
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]

FIZEME: LMK E., Moy ZE8E M R HtHAFEMEIE ML, A DL W A &R AE .
2.3. 4D-Var 3%

3D-Var 775 I FR e L 2201, BB 5 SR 0 BT — M EE I Al a5 2, &
IMETTRE@) AR A AR RS [ R A o AN — A&, AD-Var 25 [F 4k 5 78 i ok =23 1) A 8] 500
foia) i, R4t T — AN EEF RS REA, AR E) 1 NN AR R, DR AR B T SR R AR
Ko AD-Var FARHT R ECRT LUE pedn R

(u(t)) =3, 5 (w(t)-h(u(6))) R () (w(t,)-h(u(s.) 0

o, wit, ) Rt IR R, T s ST AT R A i R A R, XM SR U S U Y
BT U(ty) o B 4D-Var 57 B KR AL — MRS TE, W SR rEm 1] B3, ok — 250,
BRI A] BRI YU AR 2 P I A (R 0 75 1 P 5 Z2 00 e ) 0 A )

4D-Var 8 —Brir A [29168077 ST K AR MATAE AT B0 SBT3 I 4R, 385 72 i 8] b fva B SR AR AR
A, TR, BB N T RS SIS ) R & TR (R, k=0,1,2,---,0ON ). SR5, FEmRZNE
VAR . 25, —BEAVEN RSB, B 24 RIS

3. TRKERIM T ZRIH ML
3.1 SER{TERE R YR

Lorenz-96 #5784 J& 1996 4= Lorenz F1 Saltzman 7EAH 7T A PRIRME X JR IS £ H (R AE 2R A A (301, 1
N FhaRAE LR MR, 20 F ORI IE B AL R G PERE . Lorenz-96 #E74[20]45 40 MMIRESAL &, AL
FERE T AT A AL A G, HERIE R (7). Forb, AN SR — U PRI, 128 —IiERoR
FHJE. Uboh, FARRAMEREMEE, Beh 8, X2 —NCHe FEURAT NN EARE[31]. Lorenz-96
e MNEAHRSE, H TS [R5 .
dx.

d_tl = (Xi+l — X2 ) X4 +F )

Hr, i=12,-- N ZEFFRS, EATHERN=40. WK 2 s, Lorenz-96 BEAIA kT 40 AMIRGA &
AR, B ER TEIRMA I E .. BEROREAE & x , NERRI ] ¢ o B(E A PUBY Runge-Kutta
i FRATRR Sy, BEAP KO h=0.025 o« FSERUR AR BT RN Mg » 1B EA IR E M N AT F
B, FHabFIRFARSE.
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Figure 2. Lorenz-96 model simulation data
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Figure 5. The impact of observation frequency on assimilation effectiveness
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