0254-6124/2025/45(6)-1460-11 Chin. J. Space Sci.  ZRFFFR

CAO Qingpeng, HUANG Liupeng, WEI Chunbo, GU Defeng. Calibration of Thermospheric Atmospheric Density Empirical Model Based on
SegRNN (in Chinese). Chinese Journal of Space Science, 2025, 45(6): 1460-1470. CSTR:32142.14.¢jss.2024-0179. DOI:10.11728/cjss2025.06.
2024-0179

£F SegRNN HHBRA ST ELRBRZL L

ERE D BN FAEWT A
LR N TR bE 3K 519082)
2(h ERL R E AR LG PYE 710600)
S(PILRZERE R HE W E A S % R E TR E O /E MR RS i se e B 519082)

Z

 OE KRB TR Z RIS 88, KRB AR 2 T BRI T IR K L I 15
22, HETZRIARIRYIRZZBOR, W 7E 30% LA b R4 @ ISR i TR B, 421 —FP 5T SegRNN (Segment
Recurrent Neural Network) f#)ZE K% B LI BRI HEI L. X7 BT SegRNN A4 HUFI AT SR W 4 T4
O SR AnHfE 2, BE9 T 148 RNN (Recurrent Neural Network) R EGE 2151 iR 24 RS HERFEMN
R S8 T KRB RE S Ap, Fioq Ml Fioz SNBSS E B OC R, 3210 T —Fh el iy i 28 I 28 2844 Seg-
RNN with Residual Block. %A i i 51 ASMRI S EAE s A B8 i (Covariates), i F Residual Block
(RB) H2 U B B 1) % BE A (5 B, ANt — 242 55 SegRNN [ HHAE BE. A H GRACE (Gravity Recovery
and Climate Experiment) & 23 B 11 52 8 15 2 19 25 12 5048 % NRLMSISE 2.0 #F 178 ffESE 5. 45 R W,
NRLMSIS 2.0 B 561254 31.3%, 248 SegRNN KHEG , 1R ZEFEIRE 8.0%, TIAZIZSIME RS, BEAIERIEHE—
AR ZE 7.2%, BAROMARAIR2E T T 24.1%, BOfERCR W3

REEIR AR, AR, Rz 2, SOERGE, GRACE gt e

PEIZES P353

Calibration of Thermospheric Atmospheric Density
Empirical Model Based on SegRNN

CAO Qingpeng’  HUANG Liupeng'  WEI Chunbo’  GU Defeng'”

1(School of Artificial Intelligence, Sun Yat-sen University, Zhuhai 519082)
2(National Time Service Center, Chinese Academy of Sciences, Xi’an 710600)

3(MOE Key Laboratory of TianQin Mission, Sun Yat-sen University / Frontiers Science Center for
TianQin / CNSA Research Center for Gravitational Waves, Zhuhai 519082)

Abstract Atmospheric drag is the largest non-gravitational perturbation experienced by low-orbit

satellites, and the main source of error in calculating atmospheric drag stems from inaccuracies in the
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&M F: AT SegRNN #9# BE X A% F 2B A K

empirical models of thermospheric density. Currently, these empirical models generally exhibit errors ex-
ceeding 30%. To enhance the prediction accuracy of these models, a calibration method for thermospher-
ic density empirical models based on Segment Recurrent Neural Network (SegRNN) is proposed. This
method employs the segmentation and parallelism strategies of SegRNN for model training and inference,
mitigating the issues of error accumulation and gradient instability that arise from excessive iterations in
traditional RNN. By analyzing the relationship between atmospheric density and external environmen-
tal parameters such as Ap, Fjg7, and Fipr7,, an improved neural network architecture named SegRNN
with Residual Block is proposed. This architecture introduces external environmental parameters as dy-
namic covariates and employs a residual block to encode these covariates, thereby extracting density-re-
lated information for the prediction period and further enhancing the prediction accuracy of SegRNN. Fi-
nally, the density data derived from the onboard accelerometer of the GRACE (Gravity Recovery and
Climate Experiment) satellite is used to calibrate the NRLMSIS 2.0 model. The results indicate that the
original error of the NRLMSIS 2.0 model is 31.3%. After calibration with SegRNN, the error was re-
duced to 8.0%. By introducing dynamic covariates, the model error was further reduced to 7.2%. Ulti-

mately, the error of the final calibrated model decreased by 24.1%, demonstrating significant calibration
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effects.
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R1 HEMEEZSHIRE

Table 1 Neural network model parameter selection
Parameter Time/h
1 3 6 12 24
seq len 768 768 768 768 768
pred len 12 36 72 144 288
seg len 6 12 12 48 96
num layer 1 1 1 1 1
d model 256 256 512 512 1024
dropout 0.5 0.5 0 0.5 0
batch size 8 16 64 128 256
epoch 30 30 30 30 30
patience 6 6 6 6 6
learning rate 0.0001 0.0001 0.0002 0.0002 0.0004
loss function mse mse mse mse mse
optimizer Adam Adam Adam Adam Adam
— GRACE-A  — SegRNN 1% 2B S GRACE-A % B 2 18] (1) 22 (H 45

(x10°3) ()

SegRNN

(1073 (b)
SegRNN with Residual Block (RB)

Atmosphere density / (kg-m>)

Time/h

Kl 6 SegRNN Fll SegRNN with Residual Block
R TR 2
Prediction results of SegRNN and SegRNN
with Residual Block model

LTt

a1k, F T R 22 2% 4 o NRLMSIS 2.0 28
GO SRR bt R T A b R I 2 2 o) SR I BT
GRACE-A % BEs Z M) 22 (H UL, R T 58l
LWL % 582558 SegRNN Al I SR () AR AR, 4
il T NRLMSIS 2.0 (N20) % & 55 f1 SegRNN Tii#f

Fig. 6
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45 GRACE-A JInH B 15 2% B A 2208, MR 7
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e 2 BT P 2 I 245 A o S A A T 11 45 SR iR
#Z. NFE 2 LA T, 2t SegRNN A% 1 J5 A58 A0 5%
ZERME TR, 24 h BHRAGHHXT IR 22 ECR ) 31.3%
W5 8.0%, WM 7RISt M FR 9 9.4x10 ™ F
FEE) T 4.8x10 ") KMo B B A X iR 25 T T
23.3%, K EUCEICR B . S 4 MY LSTM
FHEL, SegRNN [ Fil iz P RE$2 T+ . 2%, LIS [A) 02 (]
52 2 i T /NP R MO 5 R TR AL 21 F) S A RIS i) S
B TE 24 h RS BEFRAT 55 ' SegRNN AHXT 158 22
H LSTM FEMK T 9.4%. SegRNN with Residual Block
REH T T4 ] B ) S0 R R 558 S U1 Ry B
AUME B A A BN A5 5 T ) B 114 28 B A S
B, I EE T T H B RE E. IR el LIE ) Seg-
RNN with Residual Block 7£JfA SegRNN HEZLKLA!
AT T AR, 18 SegRINN AR f) FiAAS 5 1521
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THRAMETE, Hrp 24 h FRkiR S DRI ER 7.2%.
3.2.3 RES

8 44 HI T NRLMSIS 2.0 A1 SegRNN £
WERAL A X 1R 22 H YA iR 2% H YA, mT LA
KB, NRLMSIS 2.0 #5550 il 5 22 5 B H 4ok 3 1
ek, Hrp AR 2E M R R EE E R T 60%.
Ak, NRLMSIS 2.0 28 55 1) 5 (A 151 41 45 5 v v,
TR B ] A AR X SR 22 4 PR FELE 0 DA L. (HAS TR
S, 2006 47 12 H 5 A BH I 3h 5 8 45 21 i
NRLMSIS 2.0 155 & % 15 22 35 Bl — > g, el 1
NRLMSIS 2.0 BERIAE 412 01 s e K BH 5 b i 7% 5 28
A5 TLEA — e AR 0y R, DA T s 1 L A 1)
WER PR R AT S, Zoad e 28 2 A 1 ST AR ) LR
2 s BRI iR 2% HARXT R 2

(x10713) Historical periods Forecast periods
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Table 2 Prediction error of neural network models
Model
Horizon Metric
LSTM SegRNN without RB SegRNN with RB
1h RMSE/ (kg:m*) 4.6x10 " 2.6x10 2.7%x10
RE/(%) 7.8 4.7 2.5
3h RMSE/(kg-m *) 4.9%10 " 3.0x10™" 2.9x10 ™
RE/(%) 8.2 4.7 4.3
6 h RMSE/(kg-m *) 7.7%x10 ™ 3.3x10 ™ 3.1x107™
RE/(%) 14.8 7.4 4.2
12h RMSE/(kg-m ?) 8.7x10 ™ 4.1x10™ 3.8x10 ™
RE/(%) 17.2 7.8 4.4
24 h RMSE/(kg-m %) 9.4x10 " 4.8x10 ™ 4.7x10 ™
RE/(%) 174 8.0 7.2

B RBMResidual Block model. RE jRelative Error. BARFE R/ MREIE(E.
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