MRS ISSN 1003-3254, CODEN CSAOBN E-mail: csa@iscas.ac.cn
Computer Systems & Applications,2022,31(4):221-228 [doi: 10.15888/j.cnki.csa.008493] http://www.c-s-a.org.cn
O E RGBT TR . Tel: +86-10-62661041

ETREZE IR EIN KR 8L E
AN IEY

B2, s, skmant, 2 H

R ERFERE IR S PR T RS RS R K N s, Jhat 100101)

2(F E BB BRSPS, dbaT 100049)

JAb R A K A EE AR, dhat 100101) J

(P ERL B R Y I S L AR AR AR S R G SR T, T 510650)
BE1ERH: L5, B-mail: teacherbian@]126.com

OB ORI BEE R A AR R E RN AR S E A SH BTG A
FO PR, 7 S5 % e e T S 6 5, S 7 e B 7 P 2 54 A5 0. A SO B 4/ SR
S5 R YN ST I PR ORI 0 K S TR P KA 1), 445 ) — b, S AR AT F N T FEE LN, ) S 130 P L 5 2R A 4 4
TR PE S ST Sof A AR /N Bl SN 50 s AT vk B . A SO IR BE 2 ST, SR 1 2 T IS - A 45
KB P 41)- 17 SR L 2 2] 5 (BiLS‘TM-I), BB 2 % 22 SR L) LSTM-T W 28%, ffthth J22 3 73 R LSTM fifi &5 4 55
G O AT 5 ) R A T 5 SRR, AR SC B A BALSTM- A 25 > I B 47 Kb i B T HoAlh ik, i 2
T TR R AR R A 7, M HL LSTM ARAL 45 K4 ) BILSTM-T AR LA O A (¥ B8 i e A . S A i 3R 3
T BiLSTM-T 1 2 SIBOR [132 10 B 77, 45 R BILSTM-T ABAY AT AN [A] i R ol 2 i 114 38 (R4 kb g

XA KA 515 BILSTM-L; i BEBRAG; ki FE4f b IR 2 21 KLl

SR R, 12 5 e SR A 0, B R T O 2 20 1A i U U0 504 A e ) sl SR AR 4 b 7 vk T SEHL R S8 ,2022,31(4):221-228.
http://www.c-s-a.org.cn/1003-3254/8493.html

Interpolation of Long Time Missing Values of Temperature Based on Deep Lezfrning

ZHENG Xin-Tong?, BIAN Ting-Ting’, ZHANG De-Qiang’, HE Wei'* §

'(State Key Laboratory of Resource and Environmental Information System, Institute of Geographic Sciences and Natural Resources
Research, Chinese Academy of Sciences, Beijing 100101, China) |

*(College of Resources and Environmental, University of Chinese Academy of Sciences, Beijing 100049, China)

*(Management College, Beijing Union University, Beijing 100101, China)

4(DinghuShan Forest Ecosystem Research Station, South China Botanical Garden, Chinese Academy of Science, Guangzhou 510650,
China) .

Abstract: Complete and high-precision temperature observation data are important input parameters for agro-
meteorological disaster monitoring and ecosystem simulation. Due to the limitation of meteorological field observation
conditions, missing meteorological observation data is common. In response, interpolation becomes a necessary
processing step before meteorological data application. In this study, we construct a new deep learning model for
interpolation of missing temperature data, which is employed to interpolate the missing half-hour temperature
observations with high accuracy together with the low-frequency manual temperature observations at the same location.
The deep learning model has a sequence-to-sequence deep learning structure based on the coding-decoding structure. A
bidirectional LSTM-I (BiLSTM-I) network is used for the coding layer of the model, and an LSTM decoding structure

and a fully connected decoding structure are respectively adopted for the decoding layer. The experimental analysis
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results show that the designed BiLSTM-I deep learning method for temperature interpolation is better than other methods.

It can meet the need for high-precision temperature data interpolation. Particularly, the BILSTM-I model with the LSTM

decoding structure has higher data interpolation precision. The generalization ability of the BILSTM-I deep learning

model is also explored, and the results show that the model is effective in data interpolation for different lengths of the

temperature missing window.

Key words: long time series; BILSTM-I; temperature missing; high-precision interpolation; deep learning; long term

memory
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