ww‘wu@uﬁww GRS I G N AT E B 11

ELECTRONIC MEASUREMENT TECHNOLOGY 2024 4 6 H

DOI:10. 19651/j. cnki. emt. 2415878

EF CEEMDAN—CNN—LSTM By 70
SERBELENSE;

ZeuA' Zeal' HFFR LGS ZAM
(1. B e T AR A FRAE 4N 7500045 2. BERBRFRAFRFLEIEH TR ETEETRE T 710049)

B OE FIUAAER G AR S B I R GOIRES R R L B R R S AR R 2 B T RE A E R
FLIA)A, iy A SO H T — il S5 500 A O NV e T v . R FIE 5 B AS A A 5 5 TR B A 2T M IR A T 5 R R A
R, B SEXTH DeST 3K B 4 671 17 #F 47 CEEMDAN #5525 43 fff 5 H UK 7™ £E 19 75 AiF B ok 450 #0344 A CNIN-
LSTM IR i 2 2) T0I A 70 , 350 B0 2 R B 445 5 5 0 s 36 0000 0 0 755 T R 8008 10 M 2% 5 ARG 00 R0 450 40 378 0 » 488 v AR i 4K
PR . 45 9% 0] A SCH CEEMDAN-CNN-LSTM 21 & 455 70, 35 51 5 3 B4 00 v i R A F1 20 Bk .91, 36 %
86. 21 %6 ML T HoAth 3 AR ASEHY ¢ i) Y 5000 10 A 4 55 B 1, DR UE 00 412 1) 5 B R T

KBRS R I RN U AR S A s TR 2R ) R 4

FESES: TNIS XEkFRIRAD . A ERREZRSERG: 520. 2060

Heating data detection and cleaning based on CEEMDAN-CNN-LSTM
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Abstract: Using the accurate parameters of the heating system has guiding significance for monitoring system status
and identifying abnormal conditions. However, a large amount of terminal data may have distortion problems. To
address this, this paper proposed a method for detecting and cleaning abnormal data. Signal modal decomposition
combined with deep learning was used to construct a detection and cleaning model. The first step involves conducting
CEEMDAN mode decomposition of the heating load obtained by DeST. Subsequently, the intrinsic mode functions and
residual quantities generated from the decomposition are input into the CNN-LSTM deep learning prediction model to
achieve high-precision prediction results. Finally, based on the deviation between predicted values and data to be
cleaned, abnormal detection and data cleaning are completed. The CEEEMDAN-CNN-LSTM combined model in this
paper achieves superior accuracy and F1 scores of 91.36% and 86.21%, respectively, outperforming the other three
models. Moreover, the predicted values can be used to replace abnormal values, ensuring the integrity and accuracy of
the final data set.

Keywords: anomaly detection and cleaning; modal decomposition;deep learning; heating system
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Table 1 Calculation results of correlation coefficients

between thermal load and various environmental factors
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