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Abstract: In consideration of the real-time, multi—

dimensional, and nonlinear nature of chemical process

(Data normalization|

parameters, as well as the complexity of chemical processes
with numerous mutually interfering factors and single

warning method, this work proposes an early warning

method combining deep learning regression prediction and

ADF (Augmented Dickey-Fuller) test. For monitoring and 1

early warning analysis of over—temperature abnormal
conditions in condensation reactions, convolutional neural
network, and long short-term memory (CNN-LSTM)
models are employed in this study to predict crucial process
parameters for the next 400 s. Simultaneously, the ADF test
is utilized to examine the trend of temperature time series _
parameters. When the result is an unstable trend and the

CNN-LSTM model predicts that the temperature will

==

exceed the alarm threshold at a specific time point, security personnel will be alerted accordingly. The results showed

that during the condensation reaction's over—temperature anomalies at feed rates of 700 and 800 kg/h, the CNN-
LSTM model's regression forecasting for temperature metrics manifested R’ values of 0.9827 and 0.9882.
Correspondingly, the model elicits RMSE (Root Mean Square Error) values of 0.1425 and 0.1453, and MAE (Mean
Absolute Error) values of 0.1184 and 0.1234. These indices testify to the model's exceptional fidelity and precision,
surpassing the conventional LSTM model's predictive accuracy as reflected in its R*, RMSE, and MAE values. The
ADF test results on the temperature time series data corroborate the presence of an unstable trend, aligning with the
actual process behavior. By combining both methods, the early warning model is able to detect temperatures
exceeding the alarm threshold 18 and 16 s earlier than the simulated alarm point, respectively, and issues a timely
alert. The dual application of these methods provides a robust means of monitoring chemical process parameters,
enabling the early detection of abnormal conditions in chemical processes and advancing the field of chemical
process parameter monitoring.
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Fig.1  Structure diagram of convolutional neural network
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Oy: Output gate information
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Fig.2 LSTM network structure
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Fig.3 CNN-LSTM neural network prediction model structure
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Fig.5 Early warning model flow chart
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B A B 5 UL N2 BRI 70 B 3k R A, 3K
L35 R F A AL 5 KOG Bl i R AT A, I 42
HESCHRAL TR & Pl B e AR FE RN ) 2 . s B
I FRL T R AR AR R R0 A ) S R AT W )R B, 1 3
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R Z5) B FULTE 400 s P4 ¥ 0 3 B2 43 3 > 700 1800
kg/h (1] C6 % AR 55 T AL &9 B 46 - IONL 1) 5 8 1
B, PR LI FE SRR ARSI . RN AR IR R N
MR T2 e b, ™ BRI, wh & R AR ESUR N, T

RABNEF N AU R b, 520 s W g T 1)
FAHAHHRE RV HAE3IN S
3.1 SEHIEEE S

X400 s A 45 & S R 7E 700 FIT 800 keg/h i ik B T
()35 % 2 B3k AT ADF K56, i J U £ 7, 43 ik 4%
“Intercept”, “Trendandintercept” 5 “None” = Fj % 5 , 13
F3X = Fh 5 T [ —statistic, P-value, AIC, SC, HQ, il
RKAIM2PR,

1 700 ke/hiEINEE T B ADF 4038 {E
Table 1 ADF test value at 700 kg/h drop acceleration
Model t-statistic P-value AIC SC HQ
Trendandintercept -3.581202 0.9727 -13.97959 -13.84714 -13.82708
Intercept -0.304017 0.9214 -13.95133 -13.82906 -13.90285
None 2.087455 0.9915 -13.95609 -13.84401 -13.91166

&2 800 kg/h i MNiREE A ADF 136 {E
Table 2 ADF test value at 800 kg/h drop acceleration
Model t-statistic P-value AIC SC HQ
Trendandintercept —-3.206931 0.9745 -12.09188 -11.99057 -12.05173
0.283638 0.9772 -12.06833 -11.97715 -12.03220
0.9901 -12.07332 -11.99228 -12.04120

Intercept
None 2.027381

13 1 R0 2 W] LAAS HH , 6 R AS [RD35 I ig 2 R 1) ADF
36 25 S b P-value 33K F 52 35 /K SF , BRI 52 SR BG4
HH =M HL+ AIC, SC, HQ1H St /M Hii 2 I
“Trendandintercept” , Ft LAt F2 I FE S A B A AT 1R,
SR AT N — A T .

3.2 BUBTRALTE

W5 IR S ZR AU AR G BE R R K 3 AN RS HUE A
BT SR AR HRT N 5 SN2 e i FEAE AR B 1B L ARG X
(8] 24 51.9~53.0°C , %4 53.0°C W & N E1H , 55.0°C ik
FEERMEL , AR AR HC T A ] 5 o i ey S 00
AL 4SS H1) 3200 4FEAS, A1 2800 ZH R AF il 2k
£8, 400 ZHAER VR MR AR, Y1255 MK 285 SR oKk R AR
HWAEIGR . Hrf i — o FEAR W 34 .

XoF T REAEE HEAT VA — A AR B, 3 — AR IX TR A [T,
2], H—A 5 B EAE Wk 5 f6 B

&3 700 kg/h i INRE FREIRITIESH
Table 3 Parameters of overtemperature process at 700 kg/h
drop acceleration

Gas phase flow  Reactor exhaust/ Reactor Reactor
rate/(kg/h) (kg/h) pressure/kPa temperature/C
165.6121 62.7816 17.3181 51.9172
165.6157 62.7837 17.3181 51.9170
278.9600 112.5746 48.6895 55.1819
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&4 800 kg/hHMEE THERIIESH
Table 4 Parameters of overtemperature process at 800 kg/h
drop acceleration

Gas phase flow  Reactor exhaust/ Reactor Reactor
rate/(kg/h) (kg/h) pressure/kPa temperature/'C
165.7078 62.8366 17.3445 51.9100
165.7111 62.8387 17.3455 51.9098
299.6566 122.2209 51.8343 55.8298

5 700 kg/hiEMMIEE THRIRERESHIT— LR EEE
Table 5 Normalized data of overtemperature process
parameters at 700 kg/h drop acceleration

Gas phase flow Reactor exhaust/ Reactor pressure/

rate/(kg/h) (kg/h) kPa Reactor temperature/C
1.000 1.000 1.000 1.067
1.001 1.001 1.001 1.067
1.998 1.998 1.997 2.000

6 800 kg/hiEMEE TBEEIESHIA—HLEHNEIE
Table 6 Normalized data of overtemperature process
parameters at 800 kg/h drop acceleration

Gas phase flow Reactor exhaust/ Reactor pressure/ .
Reactor temperature/C

rate/(kg/h) (kg/h) kPa
1.001 1.000 1.000 1.063
1.001 1.001 1.000 1.064
1.999 1.999 1.999 2.000

3.3 CNN-LSTM fi&
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e 7 AR AT 16 50

AR AR T 45 SR 1) T 7 2% Ak B A AL 5 0 4
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TG RS B HIRH — iR E , it A TAEFEIRIE
R NIEEE e 2 R ESIE &SR ETERIC NS SN
AT RELRIE T RSB T 45 SR v At 2k o
3.4 LSTM &
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I TR 25 R B 8 A9 Pz o [T 8 e T AR AR F) i
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Fig.6 Prediction results of CNN-LSTM model at 700 kg/h
drop acceleration
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Fig.7 Prediction results of CNN-LSTM model at 800 kg/h
drop acceleration
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Fig.8 Prediction results of LSTM model at 700 kg/h drop
acceleration
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Fig.9 Prediction results of LSTM model at 800 kg/h drop
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