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4% f# (empirical mode decomposition, EMD) 5 K-
means (1 250HE 1 5 B3 10 12 0 4 N 45 (improved long
short-time memory neural network model based on
empirical modal decomposition with K-means cluster-
ing, EMD-KILSTM) X v S it AT 3 . 155
FIFH B2 R BRAE Mo BT 5 3 R o B s 6 10 D ik
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Fig.1 Distribution of water quality and weather sensors
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&1 PythonHFREER

Table 1 Python programming information

s HREUR /B
Serial Function library/ TjkE Function
number module
FITT Excel £ BB AR AF R 415
1 openpyx! MZ5ER Open the data stored in Excel
and save the final prediction results
9 PyEMD %E EMD % Writing EMD algo-
rithm
4’5 K-means 5 5¢ LHEHIE Write K-
3 sklearn o
means and cross validation
4 numpy THALFEE Pretreatment data
- #i'5 ILSTM A Writing ILSTM
5 Keras
model
6 itertools 4i 5 #5482 Write grid search
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Fig.5 Dissolved oxygen (A),pH (B),ammonia nitrogen (C),water temperature (D) pretreatment comparison
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Table 2 Parameter descriptive statistics

2 WoME Rk e R
. . Standard
Parameter Minimum Maximum  Mean L
deviation
K/ °C Air temperature 21.730 38.370 29.579 3.276
/% Humidity 42.550 98.300 76.410 14.213
SRI/(W/m?) 0.000 705.500 106.926  165.271
WG/ (m/s)
) ) 0.000 4.098 0.923 0.817
Wind velocity
JUE)/(°) Wind direction 0.000 360.000 102.739 99.454
-
S /hPa 1
992.000 1 010.000 3.387
Atmospheric pressure 000.430
TR /mm Rainfall 0.000 1.200 0.002 0.0182
pH 6.772 8.792 7.231 0.401
Ik /C
K/ 27436 34.816  31.040  1.819
Water temperature
DO/(mg/1.) 0.416 13.925 3.906 2.772
A L
AR /(me/L.) 0326 2198 0848 0506

Ammonia nitrogen

R3 EMSTTEESHEE

Table 3 Principal component contribution rate and ei-

1 hif it . FEARE] BB 8] 20 5 step = 12, BN ]
KR 5 ming W H KB d = 24 X step; Filill &

genvalue
Y GEER (N FE AT -7 Al
Initial eigenvalue Sum of load squares
% - -
. WSS LEEV
Com w3t HW/% BBYU% Bt W/Y%  BB/Y%
ponent Grand Variance Accumu- Grand Variance Accumula-
total  propor- lation total  propor-  tion/%
tion tion
1 3.355  55.909 55.909  3.354  55.904 55.904
2 1.091  18.191 74.095  1.091  18.191 74.095
3 0.787 13.109 87.204
4 0.504  8.398 95.603
5 0.198 3.303 98.906
6 0.066 1.094 100.000

e f 1] A5 50 f=12, IR I 15 264 554 %5080 7T A2 i
14 976 NEEAEE i 14 400 NEEA FH FRORIIZ: , I
576 MNFEAS H F MBI R R . FEAC K A S HOE K
W= (7) , 8 A K-means BH i, RE R IEK I
FEAR IS5 HAEREVEM IR 5. AT IR BEK Ry 2
B, A AR AT, B REAS A o A i 7 R
W7 5EISAX L, & KA F R BIE g T —
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Table 4 Component matrix Table 5 Sample classification with different number of
BH 4% Component clusters K and its performance evaluation
Parameter 1 2 K 1 2 3 4 5 6 DBI
i Air temperature 0.940 0.176 2 9713 5263 21420
M2 FE Humidit —0.934 —0.188
B Humidity 3 4968 5184 4824 2.708 1
SRI 0.580 0.682
_ 4 3274 3323 5109 3270 24475
S & Barometric pressure —0.605 0.592
JKi Water temperature 0.781 —0.203 5 4680 1348 3035 2967 2946 2.3939
%A Ammonia nitrogen —0.535 0.410 6 2260 2299 4664 2280 2251 1222 2.5276
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Fig.6 Results of EMD decomposition of dissolved oxygen
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Table 6 Information about grid search

S Hyper parameter J5 [ Range S H Hyper parameter J5 M Range
Ak &% Optimizer Adam KA 4 E Maximum iteration rounds 100
24>) % Learning rate 0.001,0.01 % PR Activation function relu, tanh
#2764 44 The number of neurons 8,10,12,14,16,20,30,40 Dropout 1E U £, Dropout regularization 0.1
It 5% Batch number 16,32
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Table 7 Evaluation of cross-validation and optimal super-reference for 20 prediction models
Gl sr i el R MLIEAE Dropout IEMfk T PR BRI s
Decomposed . o Learning ~ The number Dropout Activation Number of = MAE
Category L . . . Batch number
component rate of neurons regularization function iterations
1 0.01 8 0.1 relu 20 32 0.607 4
IMF1
2 0.001 16 0.1 relu 26 16 0.747 8
1 0.001 20 0.1 relu 16 16 0.486 3
IMF2
2 0.001 16 0.1 relu 29 16 0.7211
1 0.01 40 0.1 tanh 70 32 0.394 2
IMF3
2 0.001 30 0.1 relu 33 32 0.687 6
1 0.01 40 0.1 tanh 65 16 0.248 6
IMF4
2 0.01 40 0.1 tanh 49 32 0.4353
1 0.01 40 0.1 tanh 67 16 0.082 3
IMF5
2 0.01 40 0.1 tanh 50 32 0.153 7
1 0.01 30 0.1 tanh 47 16 0.019 6
IMF6
2 0.01 40 0.1 tanh 32 32 0.039 5
1 0.01 30 0.1 tanh 36 32 0.0177
IMFE7
2 0.01 40 0.1 relu 24 16 0.022 8
1 0.001 40 0.1 relu 31 16 0.008 4
IMF8
2 0.001 40 0.1 relu 36 16 0.006 7
1 0.001 20 0.1 relu 24 32 0.003 0
IMF9
2 0.001 30 0.1 relu 24 16 0.003 3
1 0.001 16 0.1 relu 24 16 0.001 2
RES
2 0.001 10 0.1 relu 38 32 0.001 2
2 = - R HREMREXTLE
» KA .
E7 Careparyl Table 8 Comparisons of model performance
= B = 24512 Category 2
BR cob ] i N =
w g I [a] Z3 )5
& FiE Y RMSE/ MAE/ MAPE/ & Az
o ) ) ) ) ) Model (mg/L) (mg/L) % Time Space com-
06-26 07-06 07-16  07-26  08-05 08-15 complexity plexity
D
g H Eﬁﬁ ie LSTM 0.4958 0.4128 52.906 6 O(1) O(n)
-
B7 STHEAEREINI0 ILSTM 0.2456 0.1519 16.4213 o(1) O(n)
Fig.7 Distribution of categories per sample point LSTM-SVR 02436 01377 15.2099 o) o)
BAWF AR EMD-KILSTM A A 5 LSTM.  EMDISTM 03385 03249 489766  O(1) Oln)
ILSTM. LSTM-SVR. EMD-LSTM. EMD-ILSTM  EMD-STM5 04407 0.3880 513080  O(1) On)
SEEAT T FY , 45 R 00 TR £ 4 1] 8 I, ARk e EMD-ILSTM 0.1149 0.0809 10.1492 o(1) O(n)
EMD-ILSTM 0.1099 0.0749 9.327 8 O(n) On)
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gy i) AN LSTM AR i, H Al AR 7 2 22 A0 i
A LSTM LA gl . I 8A JHE W] 1 LSTM
T A — e i e A, NEI 8B 53R 8 v 41, ILSTM
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Fig.8 Prediction results of LSTM model (A),ILSTM model (B),ILSTM-SVR model (C),
EMD-LSTM model and EMD-LSTM5 model (D), EMD-ILSTM model (E),EMD-KILSTM model (F)
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Table 9 Error decline ratio of EMD-KILSTM

to other models %
2 Model RMSE MAE MAPE
LSTM 77.83 81.86 82.37
ILSTM 55.25 50.69 43.20
ILSTM-SVR 54.89 45.61 38.67
EMD-LSTM 67.53 76.95 80.95
EMD-LSTM5 75.06 80.70 81.82
EMD-ILSTM 4.35 7.42 8.09
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Application of ILSTM model based on EMD and K-means
in prediction of dissolved oxygen in pond

XIE Yuxi',LI Lu"*,ZHU Ming"*, TAN Hequn"?*, LI Jiaging', SONG Junqi'
1.College of Engineering , Huazhong Agricultural University, Wuhan 430070, China;

2.Engineering Research Center of Green Development for Conventional Aquatic Biological Industry in the
Yangtze River Economic Belt, Ministry of Education, Wuhan 430070, China;
3.Key Laboratory of Aquaculture Facilities Engineering , Ministry of Agriculture and Rural Affairs, Wuhan
430070, China

Abstract In order to improve the prediction accuracy of dissolved oxygen in pond, and improve the
lag of prediction results, this study proposed an improved long short-term memory (ILSTM) model based
on empirical mode decomposition (EMD) and K-means clustering. A combination of Pearson correlation
analysis and principal component analysis was used to extract features from the original data, EMD was
used to decompose dissolved oxygen, and the selected environmental parameters were combined with each
component of dissolved oxygen to generate a sample set to be clustered by K-means. The corresponding II.-
STM prediction models were established for different decomposition components in the same kind , and the
hyperparameters were selected by grid search, five-fold cross-validation and early stop method. The dis-
solved oxygen in the future 1 h pond was predicted and compared with models of LSTM, ILSTM, LSTM-
SVR, EMD-LSTM, and EMD-ILSTM. The results showed that the RMSE , MAE and MAPE decreased
by 50.46% ,63.20% and 68.96% , respectively , compared with the LSTM model, which proved that the II.-
STM model could alleviate the prediction lag of the traditional LSTM model.Compared with ILSTM mod-
el, RMSE, Mae and MAPE of EMD-ILSTM model, decreased by 53.22% ,46.74% and 38.19% respec-
tively, which proved that EMD Algorithm can improve the prediction accuracy. The RMSE, MAE and
MAPE of the EMD-KILSTM model were 0.109 9 mg/L., 0.074 9 mg/L and 9.327 8% , respectively, and
its RMSE, MAE and MAPE decreased by 4.35% , 7.42% and 8.09% , respectively, compared with the
EMD-ILSTM model, which proved that K-means clustering could improve the prediction accuracy and the
EMD-KILSTM model was the best one among the compared models. The above results show that the
EMD-KILSTM model can deeply analyze the characteristics of dissolved oxygen from both time scale and
historical environmental categories, and has higher prediction accuracy and better generalization ability,
which provides scientific basis for intelligent water quality control.

Keywords pond farming; dissolved oxygen; long short-term memory neural networks; empirical

mode decomposition ; K-means clustering ; predicting model
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