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Abstract; To improve the prediction accuracy of dissolved oxygen content in ponds, a novel long short-
term memory ( LSTM ) optimized by an improved beetle antennae search algorithm ( IBAS) was
proposed. Firstly, Pearson correlation coefficient was used to obtain the linear correlation between each
factor and dissolved oxygen. The key impact factors of dissolved oxygen were selected by Pearson
correlation coefficient as the input feature, which can reduce the input dimension, eliminate the
correlations of original variable, and improve the calculation efficiency of the model. Secondly, to
balance the global search and local search, and improve the convergence speed of beetle antennae search
algorithm ( BAS), an IBAS with exponential decreasing strategy of attenuation factor was proposed,
which linked the attenuation factor eta with the number of iterations. Finally, LSTM network was
optimized by IBAS to get the best parameter combination strategy to construct a P — IBAS — LSTM
prediction model between dissolved oxygen and these factors. Based on the presented model, the
dissolved oxygen was predicted for an experimental pond during April 28" to September 8", 2020 in the
Research Center of Yixing City, Jiangsu Province. In the case of the same data, the mean squared error

(MSE) , root mean square error ( RMSE ), and the average absolute error ( MAE) of the P — IBAS —
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LSTM were 0. 644 2 mg’/L’, 0.802 6 mg/L, 0.530 6 mg/L, respectively. The experimental results
showed that the proposed model of P —IBAS — LSTM had higher performance and stronger generalization

performance when compared with common prediction models, which could meet the actual needs of

predicting dissolved oxygen accurately and help farmers make decisions in ponds.

Key words: pond water environment; dissolved oxygen content prediction; long short-term memory

network ; improved beetle antennae search algorithm;

optimization
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Fig. 1  Online monitoring system structure diagram
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Fig.7 Prediction results of eight models

3 S MBI R it 2 A AT — G B AR SCHE , HE R R T LA = 4R i a8

Tab.3 Comparison of prediction results of eight models J7 10 2% 1&, v DAk — A0 B R O A . B
e e EBREEOR ALy A S L R A
(mg?+L°%) (mg-L™') (mg-L°Y) L 7 (Sparrow search algorithm, SSA) Bl I & B

1. 081 6 1.040 0 0.8336 Bz A, R DL SSA TE M 3 357 FH 4 fift 4

i W66 62187 53938 AL 0 A e T 47
P — RNN 0.7728 0.8791 L5781

3 A
P - LSTM L7375 0. 858 8 0. 5819 3 gl:l TE

BAS - LSTM 0.7239 . 8492 .579 8 1){%% P *B NS [% ;E,_I_,Xj_ %
: earson - A ] 7w
P - BAS—LSTM 0.7189 0. 847 3 0.549 9 ( T m EF%L

&
IBAS - LSTM 6836 8268 5428 R OCHED E‘HDEI'J%TE.{EJI’% Z I} (9702 @ ;L:
P~ IBAS - LSTM L6442 0. 802 6 0. 530 6 R REARA R iy A4 B, AR T 4 FJ*E-ELHJF, & 93
- TR BE .
AR A AR R, 53 51 ffe LB dk B 1 2K R (2) 41 H 585 P - 5 5008 U 5 W T K 2 21 4
%%ﬁ%%%%%%ﬁ%%i%%%ﬂ%%i% KA BN Ty 5K BB R T 2955
KAy R A M B A R T RN U A3 BT U R AR R PRI 538 U, 3 1o ﬁf¢ﬁ%ﬁﬁﬁﬂﬁﬁ i
) 245 I AR Ak, i T B2 R AR W] 227 R A] RE 8 K S, AT H IBAS 78 4 J5 48 2 R 36 1 R b Ak
A . @ B AT i S I s K 2 AL T ﬂZi.quzﬁﬁ,J?BEé%EiﬁEﬁgﬂﬁﬁiﬁﬁﬁio
0 IETEES R0 S (BP0 s R N v e = e (3)#2 P —IBAS — LSTM [ £ 14 ¥ fifk 4 1o I 45




T INIE T 4. KET IBAS HI LSTM [ 45 fi4 1t 3 /K %5 i 480 2 12 50 259
10.01 10.01
7.5¢F 751
= 50r T 50r
2 oast 2 ast
£ 0 2 £ 0
m _”S;".W S AN Ot T Y g i o5l .
w-sor K S0l o, pelwe
; ; e L' J (o .ol
Y P e LI e il T | R
0 25 50 75 100 125 150 175 200 Y0 25 50 75 100 125 150 175 200 B 0 25 50 75 100 125 150 175 200
P2 AR HERS
(a) P-BP (b) P-RF (¢) P-RNN
10r
8_
~ O
Loo4r
W 2r e, . ool
£ Oean e
—-6r
8t %
i P — e el
0 25 50 75 100 125 150 175 200 0 25 50 73’ 100 125 150 175 200 0 25 30 75 100 125 150 175 200
AT By WA
(d) P-LSTM (e) BAS-LSTM (f) P-BAS-LSTM
10.01
7.5¢
o 5.0
N 2.5t
=19]
£
5
.3
Y S S+ E S S
0 25 50 75 100 125 150 175 200 0 25 50 75 100 125 150 175 200

P S
(g) TBAS-1STM

AT S
(h) P-IBAS-LSTM

P8 8 s Ay i 2 i 2k

Fig.8 Error curves of eight models

BRI IBAS fifk LSTM [ 45 153 e L 2 B4l
SR TN T2 E H AR 66 1, 5808 58 1
Tl M 000t 3 R A 2 b S BV A S R, T LU
M AV, 5 3 7 B R i A S K R T IR N R Z
AR LR A&

5

(4) 42119 P — IBAS — LSTM BERY bk fEVF 47 45
Fr¥4 771 22 (MSE) (#4577 il 158 25 (RMSE ) | F- 3% 4 %
95 (MAE) 43 % 2% 0.644 2 mg®/L? 0. 802 6 mg/L.
0. 530 6 mg/ L, % kb H At JL A AR Y | 7 0000 RS 78 A 4
ey A B KA T .

% X wt

XIAO R C, WEI'Y G, AN D,et al. A review on the research status and development trend of equipment in water treatment
Reviews in Aquaculture,2019,11(3) :863 —895.

processes of recirculating aquaculture systems[ J].

[2] W R R, BG ARIMA B EUHT GAWNN [ ¥ fif S0 & & BN 5 vk [T . R MU= 4R , 2017 ,48 (3 T) ) :205 -
210,204.

WU Jing, LI Zhenbo, ZHU Ling, et al. Hybrid model of ARIMA model and GAWNN for dissolved oxygen content prediction
[J]. Transactions of the Chinese Society for Agricultural Machinery,2017,48 ( Supp. ) :205 —=210,204. (in Chinese)

[3] CAO XK, LIU Y R, WANG J P, et al. Prediction of dissolved oxygen in pond culture water based on K-means clustering and
gated recurrent unit neural network[ J]. Aquacultural Engineering,2020,91(2) :102122.

[4] LIUSY, XU L Q, JIANG Y, et al. A hybrid WA — CPSO — LSSVR model for dissolved oxygen content prediction in crab
culture[ J]. Eng. Appl. Artif. Intell, 2014,29.114 - 124.

[5] LIUSY, XULQ, LID L, et al. Prediction of dissolved oxygen content in river crab culture based on least squares support
veclor regression optimized by improved particle swarm optimization[ J]. Elsevier B. V. ,2013,95:82 - 91.

[6] HUAN]J, LI H, LI M B, et al. Prediction of dissolved oxygen in aquaculture based on gradient boosting decision tree and long
short-term memory network: a study of Changzhou Fishery Demonstration Base, China[J]. Computers and Electronics in
Agriculture ,2020,175:105530.

[7] JEBLII, BELOUADHA F, KABBAJ M I,et al. Prediction of solar energy guided by Pearson correlation using machine learning
[J]. Energy, 2021, 224(11) :120109.

(8] e, Fefk, e ft . ST sl B 7 A5 B U Pearson A 5C R B B TC s RO PR [T fRdb B I R ( A AR M),

[9]

2021,48(4) .11 - 19.

XU Yan, CHENG Shu, XUE Yanjing, et al. Protection of DC distribution network based on Pearson correlation coefficient of
fault transient current[ J]. Journal of North China Electric Power University ( Natural Science Edition) ,2021,48(4) .11 —19.
(in Chinese)

WEIN, B2, K W], 4 T O AR KR 2% T B A K AR U A AL 0 T vk [T ] Aolk TR 2441 ,2020,36 (19) 225 - 232.



260

K&k Bl M ¥ 2021 4

[16]

[17]

(18]

[19]

[20]

[21]

[22]

[23]

[24]

[25]

[31]
[32]

[33]

SHI Pei, KUNAG Liang, YUAN Yongming, et al. Dissolved oxygen prediction for water quality of aquaculture using improved

ELM network[ J]. Transactions of the CSAE,2020,36(19) :225 —232. (in Chinese)
Rz X R, 55 T oK™ FRFE i A AL AR [ D). R MLB =4l ,2016 ,47 (1) 1273 - 278.
ZHU Chengyun, LIU Xinggiao, LI Hui, et al. Optimization of prediction model of dissolved oxygen in industrial aquaculture
[J]. Transactions of the Chinese Society for Agricultural Machinery, 2016, 47(1): 273 =278. (in Chinese)
YANG T, QIU W, MA You, et al. Fuzzy model-based predictive control of dissolved oxygen inactivated sludge processes[ J].
Neurocomputing,2014,136; 88 - 95.
SHI P, LI G H, YUAN Y M, et al. Prediction of dissolved oxygen content in aquaculture using clustering-based softplus
extreme learning machine[ J]. Computers and Electronics in Agriculture, 2019, 157:329 - 338.
REN Q, WANG X Y, LI W S, et al. Research of dissolved oxygen prediction in recirculating aquaculture systems based on
deep belief network[ J]. Aquacultural Engineering,2020,90; 102085.
CAO W J, HUAN J, LIU C, et al. A combined model of dissolved oxygen prediction in the pond based on multiple-factor
analysis and multi-scale feature extraction[ J]. Aquacultural Engineering,2019, 84 .50 - 59.
LIU Y Q,ZHANG Q,SONG L H, et al. Attention-based recurrent neural networks for accurate short-term and long-term
dissolved oxygen prediction[ J]. Computers and Electronics in Agriculture,2019,165; 104964.
B R AR, HUERG 55 25T DeepAR — RELM (¥ 9t 3 ¥ A 40 I 25 B0 J7 ¥R AT 58 [T ] AR b MUAR 2 412 , 2020, 51 (3% 7]
1) :405 -412.
FAN Yuxing, REN Ni, TIAN Ganglu, et al. Spatio-temporal prediction method of dissolved oxygen in ponds based on DeepAR —
RELM[ J]. Transactions of the Chinese Society for Agricultural Machinery,2020,51 ( Supp. 1) :405 —=412. (in Chinese)
Mok S, 7 IR B, 1 L , 45 JE T WT — CNN — LSTM (% i 4 &t BUABE R [ 1. Aol L2 41 ,2020,51 (10) ;284 —291.
CHEN Yingyi, FANG Xiaomin, MEI Siyuan, et al. Dissolved oxygen prediction model based on WT — CNN — LSTM [ J].
Transactions of the Chinese Society for Agricultural Machinery,2020,51(10) :284 —291. (in Chinese)
RN, 5K =0, 6055 8, 5. TR FREOLIL LSTM Ry R ALY [ J ] Jb Bt 25 0 K R4 240 ,2019,45(12) .1 - 11.
SONG Gang, ZHANG Yunfeng, BAO Fangxun, et al. Stock prediction model based on particle swarm optimization LSTM[ J].
Journal of Beijing University of Aeronautics and Astronautics,2019,45(12) :1 —11. (in Chinese)
M4, L5, W I8, % 3T LSTM — Attention 5 CNN R & BRI A SCA /P 207 ¥ [T ] 3 0L T4 5 1% L2021,
57(14) :126 - 133.
TENG Jinbao, KONG Weiwei, TIAN Qiaoxin, et al. Text classification method based on LSTM — attention and CNN hybrid
model[ J]. Computer Engineering and Applications, 2021,57(14) ;126 —133. (in Chinese)
PR S, BB A, 7 et , 55 3 A3 40 A R RTINS A2 A 42 I 4% T K 7 5 B K MRV R UL T ] Rk R 2 4, 2018,
34(17):183 - 191.
CHEN Yingyi, CHENG Qianqian, FANG Xiaomin, et al. Principal component analysis and long short-term memory neural
network for predicting dissolved oxygen in water for aquaculture[ J]. Transactions of the CSAE,2018,34(17) :183 - 191. (in
Chinese)
BARZEGAR R, AALAMI M T, ADAMOWSKI J. Short-term water quality variable prediction using a hybrid CNN — LSTM
deep learning model[ J]. Stochastic Environmental Research and Risk Assessment, 2020, 34(8) :1 - 19.
JIANG X Y, LI S. BAS: beetle antennae search algorithm for optimization problems[ J]. International Journal of Robotics and
Control, 2018,1(1) :1.
HUANG Q Y, XIE L F, YIN G F, et al. Acoustic signal analysis for detecting defects inside an arc magnet using a
combination of variational mode decomposition and beetle antennae search[ J]. ISA Transactions, 2020,102:347 —364.
KATSIKIS V. N, MOURTAS S D, STANIMIROVIC P S, et al. Time-varying minimum-cost portfolio insurance under transaction
costs problem via beetle antennae search algorithm (BAS)[J]. Applied Mathematics and Computation, 2020, 385.114 — 124.
YANG J H, PENG Z R. Beetle-swarm evolution competitive algorithm for bridge sensor optimal placement in SHM[J]. IEEE
Sensors,2020,20 :8244 - 8255.
WANG Z P, QU J F, FANG X Y, et al. Prediction of early stabilization time of electrolytic capacitor based on ARIMA — Bi_
LSTM hybrid model[ J]. Neurocomputing,2020,403 .63 —79.
FEI' S W, HE C X. Prediction of dissolved gases content in power transformer oil using BASA-based mixed kernel RVR model
[J]. International Journal of Green Energy, 2019,16(8) :1 - 5.
WU Q, SHEN X D, JIN Y Z, et al. Intelligent beetle antennae search for UAV sensing and avoidance of obstacles[]J].
Sensors, 2019,19(8) :1758.
XUTT, PENG Z, WU L F. A novel data-driven method for predicting the circulating capacity of lithium-ion battery under
random variable current[ J]. Energy,2021,218(C) :119530.
XU H H, DENG Y. Dependent evidence combination based on shearman coefficient and Pearson coefficient[ J ]. IEEE
Access, 2018 ,6:11634¢e40.
HOCHREITER S, SCHMIDHUBER ]J. Long short-term memory[ J]. Neural Computation,1997,9(8): 1735 - 1780.
WU D, JIANG Z K, XIE X F, et al. LSTM learning with Bayesian and Gaussian processing for anomaly detection in industrial
IoT[J]. IEEE Transactions on Industrial Informatics,2019,16(8) :5244 —5253.
XUE J K, SHEN B. A novel swarm intelligence optimization approach: sparrow search algorithm[J]. Systems Science &
Control Engineering,2020,8(1) :22 —34.



