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Prediction of overflow concentration of thickener based on ISSA-LSTM

ZHANG Yangyang', FAN Yuping', MA Xiaomin'?, DONG Xianshu', JIN Wei', WANG Dawei’
(1. College of Mining Engineering, Taiyuan University of Technology, Taiyuan 030024, China;
2. State Key Laboratory of Mineral Processing Science and Technology, Beijing 100160, China;
3. Madaotou Coal Preparation Plant, Jinneng Holding Group, Taiyuan 030006, China)

Abstract: The monitoring of the overflow concentration of the thickener is the key to realize intelligent
dosing of coal slurry. The overflow concentration monitoring method based on the sensor will lead to the delay of
flocculant regulation. In order to solve the above problem, a prediction method of overflow concentration of
thickener based on improved sparrow search algorithm (ISSA) and long-short term memory (LSTM) is proposed.
Firstly, the correlation analysis and pretreatment of multi-parameter time series in the process of concentration
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production are carried out to obtain the input variables. Secondly, the multi-strategies are combined to improve
sparrow search algorithm (SSA). Tent chaotic map is introduced to initialize the sparrow population to ensure
population diversity and speed up algorithm convergence. The optimization process of SSA is improved by using
the spiral predation strategy to balance both local development and global search capabilities. The firefly
perturbation strategy is used to perturb the sparrow search results to improve the global search performance and
avoid the algorithm falling into local optimization. Thirdly, ISSA is used to optimize the hyperparameters of the
two-layer LSTM network model. Finally, the overflow concentration prediction model based on ISSA-LSTM is
established for on-line monitoring. The experimental results show the following points. (D The Ackley function
and Rastigin function are selected as test functions. It is concluded that ISSA's global optimization capability and
convergence speed are better than those of the particle swarm optimization (PSO) algorithm, whale optimization
algorithm (WOA) and standard SSA. (2) Among the three improved strategies, the spiral predation strategy plays a
leading role in improving the performance of ISSA. The chaotic map and the firefly perturbation strategy
coordinate the convergence speed and global search capability of the algorithm to further improve the
optimization performance of the algorithm. (3) ISSA is used to optimize the hyperparameters of LSTM, which
solves the problem of under-fitting or over-fitting when the values are determined by subjective experience. The
prediction precision of overflow concentration of the ISSA-LSTM model reaches 97.26%, which is higher than
that of double-layer LSTM, SSA-LSTM, and least square support vector machine (LSSVM) models. 4 Data
pretreatment can improve the precision of the model, and the prediction precision of overflow concentration after
noise reduction is improved by 30.25% compared with that before noise reduction.

Key words: intelligent coal preparation; intelligent dosing; overflow concentration prediction; sparrow

search algorithm; LSTM; chaotic map; spiral predation strategy; firefly perturbation strategy
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Table 6 Comparison of evaluation indicator of different models

B RMSE MAPE/%
ISSA-LSTM 55.788 3 2.74
SSA-LSTM 56.2370 3.08

LSSVM 74.490 2 3.67
WZLSTM 81.259 7 3.98

i &l 16 F13% 6 AT, XUZ LSTM 455 AU fif 3 i 5%
# #x K, RMSE 1 MAPE It ISSA-LSTM #& & 175
254714 i1 1.24%, 156 W8 2 B80T A5 Y 119 5% il 45K
LSSVM £ &1 ] T K W] ] J57 1) il ] B % B0 Al 22
RMSE #il MAPE [ ISSA-LSTM # % 5 18.701 9 FlI
0.93%; SSA-LSTM £ 7 [A 2 % F SSA 47 5405
{it, RMSE #l MAPE 43 1] [t U2 LSTM #52 A A% T
25.0227 F 0.9%, {H Lt ISSA-LSTM # &l & 0.448 7
#10.34%. ISSA-LSTM £i%l ) RMSE Fl MAPE f¥{H

439 Sk 55.788 3 Fl 2.74%, AL F HAth XF L BL Y, i

TR B THUINRS BE A 97.26%, BOHIE T ISSA-LSTM 4%
T FH T Y VA e 8 TR ) A R

4 i

(1) A Tent YR W5 . B0 47l 62 5 W Ak
HUHE Bl A SSA, B R T SSA Bk R fe L 1
AEJ7, P TSI .

(20 XFHe A0 2 B, DAFPRE D 6 Ak . >4 T3 F
BRI B 3 AR R TR 0 ek R s B AT B AR
PE, (175 ISSA H A B af il Sk /e L 0k Tt e
ESR AR P, 3 i et SR s X6 B 1 S e R E AR
F/N AR TRIERG Bk Sl

(3) R ISSA 4k LSTM i #8 B4k, fit vk 17K
i FOULZE 50 HUE I A AE 1Y K AEL G B UL TR, s
ISSA-LSTM &7 [ FH ¥ it o B Tt v, 5 00 8
ik 97.26%, 15 F SSA-LSTM, LSSVM, #JZ LSTM %
B

(4) Rl i ak B AT D4R FH AR RS B, o M I T
Tt B SRR B LU MR AT T T 30.25%.

2% 3k (References):

(1] SRR, JKBEE, XI55, 5. BT 2P G RER 3H
BRI RS ] T A3k, 2021, 47(10): 121-126.
FENG Tianxin, ZHANG Xiaoguang, LIU Jingyong,
et al. Environmental monitoring system of coal
preparation plant based on cloud platform[J]. Industry
and Mine Automation, 2021, 47(10): 121-126.

(2] HKME, By, Bfm-r, & BRIt iE wra s e

W Ty B3k, 2021, 478 F1): 26-31.
DONG Yongsheng, CHEN Weigao, HOU Dianping,
et al. Research and suggestions on intelligent coal
preparation plant[J]. Industry and Mine Automation,
2021, 47(S1):26-31.

[3]1 ZH, sk, EORGE. 2 BN BALBARBUR 5

KT ). R TAE, 2022, 54(1): 133-136.
LI Peng, ZHANG Mingyuan, WANG Baoqiang. Status
and development trends of intelligent technology of
sizing crusher[J]. Coal Engineering, 2022, 54(1) :
133-136.

(4] FREA. FETIREEY: > s A 8 e 42 Wt 7 (D). 1%
Mz e E BT 2, 2020.

CHEN Ming. Study on the intelligent control of flotation
process based on deep learning[D]. Xuzhou: China
University of Mining and Technology, 2020.

[5] BEE MER, DRA, & FETRE MK &
LA T A I 2 B T i Ak (0L K R AR
2020, 45(1): 54-65.

ZHAO Yixin, YANG Zhiliang, MA Binjie, et al. Deep
learning prediction and model generalization of ground
pressure for deep longwall face with large mining
height[J]. Journal of China Coal Society, 2020, 45(1):



.7 . IH B % 48 %
54-65. Systems Science & Control Engineering, 2020, 8(1) :
(6] HENTEN, 23, 5K, . JE TLSTMAHE M4 (IR 5% 22-34.

(10]

(11]

(12]

(13]

(14]

(15]

KT L], 8 F 35T 5 B4R, 2019, 47(2):137-143
DONG Lili, FEI Cheng, ZHANG Xiang, et al. Coal
mine water inrush prediction based on LSTM neural
network [J]. Coal Geology & Exploration, 2019, 47(2):
137-143.

XUSEFR, B0, AL, 2 T MUulFWOA-LSTMI £
WRIFE T L], AL 24l 2022, 73(3): 1291-1299.
LIU Libang, YANG Song, WANG Zhijian, et al.
Prediction of coke quality based on improved WOA-
LSTM[J]. CIESC Journal, 2022, 73(3): 1291-1299.
KA, kU, @I, &, FETRFRIACLSTMR i
S TR (0], b B A TR K A AR 4Rk, 2019,
45(12):2533-2542.

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) : 2533-
2542.

{148, B FE, (15, & BT E PR TR S5HRE%
PR BT BL 407 9 R O & (0] SRR AR A, 2021,
42(4): 160-168.

FU Hua, ZHAO Juncheng, FU Yu, Soft
measurement of coal mine gas emission based on

et al

quantum-behaved particle swarm optimization and deep
learning[J]. Chinese Journal of Scientific Instrument,
2021, 42(4): 160-168.

Redd, BRI BT O R T B AR A A N 2 2
W 2% £ 1 B 2R G2 SO TR AE 1Y (7). #4 ) K R, 2021,
50(12): 66-73.

WU Lei, KANG Yingwei. Prediction model of SO,
concentration in desulfurization system based on
improved particle swarm optimization LSTMI[J].
Thermal Power Generation, 2021, 50(12): 66-73.

LIU Guiyun, SHU Cong, LIANG Zhongwei, et al. A
modified sparrow search algorithm with application in
3D route planning for UAV [J]. Sensors, 2021, 21(4):
1224.

ZHU Yanlong, YOUSEFI N. Optimal

identification of PEMFC stacks using adaptive sparrow

parameter

search algorithm[J]. International Journal of Hydrogen
Energy, 2021, 46(14): 9541-9552.

B, W AL BT HESLSTMIN 2R e TR 7Y
o L] A A5 T A 2021, 41(8): 79-82.

JIA Pengtao,
pressure prediction model analysis based on stacked-
LSTM[J]. Mining Research and Development, 2021,
41(8):79-82.

XING Yin, YUE Jianping, CHEN Chuang, et al.
Dynamic

MIAO Yunfeng. Multi-source mine

displacement forecasting of dashuitian
landslide in China using variational mode decomposition
and stack long short-term memory network [J]. Applied
Sciences, 2019, 9(15):2951-2962.

XUE Jiankai, SHEN Bo. A novel swarm intelligence

optimization approach: sparrow search algorithm[J].

[16]

(17]

(18]

(19]

[20]

(21]

[22]

(23]

B8, B, KB BT R R L 2 BE
B2 H D). R4 TS 7 HOR, 2021, 43(2):
318-327.

LYU Xin, MU Xiaodong, ZHANG Jun. Multi-threshold
image segmentation based on improved sparrow search
algorithm[J]. Systems Engineering and Electronics,
2021, 43(2):318-327.

RHE, FRIEA, BRETL, 55 O XA R BE L T R
BE S R HOR (D] A [ Ak K 2 2 4R, 2021,
50(4):725-734.

WU Xinzhong, HAN Zhenghua, WEI Lianjiang, et al.
Intelligent on-demand adjustment algorithm and key
technology of mine air flow[J]. Journal of China
University of Mining & Technology, 2021, 50(4) :
725-734.

EEE, BE, L, & —MIHET TentBIH H7R
B TORA A B B0k L] 0 2R Tl oK % 43R
2018, 50(11): 40-49.

TENG Zhijun, LYU Jinling, GUO Liwen, et al. An
improved hybrid grey wolf optimization algorithm based
on Tent mapping[J]. Journal of Harbin Institute of
Technology, 2018, 50(11): 40-49.

DEMIDOVA L, GORCHAKOV A V. A study of
chaotic maps producing symmetric distributions in the
fish school
exponential step decay[J]. Symmetry, 2020, 12(5) :
784-801.

MIRJALILI S, LEWIS A. The whale optimization
algorithm[J]. Advances in Engineering Software, 2016,
95:51-67.

IR, BN, ARA N, B, BT B R gt A A Bk
IS SR IR R B PR R PR B0 (0] iR 5 A
T EE, 2022, 35(2): 150-165.

SUN Lin, HUANG Jinxu, XU Jiucheng, et al. Feature
selection based on

search optimization algorithm with

adaptive whale optimization

algorithm and fault-tolerance neighborhood rough
sets[J]. Pattern Recognition and Artificial Intelligence,
2022, 35(2): 150-165.

WA 22, 538, VK, &5 5T ook R 5k
{1 g5 K248 495 73 B 7 95 (0] WOLHAR, 2022, 46(2)
274-282.

LIU Chang'an, FENG Xueling, SUN Changhao, et al.
Maximum two-dimensional entropy segmentation
method based on improved sparrow algorithm[J]. Laser
Technology, 2022, 46(2): 274-282.

HOE, AR B TR T RO FILS TV 25 < i &
T BT T (0], B P R £ K AR, 2020, 38(6)
159-164.

CAO Tong, BAI Yanping. Study on the prediction of air
quality based on LSTM with gradient descent
optimization[J]. Journal of Shaanxi University of

Science & Technology, 2020, 38(6): 159-164.


https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.19650/j.cnki.cjsi.J2107486
https://doi.org/10.19650/j.cnki.cjsi.J2107486
https://doi.org/10.3390/s21041224
https://doi.org/10.1016/j.ijhydene.2020.12.107
https://doi.org/10.1016/j.ijhydene.2020.12.107
https://doi.org/10.3390/app9152951
https://doi.org/10.3390/app9152951
https://doi.org/10.12305/j.issn.1001-506X.2021.02.05
https://doi.org/10.12305/j.issn.1001-506X.2021.02.05
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.3390/sym12050784
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.19650/j.cnki.cjsi.J2107486
https://doi.org/10.19650/j.cnki.cjsi.J2107486
https://doi.org/10.3390/s21041224
https://doi.org/10.1016/j.ijhydene.2020.12.107
https://doi.org/10.1016/j.ijhydene.2020.12.107
https://doi.org/10.3390/app9152951
https://doi.org/10.3390/app9152951
https://doi.org/10.12305/j.issn.1001-506X.2021.02.05
https://doi.org/10.12305/j.issn.1001-506X.2021.02.05
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.3390/sym12050784
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.19650/j.cnki.cjsi.J2107486
https://doi.org/10.19650/j.cnki.cjsi.J2107486
https://doi.org/10.3390/s21041224
https://doi.org/10.1016/j.ijhydene.2020.12.107
https://doi.org/10.1016/j.ijhydene.2020.12.107
https://doi.org/10.3390/app9152951
https://doi.org/10.3390/app9152951
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.13700/j.bh.1001-5965.2019.0388
https://doi.org/10.19650/j.cnki.cjsi.J2107486
https://doi.org/10.19650/j.cnki.cjsi.J2107486
https://doi.org/10.3390/s21041224
https://doi.org/10.1016/j.ijhydene.2020.12.107
https://doi.org/10.1016/j.ijhydene.2020.12.107
https://doi.org/10.3390/app9152951
https://doi.org/10.3390/app9152951
https://doi.org/10.12305/j.issn.1001-506X.2021.02.05
https://doi.org/10.12305/j.issn.1001-506X.2021.02.05
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.3390/sym12050784
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.12305/j.issn.1001-506X.2021.02.05
https://doi.org/10.12305/j.issn.1001-506X.2021.02.05
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.13247/j.cnki.jcumt.001316
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.11918/j.issn.0367-6234.201806096
https://doi.org/10.3390/sym12050784
https://doi.org/10.1016/j.advengsoft.2016.01.008
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.16451/j.cnki.issn1003-6059.202202006
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.7510/jgjs.issn.1001-3806.2022.02.020
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026
https://doi.org/10.3969/j.issn.1000-5811.2020.06.026

	0 引言
	1 煤泥水浓缩工艺流程
	2 浓缩池溢流浓度预测方法
	2.1 数据预处理
	2.1.1 相关性分析
	2.1.2 数据降噪
	2.1.3 归一化处理

	2.2 双层LSTM网络模型
	2.3 SSA及其改进
	2.3.1 SSA
	2.3.2 多策略联合改进

	2.4 溢流浓度预测模型构建

	3 实验研究
	3.1 预测效果评价标准
	3.2 降噪效果验证
	3.3 ISSA性能测试
	3.4 不同改进策略对比分析
	3.5 ISSA&#8722;LSTM网络模型的训练及优化结果
	3.5.1 实验条件及超参数设定
	3.5.2 优化结果

	3.6 不同模型对比分析

	4 结论
	参考文献

