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SSA — LSTM-based Model for Predicting Soil Oxygen Content in Maize

YU Zhenzhen' ZOU Huafen’® YU Deshui’ WANG Chun'? LIU Tianxiang' ZHANG Xinyue'
(1. College of Engineering, Heilongjiang Bayi Agricultural University, Daging 163319, China
2. South Subtropical Crops Research Institute, Chinese Academy of Tropical Agricultural Sciences, Zhanjiang 524003, China
3. School of Management, Huazhong University of Science and Technology, Wuhan 430074, China)

Abstract: Soil oxygen content (SOC) is one of the important soil environmental factors that affect crop
growth. It has the characteristics of time series, instability and nonlinearity. It can accurately predict the
change trend of oxygen content in the soil environment, which is helpful to formulate a more reasonable
soil aeration and oxygenation program. A prediction model based on the sparrow search algorithm (SSA)
and long and short-term memory ( LSTM) neural network was proposed, the meteorological environment
and soil environment record data during the corn planting period were to recorded by using the equipment
at the National Soil Quality Zhanjiang Observation and Experimental Station. The SSA — LSTM model
predicted and analyzed the SOC changes, and it was compared with the traditional BP prediction model,
LSTM prediction model, GA — LSTM prediction model and PSO — LSTM prediction model. The test
results showed that the correlation between SOC and rainfall, soil water content, soil temperature and air-
filled porosity was extremely significant, the correlation coefficient was higher than 0. 8, the correlation
with atmospheric temperature and wind speed was significant, and the correlation with atmospheric
humidity and soil respiration rate was relatively significant. The prediction accuracy of the SSA — LSTM
model was significantly higher than that of the other four groups of control prediction models. The R’
reached 0.959 79, the RMSE was only 0.491 7% , the MAPE was 3.733 1% , and the MAE was 0.362 0% .

The degree of fit between the predicted value and the experimental value was high. The research result
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can provide theoretical support and scientific basis for the accurate prediction of soil oxygen content

changes and the application and promotion of soil aeration and oxygenation technology.

Key words: maize; soil; oxygen content prediction; sparrow search algorithm; long and short-term

memory network ; BP neural network
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Fig.1 Schematic of study area and positioning
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Fig.6  Correlation analysis between predicted and measured values of different neural network models
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Fig.7 Forecast error distributions of different neural network models

WSRO £% 10 H HAPE RN E 1, S 748
FOE MBI R AS 2 7k

(2) i XF ik s i 75 SOC #) Pearson AH

FRZBUM TR A, SOC 5 RF  Ws Ts #ll AFP AHG
W HHOE R B R T 0.8, 5 RAIREE KA
SR L | I - P AT A
Jorp IR RO 0, HEH CO, 5 R I 13
JEAZ B AR A= Wy R 7~ B 52 0 | B 22 Ml R 32 B
PRI T2, S P AR R
1%, B, L HEVEIR A 5 SOC HUAEHERESS

=

=

(1]

(3) ¥ BP T A A LSTM 7 ) A% Y GA —
LSTM Fi il A5 &1 PSO — LSTM T4 i 455 54 1 SSA —
LSTM #i 28 [ 2% #5 B 47 SOC il I 43 Hr, SSA —
LSTM oA 76 | JH Al Ao 2 ) 2% A5 7610 2 B8+ O e )
TPERE . L AWREFRIIZE, SSA — LSTM W £5 457
TR B R® 35 3 0.959 79, RMSE 14 0.491 7% ,
MAPE 4 3. 733 1% ,MAE 4 0. 362 0% , Tl {5k
W B S, R R HIRE R S
F14) FHOI B (it — i %) JEL B R 1 oA A g AR A
HARSRAEIS AR YR 5 5L h

% X W
AR i 3 A A AR A AR DX SRR I R B AL [ D ] 4 < PEAE AR AR ,2020.

ZHU Yan. Response mechanism of the growth and soil micro-environment in root zone of greenhouse tomato to oxygation[ D].

Yangling : Northwest A&F University, 2020. (in Chinese)
[2]

RV 0t 3 R X il 2 i AR I R T R R R AR FE [ D] B84 AR ARl R ,2019.

LIU Tiantian. Effect of aerated subsurface drip irrigation on growth and nutrient accumulation of greenhouse tomato[ D ]. Taian:

Shandong Agricultural University, 2019. (in Chinese)
[3]

(4]

Integrative Agriculture, 2019,18; 2854 —2868.

ZHU Y, DYCK M, CAI HJ, et al. The effects of aerated irrigation on soil respiration, oxygen, and porosity[ J]. Journal of

FEB A, TR, % MEHERRENIALRIT[ )], RIS ,2019,41(10) ;106 - 110.

YU Zhenzhen, WANG Chun, WANG Hongxuan, et al. Optimization design of aerobic irrigation system[ J]. Journal of Agricultural
Mechanization Research,2019,41(10) :106 —110. (in Chinese)

(5]

ZEO0, AP0 SRR A N RS IO - SR P S M OS2 [ ) ] AR, 2015,46(8) <121 - 129.

LI Yuan,NIU Wenquan, ZHANG Mingzhi, et al. Effect of aeration on rhizosphere soil enzyme activities and soil microbes for
muskmelon in plastic greenhouse[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2015, 46(8) : 121 - 129.

(in Chinese)
[6]

FR B K AL SRS G TR T Sy LB SE [ D ] RSN AR KR K L %7, 2020.

ZANG Ming. Study on the influencing mechanism of water-fertilizer-air coupling drip irrigation on soil — crop system[ D ].

Zhengzhou; North China University of Water Conservancy and Hydropower, 2020. (in Chinese)

[7]

TBE. KNSR I TR0 FORAE RKSE R B OFFE [ D] KPR BRI\ — R B R 2020.

YU Zhenzhen. Study on the effect of water, fertilizer and gas coupling on the soil growth and control of maize growth [

D].

Daging: Heilongjiang Bayi Agricultural University, 2020. (in Chinese)

(8]

AHE HMRA  RAIE A5 IR e R T S0y P ks [ ) ] AR U412, 2016 ,47 (12) 1223 -232.



368 2 A A S 2022 4F
ZHU Yan,CAI Huanjie , SONG Libing, et al. Effects of climatic factors and soil parameters on soil respiration under oxygation
conditions[ J]. Transactions of the Chinese Society for Agricultural Machinery,2016,47(12) :223 —232. (iin Chinese)

(91 SKSCE, BEsE, ERER, 55, BRI RER IR 2= AR 7 S A BT s2mm [ 1], MK 2741, 2017 ,36 (10) :24 - 27.
ZHANG Wenzheng, ZHAI Guoliang, WANG Xiaosen, et al. Aerating irrigation with mixed nano-micro air bubbles increases
growth, yield and quality of greenhouse tomato[ J]. Journal of Trrigation and Drainage, 2017, 36(10) ;24 —27. (in Chinese)

[10] WILLEY C R,TANNER C B. Membrane covered electrode for measurement of oxygen concentration in soil[ J]. Soil Sci. Soc.
Am. , Proc. ,1996,27(6) ;511 -515.

[11] TARSE BRUIR , SR A5 K SRS X =GR N T3 ™ i B b SRR [ . Al TR 7412, 2020,36(19) :66 ~75.
WANG Zhenhua, CHEN Xiaojie, LU Desheng, et al. Effects of water and fertilizer coupling on the yield and quality of
processing tomato under aerated drip irrigation[ J ]. Transactions of the CSAE,2020,36(19) :66 —75. (in Chinese)

[12] BHATTARAI S P, HUBER S, MIDMORE D J. Aerated subsurface irrigation water gives growth and yield benefifits to
zucchini, vegetable soybean and cotton in heavy clay soils[ J]. Ann. Appl. Biol. , 2004, 144.285 —298.

[13] BHATTARAI S P, MIDMORE D J. Oxygation enhances growth, gas exchange and salt tolerance of vegetable soybean and
cotton in a saline vertisol[ J]. Integr. Plant Biol. , 2009, 51 675 - 688.

[14] R, ETHE. WA RSB F R P A I [) ] LR 2 53 ,2017,11(5) 1700 -707.

HU Xing, WANG Qianxiang. Application of deep learning in recommendation of bug reports assignment [ J]. Journal of
Frontiers of Computer Science and Technology, 2017, 11(5) ;700 —707. (in Chinese)

[15] LIANG Haibo, ZOU Jialing, LIANG Wenlong. An early intelligent diagnosis model for drilling overflow based on GA BP
algorithm[ J]. Cluster Comput. ,2019,22(5) :10649 - 10668.

[16] [=/EER BRil. T O R A AHE RO A LSSVM 401 v, g 7 far T000 J7 sk 5T [ 1] s 5452 ,2020,57(6) :6 -
11,18.

YAN Chongxi, CHEN Hao. Research of LSSVM short-term load forecasting method based on the improved beetle antennae
search algorithm[ J]. Electrical Measurement & Instrumentation, 2020, 57(6): 6 — 11, 18. (in Chinese)

(17] 20, 25304, PG, 45, J6 T LSTM Al % A il 28 it B USRI [ )] 4O ALI 41 ,2021,52(10) :369 - 376.

LI Li, LI Wenjun,MA Dexin, et al. Prediction model of transpiration of greenhouse tomato based on LSTM[ J]. Transactions of
the Chinese Society for Agricultural Machinery, 2021,52(10) :369 —376. (in Chinese)

[18] LIU Y, ZHANG Q, SONG L, 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.

[19] HUANJ, LI H, LI M, 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,2019,175.105 - 123.

(207  BRJESC,Jr et MR , 55, ST WT — CNN — LSTM ROV & i BRI 1. Al HLARA41%,2020,51 (10) :284 - 291,

CHEN Yingyi,FANG Xiaomin, MEI Siyuan, et al. Dissolved oxygen prediction model based on WT — CNN — LSTM [ ] ].
Transactions of the Chinese Society for Agricultural Machinery, 2020,51(10) :284 —291. (in Chinese)

[21] &SP, AL, TR SR AU I 0 I i 28 0 2% 1) 7K 7 SR R A e A UM AR Y [ 1] Ak TR 240, 2021 ,37 (14)
235 -242.

CAO Shouqi,ZHOU Lixin,ZHANG Zheng. Prediction model of dissolved oxygen in aquaculture based on improved long short-
term memory neural network[ J]. Transactions of the CSAE,2021,37(14) ;235 —242. (in Chinese)

[22] SADAEI H J, E SILVA P C D L, GUIMARAES F G, et al. Short-term load forecasting by using a combined method of
convolutional neural networks and fuzzy time series[ J]. Energy, 2019, 175.365 -377.

[23] LEE D, BALDICK R. Short-term wind power ensemble prediction based on Gaussian processes and neural networks[ J]. IEEE
Transactions on Smart Grid, 2013, 5(1) :501 —-510.

[24] WL BN, e, 5. kT Is AL BT 00 il o A SRS TG I B B IR A 2 BRI [ D). AR WU 2742, 2022,53 (1)
441 -450.

YE Shaogan, GE Jigang, HOU Liang, et al. Multi-objective optimization of cylinder/valve-plate sealing ring in axial piston pump
based on genetic algorithm[ J ]. Transactions of the Chinese Society for Agricultural Machinery, 2022 ,53(1) ;441 -450. (in
Chinese)

[25] ZRMEde 28000, SR , 45, S5 IR PRE R UG A H ™ AT ) ] A HU 7402, 2019, 50 (HE ) :233 - 236.

LI Xiuhua,LI Wan,ZHANG Mugqing, et al. Sugarcane yield prediction method based on field environmental and meteorological
data[ J]. Transactions of the Chinese Society for Agricultural Machinery,2019,50( Supp. ) :233 —236. (in Chinese)

[26] P, dE e BEnE, 55, PSO — GA flift ELM Y iy b Bl sk & B0 [ ]. LRI TS5 i1 ,2022(3) :228 - 232,237,
SUN Jie, CUI Tingting, LIU Xiaoyue, et al. Prediction of silicon content in blast furnace hot metal by PSO — GA optimized ELM
[J]. Machinery Design & Manufacture ,2022(3) :228 —232,237. (in Chinese)

(271 FER U ASHEN, E R, 5. 36 TR T BB 69 R BU Ry M 25 0 1 3 I 0 [ 1. 4 Ml IR 9. 2020, 51 (344
1):576 - 583.

ZHUANG Xiaobo,Ll Yaoming, WANG Yao, et al. Neural network adaptive backstepping control of hybrid mechanism based on
PSO[J]. Transactions of the Chinese Society for Agricultural Machinery,2020,51 ( Supp. 1) :576 —583. (in Chinese)

[28] ETE,20, 00, % ST UGERFRAR L BP MR AR DRI [ )], Tkl aa,2021,34(11) .19 - 121.
WANG Kuan, LI Ping, TANG Hang, et al. Short-term wind power prediction based on improved particle swarm optimization BP
network [ J]. Industrial Control Computer,2021,34(11) :119 —121. (in Chinese)

[29] XB¥, itz AR, 55, i HIEGHE PSO B3k i s B b F s 1 5 1] 5 B R G L AR ISR [ ] 3R TR 4

(A#RBH) ,2015,29(8) : 12 -17.
DENG Tao, LU Renzhi, LI Ya’nan, et al. Optimization for driver model of integrated control of direction and speed based on
improved PSO algorithm[ J]. Journal of Chongqing University of Technology ( Natural Science), 2015, 29(8): 12 - 17. (in
Chinese)

(THF 41 1]T)



F1

Ll GRIGE 25 . T IREE S > BT il DR RE M B R A 535 s AT 411

[14]

[15]

[J]. Food Chemistry, 2018, 240 32 - 42.

BREE B, £ B, oW, 45 B T G U i ISk & B T RRA 43 A7 5 U BE A [ ] Ak HLAR A% 41, 2020,51(8)
344 -350.

SHAO Yuanyuan, WANG Yongxian, XUAN Guantao, et al. Visual detection of SSC and firmness and maturity prediction for
Feicheng peach by using hyperspectral imaging[ J]. Transactions of the Chinese Society for Agricultural Machinery, 2020,
51(8) :344 —350. (in Chinese)

WRARAS , M5, RS A5 ANTRD 3 BE G 3 20 1 1 B e 7K 80 e By OB B A S2 0 [0 63 2 5 83 70 7, 2020,
40(6) .1839 —1845.

CHEN Dongjie, JIANG Peihong, GUO Fengjun, et al. Effect of prediction model of kolar pear based on NIR diffuse
transmission under different moving speed on online[ J ]. Spectroscopy and Spectral Analysis,2020,40(6) :1839 - 1845. (in
Chinese)

[16] BEGHE ARNEH),IHAR 55, JR Al AR RO 2 R A SR AR R B TR )], 672741k, 2017,37(5) « 77 -85.
XUE Zhixiang, YU Xuchu, TAN Xiong, et al. Local hypergraph laplacian regularized low-rank representation for noise
reduction of hyperspectral images[ J]. Acta Optica Sinica,2017,37(5) : 77 —85. (in Chinese)

[17] ZHU R,DONG M,XUE J H. Spectral nonlocal restoration of hyperspectral images with low-rank property[ J]. TEEE Journal of
Selected Topics in Applied Earth Observations & Remote Sensing,2014,8(6) : 3062 —3067.

[18] LIUZ, HE Y, CEN H, et al. Deep feature representation with stacked sparse auto-encoder and convolutional neural network
for hyperspectral imaging-based detection of cucumber defects[ J]. Transactions of the ASABE, 2018,61(2) ; 425 —436.

[19] YU J, HUANG D, WEI Z. Unsupervised image segmentation via stacked denoising auto-encoder and hierarchical patch
indexing[ J]. Signal Processing, 2017,143 346 - 353.

[20] WANG N, ZHOU W, WANG J, et al. Transformer meets tracker; exploiting temporal context for robust visual tracking[ C] //
Proceedings of the IEEE/CVF Conference on Computer Vision and Pattern Recognition, 2021 1571 —1580.

[21] YAN B, PENG H, FU J, et al. Learning spatio-temporal transformer for visual tracking[ C] // Proceedings of the IEEE/CVF
International Conference on Computer Vision, 2021 . 10448 - 10457.

[22] LIUZ,LINY, CAOY, et al. Swin transformer: hierar-chical vision transformer using shifted windows[ C] // Proceedings of
the IEEE/CVF International Conference on Computer Vision, 2021 10012 - 10022.

(23] ZBiH. SETIRPIR 5ok i i) s R e[ D] st h E R =B R ,2020.
GONG Tao. Research on hyperspectral denoising algorithm based on low rank representation and tensor decomposition[ D ].
Beijing: University of Chinese Academy of Sciences,2020. (in Chinese)

[24] FAN H, CHEN Y, GUO Y, et al. Hyperspectral image restoration using low-rank tensor recovery[ J]. TEEE Journal of
Selected Topics in Applied Earth Observations and Remote Sensing,2017, 10(10) :4589 —4604.

[25] MARCO J, HERNANDEZ Q, MUNOZ A, et al. DeepToF ;off-the-shelf real-time correction of multipath interference in time-
of-flight imaging[ J]. ACM Transactions on Graphics, 2018, 36(6) :1 - 12.

(#5368 TT)

[30] BeUEnl, EIM, T HE, 55, 2L T PSO Bk GMM it J - A REAF AL S BN S IR [ T ], 71274, 2021 ,42

[31]
[32]
[33]

[34]

[35]
[36]
[37]
[38]

[39]

(9):1193 - 1199.

TENG Fengcheng, WANG Shanshan, YANG Xuepan, et al. Parameter identification and verification of improved J — A hysteresis
model of GMM based on PSO algorithm[ J]. ACTA Metrologica Sinica, 2021,42(9) :1193 —1199. (in Chinese)

ALSALIBI B, ABUALIGAH L, KHADER A T. A novel bat algorithm with dynamic membrane structure for optimization
problems[ J]. Appl. Intell. , 2021, 51(4) :1992 —2017.

ALTAN A, KARASU S, ZIO E. A new hybrid model for wind speed forecasting combining long short-term memory neural
network , decomposition methods and grey wolf optimizer[ J]. Applied Soft Computing, 2021, 100(11) ;25 —39.
NADIMI-SHAHRAKI M H, TAGHIAN S, MIRJALILI S. An improved grey wolf optimizer for solving engineering problems
[J]. Expert Systems with Applications, 2021,166:113917.

ZEARH AL, TRy AR BRI AR Y F R ARSI ] /NR R RL AR 4, 2021 ,42(10) :2023 ~2030.
LI Weizhong, KONG Lingcheng, WANG Meiling. Adaptive gray wolf optimization algorithm combined with fuzzy logic[J].
Journal of Chinese Computer Systems,2021,42(10) ;2023 —2030. (in Chinese)

WU Y H,SUN L Q,WANG B N. A hybrid XGBoost — ISSA — LSTM model for accurate short-term and long-term dissolved
oxygen prediction in ponds[ J]. Environmental Science and Pollution Research,2021,9(5) :863 —876.

XUE J K, SHEN B. A novel swarm intelligence optimization approach: sparrow search algorithm[ J]. Systems Science &
Control Engineering,2020,8(1) ;269 —284.

ZHANG C L,DING S F. Stochastic configuration network based on chaotic sparrow search algorithm[ J]. Knowledge Based
Systems ,2021,220(23) ;1103 - 1116.

THONGBAI P, MILROY S, BANGE M, et al. Agronomic responses of cotton to low soil oxygen during waterlogging[ C] //
10th Australian Agronomy Conference, Hobart, Tasmania, 2001; 185 —190.

BHATTARAI S P, MCHUFH A D, LOTZ G,et al. Cotton under subsurface drip and furrow irrigation in a heavy clay soil[ J].
Aust. J. Exp. Agr. ,2005,18(3) :1321 - 1329.





