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Abstract: Nitrogen cycle is a complex process of multi-media and multi-interface between water-soil-atmosphere-biology in the
Earth's sphere, which is closely related to environmental problems such as soil health, food security, global warming, air pollution and
water quality. With the rapid development of computer technology and the generation of massive and multi-source data in recent years,
machine learning (ML) has rapidly become a powerful tool to study nitrogen cycle. This paper first introduces the functional concepts
of ML, including typical development process and learning application scenarios. Then typical application algorithms of ML are
summarized, including classical ML (such as random forest, support vector machine, etc.) and deep learning (such as convolutional
neural network, long-term and short-term memory network, etc.). In addition, the application research progress of ML in the field of
nitrogepn cycle research are reviewed, including nitrogen metabolism mechanism, simulating nitrogen cycle process and managing
nitrogen flow in atmosphere, water, soil and plant/crop. In the future, the research of feature engineering and model fusion based on big
data and ML technology will bring great changes to data analysis and modeling in the field of nitrogen cycle. Meanwhile, combine ML
with process-based models to solve complex problems in the nitrogen cycle, which will provide important support for serving the
national “double carbon” strategy and controlling global warming, air pollution and other environmental issues.
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Fig. 4 Trade-off between performance and interpretability for machine learning algorithms and their respective advantages

3.1 ZHEYIFFES

3.1.1 [FEVLAEM FEML A% M (Random Forest, RF)
J& Breiman JF A& 1) — B3 T4 T PSR 0 4 12 >
Bk “BEHL SEERREE, EEARI I ZREREL
FAE DL BRRAE B2 R B A B o TE 2 PR A 3 PR A Bl L
HIGIA, A BAFH3E T T ez e fbTgEae ), (I
NG AN — YRR R W A ., 1245 M1k,
RF 7E 2Bk R G0 AR 0 s ™ | iR
Yy Fp it as @ ) 4 3 oK R R TR TR S T

SV Ty T AR B T SR A B T o

3.1.2 LRl SZ 4% )/ L (Support  Vector
Machine, SVM)&—H T ZJ0/r K0 L r2eds,
ff A 5 LA R SRl e KAk, B TE4E 2 25 6] rh
FHN—AIEF ORI R I, M T ST
JE LA VN GRAEA NI T 9002 > B SR WO A8 R AR X
23 AN AN T A2 4%, SVM LA 25 #4) XU Bt /ME(SRM)
AR 250 KU e/ ME(ERM) B, KORFEAS 13
PG KU, LA I A 18 A 5 A R 51 el A 80

http://soils.issas.ac.cn



694 +

e %55 %

GRS “YERERAME” . SVM A 4 R R Ak
FAl. k. 2. S B(Sigmoid) FIAR ] 5 pR %L
(RBF). %R HZEE PRSI SVM BHY 734y
SURMHERAYE . RBF %, A WBHMEdgpR oy & i
(Gaussian Kernel), |32 1 F T - 39602 $iov 4 6 1491
KO W RN A AR BRI A Sl PO T
32 REE3I

W2 S R ML M RIEE A Z 2N T
M2 M 4% (Artificial Neural Network, ANN)., ANN fx
F.t Warren McCulloch Fil Walter Pitts #2181, fRZH
AT AT BEYE AR TE 20 HHE28 S T ARAC AR 2%
Bl Heln 1958 4F.0 225K Rosenblatt 13k 4 B 1AL
(Perceptron), {H F FEIHLATAE Tk 56 il 2 M i
YRR BB A ST B A VKR I, 2l 2 )2
P25 0 248 R S [ A A AL B L B Y, 2 i 2% T
20 42 80 AFARIM 155 B ST L Bl 4%
JEELBIEG R MGG TR 25 T 7 A Ao B R 3 H
KEMIIRIEL; S5 — 71, AU SVM S5 X4 5k X
AT DATE /D AR B2 IR 251 T SR SR ORI, Rtk
Mg 2 IueEtY . B 21 e sk, HiETHERE
JIAINGRBHE B ) KR EE 4R T, Fnl e =it &
PEfE GPU WA 1) T2 W, (A5 40 28 I 28 I
PR I3, MR =R B,

TR 2 S IR ML a7 > A 2 & R 433 Y
IR 25 TIHRMLE AR A PR A e L St it 508 i) A
Wi R, HAERE % | Wiy | sy S sl % f
Ja kT H2E B R B AT AR T Se 50 iR A 1
0T 58 4 F B SR B, AT ARG Ay b 2 245 ) S 0
H PRI R LA, DA T S A e B A8 ) 70
FEMER R G KBRS0 T, W2 Bk BB
i 25 I 24 A A2 I 46) 45 4 M B R GE(GIS)
IS S (RS) I JH 45 Wb Bk 71 58 (GEE) 4 2 3 30F
BEEE, A I R AT IR TR 1
M2 o D2 R B A 500, R TR
REH,
321 BRI LRI 2 M 4% (Convolutional
Neural Network, CNN)LLA= Y058 B AL A R I8,
ST A4 TR 2 2] BEA  FE SN o S A
T4 NBE BRI, 1990 4F, Le Cun %PV T4
37 CNN BUCHEARRITRIMEIE SC. A 2012 4FLDK,
CNN B REUR 2 . XEGR | 18 oI S50
e AT 55 i R kO
322 KEMCIZM 4 AT 12 P 2% (Long
Short-Term Memory, LSTM)JE T —F4r5k i1EERf

ZE M4 (RNN), JE AR LMt (8] 7 5 45008 . fed)
WA Sepp Hochreiter A1 Jiirgen Schmidhuber 7£
1997 AFE Y, T S RNN 78 2% > K A0 A 3
WP RS B G R DT e Bk RGRH RS
SoT, dl S AR R S H AR AR (B
WA G LSTM AR, AT 4k iy Bk 4>
BRAG DS

4 HBFIERBAGBH N AR R

PLERF T N S B H T 12, AR SO b B
FMER S . BORIE IR AEDS  SAEke, 7E i BRA) 240
WOM B T A S A BN R 5 . AN,
Reichstein 220045 Hy T ML 27 ~J ) LR 3 22 5 107
875 QNI e s 3 o1 - N 1 o L1 1 R B AN R L1052
HI AR ] J45 L 7R R R GRS, HLEs ) B 2oRiE
FEWNIEFRAR . HRIEFAMAR: . RSNG| i &
SR 53— A= 2 T B ™ A 1Y) el BB, K-
RN SR L, T TS MRRUE -
(AR U RLADL , F 455 DA AL A2 A 0 P S SO R
FIEFR . AR SN, DUKEDNX , HB ik
S SRR, R ES . PR Bk R, dr
THEHHERAD . BRI E R & N0 B HE
LA RERIE I AR, RUIE A i AR DT 0
FHOCH Z AR AL, Bl kAR & 8 TR Y S i Akt
TR DR SR R B AR R 02 L R Y31 ] 035 PR A 207
A P A ROV

M 20 42 90 4EACHF IR, BEE SVM Fil RNN fY
WAT, PLERF 5 A BRIk sh i i o AH L FAE S
B, HLEs2s 2 BAA LU RS, —Jri, HLasss2d
TRZ A B, e erE R, b
PR FE H2 - (SGBYAH LE T2 T3 2 1) WNMM (K
R P  APSIM(Al A 7= 2 Gepsi A ) S A5 76 S
WA A PR BB, R PP A AT R AR A T I
i AL A% MR (RF) J7 12k 28 1 BL 1k 27 0y 384 i A 7
WRF-CMAQ T = HERGE Y, 55 —J5 i, HlLas=>]
Ty s BB E B EL LA (R AL Ik 2 48 56 AR 7 T i
RN o a0, BAT—ABoBUZ 0 T 2 2 ik
i3 e RBRMERT, FN CO, & AR 25 AR
ARV, Cui AR T —A B REALARAR . B6EEHE TR
JR T AT 436 4 2 T 288 201 ) 4 OB #8827 S AR SE B T
X A IEAE AL AL ) HONO %5, 2010 4F
DIk, Bl TREE 2% 2 0248, B oK ) i 348 s
ST, £4 GRS BA b 22 R A i SR Al e — A 4
Jh o TRVRSE, 6T B R 25 0 R A oA 38 3] A A A

http://soils.issas.ac.cn



5 4 19

SR A s BILAR T S TR BRI A T 3k 695

PO, MLAS 2% 20 38 W] LA A —Fh At T 40l e vk b
RN W OC ZR AR TR T SR, A PR
AR EA KRRz AR AR L= S Re T, B
R A 1Y AR R 1T BOLAS P i e sl A 1 mf
RN, ELREE RO 2 2838 2, wl iRk
A2 4, AR TSR R AT Y K SR,
40, Hou ZUS5H] RF 1A Shapley ik fig BeE 1%
il post hoc ffE R ARG /R T RS T5 YR R 2
TiAh, K HLAR A 2D A R W B i AR AR AU AE SR 4,
AT REN AT A R 2 B S AR, R B IRl Sk Al
A 25 B0 AT B AN [R) A YR R 43 3 238 1) L e i 1] 2
LI B B 2R A AR, DA D sl S v
22U, Zhan ZEUVIE K 3 RUIR A R R BE ML AR AT
25 5L HUARVE(RF-STK), AN T H NO, Geita iy
25, A A AR JRURS: A g 25 <005 e (] R )
KH R

LR 2T AR REE . s
DR S R B e SRR TR R iR A
FHEME , ARG AR R GBI ) Ry TR,
SRR T 53 SR BE 2 > Flsi Ak o), BT
SRV FRAERE ST AL T /e TT, 5 ENGA P AETER L
BRI AL G, (AR AR M & e,
Jril it 2 R M TR RS 4R BIAF A B AR
RERMEET . FET LA T B R A AT
ARSI R R ek A S w7 Wi EY
R A S IR T R M A
MR AT RO R B R R A E e
L BRI BBOK R KRR B M3 S A7~ 07
XAATE T AT Y R&ET A, /b "E T
PP A — R AR R, [ SR
DNA 552 A ) e itk B R R BRAR T o3 i A= i
T LH I AR, ML 2 = 18 0T U R 43 A 78 D0 T AR
FH AR HH 3l S Y 16S rRNA J5 PR B %) 1 9t
B TLE AL, fEE 2% I, Higdon %] RF
Ik AL U] A A W) [ RURAE Y BE A , 502 3k
2 SCIRMT 5T (Pan-GWAS ) TR 31 i 3 PR £ 47 L X6 AT E
AT, S0 Hh R B AR h LK Iz R N A 5 49
[ SR AH G Y 2 A 4

BLASF > I TE S BAG IR DC AT it AL AR s
TR TS e il R GRS A AR 2R A U A T
HR AT W, BT R R A b, A
PEAK R YA R T BRBOKEA DGR, 51 4 Bl
e ) IR Al KA S R MY AT R — R
HIK RS HOGAE R 3T LSTM 424, f

FEFTILASZINE 00 75 7 Ak 2T 22 R R &) HE ok
FE i Xu ZEC ] ANN R HE— 2538 7R T R[]
PrA AT DA A R0 R 1% i 1 25 1 S
FEHL, IERL G 3h s o e KRR T T
T

SVATT T, & Fh 2 LR R A AL g 24 > 7 VR Atk By
R 2 BB 2 H T HBR RSB A0 R E T4
B, It HBOR i S | PR sE AR B 1
YRR A AR R R A AR 2 AR
R SCRFRF R AR , t o PR AE D bR fE 2R AR
R AR R SR TR A o

5 REERE

REAEEAE 21 2RO TR —, LA
36 3K 50 A B 4 R A0 A g A e ok T~ A ) A
BB, BEFRTHRALIERERY S, TREE % > Fa Aoy~
MR R, B TP g7~ TRAGRY B, i
INE AR 10 FEHLAS - 2T SR B RS HBBR B U 151
U TR k2 5 RS B T ol 17
PLER 7~ EBEIER BAT SRR B RAEFIZ AL RE T, W] LA
HE—BNRZW ZRE . 2000 A YER =
B Wi ne Y SiiPuntlI 2 - BIvE QN i T |
AL Y ER A A B, B R B E 2 Ayl
AYIEALE R, R IR AL, R AR R
S B RN IR L) . AR AR AR A
IR e B TR0 A A A2 AR SE K ik Ao >
RIS 458, IERE I S IR AC B, il 52 5 fif
RIrg, AshktEk, Er s A RS HIE
SEPRN T 1T, AR T 2 SRR ) 5 A P AR fi
T, X I IO I M b 3R 28 5 ) SRS R IR 2 ) 5
s ML AR 2 Tk VR RE , e T ) e H R HE
BT [ ARl 7 B 583 ) 5 k0 0 K 5 ) 22 6 3K
S PMEIE IR, Rk HE TR AL ] HoR
AR TR R BB 5 OB IE , R 22 20 AR P A )
Bl SRR B R, MRS K Xk
FRE LA 4 ) A BRVR R | 2T Yl A PR3 ) AL gt o

Zigtt.
SE Wk

[1] Maathuis F J. Physiological functions of mineral
macronutrients[J]. Current Opinion in Plant Biology, 2009,
12(3): 250-258.

[2] Melillo E D. The first green revolution: Debt peonage and
the making of the nitrogen fertilizer trade, 1840-1930[J].
The American Historical Review, 2012, 117(4): 1028—1060.

http://soils.issas.ac.cn



696 + i 55 55 %

[3] Rockstrom J, Steffen W, Noone K, et al. A safe operating learning methods in biological networks[J]. Briefings in
space for humanity[J]. Nature, 2009, 461(7263): 472-475. Bioinformatics, 2021, 22(2): 1902-1917.

[4] Li ST, He P, Jin J Y. Nitrogen use efficiency in grain [18] Hou L L, Dai Q L, Song C B, et al. Revealing drivers of
production and the estimated nitrogen input/output balance haze pollution by explainable machine learning[J].
in China agriculture[J]. Journal of the Science of Food and Environmental Science & Technology Letters, 2022, 9(2):
Agriculture, 2013, 93(5): 1191-1197. 112-119.

[5] Galloway J N, Townsend A R, Erisman J W, et al. [19] Keller C A, Evans M J. Application of random forest
Transformation of the nitrogen cycle: Recent trends, regression to the calculation of gas-phase chemistry within
questions, and potential solutions[J]. Science, 2008, the GEOS-Chem chemistry model v10[J]. Geoscientific
320(5878): 889-892. Model Development, 2019, 12(3): 1209-1225.

[6] Houlton B Z, Almaraz M, Aneja V, et al. A world of [20] Reichstein M, Camps-Valls G, Stevens B, et al. Deep
cobenefits: Solving the global nitrogen challenge[J]. learning and process understanding for data-driven Earth
Earth’s Future, 2019, 7(8): 865-872. system science[J]. Nature, 2019, 566(7743): 195-204.

[77 Wu D M, Zhang J W, Wang M D, et al. Global and [21] Canfield D E, Glazer A N, Falkowski P G. The evolution
regional patterns of soil nitrous acid emissions and their and future of Earth’s nitrogen cycle[J]. Science, 2010,
acceleration of rural photochemical reactions[J]. Journal of 330(6001): 192—-196.

Geophysical Research: Atmospheres, 2022, 127(6): [22] Kuypers M M M, Marchant H K, Kartal B. The microbial
€2021JD036379. nitrogen-cycling network[J]. Nature Reviews Microbiology,

[8] Tian H Q, Yang Q C, Najjar R G, et al. Anthropogenic and 2018, 16(5): 263-276.
climatic influences on carbon fluxes from eastern North [23] Fowler D, Coyle M, Skiba U, et al. The global nitrogen
America to the Atlantic Ocean: A process-based modeling cycle in the twenty-first century[J]. Philosophical
study[J]. Journal of Geophysical Research: Biogeosciences, Transactions of the Royal Society of London Series B,
2015, 120(4): 757-772. Biological Sciences, 2013, 368(1621): 20130164.

[9] Giltrap D L, Li C S, Saggar S. DNDC: A process-based [24] Broda E. Two kinds of lithotrophs missing in nature[J].
model of greenhouse gas fluxes from agricultural soils[J]. Zeitschrift Fir Allgemeine Mikrobiologie, 1977, 17(6):
Agriculture, Ecosystems & Environment, 2010, 136(3/4): 491-493.

292-300. [25] Woods D D. The reduction of nitrate to ammonia by

[10] Overpeck J T, Meehl G A, Bony S, et al. Climate data Clostridium welchii[J]. The Biochemical Journal, 1938,
challenges in the 21st century[J]. Science, 2011, 331(6018): 32(11): 2000-2012.

700-702. [26] Matsumoto S, Ae N. Characteristics of extractable soil

[11] Das M, Ghosh S K. A deep-learning-based forecasting organic nitrogen determine using various chemical
ensemble to predict missing data for remote sensing solutions and its significance for nitrogen uptake by
analysis[J]. IEEE Journal of Selected Topics in Applied crops[J]. Soil Science and Plant Nutrition, 2004, 50(1):
Earth Observations and Remote Sensing, 2017, 10(12): 1-9.

5228-5236. [27] Schimel J P, Bennett J. Nitrogen mineralization:

[12] Lee H, Wang J F, Leblon B. Using linear regression, Challenges of a changing paradigm[J]. Ecology, 2004,
random forests, and support vector machine with unmanned 85(3): 591-602.
aerial vehicle multispectral images to predict canopy [28] Xu G H, Fan X R, Miller A J. Plant nitrogen assimilation
nitrogen weight in corn[J]. Remote Sensing, 2020, 12(13): and use efficiency[J]. Annual Review of Plant Biology,
2071. 2012, 63: 153-182.

[13] Padarian J, Minasny B, McBratney A B. Machine learning [29] Thompson R L, Lassaletta L, Patra P K, et al. Acceleration
and soil sciences: A review aided by machine learning of global N,O emissions seen from two decades of
tools[J]. Soil, 2020, 6(1): 35-52. atmospheric inversion[J]. Nature Climate Change, 2019,

[14] Zheng L M, Lin R, Wang X M, et al. The development and 9(12): 993-998.
application of machine learning in atmospheric environment [30] ARAkEy, S, onHE. T8 PR AR HE O 5T
studies[J]. Remote Sensing, 2021, 13(23): 4839. JR[J]. BHEZ 24K, 2022, 40(3): 130-144.

[15] Zhong S F, Zhang K, Bagheri M, et al. Machine learning: [31] Zhang X N, Ward B B, Sigman D M. Global nitrogen cycle:
New ideas and tools in environmental science and Critical enzymes, organisms, and processes for nitrogen
engineering[J]. Environmental Science & Technology, budgets and dynamics[J]. Chemical Reviews, 2020,
2021, 55(19): 12741-12754. 120(12): 5308-5351.

[16] Sit M, Demiray B Z, Xiang Z R, et al. A comprehensive [32] Xu Y J, Liu X, Cao X, et al. Artificial intelligence: A
review of deep learning applications in hydrology and powerful paradigm for scientific research[J]. The
water resources[J]. Water Science and Technology, 2020, Innovation, 2021, 2(4): 100179.

82(12): 2635-2670. [33] Bergen K J, Johnson P A, de Hoop M V, et al. Machine

[17] Jin S T, Zeng X X, Xia F, et al. Application of deep learning for data-driven discovery in solid Earth

http://soils.issas.ac.cn



5 4 19

A AL ) L SRR ER U R 2

697

[34]

[35]

[36]

[37]

(38]

[39]

(40]

[41]

[42]

[43]

[44]

[45]

[46]

[47]

[48]

(49]

geoscience[J]. Science, 2019, 363(6433): eaau0323.
Kaelbling L P, Littman M L, Moore A W. Reinforcement
learning: A survey[J]. Journal of Artificial Intelligence
Research, 1996, 4: 237-285.

Zhou Z H. Machine Learning[M]. Singapore: Springer
Singapore, 2021.

Salcedo-Sanz S, Ghamisi P, Piles M, et al. Machine
learning information fusion in Earth observation: A
comprehensive review of methods, applications and data
sources[J]. Information Fusion, 2020, 63: 256-272.

Yang M D, Hsu Y C, Tseng W C, et al. Assessment of
grain harvest moisture content using machine learning on
smartphone images for optimal harvest timing[J]. Sensors,
2021, 21(17): 5875.

Liu X, Lu D W, Zhang A Q, et al. Data-driven machine

learning in environmental pollution: Gains and problems[J].

Environmental Science & Technology, 2022, 56(4):
2124-2133.
SRR, AR, SRACUH. AR IE AT S R ().

HEHL TSN, 2022, 58(15): 52-67.

[y, &, XK, 5. =B E % N RE T E#
Pl ST BRI ZRAE U A0 0], R4, 2021,
25(8): 1722-1734.

FE. EREITRLGRI] BN SHAR, 2017,
13(32): 203-205.

Glenn A J, Moulin A P, Roy A K, et al. Soil nitrous oxide
emissions from no-till canola production under variable
rate nitrogen fertilizer management[J]. Geoderma, 2021,
385: 114857.

Li R, Cui L L, Zhao Y L, et al. Long-term trends of
ambient nitrate (NO3) concentrations across China based
on ensemble machine-learning models[J]. Earth System
Science Data, 2021, 13(5): 2147-2163.
Wang J Z, Shi T Z, Yu D L,

machine-learning-based framework for estimating total

et al. Ensemble

nitrogen concentration in water using drone-borne
hyperspectral imagery of emergent plants: A case study in
an arid oasis, NW China[J]. Environmental Pollution, 2020,
266(Pt 2): 115412.

Mashaba-Munghemezulu Z, Chirima G J, Munghemezulu
C. Modeling the spatial distribution of soil nitrogen content
at smallholder maize farms using machine learning
regression and sentinel-2 data[J]. Sustainability, 2021,
13(21): 11591.

Noble W S. What is a support vector machine?[J]. Nature
Biotechnology, 2006, 24(12): 1565-1567.

ZE[EA. SVM 2rFAL R B S B £ LA D). T EALT
TSR . 2011, 47(3): 123-124.

Zhou T, Geng Y J, Chen J, et al. High-resolution digital
mapping of soil organic carbon and soil total nitrogen using
DEM derivatives, Sentinel-1 and Sentinel-2 data based on
machine learning algorithms[J]. Science of the Total
Environment, 2020, 729: 138244,

Kim Y, Oh S. Machine-learning insights into nitrate-

reducing communities in a full-scale municipal wastewater

(50]

[51]

[52]

(53]

[54]

[55]

[56]

[57]

[58]

[59]

[60]

[61]

[62]

[63]

[64]

treatment plant[J]. Journal of Environmental Management,
2021, 300: 113795.

Qiu Z C, Ma F, Li Z W, et al. Estimation of nitrogen
nutrition index in rice from UAV RGB images coupled
with machine learning algorithms[J]. Computers and
Electronics in Agriculture, 2021, 189: 106421.

TR, FREE, BB N TG W AR R R e N 2R A
0] THEHLT RS, 2021, 57(11): 57-69.

Werbos P J. The roots of backpropagation: From ordered
derivatives to neural networks and political forecasting[M].
New York: John Wiley & Sons, 1994.

Cortes C, Vapnik V. Support-vector networks[J]. Machine
Learning, 1995, 20(3): 273-297.

Zhang Q C, Yang L T, Chen Z K, et al. A survey on deep
learning for big data[J]. Information Fusion, 2018, 42:
146-157.

Le Cun Y, Boser B, Denker J S, et al. Handwritten digit
recognition with a back-propagation network[J]. Advances
in Neural Information Processing Systems, 1990: 396-404.
Chen L Y, Li S B, Bai Q A, et al. Review of image
classification algorithms based on convolutional neural
networks[J]. Remote Sensing, 2021, 13(22): 4712.
Sherstinsky A. Fundamentals of recurrent neural network
(RNN) and long short-term memory (LSTM) network[J].
Physica D: Nonlinear Phenomena. 2020, 404: 132306.

Li K L, Duan H R, Liu L F, et al. An integrated first
principal and deep learning approach for modeling nitrous
oxide emissions from wastewater treatment plants[J].

Environmental Science & Technology, 2022, 56(4):
2816-2826.

Tang W Y, Li Z C, Cassar N. Machine learning estimates
of global marine nitrogen fixation[J]. Journal of
Geophysical Research: Biogeosciences, 2019, 124(3):
717-730.

Pan B B, Lam S K, Wang E L, et al. New approach for
predicting nitrification and its fraction of N,O emissions in
global terrestrial ecosystems[J]. Environmental Research
Letters, 2021, 16(3): 034053.

Lu X C, Yuan D H, Chen Y A, et al. Estimations of
long-term nss—SOi’ and NOs wet depositions over East
Asia by use of ensemble machine-learning method[J].
Environmental Science & Technology, 2020, 54(18):
11118-11126.

Xu X X, Liu S, Zeng M, et al. Deciphering response effect
and underlying mechanism of anammox-based nitrogen
removal process under exposures to different antibiotics via
big data analysis[J]. Bioresource Technology, 2022, 347:
126674.

Higdon S M, Huang B C, Bennett A B, et al. Identification
of nitrogen fixation genes in Lactococcus isolated from
maize using population genomics and machine learning[J].
Microorganisms, 2020, 8(12): 2043.

Vu T V, Shi Z B, Cheng J, et al. Assessing the impact of
clean air action on air quality trends in Beijing using a
machine learning technique[J]. Atmospheric Chemistry and

http://soils.issas.ac.cn



698 + i 55 55 %
Physics, 2019, 19(17): 11303-11314. in soil from hyperspectral data[J]. IEEE Journal of Selected

[65] Papale D, Valentini R. A new assessment of European Topics in Applied Earth Observations and Remote Sensing,
forests carbon exchanges by eddy fluxes and artificial 2020, 13: 6495-6511.
neural network spatialization[J]. Global Change Biology, [75] Barbedo J G A. Detection of nutrition deficiencies in plants
2003, 9(4): 525-535. using proximal images and machine learning: A review[J].

[66] Cui L L, Wang S X. Mapping the daily nitrous acid Computers and Electronics in Agriculture, 2019, 162:
(HONO) concentrations across China during 2006-2017 482-492.
through ensemble machine-learning algorithm[J]. Science [76] Qin Z S, Myers D B, Ransom C J, et al. Application of
of the Total Environment, 2021, 785: 147325. machine learning methodologies for predicting corn

[67] Taki R, Wagner-Riddle C, Parkin G, et al. Comparison of economic optimal nitrogen rate[J]. Agronomy Journal,
two gap-filling techniques for nitrous oxide fluxes from 2018, 110(6): 2596-2607.
agricultural soil[J]. Canadian Journal of Soil Science, 2019, [77] Jiang Z W, Yang S H, Chen X, et al. Controlled release
99(1): 12-24. urea improves rice production and reduces environmental

[68] Zdeborova L. Understanding deep learning is also a job for pollution: A research based on meta-analysis and machine
physicists[J]. Nature Physics, 2020, 16(6): 602—604. learning[J]. Environmental Science and Pollution Research

[69] Toms B A, Barnes E A, Ebert-Uphoff 1. Physically International, 2022, 29(3): 3587-3599.
interpretable neural networks for the geosciences: [78] Chlingaryan A, Sukkarieh S, Whelan B. Machine learning
Applications to earth system variability[J]. Journal of approaches for crop yield prediction and nitrogen status
Advances in Modeling Earth Systems, 2020, 12(9): estimation in precision agriculture: A review[J]. Computers
€2002M-e2019M. and Electronics in Agriculture, 2018, 151: 61-69.

[70] Ivatt P D, Evans M J. Improving the prediction of an [79] Yang Y, Shang X, Chen Z, et al. A support vector
atmospheric chemistry transport model using gradient- regression model to predict nitrate-nitrogen isotopic
boosted regression trees[J]. Atmospheric Chemistry and composition using hydro-chemical variables[J]. Journal of
Physics, 2020, 20(13): 8063—-8082. Environmental Management, 2021, 290: 112674.

[71] Zhan Y, Luo Y Z, Deng X F, et al. Satellite-based estimates [80] Wilhelm R C, van Es H M, Buckley D H. Predicting
of daily NO, exposure in China using hybrid random forest measures of soil health using the microbiome and
and spatiotemporal kriging model[J]. Environmental supervised machine learning[J]. Soil Biology and
Science & Technology, 2018, 52(7): 4180—4189. Biochemistry, 2022, 164: 108472.

[72] Ghahramani Z. Probabilistic machine learning and artificial [81] Niu C, Tan K, Jia X P, et al. Deep learning based
intelligence[J]. Nature, 2015, 521(7553): 452—459. regression for optically inactive inland water quality

[73] Irrgang C, Boers N, Sonnewald M, et al. Towards neural parameter estimation using airborne hyperspectral
Earth system modelling by integrating artificial intelligence imagery[J]. Environmental Pollution, 2021, 286: 117534.
in Earth system science[J]. Nature Machine Intelligence, [82] Farhi N, Kohen E, Mamane H, et al. Prediction of
2021, 3(8): 667-674. wastewater treatment quality using LSTM neural

[74] Patel A K, Ghosh J K, Pande S, et al. Deep-learning-based network[J]. Environmental Technology & Innovation, 2021,

approach for estimation of fractional abundance of nitrogen

23:101632.

http://soils.issas.ac.cn



