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Abstract: Machine learning can handle an ever-increasing amount of data with the ability to learn models from the data. It has
been widely used in a variety of disciplines and is gaining increasingly more attention nowadays. As it is challenging to map
soil and hydrological information that are characterised with high spatial and temporal variability, applications of machine
learning in soil science and hydrology (AMLSH) have become popularised. To better understand the current state of AMLSH
research, a scientific and quantitative approach was performed to statistically analyse publication information from 1973
to 2021 archived in the Scopus database using scientometric analysis tools, including VOSviewer, CiteSpace, and the open-
-source R package “bibliometrix”. The results show a significant increase in the number of publications on AMLSH since 2006.
The major contributions were identified based on country origins (China, the USA, and India), institutions (Hohai University,
Islamic Azad University, and Wuhan University), and journals (Journal of Hydrology, Remote Sensing, and Geoderma). The
keywords analysis of the AMLSH research demonstrates four research hotspots: neural network, artificial intelligence, ma-
chine learning, and soil. The most frequently utilised machine learning (ML) methods are neural networks, decision trees,
random forests and other methods for image processing and predictive analysis. McBratney et al. 2003 is the most highly
cited article. Our research sheds light on the research process on AMLSH and concludes with future research perspectives.
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Abbreviations: AEEMD — adaptive ensemble empirical mode decomposition; Al — artificial intelligence; AMLSH — ap-
plication of machine learning in soil science and hydrology; ANN - artificial neural network; ANFIS — neuro-fuzzy in-
ference system; BPNNs — back propagation neural networks; CART - classification and regression tree; DEMs — digital
elevation models; DL — deep learning; DSM — digital soil mapping; ELM — extreme learning machine; GIS — geographic
information systems; GMDH — group method of data handling; GPS — global positioning system; IT — information
technology; KNN — K-nearest neighbour; ML — machine learning; MnLR — multinomial logistic regression; NB — naive
Bayes model; NN — neural network; RBF — radial basis function; REPTree — ensemble Reduced-error pruning trees;
RF - random forest; RS — rough set theory; SAR(1) — seasonal first-order autoregressive; SOC — soil organic carbon;
SSVM - smooth support vector machine; SVM — support vector machine; WGPM — Working Group in Pedometrics

Machine learning (ML), as a research branch of ar- ML lies between computer science and statistical
tificial intelligence (AI), shows full vitality with the  science, learning models from data to accomplish
advent of the big data era (Acker 2015; Plasek 2016).  various tasks (Jordan & Mitchell 2015) with cluster-
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ing, classification, regression, and tagging. ML can
be divided into supervised learning, semi-supervised
learning, and unsupervised learning (Japkowicz 2001;
Abraham et al. 2014; Huang et al. 2014; Usama et al.
2019; van Engelen & Hoos 2020; Liu et al. 2021) ac-
cording to the learning process. The main difference
is whether the training data contains known labels.
Supervised learning determines labels for unknown
data by learning from labelled training data, while
unsupervised learning automatically learns unlabelled
data and builds models, which often requires much
more data to train than supervised learning. Semi-
supervised learning is located in between supervised
and unsupervised learning (Baskaya & Jurgens 2016).
ML relies heavily on its powerful and varied algorithms
to demonstrate its capabilities. Popular algorithms
include linear regression, logistic regression, clas-
sification and regression tree (CART), naive Bayes
model (NB), support vector machine (SVM), K-nearest
neighbour (KNN), random forest (RF), and artificial
neural networks (ANN) (Aha et al. 1991; Lee & Shin
1999; Le Gratiet & Garnier 2015; Mishina et al. 2015;
Ao etal. 2019; Bonakdari et al. 2019; Choi et al. 2020;
Xu et al. 2021). ML has been a research hotspot in vari-
ous disciplines based on the powerful learning ability
of ML, its black box learning method enables models
to be defined according to people’s needs. It also pro-
motes the development of earth science, especially
to investigate complex soil physical and hydrological
processes and properties in difficult-to-sample areas
(Govindaraju 2000b; McBratney et al. 2003). Goyal
et al. (2017) demonstrates that ML-based models
show good accuracy on a limited data set of interest,
because ML can use multiple related remote sensing
data sources to complement the data shortage (Kumar
etal. 2021). In addition, ML can effectively supplement
the world soil and hydrology related databases (Jafari
et al. 2014). Moreover, soil science and hydrology are
closely related disciplines and critical for the earth
system science. Therefore, we focused on the applica-
tion of ML in soil science and hydrology in this study.

Hydrology is the basic science of developing and
controlling water resources, studying the occurrence,
distribution, circulation and nature of water on Earth,
and is related to multiple geophysical disciplines
(Horton 1933; Harshbarger & Ferris 1963; Eagleson
1994). ML is used to build models in order to solve
hydrological processes with high spatial-temporal
variability such as runoff, precipitation, and pollut-
ant concentrations (Govindaraju 2000a, b). Common
ML algorithms in hydrological models include: ANN,
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SVM, extreme learning machine (ELM) (Gharib &
Davies 2021). In fact, SVMs using kernel functions are
alternative training methods for polynomials, radial
basis functions (RBFs), and multilayer perceptron
classifiers (Huang et al. 2010). While there are many
challenges of using ML algorithms for data-driven
modelling in hydrological modelling and prediction,
including the inherently difficult to interpret proper-
ties of ML and the poor representation of hydrological
data in some regions, these shortcomings are being
tackled. Specifically, Besalatpour et al. (2012) pointed
out that the accuracy of SVM results can be effectively
improved by introducing a simulated annealing algo-
rithm. Pappenberger et al. (2005) used a simplified
approach aiming to reduce the computational burden
of uncertainty estimation in flood modelling, because
the impact of uncertainty from the model structure,
parameters and inputs was too large in previous flood
models, resulting in an increase in the cost of the
model operation (Grimaldi et al. 2019).

In soil science, the growing power of tools, such
as the geographic information system (GIS) (Burrough
1986), global positioning system (GPS), remote and
proximal sensors, and data sources provided by digital
elevation models (DEMs) is also boosting the applica-
tion of ML (Wadoux et al. 2020). After the establish-
ment of the Working Group in Pedometrics (WGPM)
in 1990, pedometrics became a multidisciplinary field
for soil mapping on a global scale (McBratney et al.
2019). By 2003, McBratney et al. (2003) proposed the
digital soil mapping framework (DSM) based on Jenny’s
S = clorpt model (S, soil; cl, climate; or, organisms;
p, plant; t, time) (Jenny 1941). Researchers have tried
to use CART, neural networks (NNs) and other algo-
rithms to fit the quantitative relationship between soil
properties or categories and environmental factors
(Maulik & Bandyopadhyay 2000; Fidéncio et al. 2001;
Pachepsky et al. 2001; Lane 2002; McBratney et al.
2002; Moran & Bui 2002). ANN, RF, and Multinomial
Logistic Regression (MnLR) have gradually become
the most commonly used models for soil classification
and soil prediction (Zeraatpisheh et al. 2020). ANN has
good prediction accuracy for the soil enzyme activity
(Tajik et al. 2012), SOC (Ayoubi & Karchegani 2012),
soil aggregate stability (Besalatpour et al. 2013), soil
hydraulic properties (Azadmard et al. 2020), and At-
terberg consistency (Zolfaghari et al. 2015). Although
some have questioned the credibility of ML (Rossiter
2018), it is widely acknowledged that modelling soil
processes through ML improves our understanding
of soil properties and processes (Rudin & Wagstaff
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2014; Brungard et al. 2015; Fajardo et al. 2016; Rossiter
2018; Ma et al. 2019; Mjolsness & Decoste 2001) when
parallel genetic algorithms are applied. In addition, the
introduction of remote sensing data is almost necessary
whether it is soil science or hydrology, because ML
requires a large amount of data and more covariates
improves the model accuracy (Rindfuss et al. 2004;
Hansen & Loveland 2012).

Previous studies have reviewed advances of ML
in soil science or hydrology (Govindaraju 2000a, b;
Xie et al. 2020; Zhang et al. 2020a). However, no over-
view on the applications of ML in both soil science
and hydrology was found. Bibliometrics was already
successfully used to investigate soil science and hy-
drology (He et al. 2020; Xie et al. 2020; Zhang et al.
2020a) to quantitatively calculate research trends
on specific topics. Therefore, the bibliometric method
was used in this study to investigate the current
research status and research hotspots.

MATERIAL AND METHODS

Scopus is currently the world’s largest database
of abstracts and citations, containing nearly 50 mil-
lion pieces of literature since 1823 (Vilchez-Roman
2014). The AMLSH research data used in this study
was downloaded on February 4, 2022. The query
sets are: TITLE-ABS-KEY ((soil* OR hydrolog* OR
hydraulic OR hydropedolog* ) AND (“artificial in-
telligence” OR “machine learning” OR “deep learn-
ing” OR “neural network” OR “random forest” OR
“gaussian process regression” OR “gradient descent”
OR “decision tree” OR “back propagation” OR “sup-
port vector machine” OR “boosted regression trees”
OR “classification and regression tree” OR “nearest
neighbour” OR “multivariance linear regression” OR
“ensemble learning method” OR “adaptive boost-
ing” OR “extreme gradient boosting” OR “nonlin-
ear regression” OR “extreme learning machine” OR
“Group Method of Data Handling” OR “Fuzzy logic”
OR “Multivariate quadratic equations”)). TITLE-
ABS-KEY is a combined field for retrieving papers
that contain terms in the abstracts, keywords, and
document titles meeting the query sets. The search
results only retained articles, conference papers,
reviews, book chapters, book, notes, data papers,
letters, and reports, which returned 26 978 publi-
cations. In 2006, deep learning became so popular
that mainstream ML algorithm research was largely
on track (LeCun et al. 2015). Therefore, publications
were manually screened for 2006 and before to en-

sure the accuracy and completeness of the returned
data, thus 24 878 publications were retained for the
scientometric analysis.

Data visualisation was performed using VOSviewer
V1.6.18 (Van Eck & Waltman 2010), the open-source
R package bibliometrix V3.1.4 (Aria & Cuccurullo
2017), and CiteSpace V5.8.R3 (Drexel University, USA)
(Chen 2004). VOSviewer is used to generate Cluster
density visualisation maps and overlay the visualisation
of the co-authorship of countries. “TLS” refers to the
total number of co-occurrences (including repeated
co-occurrences) of an item with other items; “network”
represents a set of items; “cluster” represents a set
of items contained in a network map, where an item
can belong to only one cluster. Bibliometrix was used
to analyse the number of annual publications, major
journals, institutions, and countries as well as to give
important indices, such as the H-index (Hirsch 2005)
and the G-index (Egghe 2006). A scientist has index
H if /1 of his or her N papers have at least / citations
each and the other (N — &) papers have less than
or equal to h citations each. The G-index g is the
largest rank. Papers are sorted in descending order
by the number of citations received, with the first
g papers (added together) having at least g> citations.
The G-index was proposed as an improvement to the
H-index because the H-index may not be friendly
enough for some young scientists. CiteSpace was
used to present keyword burst times. Origin2021
(OriginLab Corporation, Northampton, MA, USA)
and ArcMap10.1 (Environment System Research
Institute, ESRI) were also used for data visualisation.

RESULTS AND DISCUSSION

Annual publication trend. The annual number
of articles published is an important indicator of re-
search trends in AMLSH research. This is shown
in Figure 1A, the relevant publications first appeared
in 1973. There are very few publications on AMLSH
prior to 1995 (0.93% of AMLSH), a slow increase can
be noticed between to 1995 and 2006 (> 50 per year)
and a sharp increase can be noticed after 2006 (> 500
publications per year). Although AMLSH publica-
tions only account for a small portion of the overall
volume of publications on ML, the share of AMLSH
research is gradually increasing. Figure 1B shows that
ML in soil science and hydrology is developing at the
same time, and the number of publications in both
disciplines is increasing. This may have something
to do with the history of ML, as Hinton (LeCun et al.
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Figure 1. (A): Annual number and share of publications on the application of machine learning in soil science and hy-
drology (AMLSH) from 1973 to 2021 of Scopus (the red dots in the figure represent the percentage of AMLSH-related
publications among all the soil science and hydrology-related publications in each year, and the grey bars represent the

specific number of AMLSH publications per year), (B): soil science and hydrology publications in AMLSH (orange rep-

resents soil science publications in AMLSH, and purple represents hydrology publications in AMLSH; the sum of the

two publications may be more than the total AMLSH publications in Figure A, because some publications have both

soil science and hydrology)

2015) proposed a solution in 2006 to the gradient
disappearance problem in deep network training
allowing ML to process more data. The subsequent
emergence of more open-source algorithms facili-
tates the wide application of ML (Hastie et al. 2001;
McBratney et al. 2003). In addition, the increase
in the publication volume may also be related to the
increase in the number of related journals and the
advancement of Information Technology (IT), espe-
cially the rapid development of computer hardware
(Hastie et al. 2001).

Analysis of countries and organisations on pub-
lications. A total of 140 countries published research
on AMLSH and 65 countries published at least 40.
China (N = 7 335) and the United States of America
(USA, N = 4 363) published the most publications
(Table 1). Publications from the USA are cited much
more than other countries (C = 108 694). Australian
and British publications have greater per article cita-
tions, C/N = 30.23 and 28.99, respectively. Figure 2
shows that the USA, Italy, and France are pioneer
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countries conducting AMLSH research and have
alarge number of cooperative relationships with other
countries. In recent years, countries such as Vietnam
have also contributed to AMLSH research.

In bibliometrix’s review of institutions’ publica-
tions (Figure 3), particular attention is paid to the
fact that all the co-author institutions were included
at the time of the institutional review. Among the
top ten institutions by the number of publications,
Hohai University (384), Wuhan University (362),
and Zhejiang University (360) from China publish
more articles than any other universities. Table 2
summarises ten publications (first author) with the
most global citations retrieved from the Scopus
database from Hohai University, Wuhan University
and Zhejiang University. The three institutions pub-
lished more quality publications and these authors
are excellent at combining traditional ML algorithms
with other statistical or physical models. Most au-
thors used the SVM algorithm and derived other
improved algorithms. It also indicates that research
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Table 1. Top 10 productive organisations/countries with publications on the application of machine learning in soil
science and hydrology (AMLSH) from 1973 to 2021

No. Items N C C/N TLS
1 China 7 335 77 231 10.53 2748
2 United States 4363 108 694 2491 3106
3 India 2167 30 208 13.94 967
4 Iran 2 041 30 306 19.30 1915
5 Germany 1103 26 036 23.60 1422
6 Australia 1074 32472 30.23 1344
7 Canada 1038 24726 23.82 1123
8 United Kingdom 886 25 685 28.99 1184
9 Italy 757 18725 24.74 806
10 Turkey 745 17 921 24.06 424

N — number of publications; C — citations; C/N — the calculated average citations per publication; TLS — total link strength;
this study included all the co-authors
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Figure 2. Overlay visualisation of the co-authorship for countries with a minimum of 40 publications on the application
of machine learning in soil science and hydrology (AMLSH) between 1973 and 2021 (the size of the shapes and fonts
in the diagram depends on the degree of nodes, the strength of the links, and the number of references)
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on hydrological models and land use classification
is very mature.

The establishment and analysis of mathematical
models of hydrological data is an early research direc-
tion. After that, people began to study the geological
model of Asia, Europe, and North America. In recent
years, people have been more inclined to develop
and utilise more complex ML algorithms. More work
on climate, soil, and runoff studies, needs to be under-
taken in Africa, Eastern Europe, and South America
to improve the impact of the global climate change
(Figure 4) (Jung et al. 2010). Moreover, the African
region has richer mineral resources, and the study
of geological models for Africa is also beneficial to the
rational development of minerals and infrastructure
construction (Nemmour & Chibani 2006).

hydrology (AMLSH)
UOCAOS — University of Chinese Acad-
emy of Sciences

The co-occurrence and burst time of keywords.
VOSviewer is used for the network visualisation
analysis of the keywords. For the 24 887 publications,
there are 92 338 keywords in the title, abstract, and
keywords provided by the authors, 182 keywords
met the threshold of 300 occurrences. The filtered
keywords are divided into four categories: red, green,
yellow, and blue (Figure 5). Red is associated with
artificial intelligence (AI), and the high-frequency
words are climate change, hydrological modelling,
and runoff (Mittermeier et al. 2019; Zhu et al. 2019;
Sireesha Naidu et al. 2020; Loganathan & Mahindrakav
2021). The green portfolio themes include NN and
ANN. Forecasting of soils and hydrology using NN
and ANNSs is very popular (Sharifi et al. 2017; Zhang
et al. 2020b; Li et al. 2021). As early as 1990 s, Hsu

Table 2. Top 10 cited publications (first authors) published by Hohai University, Wuhan University and Zhejiang Uni-

versity in the world

No. Publications Research Algorithm TC
1 Yuan et al. (2020) environmental remote sensing (review) DL 292
2 Huangand Zhang (2012) land use identify (building detection) SVM 271
3 Chen et al. (2012) statistical downscaling and hydrological models SSVM 214
4 Peng et al. (2014) landslide susceptibility mapping RS, SVM 185
5 Han et al. (2015) winter wetland changes SVM 177
6 Li et al. (2007) precision agriculture (management zones) fuzzy c-means clustering 160
residuals method, Ward's cluster
7 Jingyi and Hall (2004) regional flood frequency analysis method, fuzzy c-means method, 140
Kohonen neural network
8 Chen et al. (2019) flood susceptibility modelling REPTree 120
9 Wang et al. (2005) slope stability BPNN 120
10 Tan et al. (2018) middle and long-term runoff forecast model ~aEEMD-ANN, ANFIS, SVM, SAR 119

TC - total citations
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Figure 5. Cluster density visualisation map of 182 keywords, each having more than 300 occurrences
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et al. (1995) suggested that non-linear ANNs could
better represent the rainfall-runoff relationship, and
proposed a rainfall-runoff modelling constructed
by Multilayer Feed Forward Neural Networks. The
blue group revolves around the combination of algo-
rithms, such as decision trees and SVM, used in ML
with remote sensing. The classifier function of ML
is often used to process remote sensing images, which,
in turn, is applied to DSM (Wang et al. 2020). The
yellow cluster theme is soils, and hot words include
regression analysis and random forest (Lief3 et al.

Keywords
hydrology
mathematical model

Year Strength Begin End
1973 215.27 1977 2007

1973 332.881979 2012

statistical method 1973 55.22 1979 2008
soil 1973 57.86 1983 2005
hydraulics 1973  185.351985 2011
expert system 1973 35.641986 2013
neural network 1973 390.92 1991 2013

38.511992 2008
214.231993 2013
37.291993 2010

parameter estimation 1973
computer simulation 1973
geographic information system 1973

fuzzy set 1973 100.23 1994 2011
data reduction 1973 56.06 1994 2007
backpropagation 1973 129.26 1995 2010
runoff 1973 40.751995 2007
rain 1973 38.41 1995 2007
soil mechanics 1973 38.431997 2011
artificial neural network 1973 124911998 2007

rainfall runoff modeling 1973 43.09 1999 2007
fuzzy mathematics 1973 49.07 2000 2013
eurasia 1973 17593 2003 2009
asia 1973 90.77 2003 2009
europe 1973 66.612003 2009

decision theory 1973  104.512004 2011

north america 1973 85.642004 2009
decision support system 1973 75.662004 2014
far east 1973 54.16 2004 2009
water pollution 1973 37.732004 2010
decision support 1973 37.33 2004 2012
hydraulic model 1973 74.8 2005 2009
fuzzy logic 1973 53.412007 2013
fuzzy control 1973 45.142007 2012
control theory 1973 38.54 2007 2010
geologic model 1973  188.49 2008 2013

estimation 1973 55.22008 2013
bp neural network 1973 51.32 2008 2014
simulation result 1973 42.322008 2011
landform 1973 38.93 2008 2011
water supply 1973 44,97 2009 2013
hydraulic equipment 1973 42,95 2009 2014
data set 1973 60.24 2010 2013
numerical model 1973 54.07 2010 2014
complex network 1973 54.002014 2016
procedure 1973 43.57 2014 2019
chemistry 1973 35.83 2014 2018
moisture 1973 36.31 2015 2017
learning system 1973 37.08 2018 2019
machine learning 1973 334942019 2021

convolutional neural network 1973 86.85 2019 2021
convolution 1973 46.91 2019 2021
deep neural network 1973 37.77 2019 2021

https://doi.org/10.17221/94/2022-SWR

2012; Qiu et al. 2016; Dai et al. 2022). For example,
Zhang et al. (2017) found that RF is better than
MnLR in establishing the non-linear and hierarchi-
cal relationship between soil organic carbon (SOC)
and its impact factors.

One should be bear in mind that the choice of the ML
algorithm is very critical as different algorithms have
pros and cons and there are no universal algorithms
that are applicable for all problems. For instance,
the data volume hour tree model is more accurate
in lake water level prediction, while the long short-

1973-2021

Figure 6. Top 50 keywords with the strongest citation bursts between 1973 and 2021
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Table 3. Top 10 most utilised journals with the application
of machine learning in soil science and hydrology (AMLSH)
research between 1973 and 2021.

Journals N H G TC

Journal of Hydrology 592 91 155 32626
Remote Sensing 553 44 74 959
Geoderma 370 68 125 19114
Water (Switzerland) 316 28 45 8328
Science of the Total Environment 315 50 75 3910
Water Resources Research 253 62 103 12320
Proceedings of SPIE — TISFOE 252 8 11 481
Water Resources Management 226 47 68 6922
IGARSS 216 12 15 637
TOTCSOAE 207 16 21 1347

N - number of publications; H — H-index; G — G-index;
TC — total citations; TISFOE — the International Society for
Optical Engineering; IGARSS — International Geoscience
and Remote Sensing Symposium; TOTCSOAE — Nong Ye
Gong Cheng Xue Bao/Transactions of The Chinese Society
of Agricultural Engineering

term memory is more accurate when the data volume
is larger (Zhu et al. 2020). In addition, when applying
ML, it is necessary to pay attention to the selection
of environmental covariates to improve the accuracy
of the model. Prediction of soil pH with ML tends
to be more accurate than most other soil properties,
but its accuracy decreases with the soil depth (Chen
et al. 2022). Therefore, it is necessary to further im-
prove the accuracy of deeper soil property predictions.

CiteSpace is used to conduct the keyword burst
time analysis (Figure 6), and the red line represents

the time period with the most occurrences. Keywords
began in 1977, probably because there were only two
previous articles: 1973 (Duffy & Franklin 1973), 1976
(Ikeda et al. 1976). The hydrological data are processed
using the group method of data handling (GMDH)
proposed by Ivakhnenko (1971). There are four im-
portant nodes in the scientists’ study of AMLSH:
(1) The application of expert systems, mathematical
models, and statistical methods in soil and hydrol-
ogy was a research hotspot between 1997 and 2013
(Ikeda et al. 1976; Brillinger 1985; Certes & Hubert
1985; Cooley et al. 1986; Kinniburgh 1986). (2) After
1991, more attention is paid to NNs (Buszewski &
Kowalkowski 2006) and GIS (Zhu & Band 1994; Mo-
ran & Bui 2002; Lee et al. 2003), and rainfall-runoff
modelling (Minns & Hall 1996; Savic et al. 1999).
(3) Hydraulic model studies in Eurasia and North
America became popular in 2003 (Cronican & Gribb
2004; Mukerji et al. 2009). More ML algorithms were
introduced that may sprang up the study of geological
models (Gharahi Ghehi et al. 2012). (4) Since 2018,
there has been a tendency to develop more complex
networks (e.g., convolutional neural networks and deep
neural networks) to solve research questions (Fang
et al. 2017; Bui et al. 2020; Taghizadeh-Mehrjardi et
al. 2020; Tien Bui et al. 2020; Yang et al. 2020).
Journals and most global cited documents. There
are 3 938 journals that have published 24 878 AMLSH-
related articles between 1973 and 2021, a total of 3 300
articles were published in the top ten most utilised
journals (Table 3). The H-index balances the publica-
tion yield and quality (Hirsch 2005), and the G-index
(Egghe 2006) complements the H-index. The Journal
of Hydrology has the most publications (N = 592),

Table 4. Top 10 most cited publications on the application of machine learning in soil science and hydrology (AMLSH)

research from 1973 to 2021

Publications TC TC per year Normalised TC
McBratney A.B., 2003, Geoderma (McBratney et al. 2003) 1870 93.50 30.87
Schaap M.G., 2001, Journal of Hydrology (Schaap et al. 2001) 1621 73.68 21.96
Weng Q., 2004, Remote Sensing Environment (Weng et al. 2004) 1457 76.68 32.40
Jung M., 2010, Nature (Jung et al. 2010) 1296 99.69 51.23
Govindaraju R.S., 2000, Journal of Hydrologic Engineering (Govindaraju 2000a) 1278 55.57 18.05
Hengl T., 2017, PLoS ONE (Hengl et al. 2017) 1225 204.17 68.96
Govindaraju R.S., 2000, Journal of Hydrologic Engineering (Govindaraju 2000b) 1 197 52.04 16.90
Shadbolt N., 2006, IEEE Intelligent Systems (Shadbolt et al. 2006) 1150 67.65 28.45
Hsu K., 1995, Water Resources Research (Hsu et al. 1995) 1094 39.07 11.33
Wen L., 2018, IEEE Transactions on Industrial Electronics (Wen et al. 2018) 726 145.20 48.96

TC - total citations
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followed by Remote Sensing (N = 553). It is worth
noting that Geoderma (N = 370), Water Resources
Research (N = 253) have fewer publications, but
have a more important role in the field of AMLSH
research, with TC = 19 114 and 12 320, respectively.
Their indices are high, with H = 68 and 62; G = 125
and 103, respectively.

The most frequently cited AMLSH publication
is McBratney et al. (2003) entitled “On digital soil
mapping” (TC = 1 870). It reviews various methods
of soil mapping based on GIS, and proposes DSM
methods, which better promotes the application
of ML in soil science. The highest average annual
citation is “250 m resolution Global gridded soil
information database” released in 2017 by Hengl
et al. (2017). The database provides global projec-
tions of soil characteristics (i.e., SOC, bulk density,
CEC, pH, soil texture fractions, and coarse frag-
ments) at seven depths (0, 5, 15, 30, 60, 100, and
200 cm). In addition, Govindaraju (20004, b) presented
“A comprehensive introduction to the application
of artificial neural networks in hydrology”, which
is a seminal article for ML in hydrology (Table 4).

CONCLUSION AND PERSPECTIVES

Three bibliometric methods were used to analyse
the research applications of machine learning in soil
science and hydrology (AMLSH). The results show
that the number of publications increased from
1973 to 2021, with a sharp increase in the number
of annual publications after 2006 (annual publication
reserves of > 500) and peaked in 2021 (N = 4352)
and we can foresee a continuous increase thereafter.
China and the USA have conducted the most AMLSH
research. Hohai University (N = 384), Wuhan Uni-
versity (N = 362), and Zhejiang University (N = 360)
are the three institutions with the largest number
of publications, and have published a large number
of high-quality publications on Hydrological Models
and Land Use Identify. The Journal of Hydrology,
Remote Sensing, Geoderma are most widely utilised
journals in the field of AMLSH. The top cited AMLSH
publications are related to digital soil mapping and
a gridded soil information database. The keyword
analysis shows that neural networks, artificial intel-
ligence, machine learning most frequently appear.
It is expected that AMLSH research will continue
to boom in the next decades to solve complex ques-
tions or to make predictions when observations are
not enough. The combination of ML with physical
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models is encouraged to meet the research needs
with more confidence.
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