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Supplementary Material

This is the supplementary material that accompanies the Mathematical Geo-
sciences paper “Contaminant Source Identification in Aquifers: A Critical
View”, by J. Jaime Gémez-Herndndez (jgomez@Qupv.es, Universitat Politecnica
de Valéncia, Spain) and Teng Xu (Hohai University, China)

Table 1: Paper highlights

| | Reference | Highlights

1 | Gorelick (1981) The work that stated the problem and provided a solution. The
details of the work are the same as the ones in the next paper .

2 | Gorelick et al. The first paper in the subject.

(1983)
3 | Hwang and It could have started the way for a different approach to solve the
Koerner (1983) problem using system sensitivity theory but failed to deliver two
other papers on a real case study and on a three-dimensional one.
The work also sketches a potential optimal network design.
4 | Datta et al. Very similar approach to Gorelick’s, based on the use of response
(1989) functions and optimization with the aid of an expert system for
statistical pattern recognition.

5 | Bagtzoglou et al. |It uses a random walk solution of the transport equation backward

(1991) in time that can be interpreted as the source location probability.
The authors perform the analysis assuming that the conductivity
field is heterogeneous and that the covariance of the underlying
random function is known. In this first implementation, it is
necessary to know the time when the contaminant entered into the
aquifer.

6 | Ala and The authors use a regression-like approach to fit observed

Domenico (1992) | concentration data to analytically-derived solutions for the
transport equation. It is the first application to a field site, the Otis
Air Force Base near Cape Cod (USA). Assuming all parameters
homogeneous, the technique identifies the lateral extent of the
source area, its position, the starting time and the concentration at
the source, but also the parameters that control transport in the
aquifer, such as dispersivities, decay rate or biodegradation rate.

7 | Bagtzoglou et al. | Same concepts as in the previous paper by Bagtzoglou et al. (1991).

(1992)

8 | Wagner (1992) For the first time, the parameters defining the source location
(highly simplified to four unknowns corresponding to the mass
fluxes at two locations and two stress periods) together with the
parameters defining the aquifer model (all of them homogeneous in
space: two conductivities, longitudinal and transversal
dispersivities, porosity and lateral flux entering the aquifer) are
estimated simultaneously.

9 | Skaggs and This is the first work that attempts to identify a time-dependent

Kabala (1994) release history from measurements taken downgradient.

10 | Wilson and Liu The authors derived expressions for backward-in-time location and

(1994) travel time probabilities using a heuristic approach.

11 | Macdonald (1995) | The author proposes an approach for the location and strengths in

a hypothetical one-dimensional domain in which a temperature
pulse diffuses laterally. The impact of measurement errors is
analyzed, since for an idealized medium, if the observations are
error-free, the inversion is exact.
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| Reference | Highlights
12 | Skaggs and The plume is traced back in time from a given snapshot by solving
Kabala (1995) the diffusion equation with quasi-reversibility in a moving
coordinate system. The estimation of the originating plume, not too
far in time, from the observations is good, but it deteriorates when
it gets closer to the source.
13 | Aral and Guan Simulation-optimization paper in which the response function is
(1996) used to establish linear constraints for the optimization algorithm,
which is solved using a genetic algorithm.
14 | Sonnenborg et al. | Inverse modeling in the Vertskoven site (Denmark) containing a
(1996) waste residue deposit. The geometry of the site and the location of
the deposit are known, and the inversion focuses on identifying the
flow and transport parameters in a zoned-conductivity aquifer, one
of which is the contaminant concentration at the source.
15 | Woodbury and The problem of contaminant source identification shifts from a
Ulrych (1996) deterministic inverse problem into a stochastic one.
16 | Mahar and Datta | A standard weighted least-squares optimization using the
(1997) embedding approach.
17 | Snodgrass and First paper using a Bayesian approach to solve the problem of
Kitanidis (1997) | source identification. Taking advantage of the response function
solution, the problem can be solved using the geostatistical
approach.
18 | Sidauruk et al. Curve fitting by least-squares to analytical solutions. Parameters
(1998) fitted are location and strength of the source, but also the
dispersivity coefficient.
19 | Skaggs and The authors perform an analysis of contaminant release function
Kabala (1998) identification using a Monte-Carlo approach to test how the
measurement errors hinder the optimization with Tikhonov
regularization.
20 | Woodbury et al. First paper that addresses the problem in three dimensions.
(1998)
21 | Birchwood (1999) | Breakthrough curves and release function are expressed as Fourier
series and a causality condition is imposed to determine the Fourier
coefficients of the release function .
22 | Liu and Ball Using an analytical solution of the sorption-diffusion equation in a
(1999) two-layer system, the authors infer the time function at which PCE
has been crossing from an aquitard into an aquifer at the Dover Air
Force Base in Delaware, USA.
23 | Neupauer and Improvement on the backward-in-time solution by Wilson and Liu
Wilson (1999) (1994) based on the use of the adjoint equation of the advection
dispersion equation.
24 | Seibert and Stohl | This paper deals with dispersion in the atmosphere but it addresses
(1999) the same problem: the identification of a pollution source and its
time history.
25 | Alapati and The authors claim that there is no need to include a regularization
Kabala (2000) term in the least-squares optimization process.
26 | Mahar and Datta | Another simulation-optimization approach including a performance
(2000) analysis of what happens if the solute concentration time series
have missing data.
27 | Morrison (2000) Review paper of forensic techniques for age dating and source
identification.
28 | Neupauer et al. Tikhonov regularization is less efficient in reproducing a step release
(2000) function than minimum relative entropy.
29 | Sciortino et al. Application of least-squares optimization to identify the size and

location of a pool of DNAPL being dissolved in a sandbox.
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(2005)

| | Reference | Highlights
30 | Aral et al. (2001) | Introduction of a variant of genetic algorithm combined with an
iterative approach to reduce the number of forward model
evaluations typically needed by heuristic algorithms such as genetic
ones.

31 | Atmadja and The authors develop a new approach for the backward-in-time
Bagtzoglou solution of the transport equation. Once the observed plume has
(2001a) been traced back in time, deducing the release function is a much

harder problem solved with relative success.

32 | Atmadja and Very good review paper at the time it was written.

Bagtzoglou
(2001b)

33 | Duffy and In a contaminated site in the Midwestern US, 184 observations are

Brandes (2001) taken on 116 chemical species. Principal component analysis help in
reducing the dimensionality of the problem and identifying
potential sources.

34 | Mahar and Datta | Simultaneous estimation of homogeneous aquifer parameters
(2001) (conductivity, porosity and dispersivities) and source locations and

strengths.

35 | Michalak and Application of the geostatistical approach to the analysis of 136
Kitanidis (2002) | measurements taken at the Gloucester landfill in Ontario, Canada.

The forward model used is an analytical solution with homogeneous
coefficients in a semi-infinite layer of given thickness.

36 | Sohn et al. Bayesian approach to determine the room at which an air pollution
(2002a) event started in a three-story building.

37 | Sohn et al. Similar to the previous paper applied to a synthetic single-story
(2002b) building.

38 | Akgelik et al. The authors use a variational finite-element method for source
(2003) inversion of convective-diffusive transport.

39 | Butera and Extension of the geostatistical approach in two dimensions.

Tanda (2003) Demonstration for point, non-point and multiple sources, the
locations of which are known.

40 | Bagtzoglou and The paper focuses on heterogeneous conductivity distributions in
Atmadja (2003) one dimension and shows that marching-jury works better that

quasi-reversibility for these cases.

41 | Michalak and Application of the geostatistical approach enforcing parameter
Kitanidis (2003) non-negativity to a diffusion problem from a two-layer aquifer onto

an aquitard at the Dover Air Force Base in Delaware, USA.

42 | Michalak and Coupling the geostatistical approach and the adjoint state method
Kitanidis (2004b) | allows the identification of the spatial distribution of the

contaminant at a given instant back in time.

43 | Michalak and Application of the geostatistical approach for source contaminant
Kitanidis (2004a) |identification at the Dover Air Force Base in Delaware. The problem

solved is a diffusion one using two-layers overlaying an aquitard.

44 | Singh and Datta | After training an artificial neural network, homogeneous aquifer
(2004) parameters, such as conductivity, porosity and dispersivity, as well

as the source strengths at two given locations are identified.

45 | Singh et al. Same approach as previous one.

(2004)
46 | Bagtzoglou and Best review paper published until then.
Atmadja (2005)
47 | Boano et al. Given the conceptual similarity between source contaminant

detection in aquifers and rivers, the geostatistical approach is used
to identify the release function by Skaggs and Kabala (1994) in a
river contamination event.
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| Reference | Highlights

48 | Mahinthakumar The authors perform a comparison of many optimization

and Sayeed (2005) | approaches, concluding that the hybrid ones work best.
49 | Mahinthakumar Similar to the previous paper, now with a three dimensional
and Sayeed (2006) | parallelepiped source.
50 | Neupauer and Lin | Extension of the work by Neupauer and Wilson (1999) but now
(2006) conditioning on measured concentrations. The aquifer is
heterogeneous but the transmissivity distribution is perfectly
known.

51 | Newman et al. Laboratory experiment with a DNAPL source zone. The inverse

(2006) flux plane model coupled with a hybrid simulated
annealing-minimum relative entropy is used to identify the source
and also to quantify the uncertainty on the estimates.

52 | Singh and Datta | Same as Singh and Datta (2004) and Singh et al. (2004) but

(2006) different case studies.

53 | Sun et al. (2006a) | Model uncertainty is considered thanks to the use of constrained
robust least squares optimization.

54 | Sun et al. (2006b) | In this paper, in addition to the release function, the source location
is also identified.

55 | Wang and The hierarchical Bayesian method is used to reconstruct

Zabaras (2006) contaminant history backward in time until the time of an
instantaneous release. The authors analyze several cases with
homogeneous conductivities and one with heterogeneous, but
known, uncorrelated values.

56 | Liu and Zhai Although in the field of air pollution, the paper includes an

(2007) extensive review of groundwater literature plus a few references
from air pollution.

57 | Milnes and Backtracking a predicted concentration contour line until its point

Perrochet (2007) | of disappearance. The underlying conductivity field is binary and
heterogeneous.

58 | Sun (2007) Conductivity is only known in some statistical sense, the robust
geostatistical method incorporates this uncertainty. The
conductivity field is not subject to identification, though.

59 | Yeh et al. (2007) | Tabu search is used to detect trial source locations, then simulated
annealing is used to identify strength and release period. In one of
the case studies, conductivity is considered heterogeneous and
unknown. Several realizations are generated to conclude that only
in 50% of them it was possible to identify the source. No attempt to
identify conductivities.

60 | Sun (2008) CONSID, a program that implements nonnegative least squares,
constrained robust least squares and robust geostatistical inversion.

61 | Datta et al. Simultaneous identification of aquifer and source parameters.

(2009) However, aquifer parameters are homogeneous except for a case in
which the aquifer is divided in two homogeneous known zones.

62 | Dokou and A stochastic flow and transport model is used to generate multiple

Pinder (2009) realizations of the plume evolution. These realizations are averaged
to obtain mean plumes that are then used to decide on the
potential source location using an iterative approach.

63 | Jin et al. (2009) An application at the Canadian Force Base Borden site, near
Toronto, of a simulation-optimization method to identify, with
reasonable accuracy, a contaminant source under field conditions. A
heterogeneous conductivity field that had been previously used
elsewhere is used here and assumed known.

64 | Liu and Zhai Another application from a groundwater solution to the field of

indoor airborne contaminant source locations.
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| | Reference | Highlights
65 | Mirghani et al. A simulation-optimization approach with emphasis in the
(2009) parallelization of the computations. A heterogeneous conductivity
field is used but it is assumed known.
66 | Ayvaz (2010) A new heuristic approach comes into play. Conductivity is, at most,
zoned, but with known values. Source locations are known.
67 | Cheng and Jia Another extension of the adjoint method by Neupauer and Wilson
(2010) (1999), in this case, to a point contamination in an open-surface
water body.
68 | Datta et al. The authors claim that gradient-based optimization approaches can
(2011) beat heuristic ones, which need too many evaluations of the forward
problem.
69 | Hosseini et al. The paper focuses in determining the geometry of a DNAPL pool
(2011) using wells inside and outside the pool. In the process,
heterogeneous conductivity fields are calibrated, as well as other
homogeneous transport parameters.
70 | Jha and Datta The authors claim that simulated annealing is better than genetic
(2011) algorithms for source identification.
71 | Li and zhong Mao | The novelty of the paper is the use of a new way to solve for
(2011) concentrations using the global space-time multiquadric.
72 | Telci and Aral A paper dealing with identification of multiple instantaneous spills
(2011) in a river network from a large set of potential locations. It is
demonstrated in the Althamah river in Georgia, USA.
73 | Chadalavada The novelty of the paper is the use of feedback information obtained
et al. (2012) from sequentially-designed monitoring networks. An application to
a contaminated farmland in South Australia is shown.
74 | Zeng et al. (2012) | First paper to use a surrogate model to speed up forward model
evaluation.
75 | Aghasi et al. Multi-objective optimization combined with level set functions to
(2013) determine a DNAPL pool. Conductivity is heterogeneous and
known.
76 | Amirabdollahian | Good review paper.
and Datta (2014)
77 | Butera et al. For the first time, the geostatistical approach was applied to the
(2013) identification of the release function and the source location in a
known heterogeneous aquifer.
78 | Jha and Datta Comparison between genetic algorithm and simulated annealing.
(2013)
79 | Wang and Jin A synthetic case based on the Borden site using a heterogeneous
(2013) known distribution of conductivities.
80 | Amirabdollahian | Another simulation-optimization approach. Conductivities are
and Datta (2014) | interpolated from spare data using inverse-distance weighting.
81 | Gzyl et al. (2014) | A combination of integral pumping tests to identify the sources,
then the release history is recovered by the geostatistical approach.
The method is applied in a chemical plant at southern Poland in
the city of Jaworzno in the valley of the Wawolnic river that has
been contaminated with lindane. The aquifer model had been
calibrated with homogeneous parameters.
82 | Jha and Datta Multi-step approach involving an intelligent network design.
(2014)
83 | Jin et al. (2014) The authors focus in determining the best monitoring network for
the purposes of source identification.
84 | Srivastava and An artificial neural network is trained by running many
Singh (2014) contamination scenarios originating in one or two potential sources.
85 | Yeh et al. (2014) | Demonstration of a hybrid heuristic approach. The aquifer is

divided in three zones of known parameters.
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‘ Reference

| Highlights

86 | Cupola et al. The minimum entropy approach works equally well for source
(2015) identification in two-dimensional homogeneous and heterogeneous
conductivity fields.

87 | Gurarslan and Application of the differential evolution algorithm as the best

Karahan (2015) genetic algorithm for source identification.
88 | Jha and Datta Adaptive simulated annealing is used for contaminant source
(2015) identification including surface-subsurface water interaction. The
flow model had been previously calibrated with PEST using a zoned
conductivity. The method is applied to the upper Macquarie
Groundwater Management Area in New South Wales, Australia.
89 | Ngamsritrakul Simulation-optimization approach.
et al. (2015)
90 | Prakash and Application at the Macquarie Groundwater Management Area, the
Datta (2015) authors claim that the feedback provided by the new monitoring
wells drilled as a result of the optimal network design improves the
final results.
91 | Srivastava and Simultaneous identification of aquifer and source parameters.
Singh (2015) However, aquifer parameters are homogeneous.
92 | Zhang et al. Coupling experimental design and source identification for the
(2015) optimal placement of observation wells. In the final case study, the
authors show a joint identification problem of heterogeneous
conductivities and source parameters. The conductivity field is
represented with only five parameters using a Karhunen-Loeve
expansion.
93 | Ayvaz (2016) Identification of a distributed source of arbitrary shape. The
conductivity is heterogeneous but known.
94 | Bashi-Azghadi Application to the Tehran aquifer in the Tehran refinery region.
et al. (2016)

95 | Borah and The paper includes a comparison of genetic algorithms and artificial
Bhattacharjya neural networks.
(2016)

96 | Hansen and Unsupervised machine optimization to evaluate the most likely
Vesselinov (2016) | location and time of point contamination .

97 | Koch and Nowak | Conditional realizations of conductivity are generated and used to
(2016) build probabilistic estimates of DNAPL presence.

98 | Xu and Gémez- First application of the ensemble Kalman filter for the identification
Hernandez of the space-time coordinates of a contaminant source.
(2016)

99 | Yeh et al. (2016) | Application of simulated annealing to fit some analytical functions
to observed concentrations to reconstruct the release function of a
contaminant of known location.

100| Zanini and Application of the method developed by Woodbury and Ferguson

Woodbury (2016) | (2006) for heat flow inversion to contaminant release function
identification.

101| Zhang et al. Application of surrogate models to Markov chain Monte Carlo

(2016a) implemented in a two-stage manner to improve the accuracy of the
surrogate model.

102| Zhang et al. Backward tracking with a fractional advection-dispersion model

(2016b) applied to the MADE-2 tracer tests.
103| Zhao et al. (2016) | A kriging surrogate model is used to solve a simulation-optimization

problem with known source locations in a conductivity-zoned
aquifer.
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| | Reference | Highlights

104] Gu et al. (2017) Many realizations of conductivity are generated and plumes are
computed from potential sources. These plumes are weighted to
approximate the observed values. From these weights the most
likely source location and strength are determined.

105| Hamdi (2017) Self-organized maps are used to build the surrogate models. In one
of the applications, conductivity is only known at a few locations
and it is interpolated by inverse distance weighting over the rest of
aquifer.

106| Long et al. (2017) | A standard application of the geostatistical approach including a
thorough sensitivity analysis to different kinds of errors.

107| Onyari and Use of the Green element method.

Taigbenu (2017)

108| Rajeev Gandhi Application to the identification of the source of a virus in a

et al. (2017) three-dimensional unconfined aquifer.

109| Zhang et al. Application at the MADE-2 site of backward probabilities

(2017) computed using a fractional advection dispersion equation.
110| Chen et al. (2018) | Application of the ensemble Kalman filter to identify a source but
also the position and length of a plank that was inserted in a
laboratory sandbox.
111| Esfahani and Adaptive simulated annealing for the identification of source
Datta (2018) concentrations in a contaminated mine site in Queensland,
Australia.

112 Guneshwor et al. | Application to an industrial site in Gujarat, India. Model is
(2018) homogeneous and known.

113| Hou and Lu A comparison of support vector regression, kernel extreme learning
(2018) machine and kriging for multiphase flow .

114| Huang et al. Very simplistic model to test a new optimization algorithm: the
(2018) shuffled complex evolution algorithm.

115[ Jiang et al. (2018) | A concentration field library is constructed and used as a surrogate
during the identification. Conductivities are heterogeneous but
known.

116| Stanev et al. Application of blind source separation to identify the number of

(2018) sources. The authors also identify key parameters such as advective
velocity and dispersivity, although they are homogeneous.

117| Vesselinov et al. Non-negative matrix factorization is applied to synthetic and real

(2018) data to identify the original source from a series of observations
that include different geochemical constituents. Unsupervised
machine learning is used. Application at the regional aquifer
beneath Los Alamos National Laboratory.

118 Xu and Gémez- First attempt to identify jointly contaminant source and

Hernéndez conductivity field without simplifications.

(2018)

119| Amirabdollahian | The authors apply the adaptive simulated annealing to the

et al. (2019) Eastlakes Experimental Site at the Botany Sands aquifer, South
Wales, Australia.

120] Ayub et al. (2019) | After presenting a groundwater model of the Duplin county
research site in North Carolina, the authors build a synthetic
exercise based on this model to demonstrate their application of
Markov chain Monte Carlo for the sampling of the posterior
distribution of source contaminant concentrations.

121] Cao et al. (2019) | First attempt to bring model uncertainty into play. Although the

alternative models analyzed only differ on the geometry of the
zonation of the conductivity spatial distribution.
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‘ Reference

| Highlights

122] Jiao et al. (2019) | A heterogeneous aquifer of known conductivities based on the Texas
High Plain is used to test a new inverse method based on local
approximation solutions of the transport equation.

123| Li et al. (2019) Improved Kalman filter coupled with 0-1 mixed-integer nonlinear
programming and simulated annealing.

124] Mo et al. (2019) Joint identification of a heterogeneous conductivity field and the
contaminant source parameters. Unfortunately, the authors use a
Gaussian covariance function to characterize the spatial
heterogeneity of the log-conductivities, which is completely
unrealistic but helps in the inversion process.

125| Vesselinov et al. Continuation of paper by Vesselinov et al. (2018) to further analyze

(2019) the use of blind source separation coupled with non-negative matrix
factorization applied at the Los Alamos Laboratories
chromium-contaminated site.

126| Xia et al. (2019a) | Another simulation-optimization approach using genetic algorithms.

127| Xia et al. (2019b) | The self-organized map-based surrogate model can solve the
identification problem without using a simulation-optimization
approach.

128 Xing et al. (2019) | Ensemble of three surrogate models in which each model is weighted
according to an adaptive Metropolis-Markov chain Monte Carlo.

129| Yan et al. (2019) | Bayesian approach with a very efficient kriging surrogate model.

130| Zhang et al. Bayesian approach coupled with Markov chain Monte Carlo using
(2019) an improved Metropolis-Hastings algorithm.

131| Chaubey and Artificial neural networks in one dimension.
Srivastava (2020)

132| Colombo et al. Interesting application of backward tracking to identify potential
(2020) PCE sources in Milan, Italy.

133| Essouayed et al. Gaussian-Levenberg-Marquardt algorithm using pilot points to
(2020) identify a heterogeneous conductivity field, homogeneous

dispersivity and the source location.

134 Han et al. (2020) | Genetic algorithm applied to a laboratory experiment and then to a
gas station in Beijing .

135| Jamshidi et al. Simulation-optimization approach in a groundwater-river integrated

(2020) system.

136| Kang et al. (2020) | Joint inversion of hydraulic heads and self-potential measurements
to improve conductivity estimation, followed by the inversion of
tracer mean travel times to identify the source.

137| Li et al. (2020) Use of several surrogate models with extreme learning machine.

138| Lu et al. (2020) Heuristic search to determine the coordinates of the source and the
strength of the release together with the discrete values of a zoned
conductivity, and homogeneous porosity and dispersivities.

139 Wang et al. Extremely similar to the previous one.

(2020)
140| Wang and Lu Extremely similar to the two previous ones.
(2020)
141| Zhang et al. Very ingenious combination of the ensemble smoother and deep
(2020) learning for the joint identification of source parameters and
non-Gaussian heterogeneous conductivity distributions.
142| Zhao et al. Identification of the contaminant source by the interpretation of
(2020Db) concentration time series after an artificially enhanced catchment is
generated. Application to a low natural flow velocity in the city of
Cangzhou, China.
143| Zhao et al. Application in the valley of the Wawolnica river to identify the
(2020a) source of lindane.
144] Ayaz (2021) Artificial neural network application.




Contaminant Source Identification

| | Reference | Highlights
145 Ayaz et al. (2021) | Genetic algorithm application.
146| Chakraborty and | Evolutionary search algorithm application.
Prakash (2021)
147| Dodangeh et al. Contaminant source identification in a coastal aquifer using the
(2021) ensemble Kalman filter and artificial neural networks.
148| He et al. (2021) Fitting an analytical solution to observed concentration by
least-squares. Application to a gas station site in Beijing .
149| Hou et al. (2021) | Comparison of several heuristic algorithms.
150 Jiang et al. (2021) | Simultaneous identification of hydraulic conductivity using pilot
points and source strengths for two known contaminant sources.
151| Liu et al. (2021) | Application of the ensemble smoother to identify source and
conductivities. Conductivity fields are built using multipoint
geostatistics conditioned at some pilot points that are subject to
identification by the ensemble smoother
152| Todaro et al. Ensemble smoother applied to a calibrated model of a laboratory
(2021) experiment
153| Wang et al. Multiphase flow case with joint identification of source strengths
(2021a) and aquifer parameters, although the later are homogeneous within
the aquifer. A surrogate model based on an adaptive chaotic
particle swarm optimization and extreme learning machine is used.
154] Wang and Zhang | A case of contamination source detection in a lake where the state
(2021) equation is the diffusion equation.
155 Wang et al. Combination of heuristic approaches to solve the joint identification
(2021b) of the source strengths plus zone conductivity values
156| Yuan and Liang One-dimensional exercise.
(2021)
157| Zhou and The source is instantaneous and described by two Gaussian pulses,
Tartakovsky the parameters to identify are those that define the Gaussian bells.
(2021) The posterior distribution is sampled using Markov chain Monte

Carlo using a fast surrogate model based on deep convolutional
networks. Conductivity is treated as heterogeneous but known.




Table 2: Paper characteristics

‘ Reference ‘ DH Source ‘ f(t)‘ Solution approach ‘ State eq.2 ‘ CS% Source parameters ‘ O.4‘ H.5
1 | Gorelick (1981) All items same as next one
2 | Gorelick et al. (1983) |2 | Multiple | N | Linear programming and multiple Response function S | Source strengths N [N
regression. State equation produces and locations out of
linear constraints at the points and a predetermined set
times where solute concentrations of potential ones
are measured
3 | Hwang and Koerner 2 | Point N | System sensitivity theory with Transport equation S | Location and N |N
(1983) feedback strength
4 | Datta et al. (1989) 2 | Point N | Expert system based on a statistical | Response function S | Source strength and |N | N
patter recognition location
5 | Bagtzoglou et al. 2 | Multiple | N | Backward solution of transport Random walk solution | S | Most likely location |N |Y
(1991) equation of transport equation
6 | Ala and Domenico 2 | Areal N | Inverse analytical regression-like Transport equation F | Source extent and Y [N
(1992) technique location, strength,
starting time
7 | Bagtzoglou et al. 2 | Point N | Backward solution of transport Random walk S | Most likely location |N |Y
(1992) equation
8 | Wagner (1992) 2 | Point N | Non-linear maximum likelihood Flow and transport S | Mass flux at two Y |Z
estimation solved with SUTRA potential locations
and during two
stress periods
9 | Skaggs and Kabala 1 | Point Y | Optimization with Tikhonov Response function S | Time-dependent N [N
(1994) regularization release history
10 | Wilson and Liu 1 | Point N | backward-in-time location and time | Response function S | Most likely location |N | N
(1994) probabilities
11 | Macdonald (1995) 1 | Pulse N | Non-linear least-square fitting of a Diffusion equation S | Location and N [N
convolution integral strength
12 | Skaggs and Kabala 1 | Point Y | Method of quasi-reversibility to solve | Backward solution of |S | Release function N [N
(1995) the advection diffusion equation transport equation
backward in time
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
13 | Aral and Guan (1996) | 2 | Multiple | Y | Genetic algorithm Response function S | Locations and stress | N | N
periods out of a
collection of
candidates, plus
strengths
14 | Sonnenborg et al. 2 | Areal N | Non-linear least-squares optimization | Flow and transport F | Solute concentration | Y |Z
(1996) equations at the source
15 | Woodbury and Ulrych | 1 | Point Y | Minimum relative entropy estimation | Convolution integral |S | Release function N
(1996)
16 | Mahar and Datta 2 | Multiple | N | Weighted least-squares optimization | Flow and transport S | Source locations out |N | N
(1997) equations of a potential set
plus source
strengths
17 | Snodgrass and 1 | Point Y | Geostatistical approach Response function S | Release function N |N
Kitanidis (1997)
18 | Sidauruk et al. (1998) |2 | Point N | Method of correlation coefficient Analytical solutions S | Strength and Y |N
optimization of transport equations location
19 | Skaggs and Kabala 1 | Point Y | Monte-Carlo analysis of the Transport equation S | Release function N [N
(1998) optimization with Tikhonov
regularization
20 | Woodbury et al. 3 | Areal Y | Minimum relative entropy inversion | Analytical solutions S | Release function N |N
(1998) of transport equations
21 | Birchwood (1999) 1 | Point Y | Fourier-based inverse method Transport equation S | Location and release | N | N
function
22 | Liu and Ball (1999) 1 |Interface | Y | Least-squares minimization with Diffusion equation F | Release function N |Z
Tikhonov regularization with linear sorption
23 | Neupauer and Wilson |1 | Pulse N | Adjoint method to solve Adjoint of the S | Likely locations N |N
(1999) backward-in-time location and travel | advection-dispersion
probabilities equation
24 | Seibert and Stohl 2 | Point Y | Backward tracking coupled with Lagrangian particle F | Release function N [N
(1999) regularized non-linear optimization | dispersion model
25 | Alapati and Kabala 1 | Point Y | Non-linear least-squares without Convolution integral |S | Gradual release N [N
(2000) regularization function
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
26 | Mahar and Datta 2 | Multiple | Y | Non-linear weighted least-squares Finite difference S | Magnitude and N |N
(2000) optimization with the flow and solution of flow and duration of release
transport equations acting as transport plus location out of
binding equality constraints a number of
candidates
27 | Morrison (2000) - |- - Review paper of forensic techniques |- - - - -
for age dating and source
identification
28 | Neupauer et al. 1 | Point Y | A comparison between Tikhonov Transport equation S | Release function N |N
(2000) regularization and minimum relative
entropy
29 | Sciortino et al. (2000) |3 | VolumetricN | Weighted least-squares optimization | Analytical solutions L | Contaminant pool N |N
of transport equations location and size
30 | Aral et al. (2001) 2 | Point Y | Non-linear optimization using a Transport equation S | Release function and | N | N
progressive genetic algorithm. Source source locations
location and release histories are
defined as explicit unknown variables
31 | Atmadja and 1 | Point Y | Marching-Jury Backward Beam Transport equation S | Release function N [N
Bagtzoglou (2001a) Equation method for the solution of |solved backward in
the advection-dispersion equation time
with heterogeneous (by zones)
transport parameters
32 | Atmadja and - |- - This was a very good review paper |- - - -
Bagtzoglou (2001b) at the time
33 | Duffy and Brandes 2 | Areal N | Principal component analysis No state equation F | Potential sources Y [N
(2001) applied to a set of data on organic
and inorganic chemicals at a given
time. The results help to reduce the
dimensionality of the problem and
the identification of the sources
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
34 | Mahar and Datta 2 | Multiple | Y | Non-linear programming solved with | Flow and transport S | Source strengths Y |N
(2001) the projected augmented Lagrangian | equations and locations out of
algorithm a predetermined set
of potential ones
35 | Michalak and 3 | Areal Y | Bayesian/geostatistical approach Transport equation F | Release function N [N
Kitanidis (2002) enforcing non-negativity of results
36 | Sohn et al. (2002a) 3 | Room N | Bayesian approach Air flow and pollutant | F | Room source N |N
transport in buildings
represented as a
collection of
well-mixed zones
37 | Sohn et al. (2002b) 3 | Room N | Bayesian approach Same as above S | Room source N |N
38 | Akgelik et al. (2003) 2 | Multiple | Y | Constrained least-squares method Transport equation S | Release function N [N
with regularization
39 | Bagtzoglou and 1 | Point Y | Marching-jury backward beam Transport equation S | Release function N |Y
Atmadja (2003) equation versus quasi-reversibility
40 | Butera and Tanda 2 | Multiple | Y | Geostatistical approach extended in | Convolution integral |S | Release function N |N
(2003) two dimensions
41 | Michalak and 1 |Interface | Y | Bayesian approach based on the Diffusion equation F | Release function N |Z
Kitanidis (2003) geostatistical approach
42 | Michalak and 2 | Areal N | Geostatistical approach with the Transport equation S | Historical N |Y
Kitanidis (2004b) adjoint method contaminant
distribution
43 | Michalak and 1 | Interface | Y | Geostatistical approach Diffusion equation F | Release function N |Z
Kitanidis (2004a)
44 | Singh and Datta 2 | Multiple | Y | Artificial neural network USGS Konikow code |S | Release function Y |N
(2004)
45 | Singh et al. (2004) - - - Same approach as previous one - - - - -
46 | Bagtzoglou and - |- - Best review paper until then - - - - -
Atmadja (2005)
47 | Boano et al. (2005) 1 | Multiple | Y | Geostatistical approach applied to Transient storage S | Release function N [N
contamination source identification equation
in rivers
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H
48 | Mahinthakumar and |3 | Areal N | Simulation-optimization approach Flow and transport S | Coordinates of the N [N
Sayeed (2005) using a hybrid genetic algorithm equations corners of the
with local search rectangular source
and its
concentration
49 | Mahinthakumar and |3 | VolumetricY | Several hybrid genetic algorithms Transport equation S | Coordinates of the N |N
Sayeed (2006) with local search strategies compared corners of the
parallelepiped
source and its
concentration
50 | Neupauer and Lin 2 | Point N | Backward probabilities using the Adjoint equations S | Source location N |Y
(2006) adjoint state method conditioned to
concentration data
51 | Newman et al. (2006) |3 | VolumetricN | Combination of simulated annealing | Flux plane model L | Magnitude and N [N
and minimum relative entropy distribution of mass
influx from the
DNAPL source
zones
52 | Singh and Datta - - - Same as Singh and Datta (2004) and | - - |- - |-
(2006) Singh et al. (2004) but different cases
53 | Sun et al. (2006a) 2 | Point Y | Constrained robust least-squares MODFLOW and S | Release function N |N
optimization MT3DMS and
convolution approach
54 | Sun et al. (2006b) 2 | Multiple | Y | Constrained robust least-squares Flow and transport S | Release function and | N | N
optimization to identify release equations source locations
history and branch and bound for
location
55 | Wang and Zabaras 2 | Point N | Posterior mean estimate using a Flow and transport S | Location of N |Y
(2006) Gibbs sampler equations instantaneous
release
56 |Liu and Zhai (2007) |- |- - Although in the field of air pollution, |- - - - -
the paper includes an extensive
review of groundwater literature
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
57 | Milnes and Perrochet |2 | Point N | Backtracking using flow reversal FEFLOW S | Location and time N |Y
(2007) with FEFLOW
58 | Sun (2007) 2 | Point Y | Robust geostatistical approach Transport equation S | Release function N |YN
59 | Yeh et al. (2007) 2 | Multiple | Y | Combination of simulated annealing | MODFLOW and S | Source location, N | YN
and tabu search MOC strength and release
period
60 | Sun (2008) - |- - CONSID, a program that MODFLOW - - - -
implements nonnegative least
squares, constrained robust least
squares and robust geostatistical
inversion
61 | Datta et al. (2009) 2 | Multiple | Y | Nonlinear optimization with MINOS | SUTRA S | Source strengths Y |Z
and locations out of
a predetermined set
of potential ones
62 | Dokou and Pinder 3 | Multiple | N | Optimal search strategy including a | Flow and transport S | Location out of set |N |YN
(2009) Monte Carlo flow and transport equations of potential ones
model and a predetermined set of
potential sources
63 | Jin et al. (2009) 3 | Prism N | Parallel hybrid optimization with Transport equation F | Seven unknowns: N |Y
the real genetic algorithm and local the corners of the
search approaches prism plus the
concentration at the
source
64 | Liu and Zhai (2009) 2 | Point N | The adjoint probability method by Contaminant S | Room source N |N
Neupauer and Wilson (1999) applied | transport equation
to the detection of an air pollution
in a building
65 | Mirghani et al. (2009) |3 | Cuboid [N [ Simulation-optimization approach Transport equation S | Coordinates of the N |Y
coupling numerical modeling and an corners of the
evolutionary search algorithm. parallelepiped
source and its
concentration
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
66 | Ayvaz (2010) 2 | Multiple | Y | Simulation-optimization using Transport equation S | Locations and N |Z
heuristic harmony search release histories for
a total of 12
parameters
67 | Cheng and Jia (2010) |2 | Point N | Backward location probability Backward probability | S | Source location N |N
density function density function
model in an open
water body
68 | Datta et al. (2011) 2 | Multiple | Y | Classical optimization-simulation SUTRA S | Source strengths N |Z
approach and locations out of
a predetermined set
of potential ones
69 | Hosseini et al. (2011) |2 | Areal N | Sequential self-calibration coupled Flow and transport S | Shape of the Y |YN
with distance functions to determine |equation DNAPL pool
the size and shape of DNAPL source.
70 | Jha and Datta (2011) |2 | Multiple | N | Simulated annealing for a global MODFLOW and S | Strength, location N |N
heuristic search optimization MT3DMS and timing
71 | Li and zhong Mao 2 | Areal Y | Least-squares radial basis collocation | GST-MQ collocation |S | Release function N [N
(2011) method based on the global method
space-time multiquadric
72 | Telci and Aral (2011) |1 | Multiple | N | Classification routine to associate Storm water F | Source locations and | N | N
observations with candidate source management model, timings
locations. Applied in a river network. | SWMM
73 | Chadalavada et al. 3 | Multiple | Y | Simulation-optimization approach MODFLOW and F | Locations out of N [N
(2012) MT3DMS three potential ones,
plus strengths
74 | Zeng et al. (2012) 2 | Point Y | Bayesian method based on adaptive | Surrogate model S | Locations out of N [N
sparse grid interpolation potential candidates,
plus release function
75 | Aghasi et al. (2013) 3 | VolumetricN | Joint inversion of geophysical data Multiphase flow and |S | DNAPL pool and N |Y
and concentration data to delimit a | electrical resistance intensity
DNAPL pool tomography
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
76 | Amirabdollahian and |- |- - Review paper on source - - - - -
Datta (2013) identification, network monitoring
design, joint use of them, and
identification of distributed sources
77 | Butera et al. (2013) 2 | Point Y | Geostatistical approach Convolution integral |S | Release function and [N |Y
source location
78 | Jha and Datta (2013) |3 | Multiple | Y | Simulation-optimization MT3DMS S | Strengths at two N |N
known locations
79 | Wang and Jin (2013) |3 | Point N | Bayesian approach coupled with Flow and transport S | Location coordinates | N |Y
Markov chain Monte Carlo using the | equations and strength
Metropolis-Hastings algorithm
80 | Amirabdollahian and |2 | Multiple | Y | Adaptive simulated annealing and MODFLOW and S | Intensities at three |N |Y
Datta (2014) fuzzy logic MT3DMS locations
81 | Gzyl et al. (2014) 2 | Areal Y | Geostatistical approach MODFLOW and F | Release function N |N
MT3D
82 [ Jha and Datta (2014) |2 | Point Y | Simulation-optimization approach Flow and transport S | Release function N [N
using a dynamic time warping equations
distance
83 | Jin et al. (2014) 3 | Cuboid |N | Network design for groundwater Flow and transport S | Location and N |Y
contaminant source identification equations concentration
84 | Srivastava and Singh |2 | Point Y | Artificial neural network MODFLOW-GWT S | Location (out of two [N [N
(2014) potential sources),
strength and
duration
85 | Yeh et al. (2014) 3 | Point Y | Simulated annealing plus tabu MF2K-GWT S | Location and release | N |Z
search plus ordinal optimization plus function
roulette wheel.
86 | Cupola et al. (2015) 2 | Point Y | A comparison between the Convolution integral |L | Location and release |N | N
simultaneous release function and function
location identification method by
Butera et al. (2013) and the
backward probability model using
the adjoint method
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
87 | Gurarslan and 2 | Multiple | Y | Differential evolution optimization MODFLOW and S | Source strengths N [N
Karahan (2015) MT3DMS and locations out of
a predetermined set
of potential ones
88 | Jha and Datta (2015) |3 | Areal Y | Adaptive simulated annealing MODFLOW and F | Location, starting N |Z
MT3DMS time and duration
89 | Ngamsritrakul et al. 2 | Point N | Non-linear optimization as proposed | MODFLOW and S | Location N [N
(2015) by Aral et al. (2001) MT3DMS
90 | Prakash and Datta 3 | Areal Y | Simulated annealing coupled with GMS F | Location and N |Z
(2015) optimal monitoring network design starting time
91 | Srivastava and Singh |2 | Point Y | Artificial neural network MOC S | Source location Y [N
(2015)
92 | Zhang et al. (2015) 2 | Point Y | Full Bayesian approach for optimal | Flow and transport S | Location, starting Y |YN
sampling well location and source equations time, ending time
parameter identification using and strength
Markov chain Monte Carlo
93 | Ayvaz (2016) 2 | Areal N | Simulation-optimization using a MODFLOW and S | Shape of areal N |Z
hybrid optimization where a binary | MT3DMS source and input
genetic algorithm and a generalized concentration
gradient method are used
94 | Bashi-Azghadi et al. 2 | Multiple | N | Regret-based optimization model to | MODFLOW and F | Location N [N
(2016) minimize the number of monitoring | MT3DMS
wells. Bayesian network trained to
identify pollutant source
95 | Borah and 2 | Multiple | Y | Simulation-optimization approach GMS S | Strengths N [N
Bhattacharjya (2016) using a new genetic algorithm
96 | Hansen and 2 | Point N | Monte-Carlo analysis to run multiple | Transport equation S | Location and time N |Y
Vesselinov (2016) forward models to generate
simulated data which are later used
to identify the source by an inverse
procedure using a simplified model
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
97 | Koch and Nowak 3 | VolumetricdN | Inverse Bayesian methodology for Galerkin finite S | Probability of Y |YN
(2016) the joint inversion of source element code DNAPL presence
geometry and aquifer parameters
98 | Xu and 2 | Point Y | Ensemble Kalman filter used for the | Transport equation S | Coordinates of N |Y
Gémez-Hernandez identification of a contaminant source, starting and
(2016) source ending time, and
strength
99 | Yeh et al. (2016) 3 | VolumetricY | Function fitting by simulated Analytical solutions S | Release function N |N
annealing of transport equations plus some geometric
parameters of source
100| Zanini and Woodbury | 2 | Point Y | Empirical Bayesian method Convolution integral |S | Release function N [N
(2016) combined with Akaike’s Bayesian
Information Criterion
101| Zhang et al. (2016a) 2 | Point Y | Bayesian formulation for Surrogate model S | Source locations and | Y | YN
experimental design integrated with strengths
Markov chain Monte
Carlo
102| Zhang et al. (2016b) 1 | Point N | Backward tracking using a fractional | Fractional advection |F | Source location N [N
advection dispersion model dispersion model
103| Zhao et al. (2016) 2 | Multiple | Y | Simulation-optimization approach Kriging surrogate S | Strengths per stress |N |Z
using a surrogate model model period
104| Gu et al. (2017) 2 | Multiple | N | Monte Carlo approach Transport equation S | Number, location N |Y
and strength of
sources
105| Hazrati Y. (2017) 3 | Multiple | N | Surrogate models based on MODFLOW and S | Strengths at two N |Y
self-organized maps MT3DMS known locations
106| Long et al. (2017) 1 | Point Y | Geostatistical approach Convolution integral |S | Release function N |N
107| Onyari and Taigbenu |2 | Point Y | Green element method to solve Green element S | Release function N [N
(2017) inverse contaminant transport method
problems
108| Rajeev Gandhi et al. |3 | Multiple | Y | Simulated annealing coupled with MODFLOW and S | Wastewater release |N | N
(2017) analytical solutions MT3DMS at potential
locations
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H
109| Zhang et al. (2017) 1 | Point N | Backward probabilities computed Fractional F | Location N |N
assuming a fractional advection-dispersion
advection-dispersion equation model
110| Chen et al. (2018) 2 | Point N | Ensemble Kalman filter used for the | MODFLOW and L | Location, starting N |N
identification of a contaminant MT3DMS time, ending time
source and the geometry of the and strength, and
system geometry of system
111| Esfahani and Datta 3 | Multiple | N | Fractal singularity-based Genetic F | Source N |Z
(2018) multi-objective monitoring networks | programming-based concentrations at
surrogate model for known locations
reactive transport
112| Guneshwor et al. 2 | Multiple | Y | Simulation-optimization approach Mesh-free simulator F | Source strengths at |N |N
(2018) using particle swarm optimization using radial point potential locations
collocation method
113| Hou and Lu (2018) 2 | Multiple | N | Comparative study of surrogate UTCHEM S | Potential sources N [N
models
114| Huang et al. (2018) 2 | Multiple | N | Simulation-optimization using a MODFLOW and S | Sources out of a N |N
shuffled complex evolution algorithm | MT3DMS potential set plus
strengths
115| Jiang et al. (2018) 2 | Multiple | N | Network design using Kalman filter | MODFLOW and S | Five potential N |Y
to improve source identification MT3DMS sources of unknown
strengths
116 Stanev et al. (2018) 2 | Multiple | Y | Machine learning combined with Green’s function S | Number, location Y [N
Green’s function inverse method and strength of
sources accounting
for different
components
117| Vesselinov et al. 2 | Point N | Blind source separation coupled with | Linear mixing of F | Origin of mixed N [N
(2018) non-negative matrix factorization unknown signals waters observed
118| Xu and 2 | Point Y | Simultaneous estimation of MODFLOW and S | Location, strength Y |YN
Gémez-Hernandez conductivity spatial distribution and | MT3DMS
(2018) source parameters using the
ensemble Kalman filter
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
119| Amirabdollahian 3 | Multiple | N | Simulation-optimization approach MODFLOW and F | Candidate locations |N [N
et al. (2019) using adaptive simulated annealing | MT3DMS out a set of
potential sources
120{ Ayub et al. (2019) 2 | Multiple | N | Bayesian approach coupled with Flow and transport S | Locations out of N |Y
Markov chain Monte Carlo equations potential candidates,
plus release function
121 Cao et al. (2019) 3 | Multiple | Y | Bayesian model selection MODFLOW and S | Source strengths N |Z
MT3DMS and locations out of
a predetermined set
of potential ones
122| Jiao et al. (2019) 2 | Point Y | Local approximation solution of MT3DMS S | Release function and [N |Y
concentrations source locations
123| Li et al. (2019) 2 | Multiple | N | Simulation-optimization model with | Kriging surrogate S | Location and release [N |Y
a surrogate model and Kalman model function
filtering combined with a
mixed-integer nonlinear
programming
124| Mo et al. (2019) 2 | Point Y | Joint identification using deep Surrogate model S | Location and Y |YN
autoregressive neural networks strengths
125| Vesselinov et al. 3 | Multiple Unsupervised machine learning Unsupervised F | Source locations N
(2019) based on nonnegative tensor machine learning
factorization of the original
geochemical componentes
126| Xia et al. (2019a) 2 | Multiple | Y | Simulation-optimization approach MODFLOW and S | Source strengths for [N |Z
using a genetic algorithm tuned MT3DMS given stress periods
using Taguchi experimental design
127] Xia et al. (2019b) 2 | Multiple | Y | Optimal self-organized map-based Surrogate model S | Strengths per stress |N |Y
surrogate model period
128| Xing et al. (2019) 2 | Multiple | Y | Simulation-optimization solved with | Ensemble of surrogate | S | Strengths per stress |N |Z
a genetic algorithm models period
129| Yan et al. (2019) 2 | Multiple | Y | Bayesian approach coupled with Kriging surrogate S | Strengths per stress |N |Z
Markov chain Monte Carlo using the | model period
Metropolis-Hastings algorithm
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
130| Zhang et al. (2019) 2 | Point N | Bayesian approach coupled with Analytical solution S | Strength, location N [N
Markov chain Monte Carlo using an and timing
improved Metropolis-Hastings
algorithm
131| Chaubey and 1 | Point N | Artificial neural network Analytical solution S | Location and N |N
Srivastava (2020) strength
132| Colombo et al. (2020) |3 | Point Y | Null-space Monte Carlo backward MODFLOW and F | Source location N |Y
particle tracking MODPATH
133| Essouayed et al. 2 | Point N | Standard non-linear optimization MODFLOW and S | Source location Y |YN
(2020) including pilot points MT3DMS
134| Han et al. (2020) 1 | Point N | Genetic algorithm Analytical solution F | Strength, location N |N
and timing
135| Jamshidi et al. (2020) |2 | Multiple | Y | Standard gradient descent approach | Convolution integral |S | Release function and [N [Z
using Newton-Raphson source location
136| Kang et al. (2020) 3 | VolumetricdN | Principal component geostatistical COMSOL S | Initial DNAPL Y | YN
approach using temporal moments of | Multiphysics saturation
concentration instead of individual
concentrations
137| Li et al. (2020) 2 | Multiple | Y | Simulation-optimization using Several surrogate S | Location out of set |N |Z
hybrid particle swarm optimization | models of potential ones
and extreme learning machine
138| Lu et al. (2020) 3 | Point Y | Parallel heuristic search based on a | Surrogate model S | Coordinates of Y |Z
Bayesian approach combining Gaussian source, strength
process, kernel
extreme learning
machine and support
vector machine
139 Wang et al. (2020) - |- - Extremely similar to the previous - - - -
one
140 Wang and Lu (2020) |- |- - Extremely similar to the two - - |- - |-
previous ones
141| Zhang et al. (2020) 2 | Point Y | Ensemble smoother modified with MODFLOW and S | Coordinates of Y | YN
deep learning MT3DMS source, strength
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
142| Zhao et al. (2020b) 2 | Multiple | N | Artificially enhanced catchment Interpretation of F | Location N |N
concentration time
series
143| Zhao et al. (2020a) 2 | Multiple | N | Simulation-optimization using four Surrogate model using | F' | Strengths per stress |N |Z
different heuristic approaches kernel-based extreme period
machine learning
144 Ayaz (2021) 3 | Point Y | Artificial neural network Transport equation S | Release function N |N
145| Ayaz et al. (2021) 2 | Line N | Constrained non-linear optimization | Transport equation S | Source location, N [N
with genetic algorithm strength and release
period
146| Chakraborty and 3 | Multiple | Y | Simulation-optimization coupling Flow and transport S | Source locations and | N | N
Prakash (2021) numerical modeling and evolutionary | equation strengths
search algorithm
147| Dodangeh et al. 3 | Point Y | Ensemble Kalman filter Surrogate model S | Source coordinates |N [N
(2021) and initial
concentration
148| He et al. (2021) 1 | Point N | Least squares Analytical solution F | Source location and |N |N
strength
149| Hou et al. (2021) 3 | Point N | Homotopy-based hyper-heuristic Multiphase surrogate |S | Source location and |Y |N
approach model strength
150 Jiang et al. (2021) 2 | Multiple | Y | Construction of a large table of Surrogate model S | Source strengths for |Y |YN
inputs and outputs based on given stress periods
self-organized maps
151| Liu et al. (2021) 2 | Point N | Ensemble smoother MODFLOW and S | Location and Y |[YN
MT3DMS strength
152| Todaro et al. (2021) 2 | Point Y | Ensemble smoother MODFLOW and L | Location and release | N |Y
MT3DMS function
153| Wang et al. (2021a) 3 | Point Y | Iterative updating heuristic search Surrogate multiphase |S | Strengths per stress |Y |N
strategy flow period
154| Wang and Zhang 2 | Point Y | Standard gradient descent Diffusion equation S | Location and N |N
(2021) strength
155 Wang et al. (2021b) 2 | Point Y | Differential evolution and tabu Ensemble of surrogate | S | Strengths per stress |Y |Z
search optimization models period
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‘ Reference ‘ D ‘ Source ‘ f(t)‘ Solution approach ‘ State eq. ‘ CS ‘ Source parameters ‘ O. ‘ H.
156| Yuan and Liang 1 | Point Y | Simulation-optimization approach Transport equation S | Release function N [N
(2021) using genetic algorithms
157| Zhou and 2 | Areal N | Bayesian approach coupled with Surrogate model using | S | Location and N |Y
Tartakovsky (2021) Markov chain Monte Carlo a deep convolutional Gaussian spread of
neural network initial
concentrations

1 Dimensionality, 1: One-dimensional, 2: Two-dimensional, 3: Three-dimensional

2 Acronyms used in the table: SUTRA, the flow and transport model by Voss (1984); MODFLOW, the modular groundwater flow code by McDonald
and Harbaugh (1984); MT3DMS, the mass transport code by Zheng and Wang (1999); GMS, the Groundwater Modeling System by Aquaveo; MOC,
the transport model developed by Konikow and Bredehoeft (1978); MF2K-GWT, implementation of MOC in MODFLOW, see, for instance, Konikow
and Hornberger (2006); UTCHEM, the University of Texas multiphase simulator code; MODPATH, the particle tracking code by Pollock (1994);
COMSOL Multiphysics, a general purpose simulation software by COMSOL; EPANET, flow and transport in water distribution networks by Rossman
et al. (2000)

3 (ase Study, S: Synthetic, L: Laboratory, F: Field

4 Other non-source parameters also identified

5 Aquifer heterogeneity, N: Homogeneous, Z: Zonation, Y: Heterogeneous and unknown, YN: Heterogeneous but known
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