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ABSTRACT: Often untreated wastes are buried underground as convenient method of disposal. These clandestine
disposal methods are adopted to offset the cost incurred in proper waste management. Though there might be short
term economic gain to the disposer but the long-term impact of such disposal manifests in form of groundwater
pollution, which if left unchecked would potentially pollute the entire aquifer. Any contaminated aquifer treatment
technique requires prior information about the pollutant sources characteristics. Thus, characterization of unknown
groundwater pollution sources becomes imperative in remediation process. The first step involves the
identification of number of sources and their locations. In a clandestine scenario the entire study area is treated as
a potential source and the search for the actual source can be extensively rigorous in space and time. To overcome
this challenge a kriging based zoning is adopted to narrow down the search space for the actual sources in a limited
data availability scenario. A comparative analysis of two methods is presented; first method where only (Simulated
Annealing based Linked Simulation Optimization) SALSO is used, and second method where kriging based zoning
plus SALSO is adopted for pollution source characterization. It is found that kriging method clubbed with SALSO
gives significantly better results compared to initial results. A boundary of Indian Institute of Technology Patna
with hypothetical hydro-geological parameters is used to test the developed method. The location of the pollutant
sources is easily identified when a kriging based Simulated Annealing Linked Simulation Optimization (KSALSO)
method is adopted.

Keywords: Linked simulation optimization; Groundwater pollution source identification; Simulated annealing;
Kriging

INTRODUCTION identifying the release histories of pollution sources
[2-5]. Surrogate models are efficiently used to
In several parts of the world, ground water is one recover the release histories of groundwater pollution
of the most important drinking sources. Pollution of sources when locations of sources are well known [6-
these groundwater aquifers is the biggest threat to 7]. These methods are valid for only some simple case
sustainability of environmental aspects and even studies, which cannot be used for complex scenarios
more difficult to detect. Clandestine dumping of toxic of source identification problems involving
wastes underground to offset the cost incurred in clandestine sources.
proper waste management has further complicated There are very few methods which
the scenario. Finding such sources of pollution is simultaneously identify the locations and release flux
highly challenging due to their untracebility. histories of groundwater pollution sources [8-9]. One
Presences of such pollutant sources are unknown until of the biggest limitations of these methods are that
pollution is first detected in some sparsely located these methods assume the location of the sources to
wells. In designing an effective remediation strategy be anywhere in the study area, which makes these
for these polluted aquifers, accurate knowledge of methods computationally expensive. However, these
pollution source characteristics in terms of their developed methods fail to yield any fruitful result
numbers, their locations with release flux histories are when the study area is large and there is no initial
most vital. It may be possible to decipher the number guess about the number of sources and their location.
of sources from the pattern of land use, but the In such scenarios the number of possibilities to be
greatest challenge is to estimate the history of release evaluated in LSO is very large and may not converge
flux and location of these pollution sources. to an optimal solution. [10] used a geo-statistical
Nonlinear regression model was applied to kriging method to identify the number of sources and
identify the release flux histories of groundwater their locations using pollutant concentration
pollution  sources [1]. Linked  Simulation measurement from a sequentially designed
Optimization (LSO) models are very popular in monitoring network.
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In order to reduce the computational burden and
accurately identify groundwater pollution sources, a
KSALSO methodology is proposed. This
interpolation technique termed as kriging method is
applied to determine the pollutant concentration
profile over the study area. This concentration profile
gives an overview of location of pollutant sources
which reduces the area of search. Thereafter, LSO
method is used after kriging interpolation for source
identification. Here, Simulated Annealing (SA) is
used as optimization algorithm. A comparative study
is also presented between the developed KSALSO
model and conventional SA based SALSO technique
in identifying unknown source characteristics.

METHODOLOGY

In order to estimate Location and Release Flux
histories (LRF) of these pollutant sources, two
different pathways are adopted. In the first case
conventional SALSO is used. Conventional SALSO
was mostly used previously to identify the release
flux histories of pollutant sources. In the current study,
SALSO methods are used to identify both location
and release flux histories. Here, a newly developed
KSALSO method is implemented for simultaneous
identification of LRF of pollutant sources. The search
space for the sources is narrowed down by kriging
based pre-processing to reduce the computational
budget.

Linked Simulation-Optimization

Linked Simulation Optimization (LSO) is widely
used in groundwater pollution source identification
problems [11-12]. A linked simulation-optimization
is initialized with suitable optimization control
parameters. Each iteration of the optimization model
decreases the residual error by suitably adjusting the
values of the explicit decision variables based on the
algorithm control parameters i.e. initial temperature,
temperature reduction factor, etc. in case of SA.
Decision variables constitute of the unknown source
characteristics i.e. the grid locations of the sources,
and flux release history such that the optimal values
of these decision variables gives the optimal estimate
of the unknown source characteristics. The initial
values of pollutant flux of each source are taken
randomly within the prescribed bounds depending on
the problem scenario. The iterative process is
repeated until the solution converges to an optima or
reaches the stopping criteria as specified by the user.
The proposed methodology uses meta-heuristic
optimization algorithm clubbed with a simulation
model (Equation 1 & Equation 2) to reconstruct LRF
of pollutant sources.
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Equation 1 represents groundwater flow equation and
is based on Darcy’s law. The hydraulic head is
denoted by h; k; is the hydraulic conductivity in i th
direction Ry, is the storitivity of the aquifer; t is the
elapsed time.

22D, V2C — SVc + Cogs @)
Equation 2 simulates the transport of pollutant in
groundwater system. C represents the concentration
of pollutant sources; D;; is the disversivity
coefficient at i, j; the term C,q, represents the source
sink mixing in groundwater system;

In LSO approach, the residual error between
simulated and observed pollutant concentration
values are minimized in Equation 3. Simulation
model replicates flow and pollutant transport in
groundwater system [13]. The unknown LRF are
considered as explicit unknown decision variables.
For different combinations of source numbers,
locations and fluxes, simulation model is solved
iteratively, such that the optimal solution represents
the best estimate of the unknown decision variables.
SA is used to solve the optimization problem. In LSO
method, location and release flux histories (LRF) of
pollutant sources are estimated by formulating
optimization problem.

F = Min 3% Y102P(Cobsf,y, — Cesti,,) ®)
Subjected to,
Lmin SL< Lmax; (4)

In Equation 3, objective function is minimized
at any arbitrary location iob and time k; mob is the
maximum number of observation well Cobsk , is the
observed concentration and CestX, is the simulated
concentration at measurement time step k at location
iob; Cobsk, is obtained from sampling an
observation well; and ; Cestk, is obtained from
Equation (5);

Cestl,=f (L, F, H) (5)

L is the location (grid) of pollutant sources and it
depends on the study area and constrained by
Equation 4, F is the release concentration of the
sources and H represents the hydrogeological
characteristics of the polluted aquifer study area. In
the optimization formulation L and F are the decision
variables. The SALSO method links the simulation
model to the SA optimization algorithm. SALSO
approach incorporates the groundwater flow and
pollutant transport simulation models as set of
binding constraints in the optimization formulation
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which is solved iteratively.

In this optimization problem, maximum number
of observation mob is considered as 25. Total number
of observation time steps k, is considered as 4.

Description of Kriging

Kriging is popular interpolation technique, which
is applied in the developed methodology to identify
the groundwater pollution source locations to reduce
the computational burden in identifying the LRF.
Previously self-organizing map related surrogate
models were used to identify the unknown

characteristics of pollutant source characteristics [14].

In geo-statistics, kriging or Gaussian regression is
originally an interpolation procedure for which the
interpolated values are determined by a Gaussian
mechanism controlled by prior covariance [15].
Application of Geo-statistics is very common in the
field of pollution [16-17]. Kriging as a tool is often
used to determine the quality of groundwater with the
help of intensity profile. The approach is commonly
used in the spatial analysis context and in machine
experiments.

Generally, L values of the pollutant source depend
on the size of the study area chosen. If the study area
is large, the variable L increases the computational
burden as more number of source combination
scenarios need to be evaluated to find the optimal
result. In order to avoid the excessive load in
computing, Ordinary Kriging (OK) is incorporated as
a preprocessor. This preprocessor tool is used to
reduce the load on optimization. The OK equation is
stated in Equation 6.

G(Lo) = F(Ly) + 1 (6)

G(Ly) is the concentration obtained by OK; F(Lo) is
the unknown concentration value interpreted by
combined neighborhood function at the location Ly;
and the u is the standard normalized error occurred at
same location Equation 6.

Kriging Based Zoning of KSALSO Method

The proposed methodology (KSALSO) uses two
step processes. In the 1% step, pollutant concentration
data from monitoring wells are collected. From these
concentration data, a kriging interpolation is carried
out to generate concentration profile over the entire
study area, which is further used as input for the
source identification model. In this 2" step, higher
concentration region is designated as potential source
location zones (Equation 7) for LSO model. If,

G (Linax) > G™™(Lo); ()

G (Lmay) 1S the maximum concentration obtained
after creating the variogram at location L4, Lo is
reduced potential grid after Kriging based zoning; Lo
is not considered as a potential source location in LSO.
After OK the LT, variable is deduced. LT ., is
maximum length of study area of KSALSO method;

L:nax S Lmax; (8)

Equation 4 is replaced by Equation 8 to forms
Equation 9.

Lmin <L < L?rwnax; (9)

These variable LT, ., become the final constraint
of the optimization. Thus, the search space is reduced
from entire study area to smaller region for actual
source locations in LSO. The schematic chart
representing the flow of developed KSALSO is given
in Fig. 1.

Start

\ 4

Take concentration measurement from well

Perform Kriging over study area

Perform Kriging based Zoning to reduce potential
sources locations

A\ 4

Perform SALSO model for identifying LRF

End

Fig 1: Flowchart of KSALSO
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PERFORMANCE EVALUATION

Table 1: Hydro-geological parameters of study area

Name of the parameter  Unit Value
Length of the area m 5410
Breadth of the area m 3628
Thickness of the area m 30.6
Length of the grid m 50
Breadth of the grid m 50
Thickness of the grid m 30.5
Hydraulic conductivity — m/s 21.34
Horizontal anisotropy Unitless 0.8
Size of stress period Days 365
Porosity Unitless 0.3
Source grid - (16,7), (20,6)
Well Number - 16

In order to test the performance of the developed
methodology, site of Indian Institute of Technology
Patna is chosen. The location of the site is 25.5357°
N, 84.8512° E (Fig. 2). It is assumed that there are
two pollutant sources and there are sixteen points
where the concentration data is recorded. The hydro-
geological parameters of the study area are given in
table 1. It is assumed that all these sixteen observation
locations are impacted by pollution coming from two
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point sources. It is assumed that pollutant is
conservative, and the sources are active for seven
stress periods. Each stress period is of one year.
Source fluxes remain constant throughout each stress
periods.

A three-dimensional unsteady transient pollutant
transport model was developed to estimate the fate
and transport behavior of polluted aquifer. It was
assumed that the initial concentration is zero. The
simulation is performed with the implicit assumption
that the starting time of these sources are known. In
the LSO model SA is used as optimization algorithm
to estimate the source flux release history and source
locations using pollutant concentration measurements
from few monitoring locations. The fundamental idea
of SA comes from thermodynamics. Groundwater
pollution source identification problems are
categorized as multivariate optimization problem.
The non-linearity phenomenon makes the solution
more complex. The formulation of such complex
problem has multiple local optima. SA works
efficiently in getting out from this trap of local optima.
Using hill-climbing moves to avoid local optima
makes SA is effective in solving problems of non-
convex optimization. The simplicity of application to
the complex problem and convergence to an optimum
global solution extends the competency to solve the
ill-posed inverse problems, as in the case with the
problem.

H well

Fig 2: Plan view and interpolated concentration in the study area
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From Figure. 2, the likelihood of sources to be
present are in the higher concentration zone which is
denoted by deep blue color. By kriging, the potential
source locations are reduced from 108 active grids to
36 active grids (refer: table 2). Thereafter, SALSO
model is applied to identify the sources characteristics
in the limited search area. Basically, Kriging based
zoning method helps SALSO method to perform in
reduced search area for location of pollutant sources,
which invariably decreases the plausible number of
source characters’ combinations to be evaluated in the
SA optimization algorithm in search for the optimal
LRF.

Table 2: Comparison of optimization parameters
between SALSO and KSALSO

Method Number of L Source location
decision combinations for
variables search

SALSO 18 108 5778

KSALSO 18 36 630

In this study area, the maximum number of
sources are two. Total number of stress period for
each sources are seven. So, the number of variables
to be estimated is eighteen (2 x 2 + 7 x 2). The

@ Actual
6000

description of and L variable is given in table 2.
RESULTS AND DISCUSSIONS

The identified source characteristics result is
given in table 3 and Fig. 3. Basically, the location and
release flux histories are identified with the KSALSO
method within minimal computational time. The
result of conventional SALSO method [4-5], which
was used by several researchers is also presented in
identifying location and release flux histories. In
case of KSALSO, out of two sources, location of one
source matches exactly with the actual location of the
source, and the location of other sources is slightly
shifted (one grid shift) from the actual source location
of the second source. The location is expressed in
terms of grids.

The release flux histories are also presented in the
Fig. 3, where X dimension represents the stress period
and Y dimension represent the release history of each
sources. In the X dimension, there are seven stress
period plotted for each sources. Blue bar chart
represents the actual release histories of each sources
and red and green bar chart represent the identified
release flux by KSALSO and SALSO methods
respectively. It is observed from Fig. 3 that KSALSO
method give better recovery of release flux of the
identified sources compared to SALSO.

EKSALSO ESALSO

Flux (kg/d)

3000

O T T

S11 S12 S13 S14 S15 S16 S17

S21 S22 S23 S24 S25 S26 S27

Fig 3: Release flux histories of identified sources
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A comparative study is also presented between
developed KSALSO method and conventional
SALSO methods. From the table 3, it is obvious that
KSALSO give significantly superior result than that

KSALSO and SALSO methodology is examined in
Figure 4. Estimated source flux values for producing
the breakthrough curves are used in a forward
simulation for both KSALSO and SALSO method.

t=1200 d
—e—Actual —e—KSALSO SALSO

.90

>

E

2

S % /1\

. | St .

8 12 16

Observation point

Fig 4: Breakthrough curve comparison

of SALSO in terms of identifying location of the
pollutant sources. KSALSO method converged with
less number of iteration compared to SALSO method.
That is why elapsed time for completing KSALSO
method is also lower than that of SALSO method.

Table 3: Characteristics of identified sources

Characteristics ~ Actual KSALSO SALSO
Co-ordinates
(s1) (167) (167  (128)
CO"’(rSdZ';ates 206) (216)  (188)
Time taken (sec) - 31294 591432

Computational time taken by the developed
method KSALSO, and the conventional method
SALSO are analyzed to estimate the efficiency in
using kriging for potential source location zoning.
From the estimates it is seen that performance of
KSALSO model is superior in efficiency and reduces
the computational burden by 97.40%.

By comparing the breakthrough curves, the
accuracy of the estimated source fluxes using both

CONCLUSIONS

KSALSO is significantly more efficient than
SALSO in identifying the sources characteristics. The
location of each sources are identified with 90%
precision. The recovery of flux histories are also
satisfactory (87% precision). KSALSO method
works 97% faster than conventional SALSO method,
which is a major advantage of developed KSALSO
method. One of the major challenges in groundwater
pollution is to identify the locations of pollution

84

The concentration versus observation location is
generated at 1200 days after pollution started. In Fig
4, the blue line represents the actual concentration at
different monitoring point at 1200 days of pollution
being started. Similarly, the red line and green line
demonstrate the estimated concentration at same
monitoring location and same time using KSALSO
and SALSO method respectively. All estimated
concentration values for both KSALSO and SALSO
methods are compared with the actual concentration
at same time and it is found that KSALSO gives
greater accuracy in recovery of breakthrough curve
than that of SALSO method.

It is very evident that the developed KSALSO model
outperforms the conventional SALSO technique for
identifying the location and release flux histories.
Moreover, groundwater pollution source
characterization is very time taken procedure, when
SALSO techniques are employed to solve the
problem. This newly developed KSALSO technique
is very efficient to reduce the computational burden
and more accurately identify the pollutant source
characteristics than the previous methods.

sources. Most of the previous literature based on the
implicit assumption that the location of groundwater
pollution sources is well known or the small potential
number of sources location are known. The newly
developed KSALSO technique is able to relax the
existing gap in the field of groundwater pollution
source characterization by taking entire study area as
potential source location. The number of sources is
not taken as unknown explicit variable in this
developed methodology
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