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A new stochastic optimization model under modeling uncertainty (SOMUM) and parameter certainty
is applied to a practical site located in western Canada. Various groundwater remediation strategies
under different significance levels are obtained from the SOMUM model. The impact of modeling uncer-
tainty (proxy-simulator residuals) on optimal remediation strategies is compared to that of parameter
uncertainty (arising from physical properties). The results show that the increased remediation cost for
mitigating modeling-uncertainty impact would be higher than those from models where the coefficient
of variance of input parameters approximates to 40%. This provides new evidence that the modeling
uncertainty in proxy-simulator residuals can hardly be ignored; there is thus a need of investigating and
mitigating the impact of such uncertainties on groundwater remediation design. This work would be
helpful for lowering the risk of system failure due to potential environmental-standard violation when
determining optimal groundwater remediation strategies.
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1. Introduction

Acomplete description of a stochastic optimization model under
modeling uncertainty and parameter certainty (SOMUM) has been
provided in the first companion paper. In this part, a practical
petroleum-contaminated site in western Canada will be used as
a case study to demonstrate the applicability of the model. To
begin, results from modeling calibration and verification, hypo-
thetical tests and optimal design will be presented in detail. The
optimization results obtained from the SOMUM model will then
be compared to those from: (a) stochastic optimization mod-
els accounting for physical-property (or parameter) uncertainty
(SOMUP) [1,2] and (b) a deterministic optimization model (DOM)
under certainty (i.e. no uncertainty is addressed) [3]. Through the
comparison, the impacts of modeling and parameter uncertainties
on optimal design strategies can be investigated. The implicit in the
modeling effort will also be discussed.

The site is located approximately 20 km north of the Town of
Kindersley in Canada and has been in operation since the late 1950s.
The previous characterization results indicated that it has com-
plex heterogeneous and anisotropic hydrogeological conditions
and the soils can be categorized into clay till, silty clay, and sandy
soil (Figure S1 in the supplementary material). Due to oil leak-
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age, petroleum hydrocarbons were detected in the subsurface. The
major contamination sources included a gas plant on the west side
ofthe site (S1),adisposal pit formerly located in the northeast quad-
rant of the site (S2), and a recirculating pump close to S1 (S3). In
2000, dual phase vacuum extraction was used in the first stage; this
practice was found to successfully remove the petroleum hydrocar-
bons existing as NAPL (nonaqueous phase liquid) and air phases.
However, the groundwater samples taken from the site indicated
that the BTEX (benzene, toluene, ethyl-benzene and xylenes) con-
centrations still violate the environmental standards issued by the
CCME [4] and SERM [5].

Thus, a pump-and-treat system was recommended in the sec-
ond remediation stage, mainly for controlling the transport of
contaminated groundwater, preventing uninterrupted expansion
of contamination zones, and decreasing the dissolved contaminant
concentrations [7]. The remediation durations were assumed to be
5,10, 15 and 20 years. This selection was mainly based on the reme-
diation cost and timeframe, compared to other techniques such
as natural attenuation. In situ bioremediation was not considered
either, due to the extremely low temperature in the long winter.
To support optimal design of the pump-and-treat system, a three-
dimensional multiphase multi-component simulator was used to
predict the fate and transport of BTEX in the groundwater.

The detail of the simulator description has been shown in
the first companion paper. The simulation area was considered
as a three-dimensional heterogeneous domain, with an area of
270m x 225 m and a depth of 10 m (Figure S2 in the supplemen-
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tary material). Vertically, the domain was divided into four layers,
which were 1, 2, 3 and 4 m, respectively. Horizontally, each layer
was discretized into 54 x 45 grid blocks, with each one being
dimensions of 5 and 5m in x, y directions, respectively. The total
number of grids was thus 9720 (54 x 45 x 4). In the simulation,
non-flow boundary conditions were assigned on the top and at the
bottom of the simulation domain, forming a steady groundwater
flow from northeast to southwest.

2. Simulator validation

The identified parameters input to the simulator were classi-
fied into three types: hydrologic parameters, hydrocarbon source
parameters, and control parameters. Site hydrologic parameters,
including hydrologic properties (e.g., water dynamic viscosity,
water density, water surface tension, average recharge rate, water
saturation, residual water saturation) and porous medium prop-
erties (e.g., hydraulic conductivity in three dimensions, ratio of
horizontal to vertical hydraulic conductivity, porosity, bulk density,
surface ground elevation, groundwater elevation, groundwater
gradient and direction, longitudinal dispersivity, transverse disper-
sivity and vertical dispersivity); hydrocarbon source parameters,
including hydrocarbon phase properties (e.g., NAPL density, NAPL
dynamic viscosity, hydrocarbon solubility, aquifer residual NAPL
saturation, vadose zone residual NAPL saturation, soil/water parti-
tion coefficients and NAPL surface tension), dissolved constituent
properties (e.g., initial concentrations of contaminants in satu-
rated zone, NAPL/water partition coefficient, constituent solubility
and contaminants’ half-life constants in aquifer) and hydrocarbon
release information (e.g., NAPL flux, beginning time, ending time,
and NAPL volume released). Additionally, some control parame-
ters were determined since the numerical method for solving the
simulator was based on finite difference methods with some non-
linear processes. The control parameters included simulation time
horizon, allowable time increment, time interval to write effluent
concentrations, number of time steps and iterations, termination
constraints, domain types and definitions, flow or transport simu-
lation selection control, connection and communication between
property data and numerical grids, etc.

In validating the simulator, the data of 2001 and 2002 were used
for calibrating the simulator, and those of 2003 were used for verifi-
cation. Our results indicated that the errors between predicted and
observed benzene concentrations ranged from —13.8 to 248.9 ng/L;
the mean absolute error was 72.78 p.g/L and the mean relative error
was 30.02%. The errors for toluene concentrations varied from —2.4
to 22.8 wg/L, with their mean absolute and relative errors being
5.72 pg/L and 79.01%, respectively. The mean absolute errors for
ethyl-benzene and xylenes were 4.2 and 17.28 pg/L, respectively;
the mean relative errors for the two specifies were 16.68% and
11.26%, respectively. This demonstrated the developed simulator
could be used in the remediation design as the error levels were
generally acceptable.

3. Results analysis

Simulation results showed that the peak concentration of ben-
zene, toluene, ethyl-benzene and xylenes would be respectively
6376.5, 852.3, 2304.2 and 418.4 g/L 10 years later, if no reme-
diation action was undertaken [6]; these would be a number of
times higher than the environmental standards. The contamina-
tion would become increasingly serious with the spreading of BTEX
in the groundwater. Thus, the pump-and-treat system was rec-
ommended, with the durations assumed to be 5, 10, 15 and 20
years. Many factors (including contaminant concentrations of the
injected and extracted water, pumping rates, well number, well
location, etc) can influence the optimal remediation strategies. This

study only chose pumping rates as decision variables (i.e. explana-
tory variables). If more factors need to be addressed, they can be
introduced into the inputs of proxy simulators which need to be
re-generated.

Two injection and four extraction wells were determined as
remediation wells from various alternatives (Figure S2 of the sup-
plementary material) as they were located around the contaminant
sources and can be operated rather conveniently. In terms of the
local technical and hydrogeological conditions, pumping rates at
these wells would not be higher than 100 m3/d. The system also
included eight monitoring wells. Note that, the explanatory vari-
ables were normalized in the range 0 and 1 by dividing their
values by 100, and natural logarithms of simulated benzene con-
centrations at the monitoring wells were considered as response
variables. This treatment would be effective in decreasing compu-
tational errors.

According to EEP [6], layers 2-4 would be located in the sat-
urated zone, while layer 1 would be situated in the unsaturated
zone. Since the most serious plume was mainly observed in layer
2, the optimal design only targeted at this layer. Moreover, only a
single species (i.e. benzene) was considered in the case study. This
simplification was based on the findings that (a) the concentrations
of toluene, ethyl-benzene, and xylenes would become lower than
the respective environmental standards once the benzene concen-
tration satisfied the standard (determined to be 0.5mg/L in this
design); (b) benzene generally has higher toxicity than the other
three contaminants [5].

The proxy simulators were generated via stepwise response sur-
face analysis (SRSA) based on 250 statistical samples obtained from
various runs of the simulator. Because a total of eight monitoring
wells were used as checking points and 4 types of remediation peri-
ods (i.e. 5,10, 15 and 20 years) were considered, a total of 32 proxy
simulators were created; each one represented the contamination
concentration at one monitoring well for one type of remediation
period. Figs. 1 and 2 present the histograms of residuals generated
by the proxy simulators for wells BH110 and BH109. Since most of
the figures have approximately symmetrical shapes, the normal-
ity of the residuals could be straightforwardly assumed. Although
not shown for the residuals generated from other proxy simulators,
their histograms also revealed that the normality assumption could
be given.

Both JB-test and L-test were performed to verify the normal-
ity of residuals. Fig. 3 presents the calculated JB-statistic values. As
shown in Fig. 3(a), the average JB-statistic value is 1.61, with the
maximum and minimum values being 8.15 and 0.01. Given a sig-
nificance level of 0.05, most of the statistic values are lower than the
critical one (5.99). The only exception occurs at well BH110 where
the JB-statistic is about 8.15; however it is lower than the critical
value (9.20) given the significance level of & =0.01. Similar results
can also be observed from Fig. 3(b)-(d). Therefore, it is judged the
normality hypothesis can hardly be rejected since all JB-statistic
values are lower than or very near the critical ones given a signifi-
cance level of 0.01. Fig. 4 shows the L-statistic values for residuals
under normality hypothesis. Except for wells BH105, BH107 and
BH116 in Fig. 4(b) and well BH116 in Fig. 4(c) and (d), the statistic
values of all others are lower than the critical value when the sig-
nificance level is 0.05. However, when the significance level equals
0.01, the L-statistic values of all wells are lower than the critical
value, indicating the normality hypothesis for the residuals of the
proxy simulators can also be accepted according to the L-test given
a significance level of 0.01.

Fig. 5 gives the estimated lower and upper bounds of the resid-
uals under a 95% confidence level, when remediation durations
are 5, 10, 15 and 20 years, respectively. It is indicated that the
averaged lower and upper bounds of the mean residuals at the
eight wells range from —0.21 to 0.22. This shows the assumed zero
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Fig. 1. Statistic histograms for proxy-simulator residuals at well BH110 (the horizontal axis represents the estimated error, and the vertical axis represents the frequency
falling between the corresponding range). (a) 5 years, (b) 10 years, (c) 15 years, and (d) 20 years.
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Fig. 2. Statistic histograms for proxy-simulator residuals at well BH109 (the horizontal axis represents the estimated error, and the vertical axis represents the frequency
falling between the corresponding range). (a) 5 years, (b) 10 years, (c) 15 years, and (d) 20 years.
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Fig. 3. The Jarque-Bera test results. (a) 5 years, (b) 10 years, (c) 15 years, and (d) 20 years.

mean for all residuals completely falls into the ranges constituted
by the lower and upper bounds. Thus, the zero-mean assumption
can be accepted under a 95% confidence level. The t-test is also
performed to verify the hypothesis that Hy: 1o =0, cr,f unspeci-
fied, against Hy: iox # 0, of unspecified, where jiq, and of are
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Fig. 4. The Lilliefors test results. (a) 5 years, (b) 10 years, (c) 15 years, and (d) 20 years.

expected value and variance of the residual generated by the proxy
simulator for well k. As shown in Fig. 5(a), the averaged t-statistic
value is 0.05, with the largest and smallest values being 0.40 and
—4.72 x 1074, respectively. Similar results can also be observed in
Fig. 5(b)-(d). In comparison, given a significance level of 0.05, the
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Fig. 5. The t-tests results. (a) 5 years, (b) 10 years, (c) 15 years, and (d) 20 years.

value of tyg5/2(50—1) is 2.01, indicating the rejection regions of
[—o0, —2.01] and [2.01, oo]. As all of the t-statistic values fall out
of these ranges, the null hypothesis (Hy) of g, =0 can hardly be
rejected, and accordingly the zero-mean assumption is accepted.
Based on this hypothesis, cr,f can be estimated by:

N
Z_E
Ok =

u=1

(ek,u - ék)z (1)
N

where ey, is residual of the proxy simulator for well k for sample
u; e is average of samples ey ,;; N is number of samples.

Fig. 6 presents the estimated variances under the zero-mean
hypothesis, which were introduced to formulate the SOMUM
problem. Fig. 7 shows the optimal pumping strategies under the
confidence levels of 0.90, 0.95, 0.975 and 0.99. When the reme-
diation period is 5 years (Fig. 7a), wells M3 and M5 would have
the highest pumping rates, with an average value equal to or
near 100 m3/d. This shows that most of the contaminated ground-

5 years 10 years B 15years [20 years

0.5

0
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Well

Fig. 6. Estimated variances of the proxy-simulator residuals.

water would be extracted from well M5 while most of clean
water would be injected into well M3. Wells M1 and M2 would
also play roles in remediation, with an average pumping rate of
30.0m?3/d approximately. Wells M4 and M6 would have no con-
tribution to the remediation since no contaminated/clean water
would be extracted/injected from/into the wells. When the reme-
diation period is extended to 10 years, the average pumping rates
at wells M3 and M5 would reduce by 44.3% and 71.4%, respec-
tively (Fig. 7b); those at wells M1 and M2 would increase by
1.64 and 1.04 times when the confidence level () ranges from
0.90 to 0.99. In comparison, the pumping rates at wells M4 and
M6 would be 0 and 1.54 m3/d, respectively. This shows wells M1,
M2, M3 and M5 would have much more significant contribu-
tion to groundwater remediation than wells M4 and M6. Over
the 15-year period of remediation (Fig. 7c), the average pump-
ing rates would be 47.5, 5.50, 45.2, 0, 1.01 and 2.21 m3/d at the
six wells, respectively. Once the remediation period increases to
20 years, only wells M1 and M3 would be active with the rates
both being 23.3 m3/d (Fig. 7d), and the other wells would be shut
down.

It can also been observed from Fig. 7 that a long remediation
period corresponds to a low total pumping rate. This is because high
volumes of contaminants need to be extracted to lower the ben-
zene concentrations when the duration is short. This would further
enhance the injection rates to maintain a stable hydraulic gradient
of the aquifer. The increases in both extraction and injection rates
would thus cause the growth of pumping rates for shorter-duration
remediation than for longer ones. The effect of 7r levels on remedia-
tion strategies can also be observed from Fig. 7. For example, when
7 rises from 0.90 to 0.99 (5-year period of remediation), the total
pumping rate would increase by 17.6%; it would be enhanced by
2.08, 1.42 and 0.55 times respectively for the 10, 15 and 20 years of
pumping, when m varies from 0.95 to 0.99. This demonstrates that
an increased 7 level would lead to the growth of total pumping
rate, implying an enhanced remediation cost would be afforded.
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4. Models comparison

To compare the impact of modeling uncertainty on remediation
strategies to that of physical-property uncertainty, five scenar-
ios were designed which were S1, S2, S3, S4, and S5 (Table 1).
Optimal solutions under scenarios 2 and 3 were solved in terms
of the following procedures: to begin, the Mont-Carlo technique
was used to run the simulator, generating 250 statistical samples
based on the provided stochastic parameters (shown in Table 1);
the inputs of samples were pumping rates at remediation wells
and the outputs were probabilities of benzene concentrations at
monitoring wells satisfying the environmental standard. The sam-
ples were employed by the SRSA tool to create proxy simulators.
The proxy simulators were then input to model (2) to replace the
initial Mont-Carlo-based simulator, formulating the following con-
ventional SOMUP problem:

where TR is total pumping rate for all injection/extraction wells; I
and]J are numbers of injection and extraction wells, respectively; q;
to q; are decision variables, indicating the pumping rate at injection
wells 1 to I, respectively; g;+q to gy are decision variables, indicat-
ing the pumping rate at extraction wells [+1 to [ +], respectively;
(imax 1S maximum pumping rate for the ith well; Pr represents
the probability of constraint satisfaction; Cﬁ is contaminant con-
centration predicted by the proxy simulators for well k; MCL is
maximum contaminant level which is determined in terms of the
given environmental standard; 7 is confidence level. Model (2) can
be solved through optimization solvers like Lingo as it is a quadratic
programming problem.

Fig. 8 shows the comparison of optimization results for the
remediation periods of 5 and 15 years. As shown in Fig. 8(a), the
total pumping rate would be 165 m3/d when neither modeling
uncertainty nor parameter uncertainty is considered (in scenario
S1). However, when modeling uncertainty is addressed in sce-

I
Minimize TR — i] a (2a) nario S2, t.he tqtal pumping rate would bg inc.reased by 43.9%.
. In comparison, if only parameter uncertainty is accounted for,
=1 the total pumping rate would be increased by 7.78%, 23.1%, and
st. 0<¢q;<Qimax forall i=I+1,14+2,---,1+] (2b) 56.5% in scenarios S3, S4, and S5, respectively. If assuming the
| 14 _reme_diatiop cost is proport%on_al to the tota.l pump rate, then _this
Z 4 = Z s (20) implies the increased remediation cost for mitigating the modeling-
! ! uncertainty impact would be no less than that for mitigating the
i=1 i=1+1 parameter-uncertainty impact. This is extremely significant when
Pr{cﬁ(q“ q1s---,Qry) <MCLy>7 for all k=1,2,...,K (2d) the coefficient of variance (CV) is not larger than 40%. The increased
Table 1
Scenarios designed for comparison of uncertainty impacts.
Scenario Residual Porosity Permeability Uncertainty Uncertainty sources Model
DT v DT v DT cv
S1 - - - - - - - - DOM
S2 Log-normal Calculated by Eq. (1) - - - - Modeling uncertainty Proxy simulator residuals SOMUM
S3 - - Normal 10% Log-normal 10% Parameter uncertainty Physical property SOMUP
S4 - - Normal 20% Log-normal 20% Parameter uncertainty Physical property SOMUP
S5 - - Normal 40% Log-normal 40% Parameter uncertainty Physical property SOMUP

Note: CV denotes coefficient of variance, which is defined as ratio of standard deviation to mean value; DT denotes distribution; — means uncertainty is not considered.
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cost in scenario S2 would be less than that in scenario S5, sug-
gesting parameter uncertainty has the most significant impact on
remediation cost, while modeling uncertainty is the second most
significant. Fig. 8(b) also illustrates the increased remediation cost
for mitigating modeling-uncertainty impact would be higher than
that in the scenarios with the CVs being lower than 40%.

This evidence implies that the impact of modeling uncer-
tainty on groundwater remediation design can hardly be ignored.
Although part of the previous studies suggested that the intro-
duced proxy simulators have achieved satisfactory approximation
performance, ignoring the impact of modeling uncertainty may
cause the increase in the risk of system failure due to potential
environmental-standard violation. This finding could be partic-
ularly favored by system designers who are willing to spend
additional money to lower the potential risk of systems failure.
Unfortunately, most of the previous studies focused on addressing
parameter uncertainty rather than accounting for modeling uncer-
tainty. This new evidence could stimulate more future efforts to be
undertaken focusing on investigation and mitigation of modeling-
uncertainty impact on remediation design.

Figs. 7 and 8 also indicate that the optimal total pumping rates
obtained from DOM would be lower than those from SOMUM. This
occurs because that more contaminated groundwater should be
extracted to mitigate the effects of modeling uncertainty. Corre-
spondingly, more clean water should be injected to satisfy the
environmental constraint. The increased requirement for extrac-
tion and injection would thus lead to the rise of total pumping
rate. It seems that the SOMUM strategies are rather conservative
compared to the DOM ones, due to the need of mitigating model-
ing uncertainty. However, in practice, inaccurate proxy-simulator
forms, missing variables, biased parameters and sampling errors
can frequently lead to deviations of outputs, inducing the originally
“optimal” solutions to be no more optimal. As the exclusion of this
uncertainty from the optimization formulation would lead to a risk
of system failure, SOMUM (as a rather robust formulation) would be

much preferred due to its adaptability to accommodate uncertainty
in proxy simulators. Nonetheless, this design would lead to the
increase of remediation cost along with the growth of total pump-
ing rate. Therefore, there is a trade-off between system-failure risk
and remediation cost. This trade-off issue may be addressed using
multi-objective or goal programming techniques. In addition, mul-
ticriteria decision analysis can also be employed to evaluate the
performance of each of remediation strategies identified through
the above techniques.

5. Discussion and conclusions

The hypothesis test results indicate that the assumptions for the
residuals of proxy simulators can be accepted statistically. How-
ever, this does not imply that they are also acceptable under other
conditions. When the model is extended to other sites, therefore,
the assumptions should be re-tested based on simulation results
reflecting the flow and transport of contaminants in new aquifers. If
the normality test fails, non-normal (e.g., uniform and gamma) dis-
tributions may be assumed and tested for the residuals. Moreover,
the proposed SOMUM model can be extended to systems where
other learning algorithms are used, such as artificial neural net-
works [8,9], robust regression [10], regression tree [11], support
vector regression [12], and stepwise cluster analysis [2,13]. How-
ever, the testing results may vary with the learning algorithms,
statistical samples and normality testing methods. Therefore, care
should be taken when the model is applied to other studies.

The logarithms of residuals were assumed normally distributed
and then verified through Lilliefors and Jarque-Bera tests. The Lil-
liefors test, based on the Kolmogorov-Smirnov test, was proposed
to test the hypothesis that the data come from normally distributed
residuals, whose expected values and variances were not specified.
However, it could be relatively weak since a large number of data
are required to reject the normality hypothesis [14]. Therefore, the
Jarque-Bera test, as a more sensitive manner based on classical
measures of skewness and kurtosis, was also conducted to test the
normality of residuals. The testing results show that most of the
residuals are lower than the respective critical values under the
significance level of 0.01, indicating that the normality hypothesis
can hardly be rejected. Meanwhile, the t-test was used to deter-
mine whether or not the residuals have zero means. It is found that
the zero-mean assumption for all residuals of the proxy simulators
could be accepted.

The optimal remediation strategies were determined by solving
the SOMUM problem under four scenarios representing different
remediation periods. It is found that a long remediation period
would generate a low total pumping rate, while an enhanced level
would raise the total pumping rate; the peak benzene concentra-
tions would be lower to satisfy the environmental standard.

The solutions were also compared to those obtained from the
conventional SOMUP and DOM models. Although the SOMUM
strategies were not as cost-effective as the DOM and part of SOMUP
strategies, SOMUM could be preferred due to its good adaptabil-
ity to negligible uncertainty in proxy simulators. To summarize,
SOMUM has the advantages of (1) providing mean-variance anal-
ysis for the response variables (contaminant concentrations), (2)
mitigating the effects of the uncertainty in proxy-model residuals
on optimal remediation strategies, (3) offering quantitative infor-
mation (i.e. confidence level of optimal remediation strategies) to
system designers, and (4) reducing the computational cost in opti-
mization processes.

This study only addressed the impact of modeling uncertainty
associated with proxy-simulator residuals. However, parameter
uncertainty may also affect optimal remediation strategies [15,16].
Future studies would be undertaken to mitigate both effects by
improving the proposed SOMUM model. Dual response surface
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optimization could be effective in solving this problem. Its basic
idea is to create two sets of proxy simulators, respectively pre-
dicting the mean values and deviations of model outputs. The
prediction results can then be simultaneously input into the opti-
mization model, by regulating that: the mean values of predicted
contaminant concentrations are less than the environmental stan-
dard; the deviations stemming from the original simulator are
lowered to an acceptable level.

The remediation duration is rather long, probably lasting over
10 years. However, the remediation strategies identified through
this model were based on an assumption that the hydrogeologi-
cal parameters will not be subjected to the effect of variability or
changes in climatic conditions. For example, the intrinsic perme-
ability was assumed not to vary with the change of ambient or
groundwater temperature. However, no evidence in this study has
shown whether this assumption would introduce significant mod-
eling errors. Thus, a future research subject is to take into account
the climatic variability and/or changes in the remediation design.

Acknowledgements

This research was supported by the Major State Basic
Research Development Program of MOST (2005CB724200 and
2006CB403307), the Canadian Water Network under the Networks
of Centers of Excellence (NCE), and the Natural Science and Engi-
neering Research Council of Canada. The authors would like to
thank the editor and the anonymous reviewers for their helpful
comments and suggestions.

Appendix A. Supplementary data

Supplementary data associated with this article can be found, in
the online version, at doi:10.1016/j.jhazmat.2009.11.061.

References

[1] L. He, G.H. Huang, H.W. Lu, A simulation-based fuzzy chance-constrained pro-
gramming model for optimal groundwater remediation under uncertainty,
Adv. Water Resour. 31 (2008) 1622-1635.

[2] L. He, G.H. Huang, H.W. Lu, A coupled simulation-optimization approach for
optimal design of groundwater remediation under uncertainty: an applica-
tion to a petroleum-contaminated site in Canada, Environ. Pollut. 157 (2009)
2485-2492.

[3] L.He, G.H. Huang, H.W. Lu, Health-risk-based groundwater remediation system
optimization through clusterwise linear regression, Environ. Sci. Technol. 42
(2008) 9237-9243.

[4] CCME (Canadian Council of Ministers of the Environment), Subsurface Assess-
ment Handbook for Contaminated Sites, Canadian Council of Ministers of the
Environment, Ottawa, 1994.

[5] SERM (Saskatchewan Environment and Resource Management), Risk
based Corrective Actions for Petroleum Contaminated Sites, Province of
Saskatchewan, Regina, Saskatchewan, Canada, 2002.

[6] Energy and Environment Program (EEP), Numerical simulation for contaminant
flow and transport in subsurface—a study of soil and groundwater contami-
nation at the Coleville Site, in: Process Report, University of Regina, Regina,
Saskatchewan, Canada, 2005.

[7] U.S.Environmental Protection Agency (USEPA), Methods for Monitoring Pump-
and-treat Performance, EPA/600/R-94/123, Environmental Protection Agency,
Washington, DC, 1994.

[8] L.L. Rogers, F.U. Dowla, Optimization of groundwater remediation using arti-
ficial neural networks with parallel solute transport modeling, Water Resour.
Res. 30 (1994) 457-481.

[9] L.L. Rogers, F.U. Dowla, V.M. Johnson, Optimal filed-scale groundwater reme-
diation using neural networks and the genetic algorithm, Environ. Sci. Technol.
29(1995) 1145-1155.

[10] A.H. Aly, R.C. Peralta, Comparison of a genetic algorithm and mathematical
programming to the design of groundwater cleanup systems, Water Resour.
Res. 35 (1999) 2415-2425.

[11] L lorgulescu, K.J. Beven, Nonparametric direct mapping of rainfall-runoff rela-
tionships: an alternative approach to data analysis and modeling, Water Resour.
Res. 40 (2004), doi:10.1029/2004WR003094.

[12] T.Asefa, M. Kemblowski, U. Lall, G. Urroz, Support vector machines for nonlinear
state space reconstruction: application to the Great Salt Lake time series, Water
Resour. Res. 41 (2005), doi:10.1029/2004WR003785.

[13] G.H. Huang, Stepwise cluster analysis method for predicting air qual-
ity in an urban environment, Atmos. Environ. 26B (1992) 349-
357.

[14] H. Lilliefors, On the Kolmogorov-Smirnov test for normality with mean and
variance unknown, J. Am. Stat. Assoc. 62 (1967) 399-402.

[15] H. Lu, G. Huang, L. He, Inexact rough-interval two-stage stochastic program-
ming for conjunctive water allocation problems, J. Envir. Manage. 91 (2009)
261-269.

[16] HW. Lu, G.H. Huang, Y.P. Lin, et al,, A two-step infinite a-cuts fuzzy linear
programming method in determination of optimal allocation strategies in agri-
cultural irrigation systems, Water Resour. Manage. 23 (2009) 2249-2269.


http://dx.doi.org/10.1016/j.jhazmat.2009.11.061

	A stochastic optimization model under modeling uncertainty and parameter certainty for groundwater remediation design: Part II. Model application
	Introduction
	Simulator validation
	Results analysis
	Models comparison
	Discussion and conclusions
	Acknowledgements
	Supplementary data
	References


