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Abstract: A methodology for evaluation of risk for a river water quality management problem is presented. A fuzzy waste load
allocation model is solved with a simulation—optimization approach for obtaining optimum fractional removal levels for the dischargers
to the river system. With the optimal fractional removal levels, sensitivity analysis and first-order reliability analysis are applied to identify
key random variables which influence the water quality simulation model output, and key checkpoints where the model output is more
likely to be affected(i.e., has high variability Frequency distributions of the output variable are obtained at the key checkpoints using
Monte Carle simulation with the key random variables as input variables. The event of low water quality at a checkpoint in a river system
is considered as a fuzzy event, with appropriate membership functions defined for the fuzzy risk of low water quality. With the help of
fuzzy membership functions and frequency distributions, fuzzy risk levels are computed at the key checkpoints. The proposed method
ology is demonstrated through a case study of Tunga—Bhadra River in southern India.
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Introduction and (3) the multiple realization approade.g., Burn and Lence
1992; Takyi and Lence 1999

Water quality management problems are characterized by various The second form of uncertainty, referred to as model uncer-
types of uncertainties at different stages of the decision making tainty, arises because of simplifying assumptions used to derive
process. Uncertainty in water quality management models arisesathematical relations between inputs and outputs in describing a
primarily from: (1) Randomness associated with various input COMPlex processTyagi and Haan 2001 Cardwell and Ellis
variables of the modek2) uncertainty due to the water quality (1993 addressed model uncertainty by simultaneously consider-
simulation model used; an@) imprecision(or fuzzinesg associ- ing multiple models, such as the Streeter—Phefiseeter and

. . . Phelps 192b equations, QUAL2EBrown and Barnwell 1987
Ztgeedncv)\/lthl:Cfblj)e goals of dischargers and the pollution control and WASP4(Ambrose et al. 1988for a water quality manage-

. . {nent problem.
Uncertainty due to randomness of variables and parameters o . . . S
. . S The third form of uncertainty, that due to imprecision, is asso-
the river system has received due attention in the development of

i gel . fthe i ciated with description of the goals and quantificatiomes$irable
water quality management models. Major components of the river o1 quality Establishing water quality criteria for any particular

system that give rise to randomness are the quality and discharge,ca of a water body is an example of uncertainty due to impreci-
characteristics of both headwater flow as well as effluent flows. gjon. A second example is assignment of permissible risk levels
These in turn render the water quality indicat@rs., output vari-  for violation of water quality standards. A management model
ables of the water quality simulation mogleandom in nature.  that accounts for uncertainties due to both randomness and fuzzi-
There are three widely adopted approaches for addressing ranness may be expected to provide a more realistic decision making
domness in water quality mode($akyi and Lence 1999 These  tool for water quality management of river systems.
are: (1) Chance-constrained optimizatide.g., Ellis 1987, (2) Efforts have recently been made for simultaneous treatment of
combined simulation—optimizatiofe.g., Takyi and Lence 1994 randomness and fuzziness in water quality management of river
systems. Sasikumar and Mujumda@n00 presented a theoretical
IScientist, Defense Research and Development Organization, 560 093ramework to include both randomness and fuzziness in river
Bangalore, India. E-mail: vwrsubbarao@yahoo.com water quality management models. The concept of probability of
2Associate Professor, Dept. of Civil Engineering, Indian Institute of a fuzzy event is used to link probability with fuzzy sets. Methods
Science, 560 012 Bangalore, India. E-mail: pradeep@civil.iisc.ernet.in  based on multiple scenarios and optimizatieng., Burn 1989
SGraduate Student, Dept. of Civil Engineering, Indian Institute of gnd the multiple realization methdd.g., Takyi and Lence 1999

Science, 560 012 Bangalore, India. E-mail: subimal@civil.iisc.ernet.in use Monte Carlo simulatioMCS) to generate several possible

Note. Discussion open until February 1, 2005. Separate diSCUSSionsscenarios of hvdrologic. hvdraulic. and pollutant-loading condi-
must be submitted for individual papers. To extend the closing date by Y gic, ny ’ b 9

one month, a written request must be filed with the ASCE Managing tllons.l The pro_bablllty glstrlbutlon estlma’ngdb);] MCS gene][allyl
Editor. The manuscript for this paper was submitted for review and pos- po;e y a.ppromlmlates the exac'g one, provided the nym gr ofreal-
sible publication on August 2, 2002; approved on February 6, 2004. This iZations is sufficiently largéMaier et al. 2001 A major disad-

paper is part of thdournal of Water Resources Planning and Manage- ~ Vantage of MCS, however, is its high computational require-
ment Vol. 130, No. 5, September 1, 2004. ©ASCE, ISSN 0733-9496/ ments. To overcome this limitation to a certain extent, first-order

2004/5-411—423/$18.00. reliability analysis(FORA) can be used. As introduced for water
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Fig. 1. Evaluation of fuzzy risKNote: FORA=first order reliability analysis; MCSMonte Carlo simulation; and FWLAMfuzzy waste load
allocation model

quality problems by Burges and Lettenmai@975, FORA helps In the FWLAM, the following fuzzy optimization problem is
in identifying the combinations of model input parameters and formulated to take into account the fuzzy goals of the PCA and
variables most likely contributing to failure of the system. It also dischargers

aids in screening the key checkpoirte., locations with high

variability of the water quality indicator such as dissolved oxygen Maximize A @)
(DO) concentratiohwhere risk due to uncertainty is likely to be subject to
high. In this study, FORA is used to identify the key variables and
key checkpoints in the system, and MCS is applied to obtain the pe(C)=N Vil (2)
frequency distribution of water quality indicator levels at these
checkpoints with respect to the key input variables. A procedure is Le  Ximp =N Vi,m,n 3)
demonstrated herein for evaluating fuzzy risk using FORA and "
MCS methods applied to the QUAL2E-UNCAS mod&rown chs c”scﬁ’ vi,l 4)
and Barnwell 198y,

The methodology of computing fuzzy risk is illustrated in Fig. MaXx Xiryn  Ximn 1< Ximn=<min[x} . xMX]  Vi,mn  (5)
1. The set of optimal fractional removal levels are determined
using the fuzzy waste load allocation mod&WLAM). The o=i=l1 (6)

simulation—optimization approach developed by Mujumdar and . e
Subbarad2003 is followed for implementing the FWLAM, with ~ WNere Ci=concentration level of water quality indicator at
FORA used for identifying the key input variables and parameters cgeckpomtllo.f the river s.ysFem. The PCA sets a dgswgblg level
and determining the key checkpoints in the river system. The Ci @nd a minimum permissible level; for water quality indica-
frequency distribution of the water quality indicator levels at the ©OF I at checkpoint(cj=cj) which form the bounds ow; as
key checkpoints with key variables and parameters treated as ranShoWn in crisp Constrain€4). Similarly, X, is the fractional
dom, are obtained from MCS. Appropriate membership functions removal level of pollutann from dischargem to control water

are assigned to the fuzzy setlofv water quality The frequency qual?ty indicatori in the river system. The aspiratioq level and
distribution of the water quality indicator level along with the Maximum fractional removal level acceptable to dischanger

fuzzy membership functions are then used to evaluate the fuzzyWith respect toxin, are represented ax'ngn and xfy,,, respec-

risk of low water quality at the key checkpoints. tively. The PCA imposes minimum fractional removal levels that
are also expressed as lower bourd$N in Constraint(5). The
upper boundk"~* represents the technologically feasible maxi-
mum fractional removal level. Observing that the maximum ac-
ceptable level of pollutant treatment cannot exceed the techno-

. . i logically possible upper limit! - is always considered the upper
The FWLAM developed by Sasikumar and Mujumda®o8 as bound of Constraint5). The fuzzy goajvg, (c;) in Constraint(2)

sumes a general river system consisting of a set of dischargers . .
releasing pollutants into the river after removal of some fraction 'S the goal of the PCA to maintain the concentration leuglof

of the pollutants. Acceptable water quality conditions are ensured Water quality indicator at checkpoint as close as possible to the
by monitoring water quality indicator levelg.g., DO concentra- desirable level. Similarlyrr, (Ximn) in Constraini(3) is the goal
tion) at a finite number of locations referred to as checkpoints. In Of the discharger to make the fractional removal lexgl,, as

a water quality management model, the concentration level of theclose as possible to the aspiration level,, for all i, m, andn.
water quality indicator is expressed as a function of the fractional The membership functiongg, and p.r,  indicate variation of
removal levels for the pollutants released by the dischargers in thesatisfaction levels of the PCA and dischargers with respect to the
river system. An optimization problem is formulated with the set water quality indicator and fractional removal levels, respectively
of fractional removal levels and the minimum satisfaction level and Constraint$2) and (3) define the parametex as the mini-
forming the decision variables. mum satisfaction level in the system. Crisp Constraigisand

Fuzzy Waste Load Allocation Model
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Fig. 2. Interaction between QUALZ2E and genetic algorithm

(6) determine the space of alternatives. It may be noted that if thefor solving the optimization problem using a simulation—

preferred maximum treatment level of the discharggls is less
than the prescribed minimum® of the PCA, then a feasible

mn

optimization(SO) approach.
Since the GA is an unconstrained optimization technique, it is

solution exists. This leads to a case of complete conflict betweencomplemented with the homomorphous mappikiV) (Koziel

the enforcing agency and dischargers.

and Michalewicz 199Pmethod to handle the constraints. Interac-

Substituting expressions for the membership functions of the tion among GA, HM, and QUALZ2E is shown in Fig. 2. Each

fuzzy goaISpLEiI and R, (Sasikumar and Mujumdar 199

Constraints(2) and (3), respectively, the mathematical formula-
tion of the fuzzy optimization is written as follows:

maximize \ ©)

subject to
[(ci—ci)/(cf—ci)]=N Vil ®)
[ Ximn)/ X=X IPm=X Vi,mn  (9)
cisci=cy Vil (10)
M Xig Ximnl <Ximn=Ximn ~ ¥i,m,n (11)
Os=A=1 (12)

The exponentsy; andB;,,, appearing in Constraint§) and
(9), respectively,

of numerical values to these exponents is subject to the desire

chromosome of the GA is designed to represent the set of frac-
tional removal levels;,,, and the satisfaction leval, which are

all decision variables of the optimization problem. The chromo-
some is coded ifi—1,1]'° (where Ic is the length of the chromo-
some cube. It means that each element of a chromos(méch

is called agene represents a real number betweed and 1.
Homomorphous mapping, after having multiple interactions with
the simulation model QUALZ2E, maps tfie- 1,1]" cube to a fea-
sible solution whose fitness function then is found. In the present
case the decision variablke acts as the fitness function for the
chromosome. A similar procedure is followed for evaluating the
fitness functions of all the chromosomes of the population. After
evaluating the fitness functions, the GA applies the operators—
reproduction, crossover, and mutation—to generate a new popu-
lation with improved solutions. The procedure of fitness function

are nonzero positive real numbers. Assignmentevaluation of all the solutions in the new generation is repeated
d'sing QUALZE. In a similar way, GA, HM, and QUALZ2E are

shape of the membership functions and may be chosen appropri_co'nju'nctively used over the generations 'until the glqbal sollution
ately by the decision maker. The concentration of water quality C'iteria are met. The solution corresponding to the highest fitness

indicator ¢;; in Constraints(8) and (10) is determined using a
water quality simulation model. In this study, the water quality
simulation model QUALZ2E, developed by the U.S. Environmen-
tal Protection AgencyBrown and Barnwell 1987is used to es-
timatec; . Inclusion of QUALZ2E as the simulation model and the
presence of the exponents, andB;,,,, appearing in Constraints
(8) and (9) render the optimization problem nonlinear. Genetic
algorithms(GAs) are heuristic procedures for achieving global or
near global solutions to complex problems. A GA is therefore
selected

function in the last generation is taken as the optimal solution
with the objective function value equal to the fithess function.
Again a fixed number of iterations are performed with a different
set of GA parameters. In a similar way, different runs are made
with different parameter sets to validate the optimal solution. The
maximum of all such optimal solutions obtained after performing
various runs is taken as the final solution for the purpose of risk
evaluation.

A simulation run of QUALZ2E with respect to the optimal so-
lution yields the spatial distribution of the water quality indicator
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level c; . The checkpoints having the critial water quality indica-
tor levels are chosen for evaluating the fuzzy risk of low water
quality in the river system.

Fuzzy Risk of Low Water Quality

The conventional water quality criteria at checkpdirgt such that

any concentration of the water quality indicator less than a speci-

fied value, sayg), corresponds to a low water quality. This leads
to a stringent definition of low water quality. To overcome this
limitation and to account for imprecision in the description of low
water quality, Sasikumar and Mujumdé&000 and Mujumdar
and Sasikumaf2002 introduced a fuzzy set based definition in
place of the crisp set based definition of low water quality.

First-order reliability analysis uses a first-order approximation
of the relation between input and output variables for computing
variances in multivariate situations. In FORA, a Taylor series ex-
pansion of the simulation model output is truncated after the first-
order term(Melching and Yoon 1996

Np

yU=G<xue)+uEl<xu—xue><acs/axu>xue (17)
wherey,=concentration of the constituent simulated in the se-
lected water quality model; an@()=functional representation
of the procedures simulating the constitue@{.) may be mass
balance equation which forms the basis for the QUALZ2E water
quality model; X,.=vector of uncertain basic variablgg.g.,
model input variables, model parameters, Jetepresenting the
expansion point;X,=vector of uncertain basic variables; and

The set of concentration levels corresponding to the low water \_—pumber of basic variables.

quality is defined as a fuzzy s@f; . Each concentration level in
the fuzzy setW, is assigned a membership value lying in the
closed interval[0,1]. Mathematically, the fuzzy sétv,, is ex-
pressed as follows:

Wi =cj :0spw,(ci)<1 (13)

The membership valugy, (cy) of the fuzzy sew;, indicates

the degree of compatibility of the concentration level with the
notion of low water quality. The fuzzy risk of low water quality is
defined as the probability of occurrence of the fuzzy event of low
water quality. Mathematically, this can be stated as follows:

fuzzy risk=P(fuzzy event of low water quality (14)

—P(low water quality (15)

whereP denotes the probability of a fuzzy event. The fuzzy risk
is computed as

Cmax
ri= fo mlJ'W”(Cil)f(Cil)dCil (16)
whereMW”(ci,) =membership function of the fuzzy s@t; of low
water quality; cma,“:maximum concentration level; and
f(c;) =probability density functiorfPDF of the concentration of
water quality indicatofi at the checkpoint in the river system.
The fuzzy risk of low water quality at a checkpoint indicates the

expected degree of low water quality and is a more general form

of the crisp risk that indicates the probability of occurrence of a
low water quality event.

First-Order Reliability Analysis

Reliability-analysis methods such as FORA and MCS are based

on multiple simulations and account for the combined effects of

parameter sensitivity and parameter uncertainty in the identifica-

tion of key input variables affecting the uncertainty of the model
(Melching and Yoon 1996 An advantage of FORA over MCS is

In FORA applications to water quality management problems,
the expansion point is commonly assumed to be the mean value
or some other convenient central value of the basic variables. For
nonlinear systems, this assumption may lead to inaccurate estima-
tion of mean and variance of the model output variable. Also,
FORA is normally limited to problems where the random vari-
ables have relatively low variande.g., coefficient of variation
(COV) of less than about 25% As FORA is applied in the
present work only for identifying the key basic variables of the
system, but not for quantifying the uncertainty of model output
variables, this limitation of FORA may not be serious in this case.
Thus, the expected value and variance of the model output, when
the expansion point is considered at the mean value of the vari-
ables, are

Ely,]=G(Xum)
Np  Np
var(yv)=c§v~ > 21 (9GIoxy )x,,,

Uu,=1 up=

(18)

X (aG/aXub)XuME[(Xua_ XuaM)(Xub_ XubM)]

Where(ryU:standard deviation of, ; and X,y=vector of mean
values of the basic variables. In the above equation, subscrjpts
andu, e u. If the basic variables are statistically independent and
derivatives are computed numerically, then

nb

vary,)=oy ~ 2 [(AG/Ax)}  varixy)] (19)
v u= u
The normalized sensitivity coefficieSC), which represents
the percentage change in the output variable resulting from a unit
percentage change in each input variable, is computed as follows
(Brown and Barnwell 1987; Melching and Yoon 1996

Suy=(AY, 1y,) (AXy/Xy) (20)
where S,,=normalized sensitivity coefficient for output, to
input x,,; x,=base value of input variablge.g., flow, DO, bio-
logical oxygen demand (BOD) values of headwatér

that, for suitable problems, it demands much less computational Ax,=magnitude of input perturbatiory,, =base value of output

effort than MCS. Generally, however, the probability estimated by

variables(e.g., DO of the rivex, and Ay, =sensitivity of the out-

MCS approximates the exact value more closely as compared toput variable.

other methodsge.g., Maier et al. 2001 Considering these aspects,
FORA is used for identifying the key variables, whereas MCS is
used to obtain the frequency distribution @f. However, MCS
could be done without FORA for prediction of the uncertainty.
First-order reliability analysis is used to provide quick evaluation
of key parameters and locations.

The ranking of NSC helps in identifying the key variables
affecting the output variable of the river system.

First-order reliability analysis has been successfully applied to
water quality model§Burges and Lettenmaier 1975; Chadderton
et al. 1982; Melching and Anmangandla 1998espite concep-
tual problems such as the assumption of linearity in the functional
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Fig. 3. Location map and schematic diagram of Tunga—Bhadra river system

approximation. First-order reliability analysis is performed ini- Rivers, both tributaries of the Krishna River, in southern
tially at a few locationgor checkpoints where the model output  India. The river has two other tributaries, the Kumadavati and
variables are likely to have a significant variability in magnitude. Haridra Rivers. The river receives the waste loads from eight
The key locations are identified based on the variance of the major effluent points which include five industrial effluents and
output variables at all the locations. Monte Carlo simulation is three municipal effluents. The model is applied to a river stretch
then applied at the key locations with key variables as the input of 180 km that comprises the four headwatéfsnga, Bhadra,

random variables to obtain the frequency distribution and statis- x\;madavati and Haridjaand eight point loadsfive industrial

tical parameters of the estimated output variable. The sources 0fyq three municipal effluentsTo maintain emphasis on simulta-
water in the river system include distributed fl¢ar incremental

flow) in addition to the headwater and point load flows. The dis neous treatment of randomness and imprecision, the example is
: o . ' " simplified by considering only one water quality indicator, the
tributed flow addition to the river may be due to runoff from DOp y g only q y '
predominantly either agricultural or forest areas and will accord- . - . .

; Py . L First-order reliability analysis and MCS are implemented
ingly affect water quality in the river. Here, fuzzy risk is com-

puted for the case study with and without nonpoint source pollu- using the uncertainty version of QUALZE, viz,

tion through incremental flow and the contribution of incremental QUALZE-UNCAS (Broyvn and Barnwell 198)7, Melching
flow to the fuzzy risk is discussed. and Yoon (1996 applied QUAL2E to determine the data

required for reducing model-prediction uncertainty in a

water quality model, and Han et d2001) modified QUALZ2E-
Model Application UNCAS for stochastic water quality analysis of downstream

reaches of a river in Korea. Some limitations of the QUALZ2E-
Application of FORA to the fuzzy waste load allocation model is UNCAS model are that it does not incorporate the effect of per-
illustrated through a case study of the Tunga—Bhadra River sys-iphyton production on DO, and it does not consider nonpoint or
tem shown schematically in Fig. 3. The Tunga—Bhadra River is a diffuse sources of nutrients or oxygen demanding souiekeser
perennial river formed by the confluence of Tunga and Bhadra et al. 2001.
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Table 1. Uncertainty Information of Basic Variables ers. Differences between flows at Tunga—Bhadra gage station and

Coefficient the sum of the flows at the Bhadra and Tunga gage stations is the
Generic of variation Source flow incremented distributively. The ratio of this difference to the
group Basic variable (%) of data distance between the gage stations gives the distributed flow per
o 2 unit distance, which is 0.34 #s/m in the present case. This value
Temperature Biological oxygen demand decay 3.0 . . .
coefficients is used as |ncremer1tal flow throughout the river stretch, to ac-
. ) a count for the nonpoint source pollution due to runoff.
Dissolved oxygen aeration 3.0 . . . .
In Indian situations, agricultural sources form only a part of,
Hydraulic  Dispersion correction 50.0 a but do not dominate, the contribution from diffuse pollution in the
variables constant case of BOD(Agrawal 1999. The nonpoint BOD pollutant is
Manning’s roughness 5.0 a primarily contributed by rural communities, animal husbandry,
Side slopes 5.0 a and on-stream activities in India. To conservatively account for
Bottom width 5.0 a uncertainty arising from lack of adequate data on nonpoint source
Slope of channel 5.0 a pollution, a high value of 30 mg/L for BOD and a low value of 4
) ) S ) mg/L for DO are used for the incremental flow in the analysis.
Reaction  Chemical biological oxygen 30.0 The COV of the incremental flow, BOD and DO, are assumed
coefficients  demand oxidation rate same as those of headwater flow. The COV values of the tempera-
Reaeration rate 50.0 ° ture coefficient, DO, BOD, and all hydraulic variable data except
Initial Initial temperature 10.0 c reaeration and deoxygenation rate coefficients are selected from
temperature the typical range(the other two ranges beirlgw and high) for
QUALZ2E-UNCAS applications in Brown and Barnwe&ll987, p.
Incremental  Discharge 27.0 ¢ 86). The COV values of carbonaceous BOD and deoxygenation
flow rate are obtained from Melching and Yo(t996. The COVs of
Temperature 8.0 ¢ point, headwater and incremental inflow discharge and tempera-
Dissolved oxygen 5.0 2 ture were determined from historic data. Based on the literature
Biological oxygen demand 10.0 2 (Melching and Yoon 1996; de Azevedo et al. 2D0dll the input
Headwater Discharge 27.0 c variables except headwater flow are assumed to follow a normal
flow distribution for the purpose of analysis. A log-normal distribution
Temperature 8.0 c is used for the hea_dwater fI_ow.
Dissolved oxygen 50 ¢ In the analysis, input variables are as_sumed to be unc_orrelated
Biological oxygen demand 10.0 ¢ because of Iac_k of adequate _d_ata to estimate the correlatlor_l struc-
ture. If the variables are positively correlated, the assumption of
Point load  Discharge 224 ¢ statistical independence results in underprediction of the overall-
flow model uncertainty. However, as described subsequently, the un-
Temperature 8.0 ¢ certainties in a few variables almost completely dominate the un-
Dissolved oxygen 5.0 a certainty of the simulated DO. These variables most likely have
Biological oxygen demand 10.0 a strong correlations between reaches. It may be noted that these
3QUAL2E-UNCAS manual. variables are also the variables identified as key variables in
bMelching and Yoon(1996. FORA. In cases where the key variables identified by FORA con-

tribute nearly all the output uncertainty, these results would be
unlikely to change if variable correlations were considered
(Melching and Yoon 1996

The other important data necessary for performing the UA are
the base values of all input variables of the model. For determin-
The most important aspect of applying reliability-analysis meth- ing optimal waste load allocations for dischargers to the system,
ods, viz., FORA and MCS, for assessing the statistical parametershe values of discharge, DO of headwaters, point load flows, and
of DO concentration is to characterize uncertainty in the indi- temperature are selected with respect to adverse condigogs
vidual input variables required for QUAL2E-UNCAS. Uncer- low flow, low DO, high temperature, ejcprevailing in the river
tainty information is provided in two formg1) The coefficient of system. For example, a value of 131.7%/sris taken for Tunga
variation or relative standard deviatig6OV), and(2) the speci- River headwater flow, while it's mean value is 166.8%snThis
fication of the PDF for each input variable. Table 1 presents the yields conservative optimal waste load allocation to the discharg-
uncertainty information used in this present uncertainty analysis ers. In the uncertainty analysis, however, the discharge, DO, and
(UA). Table 1 includes a list of the basic variablg®th natural temperature are assigned values equal to their mean values given
variables and model parametec®nsidered in the analysis, with  in Tables 2 and 3 to reflect general conditions of the river system.
associated COV values and the source of the COV data. Histori-Thus, the mean value of simulated DO in FORA will equal the
cal data for the Tunga—Bhadra River system provides information value obtained from the QUALZ2E run corresponding to the base
on discharge and temperature characteristics of river and pointvalues of the input variables. For other variabl@sg., hydraulic
load flows. Twenty-two years of mean annual flow discharge data and reaction coefficients, etdase values assigned for the deter-
obtained from daily flow records of a government agef\tfater mination of optimal fractional removal levels are used in the UA.
Resources Development Organization, Bangalare used in ar- For solving the SO, BOD, and DO are taken as the pollutant and
riving at the COV of the headwater flow. The value of incremen- water quality indicator i=n=1), respectively. Linear member-
tal flow is calculated based on guage stations located in Bhadraship functions are considered (=1 andf;,,,=1) for the dis-
(Reach }, Tunga(Reach 4, and Tunga—BhadréReach J Riv- charger and PCA goals in Constrain® and (9). The optimal

CHistorical data.

Data Selection
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Table 2. Mean Values for Head Water Flow Conditions © 3
, — 8138533 39
_ Dissolved oxygen  Biological oxygen g2lccocsc oo
River flow concentration  demand concentration gao|V I VYV VYV
River (mls) (mg/L) (mg/L) w
n N
Bhadra 17.80 6.5 1 “Eglagdgo 9o
SR R s R
Tunga 166.89 6.5 1 = °T9¢ ©F
Kumadavati 14.94 6.5 1 ]
Haridra 13.90 6.0 1 oY
T s|lomoo oo
c C — 0 A —
S g oo oo o o
treatment levels and satisfaction level obtained from SO are given | & ﬁ VoV VoV
in Table 3. Both FORA and MCS are performed with respect to o o
the optimal fractional removal levels computed from the SO ap- “2loocoo oo
C ol d 0 AA — -
proach(Table 3. SE|lccococ oo
&JL% vV IV Vv V Vv
Screening of Basic Variables =43
=| O 0 O O o o
. . S|l AdAN~NAA — -
For carrying out FORA, 14 locations were selected based on the e g S oS o S o
criteria of the lowest DO concentration in a reach and proximity | ¢ @ VIVY VY
of the locations(checkpoints to the point loads and junctions. .
The DO concentrations are the result of a QUAL2E run with : £lgwgog g9
respect to the optimal fractional removal levels obtained from the Sflosoo oo
SO. The significance of some locations chosen for the analysis isz | & & Vv vy
as follows: locations 1-3(Reach 1, computational element, 3 T o
2-3, 4-3, 7-10, and 13-1 are immediately downstream of point i’; oo o o o o
loads, where the lowest DO concentrations of the reach are ob-3 | & g ; '; 8 S ; 8
served in QUALZ2E simulations. Locations 5-2, 11-2, and 15-2are & [ &| V I V' V.V V
downstream of the river junctions of the Tunga—Bhadra, Kuma- g L;J
davati, and Haridra Rivers, respectively. There is no significance Z [ ™~ < o u oo o o
to location 7-1, which is merely chosen to learn the effect of the é }C‘g 5 2222 232
uncertainty in the middle portions of the river. Other locations are £ | 2 SEIVIVV VV
also similarly chosen based on judgment. QUAL2E-UNCAS re- < w
quires the perturbance percentage to the input variable. The NSG% ~ g cuwoo oo
and variances are computed for 5% perturbation. The application= f% g 22232 23
of a 5% increment in the parameter values was recommended by§ (2 @ |V I V.V VvV V
Brown and Barnwell (1987 for uncertainty calculation in s "'NJ B o
QUALZ2E-UNCAS (Melching and Yoon 1996 g 2 2| S o 8 3w
Table 4 shows the NSC matrix for the output variable, DO, | € 2| S © 33
obtained from sensitivity analysis. The sensitivity analysis of DO | ¢ 2 ! b
was performed for all the basic variables listed in Table 1. The g ®| 8 o
sensitivity analysis reveals that initial temperature has the highest2 2 E|Sx® p R 29
sensitivity in all reaches except Reach 4. The reaeration coeffi-g § g c ° oo
cient, headwater flow, headwater DO, pointload flow, and point -‘Dﬂ 24 Uij ! Lo
load BOD have a significant sensitivitiyvith NSC magnitude = ols o
ter than 0)iat only a few locations. An insignif iable 2|23/ 2 0S8
greater than 0)lat only a few locations. An insignificant variable T[S =/c 0 28 o o
El€g] " x°s5 29
gleg| 7 77
S|l e
. . w
Table 3. Effluent Flow Data and Optimal Fractional Removal Levels ‘qc: S T
DIN A
Biological oxygen Dissolved Optimal Sls5le85e 99
demand oxygen Effluent  fractional @ s g Cf © Cf C|>
concentration concentration flow removal levet o|xqg
Discharger (mglL) (mglL) (m3s) (%) 2o
2lecte w3 o oo
D, 1000 2.0 1.167 74.6 Zloco|loexwsd 99
c|l® g o o o o
D, 440 2.0 0.539 74.6 % &’ o [ Il
D, 300 2.0 0.032 66.5 - w = 3 _
Dy 900 2.0 0.763 35.0 I 8o =2 8
Ds 222 2.0 0.042 35.0 c 55z 2 2o
£ vl o823 238
De 600 2.0 0.225 35.0 5| s|°gT2 &8¢
D 450 2.0 1.672 35.0 Z| flsggg oo
7 : : : . S|SESTT &a&°T
Dsg 900 2.0 1.515 45.0 Y| s|s§222g5225
#Obtained from fuzzy waste load allocation model; optimal satisfaction % '?’U 3 ;S 3 g '% '% g
level, \*=0.28. = mil¥EITSaaos
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Table 5. Components of Percentage of Variance Matrix for Dissolved Oxygen Concentrations without Incremental Flow

Reach 9 Reach 11 Reach 11 Reach 13 Reach 13 Reach 15 Reach 15

Reach 3 Reach4 Reach5 Reach7 Reach?7

Reach 1 Reach 2

Element 3 Element 3 Element 20 Element 3 Element 2 Element 1 Element 10 Element 19 Element 2 Element 16 Element 1 Element 12 Element 2 Element 19

Basic variable

0.43 0.98 2.27

0.02

<1.00

<1.00

<1.00 <1.00

<1.00

3.55 0.01 0.26 0.41

4.39

Biological oxygen
demand decay

12.10

3.80
92.14

2.05
95.82

0.95
98.77

1.02
98.88

1.27
98.48

0.92

98.99
<1.00
<1.00
<1.00
<1.00

83 1.25
98.59
<1.00
<1.00
<1.00
<1.00

1.
97.93

11.73
86.61

8.31
15.69
0.01

7.64
91.43
0.00

23.41 30.41

Reaeration coefficient
Initial temperature

Head water flow

80.26

49.92

63.10

1.76
<1.00

0.45 0.98
<1.00

<1.00

07

0.
<1.00

<1.00

<1.00

0.02 <1.00

7.23

4.14

<1.00
<1.00
<1.00

<1.00

0.81 <1.00
0.29 <1.00

0.06

75.61
0.08

0.01

0.13

0.45
0.09

0.00
6.64
1.39

0.23
3.78
0.73

Head water dissolved oxygen

Point load flow

2.36
<1.00

0.64 1.19
<1.00

<1.00

0.15
<1.00

<1.00
<1.00

<1.00

Point load biological
oxygen demand

99.15 99.75 99.97 99.92 99.76 99.85 99.90 99.75 99.90 99.96 99.40 99.09 98.75

99.78

SUM (%)?

0.84 0.55 0.30 0.54 0.60 0.59 0.58 0.55 0.57 0.58 0.60 0.59 0.68

0.72

Standard deviation

aStandard deviation of dissolved oxygen at the location.

has a sensitivity coefficient equal to zero and near to zero values
at all 14 locations considered in the analysis. For this reason the
NSC matrix of Table 4 shows sensitivity coefficients for DO con-
centration corresponding to only significant variables at the se-
lected locations. QUAL2E-UNCAS performs sensitivity analysis
only for five locations at a timéi.e., Locations 1-3, 2-3, 3-20,
4-3, 5-2; 7-1, 7-10, 9-19, 11-2, 11-16; and 13-1, 13-12, 15-2,
15-19. During the analysis, if the NSC of any basic variable
(e.g., headwater DO in Table # found to be<0.10 for all five
locations, then the NSC is reported &9.10 in the coefficient
matrix. For this reason, some of the NSC values are reported as
<0.10 in Table 4 at these five locations. The NSC shows the
variables affecting DO concentration. Initial temperature is the
predominant variable affecting DO as shown by its having the
highest NSC value in all reaches except in Reach 4. The reaera-
tion coefficient follows temperature in influencing DO with posi-
tive relationship although with a very low NSC. Other than these
two variables, headwater DO also has an effect on DO, but only
in Locations 1-3, 4-3, and 5-2. In Reach(flunga Rive) head-
water flow is considerably high€l66.89 ni/s) than any other
headwater flow and this affects the sensitivity of DO significantly.
In middle reaches, DO is invariant to perturbation in variables
other than initial temperature and reaeration coefficient. This is
possibly due to the absence of point loads with high concentra-
tions.

The variance analysis gives the magnitude of variance in the
DO concentration due to the variance in an input variable. The
contribution in percent of variance of each basic variable to the
variance in the DO concentration estimated in QUAL2E-UNCAS
with respect to the optimal allocation policy is given in Table 5.
Similar to the sensitivity analysis, QUAL2E-UNCAS peforms
variance analysis only for five locations at a time. During the
analysis, if the variance of any basic variable is less than 1% for
all five locations, the value is reported a4% at those locations
in Table 5. The results show a similar but a somewhat modified
pattern relative to the normalized sensitivity coefficients. As seen
from the table, temperature and reaeration coefficient account for
more than 95% of the variability in DO concentrations at most
locations. Dissolved oxygen is more sensitive to temperature as is
evident from both NSC matrix and percentage of variance matrix.
Some marginal influence of other variables is observed in the last
four locations(13-1, 13-12, 15-2, and 15-19Headwater flow,
headwater DO, and point load BOD have effect both at initial
(1-3, 2-3, 3-20, 4-3 and 5)and end location§13-1, 13-12, 15-2
and 15-19. The reasons discussed for NSC are valid here also for
the dominance of headwater DO at Location 4-3. The BOD decay
effect is slightly present in the first two locations and the last
location.

Both NSC and percentage of variance are taken into consider-
ation in screening the basic variables. Melching and Y&®96
have indicated that the NSC is not an appropriate way to deter-
mine the key parameters. The fraction of variance obtained from
Eq.(19) is a far more powerful and useful tool. It is seen that only
temperature and reaeration coefficient influence DO to a signifi-
cant extent and headwater flow, headwater DO, and point load
BOD to a lesser extent in the river system. Though headwater
flow, headwater DO, and point load BOD have influence only at
the beginning and end locations, they also have been considered
as key random variables in the MCS analysis. Since DO is invari-
ant to all variables except initial temperature and reaeration coef-
ficient at the middlg7-1, 7-10, 9-19, 11-2, and 11-l&cations,
these locations are neglected in the MCS analysis.
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Table 6. Normalized Sensitivity Coefficient Matrix for Dissolved Oxygen Concentration with Incremental Flow

Reach 9 Reach 11 Reach 11 Reach 13 Reach 13 Reach 15 Reach 15

Reach 1 Reach2 Reach3 Reach4 Reach5 Reach7 Reach?7
Element 3 Element 3 Element 20 Element 3 Element 2 Element 1 Element 10 Element 19 Element 2 Element 16 Element 1 Element 12 Element 2 Element 19

Basic variable

<0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10

<0.10

-0.11 —0.02 -0.01 —0.03

—0.08

Biological oxygen
demand decay

0.11
-0.89
<0.10

0.08
-0.83
<0.10

0.07
-0.85
<0.10

0.06
-0.82
<0.10

<0.10 <0.10 <0.10

<0.10

0.08 <0.10
-0.72

0.03

-0.18

0.09
-0.75

0.18
—0.98

0.12
—0.86

Reaeration coefficient
Initial temperature

Head water flow

—0.80
<0.10

-0.77
<0.10

-0.81
<0.10

-0.83

<0.10

-0.83

0.02 <0.10

0.16 0.04 0.00

0.09

0.13<0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10

0.02 0.06 0.78
-0.14 —0.02 -0.01
—0.02 —0.00

—0.15

0.10

—0.09
-0.09

Head water dissolved oxygen

Point load flow

<0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10

<0.10

—0.02
-0.02

<0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10 <0.10

<0.10

Point load biological
oxygen demand

To examine the effect of nonpoint source pollution, FORA is
carried out next by including the incremental flow. Tables 6 and 7
provide the results obtained from sensitivity analysis and FORA,
respectively, for this case. Except for indicating the incremental
flow effect, the FORA results show the same trend as in the case
of noninclusion of incremental flows. Both the NSC and variance
analyses indicate initial temperature and reaeration coefficient as
major influencing variables at all the locations. Incremental flow,
point load flow, headwater flow, and BOD are observed as other
influencing variables. Incremental flow has the greatest influence
after temperature and reaeration coefficient in all reaches except
Reaches 1 and 2. Since the incremental flow is added uniformly,
its cumulative magnitude is small in the initial section, Reaches 1
and 2. It may be observed that, at the locations away from point
loads, the contribution from variance of incremental flow keeps
building up on the downstream side. The point loads in Reaches
11 and 14 change the magnitude and the trend. Based on FORA
and NSC results, reaeration coefficient, initial temperature, head-
water flow, headwater DO, BOD decay, incremental flow, and
point load BOD and flow are taken as basic variables. Since DO
is invariant to all variables except initial temperature, reaeration
coefficient, and incremental flow at the middl&-1, 7-10, 9-19,
11-2, and 11-1plocations, these locations are neglected in the
MCS analysis.

Monte Carlo Simulation Analysis

Table 8 contains the summary statistid®se mean, simulated
mean, bias, minimum, maximum, range, standard deviation, co-
efficient of variation, and skewness coefficieftr simulated DO
(simulated with MC$ concentration at the key locations identi-
fied from FORA for analysis including the incremental flow. The
results show similar trends for the case of noninclusion of incre-
mental flows. The bias, shown in the table, is the difference be-
tween base valugesulting when the mean values of all param-
eters are used in the simulatjoand simulated mean of DO
concentration, whereas range is the difference between the mini-
mum and maximum of all simulated DO concentrations. Initial
analysis of MCS, varying the number of simulations, has shown
that 2000 simulations are sufficient to achieve convergence of the
statistics for the simulated DO variable. There is a good match
between base and simulated means of DO concentration. Out of
all the locations considered for MCS analysis, lowest values of
simulated mean and minimum values and highest values of coef-
ficient of variation are observed at Location 2-3. This is the most
critical location being immediately downstream of two high BOD
loads. The trend of the statistical parameters are the same at other
locations, except for higher magnitudes in simulated mean, mini-
mum, maximum values, and lower magnitudes of COV.

Evaluation of Fuzzy Risk

The fuzzy risk of low water quality is computed with respect to
the output variable DO concentration. Since only one variable is
considered for the evaluation of the fuzzy risk, the suffiis
dropped. Denoting the fuzzy set of low water quality, DO con-
centration, and fuzzy risk of low water quality b, , c,, andr,
respectively, the fuzzy risk is rewritten in discrete form as

D
MIN[cma)ﬁ,c| 1

r= 2

Cmin,

rw,(Cp)p(c)) (21)

WherecminI andcma)q=minimum and maximum concentration lev-
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Table 7. Components of Percentage of Variance Matrix for Dissolved Oxygen Concentrations with Incremental Flow

Reach 9 Reach 11 Reach 11 Reach 13 Reach 13 Reach 15 Reach 15

Reach 3 Reach4 Reach5 Reach7 Reach?7

Reach 1 Reach 2

Element 3 Element 3 Element 20 Element 3 Element 2 Element 1 Element 10 Element 19 Element 2 Element 16 Element 1 Element 12 Element 2 Element 19

Basic variable

1.62 2.23 3.37

0.74

<1.00

<1.00

<1.00 <1.00

<1.00

5.21 0.44 0.29 1.01

5.03

Biological oxygen
demand decay

26.27

16.01
76.75
1.20
2.37

13.67
80.44
1.39
1.91

11.18
85.10
1.45
1.17

11.58
85.41
1.46
0.73

12.12

11.44
84.97

9.67
87.56
1.09
0.79
<1.00
<1.00

10.16
86.88
1.05
0.87

20.99
75.56

8.52
15.77
0.02
0.00

26.59

36.64
43.22

26.75

Reaeration coefficient
Initial temperature
Incremental flow
Head water flow

64.17
1.04
2.89

84.43
161
0.87

69.17

59.21

1.68
1.00

0.80
0.60

0.57 1.73
1.15

0.12
4.66

8.22

<1.00 <1.00 <1.00 <1.00

<1.00
<1.00

<1.00
<1.00

<1.00
<1.00

0.60 <1.00
0.23 <1.00

75.28
0.08

0.12
0.26

0.00
4.40

0.21
3.16

Head water dissolved oxygen

Point load flow

0.36 0.66 1.31

0.08

99.71 99.39 99.22 99.04

99.18

99.79 98.96 99.11 99.09 99.03

99.96

98.26 99.46

99.15

SUM (%)?

0.91 0.61 0.30 0.57 0.62 0.62 0.61 0.58 0.60 0.61 0.64 0.63 0.73

0.74

Standard deviation

aStandard deviation of dissolved oxygen at the location.

els of DO obtained from MCS at checkpoihtFig. 4 shows a
typical membership function of low water qualiy,(¢;), which

is expressed as
(e =[(cP—c)/(cP—ch)]” (22)

wherey,=nonzero positive real number defining the shape of the
membership function at location The value ofy, may be se-
lected by the decision makers based on their perception of low
water quality to a given value of DQP is set to 95% of the
saturated DO concentration, since an achievement of saturation
DO is nearly impossible, even in natural conditions. The value of
c,L is set to 4 mg/L for the locations in Reaches 1, 2, and 3, and 6
mg/L for the other locations. The 95% of saturation and 4 mg/L
bounds of the membership function are for illustration purposes
only, and a more realistic, ecologically based membership func-
tion should be developed in future research. The frequency distri-
bution obtained from MCS is used to compute the probability
distribution functionp(c,) in Eq. (21). The membership function
MWI(C|) of Eq. (22) and frequency density functign(c,) at key

location| are substituted in Eq21). The fuzzy risk is evaluated
betweenc,, and minimum ofc,,, and desirable levedP .

Results and Discussion

Table 9 presents the results of the fuzzy risk levels as well as
permissible and desirable DO concentration levels at the selected
key locations of the river for three different values f The
fuzzy risk trends for the threg are samey<1 (0.8) andy>1

(1.2 give higher and lower values compared to linear member-
ship (y=1) based values and reflect, respectively, pessimistic and
optimistic perceptions of the decision maker. The results are dis-
cussed with reference to the linear membership function.

Results for analysis without incremental flow show the highest
fuzzy risk at Location 4-3. The higher fuzzy risk level at Location
4-3 compared to Locations 1-3 and 2-3 indicates the effect of
minimum permissible and desirable levet$. at location 4-3(6
mg/L) is more stringent than that of Locations 1-3 and 243
mg/L). Setting of 6 mg/L at Locations 1-3 and 2-3 yields higher
fuzzy risk level at those location@3.51 and 66.45%than at
Location 4-3. Overall, the reason for higher fuzzy risk levels at
1-3, 2-3, and 4-3 is due to their location immediately downstream
of high point loads. As the simulated mean DO values at many
locations are greater than 6.5 mg/L with a very small variance, the
number of simulated DO concentration levels that fall belgjw
are nil and this results in zero fuzzy risk at those locations.

In Reach 15, the reaeration coefficient is low compared to that
in all other reaches. Dissolved oxygen is more sensitive to reaera-
tion in this reach, as reflected in the high variance values for the
reaeration coefficient at Locations 15-2 and 15-19. This high vari-
ance resulted in low values of mean, minimum, and maximum
DO values, and high standard deviation of DO at 15-2 and 15-19.
These statistics when used in the MCS, result in a higher fre-
quency of DO levels around minimum permissible level. Fuzzy
membership values close to 1 near the minimum permissible
value of DO resulted in a high fuzzy risk at these locations.

Inclusion of incremental flow in the analysis completely alters
the trend and magnitudes of the fuzzy risk levels at all locations.
In this case, the highest fuzzy risk levels are obtained at the last
reach due to the obvious reason of the cumulative effect of incre-
mental flow and nonpoint source of pollution resulting from it.
The fuzzy risk considering the incremental flow may be seen as
the sum of fuzzy risk with only point loads and fuzzy risk only
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Table 8. Summary of Monte Carlo Simulation for Dissolved Oxygavith Incremental Floy

Base Simulated Standard Coefficient of
Reach Element mean mean Bias Minimum Maximum deviation variation
1 3 6.61 6.56 —0.05 3.98 7.13 0.28 0.04
2 3 6.17 6.11 —0.06 3.56 6.99 0.40 0.07
3 20 6.85 6.83 0.02 6.08 7.08 0.09 0.01
4 3 6.62 6.62 0.00 5.79 7.47 0.26 0.04
5 2 6.92 6.91 -0.01 5.96 7.16 0.10 0.01
13 1 6.94 6.92 -0.02 6.23 7.09 0.09 0.01
13 12 6.75 6.73 -0.02 5.89 6.98 0.12 0.02
15 2 6.66 6.64 —0.02 5.67 6.93 0.14 0.02
15 19 6.63 6.61 —0.02 5.56 7.01 0.18 0.03

with incremental flow. There are no factors other than the incre- Conclusions
mental flow that change the trend and magnitude of the fuzzy risk

levels resulting from only point loads. _ A procedure is presented for risk evaluation in a river water qual-
Uncertainty analysis is also carried out with the_ low f_Io_w val- ity control problem. The concept of fuzzy risk is used in the
ues usede.g., 131.75 rifs for Tunga headwater flovin deriving context of water quality-control problems. While the crisp risk

the Optimal fractional removal |eV€|S, with a view to determine denotes the probab|||ty of fai|ure, the fuzzy risk indicates the
the risk under design low flow conditions. The COV of headwater expected degree of failure and’ thUS, provides a more genera|
flows for this analysis was determined as 0.27 from the historic measure of risk. To account for uncertainty in the standards for
mean low flows. The key locations and key variables identified by determining failure, occurrence of failure itself is treated as a
FORA and sensitivity analysis were the same as those with meanf,zzy event. The fuzzy definition of low water quality ensures
flows. For both cases of neglecting and including incremental that there is no singlthresholdvalue which defines a failed state.
flow, the resulting fuzzy risk values at all locations were nearly aj discrete water quality concentrations are treatedadsres of
the same as those obtained with mean flows, except at the last twWgyifferent degrees. The fuzzy set of low water quality maps all
locations, 15-2 and 15-19. At these two locations the fuzzy risk \ater quality levels tolow water qualityand its membership
values are 17.64 and 22.58%, respectively, for the case of neglectyynction denotes the degree to which the water quality is low. The
ing incremental flow(as against 11.31 and 13.29% with mean mempership functions of the fuzzy sets are subjective statements
flows, shown in Table 0 The fuzzy risk at these two locations,  f the perceptions of the decision makers. For example, the mem-
with incremental flow are 46.99 and 52.29%, respectively pership function for the low water quality indicates the decision
(against, 39.62 and 42.77% with mean flows shown in Tahle 9 maker’s perception of the degreelofv quality, for a given level

The crisp risk, defined aB[c,=<cy], is also determined atthe  of ater quality. The lower and upper bounds of the membership
key locations. As thg cumulative fre.quency of DO cqncgntratlon functions also are subjective, and in general depend on the par-
level below 6 mg/L is near to zero in the case considering only ticyjar problem being solved. Although not considered here, un-
point loads and low in the case considering incremental flow, the certainty in the lower and upper bounds of the membership func-
crisp risks are all negligible, being very low to zero. Since the tjgns may be treated as fuzzy and modeled using gray numbers
fuzzy risk includes a wider range of DO concentration levels than (e.g., Chang et al. 1997It may be noted that allowing the lower
the crisp risk, in general, the fuzzy risk values will be higher than |imits of the fuzzy membership functions to be less than normally
the crisp risk. As seen from the membership function of low water ,sed standard values such as 5 mg/L for DO, and shaping the
quality, Fig. 4, the fuzzy risk and crisp risk will both be equal to mempership functions with respect to biological information on
1 only in tLhe unlikely event of all simulated values of being DO requirements for aquatic life, would be a useful application of
less tharcy . the methodology presented herein.

A fuzzy optimization model is first solved to obtain optimal
fractional removal levels, and then, with these optimal fractional
removal levels held fixed, the river system is simulated with the

Bafe) input variables treated as random. This implicit approach has the
advantage of computational simplicity. Considering the random
yei nature of input variables explicitly in QUALZ2E and the optimiza-
1 tion model would pose several computational difficulties associ-
ated with expressing the stochastic water quality simulation as a
set of constraints in the fuzzy optimization model. With a number
of variables treated randomly, it would be impossible to solve a
stochastic water quality simulation integrated into the fuzzy opti-
mization model. To overcome these difficulties, the implicit ap-
proach is applied, but with the limitation that fractional removal
g c, levels are determined independent of the uncertainty in the DO
Concantration of water qually indlcator concentrations and, therefore, will not be truly optimal. Future
research may be directed towards integrating the two models,
viz., the optimal fractional removal model, and the risk analysis

—-———— gyl

Membership vaiue

Fig. 4. Membership function for fuzzy sety,
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Table 9. Fuzzy Risk at Key Locations Identified by First Order Reliability Analysis

Without incremental flow With incremental flow
Minimum Desirable - -
Distance  permissible level Fuzzy risk Fuzzy risk

Location Reach Element from u/s level (c) (cP) (r) (%) (r) (%)

no. no. no. (km) (mg/L) (mg/L) v=0.8 v=1.0 v=1.2 v=0.8 v=1.0 vy=1.2

1 1 3 3 4.00 7.13 22.35 15.74 11.17 24.88 17.92 13.02
2 2 3 7 4.00 7.15 33.04 25.56 19.91 40.74 32.98 26.84
3 3 20 27 4.00 7.14 0.07 0.03 0.01 15.56 9.85 6.26
4 4 3 3 6.00 7.09 47.51 41.13 35.90 49.22 42.81 37.53
5 5 2 29 6.00 7.09 1.00 0.51 0.27 20.40 14.19 9.96
6 13 1 130 6.00 6.97 0.00 0.00 0.00 0.04 0.02 0.01
7 13 12 141 6.00 6.97 0.89 0.53 0.32 32.86 25.41 19.81
8 15 2 143 6.00 7.06 16.47 11.31 7.88 47.33 39.62 33.31
9 15 19 160 6.00 7.06 18.21 13.29 9.87 50.11 42.77 36.70

model to derive policies that minimize risk of low water quality Burmn, D. H., and Lence, B. J1992. “Comparison of optimization for-
while maximizing goal satisfaction. mulations for waste-load allocations)? Environ. Eng.;1184), 597—

Optimal fractional removal levels have been obtained from the ~ 612. _ _ _ _
fuzzy optimization model using critical values of influencing vari- Cardwell, H., and Ellis, H.(1993. “Stochastic dynamic programming
ables(e.qg., low stream flow, high temperature, gtevhereas the models for water quality managementWater Resour. Res29(4),
entire range of possible values of the variables is used in evalu- 803-813. _ )
ating the implications of the optimal fractional removal levels. It Chadderton, R. A., Miller, A. C., and McDonnell, A. (L98. “Uncer-
may be noted that for the purpose of risk evaluation, it is not  t@inty analysis of Dissolved Oxygen model: Environ. Eng. Div.
really necessary to employ FORA. The MCS could be run with all h(Am' SOC':'V' Eng'noa(r:’)’ 1003_1013& )
parameters considered as uncertain at all possible output locaC"@"g: N, Chen, H. W., Shaw, D. G., and Yang, C.(£897. “Water
tions. Unfortunately, this necessitates modification of the !00“_”“0” control In rver bas!n by interactive fuzzy interval multiob-
QUALZ2E code or requires multiple UNCAS runs since the num- jective programming.J. Environ. Eng. 12312), 1208-1216.

; . . B de Azevedo, L. G. T., Gates, T. K., Fontane, D. G., Labadie, J. W., and
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