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The effectiveness of wastewater systems with high-industrial effluent input requires avoiding temporary overloads due to
influent volumes and/or pollutant loads that exceed the system’s treatment capacity. The multiagent paradigm is shown to
be a suitable methodology for managing all information related to the state of the entire system to apply optimal influent
assignment criteria. However, to be efficient, this methodology requires a prioritization process to assign priorities to
different influent classes. A novel approach is proposed for solving this complex issue using a combinatorial optimization
procedure with multiple constraints that is implemented when the treatment system lacks the capacity to accept all of its
influent. The metaheuristic method applied is an ant colony optimization-based method, and the solution is achieved using
two distinct algorithms with different processes for updating the pheromone trail. The results illustrate their usefulness,
even when industrial effluents exhibit large fluctuations in their pollutant concentrations. VVC 2011 American Institute of

Chemical Engineers AIChE J, 58: 3070–3079, 2012
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Introduction

The management of inputs to wastewater treatment plants
(WWTPs) is a key issue for ensuring the high quality of the
performance of WWTPs. This issue has special importance
for WWTPs that treat wastewater with a high percentage of
industrial influent due to the high variability of wastewater
quality and quantity.

In WWTPs that use a biological treatment, the manage-
ment procedures must also be able to smooth flows and
loads to protect the microbial community that treats the pol-
lutants. In addition, overloads of industrial effluents that
might alter the treatment efficacy should be avoided.1–3

Until now, the most commonly implemented procedure
for controlling WWTP influent was based on the establish-
ment of fixed limits for different types of input streams.4,5

According to this procedure, each stream was assigned an
upper limit that was established in accordance with the
capacity of the treatment plant and the number and proper-
ties of the industrial effluents. Although this approach may
be useful for avoiding overloads, it is not useful for coping

with dynamic variations between different influents arriving
at the WWTP. As a result, this process may undermine the
ability of the plant to generate optimal profits. To attain opti-
mal profitability, it is necessary to treat different inputs with
diverse characteristics keeping two objectives in mind: to
ensure the optimal capacity of the WWTP at any time and
to treat the industrial effluents according to their relative ur-
gency.

Several methods for managing industrial wastewaters can
be found in the literature. One approach considers the feasi-
bility of reducing industrial wastewater flow rates by mini-
mizing fresh water consumption or maximizing water-reuse
in the process industries. In this context, several authors
have based their proposals on the water pinch analysis pro-
posed by Wang and Smith,6 which has been combined with
mathematical programming. Alva-Argáez et al.4 introduced a
decomposition of a mixed-integer nonlinear programming
problem (MINLP) into a sequence of mixed-integer linear
programming problems (MILP) to find the network configu-
ration that minimizes the overall demand for freshwater at
minimum total cost. Jödicke et al.7 modeled a MILP to mini-
mize total costs, including operation and investment costs.
Prakotpol and Srinophakun8 proposed a genetic algorithm
toolbox for water pinch technology. Al-Redhwan et al.9

addressed the problem of uncertainty while optimizing water
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networks in process industries with a three-step methodol-
ogy. The first step is to develop a deterministic optimization
model, the second is a sensitivity analysis, and the third is
developing a stochastic formulation. Moreover, Bandyopad-
haya5 developed a methodology to target the minimum
freshwater requirement, maximum water reuse and minimum
wastewater generation simultaneously. Liu et al.10 proposed
regeneration reuse for water-using networks with multiple
contaminants.

A second approach considers problems related to end-of-

pipe wastewater management. After, Wang and Smith11

defined a distributed effluent treatment systems, Kuo and

Smith12 introduced multiple contaminants. Using the same

framework, Galan and Grossmann13 developed a nonlinear

programming (NLP) and MINLP model to identify the con-

nections between the treatment technologies and their corre-

sponding flow rates and compositions to discharge at mini-

mum total cost while fulfilling the composition regulations.

Their procedure solves a relaxed linear programming LP

model and uses the solution as the starting point of the NLP

model. Lee and Grossmann14 applied a global optimization

algorithm by considering a nonconvex generalized disjunctive

programming (GDP) technique using principles based on a

reformulation-linearization technique (RLT) to find the mini-

mum cost. Meyer and Floudas15 formulated wastewater treat-

ment industries as a generalized pooling by applying a novel

piecewise linear RLT formulation to find the global optimum.

Additionally, Karuppiah and Grossmann16 developed a deter-

ministic spatial branch and contract algorithm by using a

GDP to solve the choice of treatment technologies.
The authors proposed an alternative technique based on

the use of the multiagent paradigm.17 In this approach, each
industrial activity that generated an influent to the WWTP
was considered an entity (or agent) with its own schedule
that may not be known by other agents. The WWTP was
considered an agent as well. An interaction procedure
between all of the agents was defined at each working step
with the aim of finding to determine the optimal working
conditions for the entire system at each decision step. Under
this multiagent paradigm approach, the interactions among
all agents in the system could be incorporated.

After defining the structure of the agents and their interrela-
tionships,18 a bottleneck was identified based on the concord-
ance between the characteristics of industrial effluents gener-
ated and those of the industrial inputs that could be accepted
by the WWTP. Problems arose when the total volume of
industrial effluent generated exceeded the WWTP capacity,
whether measured in terms of total flow or in terms of the
treatment capacity for specific pollutants or both. For this rea-
son, a new agent was defined with the aim of implementing a
prioritization process based on the state of different agents in
the system. This new coordinating agent received information
on available WWTP capacity from a WWTP agent and infor-
mation on industrial wastewater generation from industry
agents and was able to prioritize discharges when the WWTP
did not have enough capacity to admit all of the industrial
volume and/or pollutant loads generated.

This article proposes an algorithm for such prioritization
processes that aims to maximize the overall volume and pol-
lutant loads discharged from industrial activities while pre-
venting overloads to the WWTP. The process is considered
an NP-Hard problem with characteristics similar to the well-
known knapsack problem, which involves combinatorial

optimization in the presence of multiple constraints. In the
abstract, the treatment system corresponds to the knapsack,
and the multiple constraints correspond to the volumes and
loads of pollutants admissible for treatment. In this context,
an optimal solution can be found using an ant colony optimi-
zation (ACO) algorithm.19,20

An ACO algorithm can solve combinatorial optimizations
with a stochastic procedure. The search for a solution is
inspired by the behavior of real ants that use pheromone
trails to guide their exploration; additionally, virtual ants can
be helped by heuristic information. Zlochin et al.21 analyzed
and compared ACO with other methods for combinatorial
optimization. Gutjahr22 demonstrated the convergence of
ACO algorithms to global optimal solutions.

The first ACO algorithm, known as the ant system (AS),
was proposed by Dorigo19 in 1996. AS had three versions:
ant density, ant quantity and ant cycle processes. The first
two were quickly abandoned because the ant cycle process
gave the best results.19,23 The ant cycle process is the basis
for all subsequent AS versions. There is a noted tendency of
such models to add penalties when updating the pheromone
trail under problem constraints.24–26 The penalties are imple-
mented by the constraint-handling method described by
Michalewicz and Schouenauer27 in 1996. The penalties are
set based on the degree of constraint violation. As such,
transforming the constrained problem into an unconstrained
problem is favored because this technique expands the likeli-
hood of finding a good solution.28

To our knowledge, this is the first article to address the
problem of industrial wastewater discharges with an ACO
methodology that uses a cost function related to the compo-
sition of feasible discharges. This method can be used to
generate a solution that addresses WWTP requirements on
inputs and the outputs from industrial activities.

This proposal for a combinatorial optimization technique

considers two different ACO versions based on the ant cycle

process; both use local improvement algorithms for the con-

structed solutions.20 Specifically, the versions have different

penalties in the construction phase of the solution. The first,

the sP version, has a simple penalty related to the volumes.

The second, the gP version, has a global penalty with multi-

ple factors related to the volumes and the pollutant loads.

Our aim is to demonstrate this new approach for industrial

wastewater discharges. The proposed method differs from

other optimization approaches in that it constructs a solution

from data related to the interactions of the system in ques-

tion. That is, the solution is constructed based on the

requirements of the system (particularly industrial activities

and WWTP requirements) in real time by taking into

account the internal procedures of each elementary system.
The article is structured as follows. The Materials and

Methods section defines the influent assignment cycle and the
prioritization process. Then it presents the combinatorial opti-
mization technique, including the problem statement and spec-
ifications for the two versions of the ACO algorithm. The
Results and Discussion section presents the results obtained in
the case study. First, this section shows the protocol used to
perform the simulations. Then it defines the scenarios and the
calibration procedure for the sP and gP versions, including
the values obtained for their respective parameters. At the end
of the section, it presents the results obtained from the simula-
tions involving the calibrated sP and gP model versions for
all proposed scenarios. Finally, the conclusions section fin-
ishes the article.
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Materials and Methods

Influent assignment cycle

The procedure linking authorized flows to industrial activ-
ities is based on the following decision cycle rules.

Figure 1 depicts decision rules for each cycle; note that
the decision rules follow steps 1 to 5.

1. Data acquisition from the WWTP agent.
In this step, the status of the WWTP is determined. Spe-

cifically, its overall flow and the total pollutant loading
capacities over the next 24 h are derived.

2. Data acquisition from the industry agents.
In this step, the proposed flows and their pollutant compo-

sitions resulting from industrial activities over the next 24 h
are determined.

3. If the WWTP does have not enough capacity to accept
all industrial wastewaters, then a combinatorial optimization
process for discharges is executed; otherwise, the WWTP
accepts all proposed influents.

4. Accept the industrial discharges authorized in step 3.
5. Process discharges.

Combinatorial optimization process

Problem Statement. A system of industrial activities Indi

with i [ {1,….n} is considered. For each activity, there is a
retention tank used to store the resulting wastewater volume
Li that has different possible volumetric discharges Vj

i, j [

{0,…,li} that are selected as a multiple of a number (in this
case, 100) such that 100 j ¼ Vj

i and 100 li ¼ Li. Stored
wastewater may have the following pollutants: total sus-
pended solids (TSS), biochemical oxygen demand (BOD),
chemical oxygen demand (COD), total nitrogen (TN), and
total phosphorous (TP). Together, these values are denoted
as a set of pollutants xr with (TSS, BOD, COD, TN, TP) ¼
(x1, x2, x3, x4, x5) and concentrations Cr

i , r ¼ 1,..,5. These
wastewater discharges compose the inflow to the treatment
plant. The WWTP has an admissible volume V and admissi-
ble concentrations of pollutants Cr , r ¼ 1,..,5. The existing
laws over the characterization of WWTP outputs have condi-
tioned the selection of the set of pollutants to consider.

The following variables are assigned:
(a) A unitary cost Pr and a weight wr are assigned to each

pollutant xr according to the requirements for its treatment.
Both of these values are considered individually for all
industrial activities.

(b) A peak coefficient Tr
i ¼ f Cr

i ;
�Xr

i

� �
as defined in Table 1

is assigned to each industrial activity. Note that �Xr
i is the pre-

set average value of the pollutant concentrations for each
industrial activity. The values of the ratio Cr

i=
�Xr

i are given in
terms of intervals. For each interval, Tr

i has a specific value.
An increase in each coefficient value increases the degree of
pollutant overloads relative to their expected values. If any
pollutant concentration in an industrial wastewater retention
tank exceeds 112% of its average expected value, the peak

Figure 1. Decision cycle for the coordinating agent.

Table 1. Values and Additional Rules of the Peak Coefficient

Cr
i =

�Xr
i 0–1.11 1.12–1.25 1.26–1.50 1.51–1.75 1.76–2.00 2.01–3.00 3.01–4.00 4.01–5.00 [ 5.00

Tr
i 1 1.1 1.2 1.5 1.7 2.0 2.5 3 Value of Cr

i =
�Xr

i maximum 10

Source: Government of Catalonia DOGC 4015.
Additional rules: If Xr

i ¼ 0 and Cr
i ¼ 0, then Ti

r ¼ 1; on the other hand, if Xr
i ¼ 0 and Cr

i > 0, then Ti
r ¼ 10.

3072 DOI 10.1002/aic Published on behalf of the AIChE October 2012 Vol. 58, No. 10 AIChE Journal



coefficient increases its cost, which becomes greater for
greater overloads.

(c) A coefficient Ki is assigned to each industrial activity
by considering the saturation degree of the discharge Vj

i

relative to the admissible volume V in the WWTP. The
authors defined this coefficient using an increasing continu-
ous piecewise function with domain [0,V] and range [0,1]
as follows

Ki ¼
Vj

i

2V
if 0 � Vj

i � V=2 and Ki ¼
3Vj

i

2V
� 1

2
if V=2\Vj

i � V

(1)

Objective Function and Constraints. The objective is to
maximize a global cost function Z, as defined in Eq. 2

Z ¼
Xn

i¼1

Xli

j¼o

yj
iV

j
i mþ wKi

X5

r¼1

Cr
i P

rTr
i

 !
(2)

Note that yj
i are the binary decision variables that take

values equal to 1 if Indi discharges Vj
i, and 0 otherwise.

The coefficient m is the cost per unit of volumetric dis-
charge, and the coefficient w is the weight of the cost of
pollutant loads. Equation 2 is based on regional costs for
industrial discharges29 that includes a volumetric cost and a
specific cost for pollutant loads. Accordingly, the selected
values are m ¼ 0.1314 and w ¼ 1.5. The volumetric cost of
Eq. 2 is evaluated by the first term of the equation in the
same way for all wastewaters. The cost of pollutant loads
is evaluated by the second term in a specific way for each
wastewater, which depends on the characteristics of the
discharges.

The function Z is constrained by

Xn

i¼1

Xli

j¼o

yj
iV

j
i � V ðvolume constraintÞ (3)

Xn

i¼1

Xli

j¼o

yj
iV

j
iC

r
i � VCr; r ¼ 1; ::; 5 ðpollutant load constraintsÞ

(4)

Xli

j¼o

yj
i ¼ 1; i ¼ 1; ::; n ðdecision variable constraintsÞ (5)

If a solution satisfies all constraints, it is considered a fea-
sible solution; otherwise, it is considered nonfeasible.

The ACO algorithm

The ACO algorithm used in this work for combinatorial
optimization was based on the ant cycle procedure, which
comprises two phases. The first one is the main algorithm
used to construct the solution. The second one is aimed at
the local improvement of the constructed solution.

Construction of the Solution and Penalties on the
Pheromone Updating Process. The algorithm uses a popu-
lation of M ants, each of which is initially placed in a ran-
dom location. Each ant constructs a solution by applying a
probabilistic rule called the state transition rule in its journey
around the space of solutions represented by a bipartite

graph G ¼ (N, E), where N ¼ {Indi} | {Vj
i} is the set of

nodes, and E is the set of edges. Each edge connects each
industrial activity with its possible discharges. The edge (i,
j) means that Indi discharges Vj

i.
The state transition rule for the ants is represented by the

probabilistic equation from Dorigo,19 which is adapted in
Eq. 6 with heuristic information appropriate to our case

pm
ij ðtÞ

sijðtÞ
� �a

Vj
i

P5
r¼1 wrCr

i T
r
i

h ib
PM

m¼1 sijðtÞ
� �a

Vj
i

P5
r¼1 wrCr

i T
r
i

h ib (6)

where pm
ij (t) is the probability that the mth ant chooses volume

Vj
i, sij(t) is the trail of pheromone at time t, a is the importance

of the pheromone, Vj
i

P5
r¼1 wrCr

i T
r
i is the heuristic information

used to address discharges with higher loads of pollutants, and
b is the importance of this heuristic information.

The ants search for a solution iteratively. After each itera-
tion, all of the ants that have participated in the search for a
solution and that have completed a tour update the phero-
mone trail. The updating procedure generates large amounts
of pheromone on the edges when a feasible solution is con-
structed and smaller amounts when a nonfeasible solution is
constructed. The amount of pheromone is related to the qual-
ity of solution.

The trail of pheromone is updated according to Eq. 7

sijðt þ 1Þ ¼ qsijðtÞ þ DsijðtÞ (7)

where 0 � q � 1 is a coefficient for the pheromone evaporation
such that 1 � q represents the evaporation of trail, and

DsijðtÞ ¼
XM

m¼1

Dsm
ij ðtÞ with

Dsm
ij ðtÞ ¼

QZm penaltym if the mth ant uses the edge i; jð Þ
0 otherwise

�
(8)

Q is a positive number, Zm is the solution obtained by the mth
ant in its path, and penaltym is a value that varies according to
the version of the algorithm, as follows.

(a) For the sP version, a simple penalty is related to the
total volume

penaltym ¼
V

TVm

� �a
if V\ TVm

Zm

Z�

� �b
if V � TVm

8<
: (9)

where TVm ¼
Pn

i¼1 Vi;m is the total volume of the influent
received by the WWTP as per the path of the mth ant, a is
the importance attached to whether the total volume obtained
in the path exceeds the admissible volume V of the WWTP,
Z* is the best obtained solution in the iteration, and b is the
importance attached to the ratio between the obtained solu-
tion and the best solution.

Note that version sP generates smaller amounts of phero-
mone when TVm exceeds V, and Zm when is far from Z*.

(b) The gP version has a global penalty with multiple
factors related to the total volume and total pollutant
loads
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penaltym ¼
V

TVm

� �a
Lo1

Lo1
m

� �a1
Lo2

Lo2
m

� �a2
Lo3

Lo3
m

� �a3
Lo4

Lo4
m

� �a4
Lo5

Lo5
m

� �a5

if V\ TVm or Lor\ Lor
m for some r ¼ 1; ::; 5

Zm

Z�

� �b
if V � TVm and Lor � Lor

m for all r ¼ 1; ::; 5

8<
: (10)

where
If Lor \ Lor

m then ar ¼ 2; otherwise ar ¼ 0, r ¼ 1,…,5.
If, V \ TVm then; a ¼ 2; otherwise, a ¼ 0.
Lor ¼ VCr indicates the admissible loads of pollutants xr

for the WWTP, Lor
m ¼

Pn
i¼1 Cr

i Vi;m is the load of pollutants
xr according to the path of the mth ant, and ar is the impor-
tance attached to whether the pollutant loads obtained in the
path exceed the admissible pollutant loads for the WWTP.

Note that version gP generates smaller amounts of phero-
mone when TVm exceeds V, when some Lor

m exceeds Lor,
and when Zm is far from Z*.

Local Improvement of the Constructed Solution. For each
iteration, the best constructed solution Z* can be processed
using two local improvement algorithms.20

The first algorithm aims to improve Z* through the partial
discharge of wastewaters that are still stored in retention
tanks

Pn
i¼1 Li � V�

i , where Vi
* is the volume of discharge for

Indi in the constructed solution. If a new volume of dis-
charge provides an improvement to a feasible solution mak-
ing a new feasible solution, this new volume is added and a
new feasible solution is considered; otherwise, the new vol-
ume is not added, and a new solution is not considered.
When the best feasible solution is achieved, the new solution
Z*; replaces the old one.

The second algorithm improves the value of Z*; by
searching in its neighborhood. A solution is interpreted as a
vector of n discharges. The algorithm performs an increase
in one component of the solution, a decrease in another and
no changes in the others. Note that such vectors describe the
neighborhood of a solution, which has the cardinal number n
(n � 1). If a change in a component to its neighbor improves
a feasible solution and makes a new feasible solution, this
new component is included in the solution instead of the old
component, and a new feasible solution is considered; other-
wise, the new component is not included, and a new solution
is not considered. When the best feasible solution is
achieved, the new solution Z replaces the old one.

Results and Discussion

Figure 2 is a diagram of the protocol used to perform the
simulations. First, the characteristics of the system under
study are specified. Second, the sP and gP versions of the
algorithm are calibrated. Third, the simulations are per-
formed in all scenarios with the calibrated algorithm ver-
sions. Finally, the results obtained across all scenarios are
compared and discussed.

Defining the scenarios

Reference Case Study. The reference case study (Table
2), also called Scenario 1, consists of a WWTP and a set of
25 industrial activities that generate different wastewater
compositions, which are defined by the set of pollutants xr,
r ¼ 1,…5. For each activity, preset average concentrations
�Xr

i for pollutants xr are defined to correspond to the values
expected during normal operation. Also, for each activity the
values corresponding to data received in real-time are
defined for the coordinating cycle of the storage volume of
wastewater Li and its pollutant concentrations Cr

i , r ¼ 1,…5.
The values �Xr

i , Li and Cr
i for Scenario 1 are based on data

for some wastewater outputs from industrial activities in the
region.

The absolute values of the differences between the values
of Cr

i and their preset average concentrations �Xr
i are repre-

sented by �Dr
i (Table 3). The values that show a peak coeffi-

cient greater than 1 compose 17.6% of the values of the pol-
lutant concentrations.

Alternative scenarios. To explore the behavior of the sP
and gP versions under different conditions, Scenarios 2 and
3 were considered.

Scenario 2 included the same values for Li as in Scenario
1. It differed from Scenario 1 in that it had higher values for
Cr

i and �Dr
i with larger stored pollutant loads

Pn
i¼1 LiC

r
i (see

Table 3). In addition, 75.2% of the pollutant concentrations
exhibited peak coefficients greater than 1.

Scenario 3 had the same values for the pollutant concen-
trations Cr

i as Scenario 1; thus, both scenarios had the same
values for the standard deviations, �Dr

i and peak coefficients.
However, Scenario 3 differed from Scenario 1 in that it had
a larger overall stored volume, implying a larger total value
for the pollutant loads (Table 3). All industrial activities had
an equal value for volumes stored Li ¼ 1000.

Calibration procedure

Before applying the algorithm to determine an optimum
solution with the maximum overall volume and pollutant
loads, it was necessary to calibrate the values of the algo-
rithm parameters that defined the ant cycle procedure for the
sP and gP versions of the algorithm.

The calibration procedure was performed following the
reference strategy.19,26 All tests were performed with 500
iterations and 100 ants per iteration, and the results were
averaged over 10 repetitions. The first iteration of each repe-
tition started with the same value (100) of the pheromone
trail on all edges to give all edges the same probability of
being chosen by ants.Figure 2. Protocol for the simulations.
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Table 2. Data from the Reference Case Study

i

Xr
i (g/m3) Cr

i (g/m3)

Li (m3)x1 x2 x3 x4 x5 x1 x2 x3 x4 x5

1 200 150 1010 19 9 157 210 870 9 1 100
2 300 350 500 25 13 300 200 300 10 9 200
3 500 100 850 5 0 450 100 1050 5 0 500
4 750 500 850 40 0 650 500 950 30 0 2000
5 650 750 800 90 10 650 550 650 90 10 200
6 100 700 800 20 0 100 700 900 10 0 700
7 650 750 800 35 15 570 600 760 35 12 500
8 610 100 740 0 0 670 100 850 0 0 200
9 50 20 200 2 0 40 20 150 2 0 300
10 167 171 433 2 1 600 320 490 2 1 200
11 64 249 623 40 4 40 270 620 43 6 3000
12 300 415 670 5 1 550 495 570 13 2 400
13 950 188 375 12 4 125 135 520 4 1 300
14 350 200 500 15 2 375 180 340 7 0 100
15 180 95 810 30 1 200 550 800 23 4 700
16 300 800 940 35 6 150 350 540 38 2 2000
17 760 620 1150 5 0 260 420 550 15 0 500
18 160 360 580 90 7 180 310 480 40 5 500
19 565 690 950 20 1 365 390 550 10 2 100
20 600 750 800 10 15 500 500 700 2 10 100
21 600 750 800 10 15 612 450 680 10 0 500
22 700 1300 2325 20 10 498 700 810 50 12 100
23 500 600 950 50 15 506 670 820 50 5 400
24 500 800 1000 50 15 226 850 930 10 2 100
25 300 400 650 20 0 180 350 550 30 18 1000

WWTP

x1 x2 x3 x4 x5 V (m3)

wr (*) 0.08 0.11 0.11 0.10 0.10 12000
Pr (**) (€/Kg) 0.3980 0.5000 1.1945 0.6145 1.2092
VCr (Kg ) 8400 7800 8400 1200 240

(*)Values based on weight factors from Nation Sanitation Foundation Water Quality Index.
(**)Values based on those provided by the Government of Catalonia DOGC 5288.29

Table 3. Data from Scenarios 1, 2 and 3

Scenario 1 Scenario 2 Scenario 3

(1) (2) (1) (2) (1) (2) (1) (2)

Li

Pn
i¼1

Li (m3)
Pn
i¼1

Li related to V (%) 14700 122.5 14700 122.5 25000 208.3

�Li (m3) rL 588 716.08 588 716.08 1000 0

x1

Pn
i¼1

LiC
1
i (Kg)

Pn
i¼1

LiC
1
i related to VC1 (%) 4274 50.9 8548 101.8 8954 106.6

�C1 (g/m3) rC1 358.16 211.02 716.32 422.04 358.16 211.02
�T1 rT1 1.09 0.32 1.79 1.18 1.09 0.32
�D1 rD1 140.16 195.67 363.12 282.19 140.16 195.67

x2

Pn
i¼1

LiC
2
i (Kg)

Pn
i¼1

LiC
2
i related to VC2 (%) 5704.5 73.1 11409 146.3 9920 127.2

�C2 (g/m3) rC2 396.80 216.77 793.60 433.53 396.80 216.77

�T2 rT2 1.24 0.96 1.89 1.73 1.24 0.96
�D2 rD2 146.32 164.57 329.28 274.20 146.32 164.57

x3

Pn
i¼1

LiC
3
i (Kg)

Pn
i¼1

LiC
3
i related to VC3 (%) 9975 118.7 19950 237.5 16430 195.6

�C3 (g/m3) rC3 657.20 219.84 1314.40 439.68 657.20 219.84
�T3 rT3 1.02 0.05 1.54 0.34 1.02 0.05
�D3 rD3 204.00 304.09 570.56 325.75 204.00 304.09

x4

Pn
i¼1

LiC
4
i (Kg)

Pn
i¼1

LiC
4
i related to VC4 (%) 426.8 35.6 853.6 71.1 538 44.8

�C4 (g/m3) rC4 21.52 21.45 43.04 42.91 21.52 21.45
�T4 rT4 1.13 0.33 1.79 1.25 1.13 0.33
�D4 rD4 9.60 12.66 21.60 24.91 9.60 12.66

x5

Pn
i¼1

LiC
5
i (Kg)

Pn
i¼1

LiC
5
i related to VC5 (%) 61.1 25.5 122.2 50.9 102 42.5

�C5 (g/m3) rC5 4.08 4.99 8.16 9.98 4.08 4.99
�T5 rT5 1.48 1.81 1.94 2.20 1.48 1.81
�D5 rD5 3.84 5.06 5.92 7.69 3.84 5.06
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In the first step, the values for a,b (Eqs. 9 and 10), a and
b (Eq. 6) were tested using a combinatorial procedure of the
reference values19 a ¼ 2, b [ {2, 8}, a [ {0,0.2,0.5,1,2,5}
and b [ {0,0.2,0.5,1,2,5} constants26 q ¼ 0.99 and Q ¼
1000. The values for parameters a1,…,a5 ¼ 2 (Eq. 10) were
added for the gP version.

In the second step, the values for q (Eq. 7) and Q (Eq. 8)
were tested individually with the reference values19 q [
{0.1,0.3,0.5,0.7,0.9,0.99} and Q [ {100,500,1000,5000} and
the values of a, b, a and b that returned the best solution in
the first step as constants.

Additionally, the number of ant iterations per algorithm
repetition needed to achieve a stable solution was observed,
and best solutions were found iteratively using the values a,
b, a, b, q and Q as constants that previously returned the
best solution. This process was followed for Scenarios 2 and
3 as well.

The parameter values that offered the best average solu-
tions were as follows.

(a) For the sP version, a ¼ 2, b ¼ 2, a ¼ 1, b ¼ 0, q ¼
0.9 and Q ¼ 1000, resulting in a cost �Z ¼ 3002:86, rZ ¼
5.91 and Zmax ¼ 3011.84.

(b) For the gP version, a ¼ 2, ar ¼ 2, b ¼ 2, a ¼ 1, b ¼
0.2, q ¼ 0.9 and Q ¼ 1000, resulting in a cost �Z ¼ 3007:56,
rZ ¼ 8.61 and Zmax ¼ 3016.52.

The value obtained for the heuristic importance b ¼ 0 in
the sP version indicated that only the pheromone was con-
sidered in the state transition rule (Eq. 6). The value
obtained for the importance of the pheromone was a ¼ 1.
Therefore, the value of the probability that the mth ant choo-
ses volume Vj

i (Eq. 6) depends on the values of the process
used to update the pheromone trail (Eq. 7). For this process
using a simple penalty (Eq. 9), the penalty values achieved
with the values a ¼ 2 and b ¼ 2 are beneficial in the search
for a solution because of the amounts of pheromone gener-
ated on the edges. Moreover, with the addition of the local
search algorithms, the heuristic information is no longer nec-
essary to guide ants to achieve a good solution.20

The value b ¼ 0.2 obtained for the gP version presented a
small increase compared to that obtained under a simple
penalty. For the state transition rule (Eq. 6) with a ¼ 1, the
value to some extent offset the decrease in the tendency to
discharge larger pollutant loads, which was due to the multi-
ple factors that affected the penalty values (Eq. 10) with a ¼
2, ar ¼ 2, b ¼ 2 and, consequently, the pheromone trail.

For both the sP and gP versions, the best values of Z
based on the tested values of the coefficient for the phero-
mone evaporation were achieved with q ¼ 0.9, thus, the
evaporation rate was 0.1.

The tested values for Q resulted in very small differences
across the solutions found. For the sP version, the solutions
ranged from Z ¼ 3002.02 with rz ¼ 7.25 to Z ¼ 3004.01
with rz ¼ 7.52, and for the gP version, they ranged from Z
¼ 3002.94 with rz ¼ 8.36 to Z ¼ 3005.61 with rz¼ 10.17.

The best solutions that were iteratively achieved using a
simple penalty, presented a small improvement after 100
iterations for Scenarios 1 and 3, and after 150 iterations for
Scenario 2. For Scenario 1, the evolution of the best solu-
tions achieved using a global penalty was similar to that
observed with a simple penalty. Scenarios 2 and 3 showed
improvements up to 350 iterations. No improvements were
observed after 500 iterations.

To compare the results without calibrating the algorithm
parameters, the simulations were performed with the parame-

ter values a ¼ 2, b ¼ 15, a ¼ 1, b ¼ 0.8, q ¼ 0.99 and Q
¼ 1000 that were successfully applied to solve another prob-
lem26 that was also investigated as a knapsack problem. The
values for a1,…,a5 ¼ 2 were added for the gP version. For
the reference case study, the returned solutions were
�Z ¼ 2919:68 with rZ ¼ 53.10 under the sP version, and
�Z ¼ 2921:54 with rz ¼ 75.42 under the gP version. For both
the sP and gP versions, at least 5 algorithm repetitions
achieved the solution at the first iterations. It should be noted
that none of the solutions were found at the first iterations
with the calibrated parameter values.

Case study results and discussion

The simulations using the calibrated sP and gP versions
were performed for all scenarios with 500 iterations and 100
ants per iteration, and the results were averaged over 10 rep-
etitions. The initial value of the pheromone trail at the first
iteration of an algorithm repetition was 100 for all edges.
For each algorithm version, the solution to the cost of indus-
trial wastewater discharges was related to the overall volume
and the total loads of pollutants xr of the discharged waste-
waters. The path followed to achieve this solution provided
the volumetric discharges according to each industrial activ-
ity in terms of values that corresponded to individual loads
of pollutants.

Table 4 collects the data related to the solutions obtained
using the sP and gP versions in the reference case study and
the alternative scenarios. The average solutions for �Z accord-
ing to both algorithm versions showed similar values for
Scenarios 1 and 3, which were different from the Scenario 2
values.

For Scenario 1, both algorithm versions discharged the
maximum admissible volume in the WWTP. Figure 3 shows
the paths that derived the solutions. The tendency of the sP
and gP versions to perform the discharges was similar to the
profile of the initial storage volumes. The differences for
behavior discharges were related to industrial activities with
values of wastewater storage of Li � 500. For these activ-
ities, the discharges returned by the gP version presented a
decrease of 11.6% relative to those returned by the sP ver-
sion when the values of peak coefficients were 1 for all pol-
lutants, and presented an increase of 8.6% when the concen-
tration values exceeded at least 112% their expected average
values (Tr

i [ 1) for one or several pollutants.
For Scenario 2, the version gP provided the best solution.

Both algorithm versions presented a decrease in the overall
discharge volume related to that obtained in Scenarios 1 and
3 because of larger pollutant loads for the initial storage
wastewaters (Table 3). For this scenario the values of Tr

i pre-
sented a large variability. The pollutant x3 played a dominant
role in the assessment because of its high-concentration val-
ues and price. Figure 4 shows the different paths followed
by both versions of the algorithm. The discharges returned
by the gP version had a higher standard deviation (with rgP

¼ 674.98) than those returned by the sP version (with rsP ¼
541.32). However, fewer industrial activities (76%) resulted
in wastewater discharges by the gP version compared with
those of the sP version (100%). For the industrial activities
with initial volumes stored Li \ 2000, which composed
52.3% of the total wastewater stored in this scenario, the dis-
charges returned by the gP version were 16.6% of the total
wastewater discharged, and 61.3% lower than those returned
by the sP version. Otherwise, for the industrial activities
with Li � 2000, the volumes returned under the gP version
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were 83.3% of the total volume discharged, and were
increased by 28.4% relative to those returned by the sP ver-
sion. This behavior can be observed in Figure 4 for activities
4, 11 and 16 with Li � 2000. For these activities with
�T3 ¼ 1:6, rT3 ¼ 0:46, the storage loads of pollutant x3 were
48.5% of the total loads of x3 stored in Scenario 2; their dis-

charges under the gP version included 88.5% of the total
load of x3 discharged and were increased by 43.8% relative
to those returned by the sP version.

For Scenario 3, both versions returned similar values for
the overall volume discharged and the total pollutant loads.
Figure 5 shows the paths that produce these solutions. The

Table 4. Results Based on the sP and gP Algorithm Versions

sP gP

Scenario 1 Scenario 2 Scenario 3 Scenario 1 Scenario 2 Scenario 3

Z
�

(Cost) 3002.86 2995.46 2450.47 3007.56 4098.33 2457.87
rZ 5.91 130.09 21.16 8.61 211.79 29.77

Vi
(*) Pn

i¼1

Vi (m3) 12000 6550 11970 12000 6070 11960

Pn
i¼1

Vi related to V (%) 100 54.6 99.7 100 50.6 99.7

Pn
i¼1

Vi related to
Pn
i¼1

Li (%) 81.6 44.6 47.9 81.6 41.3 47.8

x1

Pn
i¼1

ViC
1
i (Kg) 3245.3 2849.3 4704.7 3235.6 3109.0 4739.9

Pn
i¼1

ViC
1
i related to VC1 (%) 38.6 33.9 56.0 38.5 37.0 56.4

Pn
i¼1

ViC
1
i related to

Pn
i¼1

LiC
1
i (%) 75.9 33.3 52.5 75.7 36.4 52.9

x2

Pn
i¼1

ViC
2
i (Kg) 4748.3 4532.4 5246.3 4766.9 4201.5 5320.9

Pn
i¼1

ViC
2
i related to VC2 (%) 60.9 58.1 67.3 61.1 53.9 68.2

Pn
i¼1

ViC
2
i related to

Pn
i¼1

LiC
2
i (%) 83.2 39.7 52.9 83.6 36.8 53.6

x3

Pn
i¼1

ViC
3
i (Kg) 8323.1 8382.4 8362.1 8321.8 8373.6 8273.8

Pn
i¼1

ViC
3
i related to VC3 (%) 99.1 99.8 99.5 99.1 99.7 98.5

Pn
i¼1

ViC
3
i related to

Pn
i¼1

LiC
3
i (%) 83.4 42.0 50.9 83.4 41.9 50.4

x4

Pn
i¼1

ViC
4
i (Kg) 381.9 433.1 280.5 372.2 429.3 288.6

Pn
i¼1

ViC
4
i related to VC4 (%) 31.8 36.1 23.4 31.0 35.8 24.1

Pn
i¼1

ViC
4
i related to

Pn
i¼1

LiC
4
i (%) 89.5 50.7 52.1 87.2 50.3 53.6

x5

Pn
i¼1

ViC
5
i (Kg) 53.9 66.6 54.0 52.1 48.3 52.0

Pn
i¼1

ViC
5
i related to VC5 (%) 22.5 27.7 22.5 21.7 20.1 21.7

Pn
i¼1

ViC
5
i related to

Pn
i¼1

LiC
5
i (%) 88.2 54.5 52.9 85.3 39.5 51.0

(*)Vi is the volume to be discharged from each industrial activity.

Figure 3. Wastewater discharges under the sP and gP
versions for the reference case study.

Figure 4. Wastewater discharges under the sP and gP
versions for Scenario 2.
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standard deviations of volumetric discharges from each
industrial activity were smaller in the sP version (with rsP ¼
190.97) than in the gP version (with rgP ¼ 246.13). The
higher value of rgP was probably the result of multiple fac-
tors included in the global penalty. To account for the distri-
bution of discharges presented with the same wastewater
storage (Li ¼ 1000) for all industrial activities, and the same
values for the peak coefficient as Scenario 1, the resulting
wastewaters were related to the pollutant x3 with a dominant
role, followed by pollutants x2 and x1. The industrial activ-
ities with values of C3

i \ C̄ 3, C2
i \ C̄ 2, C1

i \ C̄ 1 for at
least two of these pollutants achieved discharges with vol-
umes Vi � 1

2Li under both algorithm versions. For industrial
activities 1, 2, 9, 11, 13, 14, 16, 17 and 18, the initial con-
centrations of pollutants x3, x2 and x1 were lower than the
values of their corresponding average pollutant concentra-
tions in this scenario, for at least two of these pollutants.
Otherwise, the industrial activities with C3

i > C̄ 3, C2
i > C̄ 2,

C1
i > C̄ 1 for at least two of these pollutants presented dis-

charges with volumes Vi [ 500. Industrial activities 4, 15,
22 and 23 presented this behavior. For these activities, the
initial concentrations of pollutants x3, x2 and x1were larger
than their corresponding average values in this scenario for
at least two of these pollutants.

The initial values for the volume of wastewater stored and
the concentration of the pollutant x3 exert large effects in all
scenarios for the performance of discharges from industrial
activities. For same values of wastewaters stored, the effects
should also be related to the values of concentration of pol-
lutants x2 and x1.

Conclusions

The method proposed in this article for modeling indus-
trial wastewater discharges is a new contribution to efforts
aimed at preventing input overloads to WWTPs. Using the
multiagent paradigm, a solution can be provided in real time
based on system interaction data.

To solve the combinatorial optimization of wastewater
discharges, two versions of an ACO algorithm, sP and gP,
were used to address the dynamic variability between the
industrial effluents by smoothing the effects of fluctuations
in wastewater volumes and compositions. Both algorithm
versions provided a cost solution aimed at maximizing over-
all wastewater discharges without overloading the WWTP.
The value for overall wastewater discharges was obtained
through an optimal combination of stored wastewaters from
individual industrial activities, which favored large storage
volumes.

For a set of industrial activities that did not have large
overall volumes for stored wastewaters and did not exhibit
large increases in pollutant concentrations relative to their
expected average values (i.e., the reference case study), the
sP and gP versions provided similar solutions. In this sce-
nario, the behaviors of wastewater discharges were consist-
ent with their profiles at initial storage. For a set of industrial
activities that had large pollutant loads in stored wastewater
and also exhibited large increases in pollutant concentrations
relative to their expected average values (i.e., Scenario 2),
the gP version achieved the best solution with respect to
cost; the solution tended to favor discharge from fewer
industrial activities and the large discharges from the large
storage volumes. For a set of industrial activities with a large
overall volume of stored wastewater and small increases in
pollutant concentrations relative to their expected average
values (i.e., Scenario 3), the sP and gP versions provided
similar solutions, with similar discharge behaviors. The dis-
charges presented slight differences from those provided
when no large volumes were stored (i.e., the reference case
study). The differences were due to the tendency to favor
large pollutant concentrations when industrial activities had
the same values for storage volumes.

For WWTP influents that may exhibit large fluctuations in
pollutant concentrations, the discharge returned by the gP
version, which had a global penalty with multiple factors
related to volume and pollutant loads, achieved the best-cost
solution.
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