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Abstract—In this paper we present a self-organizing emer-
gent multi-agent system designed for the decentralized real-
time control of water distribution networks. The agents, which
are associated with every pump, tank, and water tower of such
a distribution network, interact by means of a decentralized
coordination mechanism based on digital infochemicals. In
particular, they utilize a biologically-inspired coordination
strategy, called indirect defense, which is used by certain
plants in nature in order to get rid of herbivores. The
experiments, which we have conducted on several different
water distribution networks including one real-world municipal
distribution network, demonstrate that the presented variants
of our approach are able to achieve a self-organizing emergent
solution comparable to the decisions made by inexperienced
as well as experienced human operators, but with a higher
flexibility, robustness, scalability, adaptivity, and autonomy.

Keywords-self-organization; multi-agent system; biologically-
inspired; water distribution; infochemicals

I. INTRODUCTION

Due to their inherent flexibility, robustness, scalability,
adaptivity, and autonomy, self-organizing emergent solutions
are predominantly suited for problem classes characterized
by high complexity and dynamics, openness, large scale,
unpredictability, as well as dynamic disturbances. A problem
class exhibiting these characteristics is resource distribution,
whereby a resource can be electricity, gas, oil, or water.
Because the problem constraints vary depending on the
resource in hand, solution approaches can not be transferred
between different problem domains without further ado. For
instance, whereas huge capacities of gas, oil, and water
can be temporarily stored, there exists no such storage for
huge capacities of electricity. Also, the distribution networks
for each of these resources differ significantly in terms of
materials, physics, timing constraints, etc.

The focus of this paper is on water distribution by use of a
water distribution network (WDN) [1]. A WDN consists of
a network of pipes that connect water supplying components
such as reservoirs (lakes, rivers), underground tanks, or
water towers, with customers such as private households or
commercial facilities. The transportation of water from the
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supplying components to the customers within a WDN can
be accomplished either by gravity or, due to rolling terrains,
more usually by pumps in pumping stations. Because the
pumping of water requires a lot of energy, the interest of
water suppliers is to minimize pumping and energy costs,
respectively. To the contrary, consumers expect their water
demands to be fulfilled at an comfortable and satisfactory
level even during peak times.

Today, the operation of a WDN is accomplished centrally.
Although a number of software tools exist that gather and
analyze operational data of a WDN in real-time, operational
management decisions, in particular to turn on or off a pump,
are made by certified human operators. In order to utilize
the beneficial properties mentioned at the beginning of this
section for the operation of WDNSs, in this paper we present
an agent-based, self-organizing emergent system for the real-
time control of a WDN. This inherently decentralized ap-
proach assumes that each pump and tank within a WDN can
be equipped with an agent able to communicate with each
other in order to minimize energy costs. Please note that in
particular the vast number of consumer interfaces in a WDN
do not have to be equipped with any agents respectively
expensive and fragile sensors, which significantly reduces
the capital expenditures of water suppliers.

For the self-organizing, decentralized coordination of the
agents, we have designed a mechanism inspired by the
so-called indirect defense phenomenon [2], a strategy that
certain plants apply in biology to get rid of herbivores.
Because this strategy is based on chemical stimuli respec-
tively infochemicals [3], we have based this decentralized
coordination mechanism (DCM) on the digital infochemical
coordination model [4], which adapts the general principles
behind infochemical-based coordination (IBC) in nature. We
have developed two variants of this DCM: a basic variant,
which is intended to correspond to the decision making of
an inexperienced human operator, and an enhanced variant,
which includes more information within an infochemical
and is intended to correspond to the decision making of
an experienced human operator.



We have executed experiments with varying consumer
demand patterns, different energy consumption curves of
the pumps, as well as different WDN topologies. Whereas
most of these topologies were constructed especially for
evaluation purposes, one topology is based on the municipal
WDN of Novato, California. For the experiments we have
used and extended the EPANET toolkit [5], a water distribu-
tion simulation software released by the US Environmental
Protection Agency (EPA) under the public-domain license.
The experimental results demonstrate that already the basic
variant of the mechanism is able to achieve effective solu-
tions, while the enhanced variant is able to improve these
solutions up to 86%, depending on the demand patterns, the
energy consumption curves, and the topologies used.

The rest of this paper is organized as follows: Section II
provides the background on WDNs as well as on IBC.
Section IIT describes the self-organizing emergent solution
approach, starting with the biological inspiration, its adap-
tations, as well as their application to water distributions
networks. Section IV presents the experimental evaluation,
whereas Section V overviews related work. Finally, Sec-
tion VI presents concluding remarks as well as an outlook.

II. BASICS

In this section, we provide brief introductions into WDNs
and IBC. The former, obviously, represents the application
domain for our DCM proposed in Subsection III-B, which
is an instantiation of the latter.

A. Water Distribution Networks

Water distribution networks, as they are used in our cities
to bring water to both, residential and commercial customers,
on a high level can be considered as a graph (V, E) of
nodes v € V of various types connected by edges e € F,
also of various types. More precisely, V' comprises junctions
ju € Ju, reservoirs re € Re, and tanks ta € T'a (or water
towers). Furthermore, £/ comprises pipes pi € Pi and we
also treat pumps pu € Pu and valves va € Va as edges.

Operating a WDN is all about providing/maintaining
pressure, which is called in water hydraulics head. If the
head in the right places in the WDN is sufficient enough,
a sufficient flow of water towards the demand sites will
be present. One basic way of producing sufficient head
in a place in the network is by using gravity, i.e. having
these places sufficiently elevated compared to the nodes at
which a certain flow of water is leaving the network. The
obvious nodes in a network that should produce sufficient
head are the reservoirs Re, since they are the nodes where
water enters the network (in this work we will assume that
each reservoir can produce unlimited amounts of water). But
given that the role of a reservoir in a WDN is usually played
by lakes, rivers, or even wells, having the reservoirs elevated
higher than the nodes the water has to flow to is often not
an option. This is where tanks and pumps enter the picture.
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A tank ta is placed into a WDN to provide head and
to act as a buffer allowing the WDN to take some time to
react to changes in demand due to the water stored in ta.
A tank is characterized by its elevation in the WDN, by the
minimum, maximum, and current operation water level as
well as its volume-height curve that provides the amount
of water stored in the tank given its current water level.
Since tanks do not provide unlimited amounts of water, it is
necessary to get water from the reservoirs to a tank, which
is accomplished using pumps. While in theory using only
one pump to connect a tank with one reservoir is enough
(which is why we treat a pump as an edge in the graph),
in reality some kind of redundancy is required to deal with
the need for maintenance and scheduled repairs/upgrades,
but also with unforeseen events like a broken pipe. As a
consequence, a tank usually can be replenished by several
pumps, but often at different costs. These costs are measured
either with regard to wear and tear of equipment as well as
other criteria, or with regard to energy use, which is what
we are interested in in the following.

A pump pu injects mechanical energy into a WDN to
move water from lower elevations to nodes with higher
elevation, which are the aforementioned tanks, as stated in
the last paragraph. A pump, as a directed edge in the graph
representing a WDN, creates head at the “receiving” end
of the edge dependent on the flow through the pump from
the reservoir side. This dependency is described by a so-
called pump curve, which is also dependent on the energy
put into the system by the pump (in case of the commonly
used centrifugal pumps this energy depends on the speed of
the rotating impeller of the pump [6]). Modern pumps allow
for different amounts of energy created by the pump, which
means that a pump operator can choose the pump curve
he prefers for the current network conditions (achieving the
appropriate efficiency of the pump), introducing a second
way to influence the energy usage by the WDN (in addition
to the choice of pump). Naturally, the mechanical energy put
into the WDN by a pump does not equal the electrical energy
used by the pump, because of heat loss due to friction.

The influence of a pump and its performance on a
particular WDN is governed by a set of complex equations,
taking into account the network, the characteristics of all
nodes (e.g. elevation, demand at junctions, which are nor-
mally used to provide exit points for the water), and the
characteristics of the edges (e.g. pump curves, diameter, or
pipe lengths). Furthermore, by opening or closing valves, the
network structure can be changed. Fortunately, the operation
of a WDN does not really require the continuous solving
of this set of equations reacting to changes in demand and
trying to find a solution that requires minimal energy. A
reactive approach looking at the fill levels of the tanks (and
using operational minimum and maximum water levels for
each tank) is usually sufficient to meet the demands by the
customers. Experienced human operators usually also are



able to operate the pumps in reaction to the fill levels of
the tanks with a “not so bad” energy consumption. Even
designing WDNs is nowadays not using the set of equa-
tions directly, instead simulators, such as e. g. the EPANET
toolkit, are used to provide feedback about what is happen-
ing in a WDN. Such simulators also allow for the evaluation
of the performance of the self-organizing multi-agent system
(MAS) solution that we present in Section III-B.

While the main purpose of a WDN is to fulfill the de-
mands by the customers at all times, keeping the energy con-
sumption required therefore as low as possible is naturally in
the interest of the organization or company responsible for
a particular WDN. Since the customer demands are usually
not fully predictable, keeping the energy consumption low
is a dynamic optimization problem that is well suited for
self-organizing MASs.

B. Infochemical-based Coordination

Infochemical-based coordination is the most universally
employed communication and coordination model between
organisms in biology (cf. [7]). Thus, IBC provides a plethora
of inspiring examples that can be adopted as DCMs for
self-organizing emergent solutions to (artificial) problem
instances in various application domains. For instance,
pheromone-based coordination, as e. g. used during foraging
in ant colonies, is probably the best-known example for a
natural DCM that uses the principles of IBC. It has been
successfully used for finding the solutions to problems oc-
curring e. g. in manufacturing control (see [8], [9]). However,
in [10] we have shown that in nature not only organisms of
the same species coordinate by means of chemical stimuli,
but also organisms of different species. These chemical stim-
uli are then called allelochemicals and are distinguished into
allomones, kairomones, and synomones, depending on the
fact which organism, i.e. the emitting one or the receiving
one, benefits in the interaction. For instance, pollination-
inspired coordination (PIC) [11] is inspired by the behavior
of honey bees during the pollination of flowers, whereby the
latter emit synomones to attract the former. This mechanism
has been successfully used for the self-organizing solution
to problems occurring e. g. in internal logistics. Moreover,
the indirect defense strategy, which serves as a biological
inspiration for the solution approach presented in this paper,
involves organisms of three different species that coordinate
their local behavior by means of infochemicals.

In order to provide a foundation for the systematic identi-
fication and specification of DCMs based on IBC, the digital
infochemical coordination (DIC) model [4] adopts the gen-
eral principles behind the communication and coordination
by means of chemical stimuli between organisms in biology.
In particular, the DIC model allows for the combination of
multiple infochemicals having different semantics, dynam-
ics, and functions, which in turn allows for more efficient
self-organizing emergent solutions and solution processes.
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In the DIC model, an agent (as a coordination clement) of
a certain type reflects a living organism of a certain species,
able to interact indirectly by emitting and perceiving (digital)
infochemicals. A (digital) infochemical ¢ is defined as

L= (7,7 5, e 1) 4))

v is the current concentration of ¢ and reflects the dy-
namically changing concentration of diffusing biological
infochemicals. v**7¢s" is the threshold concentration of ¢
and reflects the behavioral threshold concentration of living
organisms reacting to a specific infochemical. & is the
diffusion coefficient of ¢ and reflects the chemical diffusion
coefficient that allows for a very fine-tuned propagation
radius and evaporation time specific to each infochemical.
e is the emitter of ¢ and reflects the biological fact of
an infochemical to reveal information on its cmitter. ¢ is
individual information encapsulated by ¢ and reflects the
biological role of an infochemical as a dynamic information
carrier. The content of ¢ depends on the concrete DCM
respectively the domain a solution has been designed for.

The coordination media (space) in the DIC model is repre-
sented by an infochemical environment, which enhances the
execution infrastructure of the agents, providing them with
an active environment where they may share information.
Consequently, an agent is situated in a spatial environment
consisting of multiple locations the agents may be situated
on. Connections between the locations define the possible
ways an agent may choose from in order to move between
the locations, whereupon the connections may be of different
length, depending on the physical conditions.

The coordination laws in the DIC model are defined by
a propagation function (controlling the amount and rate of
infochemicals propagated from one location to a connected
neighbor location), an aggregation function (controlling the
aggregation of one or more infochemicals e.g. to an in-
fochemical with higher concentration), and an evaporation
function (controlling the amount and rate of the evaporation
of infochemicals). Please note, as soon as the concentration
of an infochemical is below its threshold concentration,
either due to its propagation or its evaporation, the infochem-
ical will be removed from the infochemical environment. All
of these functions have to be instantiated by a concrete DCM
that instantiates the DIC model.

Based on the perception of an infochemical, an agent may
reactively execute one or more actions, which can either be
to move to another location, to emit infochemicals by itself
as well as to perform an action on its current location, or to
interact directly with other agents. However, an agent may
also proactively execute actions. Both variants of the DCM
presented in the next section instantiate the DIC model.

III. SOLUTION APPROACH

Based on the basics provided by the last section, this
section describes on the one side the biological paradigm of



indirect defense and on the other side the indirect defense
coordination mechanism that can be used for self-organizing
emergent MAS solutions controlling and optimizing the
operation of WDNs.

A. Biological Inspiration

In biology, plants are permanently faced with the risk
of being attacked and damaged by herbivores or fungi.
Thus, over the last millions of years some plants have
developed a defense strategy, called indirect defense [2].
In order to get rid of herbivores, they emit certain scents
that attract natural enemies of these herbivores, which upon
their arrival deter or destroy the attacking herbivores but not
the plants. From the ecological point of view, these scents
are classified as infochemicals, in more detail synomones,
as both the emitting organism (plants) and the receiving
organism (natural enemies) benefit from this interaction.

B. The Indirect Defense Coordination Mechanism

Similarly as in biology, the tanks in a WDN are perma-
nently faced with the risk of head loss by the customers’
demand. By adopting the indirect defense strategy for WDN's
(see Figure 1), in case of a problematic head loss, a tank
agent associated with a tank will emit digital infochemicals
that may be perceived by pump agents associated with
pumps, which in turn start pumping water in the WDN,
freeing the tanks of their problematic situation. We term this
indirect defense coordination (IDC). As we have adopted
the general principles behind IBC in the DIC model (see
Subsection II-B), we base the IDC mechanism (and concrete
variants of it) on this prior work. The main objective of
IDC will be to keep the hydraulic integrity and to optimize
the control of WDNs with regard to energy costs. To foster
energy savings, IDC keeps the head in a WDN as low as
possible, but still high enough to satisfy regionally regulated
minimum head limits.

In the following, we present two variants (or modes) for
IDC that handle the behavior of tank and pump agents. The
basic variant, which is called Greedy Mode (GM), will be
able to control a WDN similar to an inexperienced operator.
As soon as a problematic situation arises in the WDN, GM
will just determine the casiest and most obvious solution that
fixes the situation, which is to turn on or off (respectively
increase or decrease the flow through) the pump that is
located closest to the tank that detected the problematic
situation. This is the easiest solution from the viewpoint of
a human operator observing the network status on monitor
walls, which is the current setup for human operators. In
the more advanced variant, which is called Coordinated
Greedy Mode (CGM), the pump agents compare all available
solutions for an adequate reaction to the particular situation
and chose the most efficient one. Thus, CGM will be able
to control a WDN similar to an experienced operator and
perform better than GM.
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1) Greedy Mode: In GM, a tank agent Ag,, is perma-
nently monitoring the head h of the tank ta; € Ta it is
associated with. To figure out, if h is converging to either
the minimum head limit A,,;, or maximum head limit A4,
Agie, permanently predicts future head values based on
stored historical head values and pressure fluctuations of
the past. If i dropped during the latest measurements, Ag,q,
estimates the next head values for a given prediction horizon
by linear regression. If any of these predicted head values is
below huin, Agie, Will detect b converging to A, before
hmin actually is reached. The detection of h converging to
himag Works analogously.

Whenever Agy,, detects that h converges to A, Or
hunaq» Which represents a problematic situation for the agent,
it emits a help infochemical 7;, (I € N) to let reachable
pumps know that it needs help in the form of a pressure
change. A help infochemical 7 is defined as an instantiation
of a digital infochemical of the DIC model:

thresh

T = (77’7 77— ) 67’7 Z.dAgf,,, b) Qta) (2)

where 7, is the current concentration of 7, y¥*7¢5" is the
threshold concentration of 7, d, is the diffusion coefficient
of 7, id g,, is the unique id of the emitting tank agent Agyq,
and ¢y, (as the individual information ) is the current inflow
of ta, whereby negative values represent an outflow.

The propagation of infochemicals, as one of three specific
infochemical actions (see Figure 1), between two locations
in the environment is controlled by a propagation function:
when an infochemical is propagated, its concentration -y
is reduced by the length of the pipe connecting the two
locations multiplied by its diffusion coefficient §. The di-
ameter, speed, and flow of a pipe do not influence the
propagation of an infochemical. As soon as v < ~Presh,
the propagation is stopped. In IDC, an aggregation of info-
chemicals is not required. However, infochemicals evaporate
due to a defined evaporation function: in every iteration
(time step), the concentration +y is reduced depending on
the diffusion coefficient 0. Again, as soon as v < yhresh,
the infochemical will be removed from the environment.

Due to these infochemical actions, the help infochemi-
cal 7;, is propagated through the environment and finally
might reach a pump agent Agy,; associated with a pump
pu;j € Pu, whose type is linked to the tank type. In
order to figure out, if pu; is able to provide help for
the perceived request, Agp,, has to determine, to what
speed level the pump’s impeller would have to be set in
order to provide the required help. Therefore, Agp,; takes
into account the current head at pu;’s discharge side, the
current flow of the pump gy, as well as the information
about the inflow/outflow g, included in the perceived help
infochemical emitted by Ag:,,. Based on these values and
the given pump curves, Agy,; calculates, if pu; can be set
to a speed level that additionally provides the required flow
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|gta;| (in case of a negative value, i.e. an outflow of water
in the tank) while maintaining the current head at pu;’s
discharge side. If several speed levels would be possible,
Agpw; will choose the one that keeps the head in the WDN
as low as possible. In case that there is an inflow of water
in the tank, i.e. giq; > 0, Agpy,; consequently might have
to reduce the current speed level of pu;.

In any case, before the speed level of a pump pu;, which
is able to help, is set to a new value, Agpu7 first emits a
job infochemical p;, (k € N) to inform other pump agents
Agpy, With j # s, which might have received the initial
help infochemical 7;, as well, that pu; is able and willing
to help. A job infochemical p is defined as an instantiation
of a digital infochemical of the DIC model as well:

thresh

p=(Yp:p 3)

where 7, is the current concentration of p, A/Zh”Sh is the
threshold concentration of p, d, is the diffusion coefficient of
p, id ag,, is the unique id of the emitting pump agent Agy,,,
idy, 1s the unique id of the tank ta the job is referencing to,
and fyf 97 is the concentration of the help infochemical 7
at the time Agy, has perceived it. Again, id4g,, and 'yf I
together represent the included individual information .

As in principle more than one pump might be able
and willing to help, all associated pump agents wait for a
given amount of time, if they perceive job infochemicals of

. . A -
) 5;77 ZdAgpuv ZdAgm I ’Y-r gr )
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Conceptual model of the IDC mechanism

other pump agents. In case that another job infochemical is
perceived, a comparison function f°"? inside each pump
agent determines, which of the pump agents will finally
claim the job. Therefore, if a pump agent Ag,,, perceives
a job infochemical p, of another pump agent Ag,,, but
with the same id;,, of the request that it intends to help
or is currently helping itself, f°°™P will compare ﬁ/f Irs
and 7;4 9rus Because due to the propagation function the
concentration of any infochemical decreases with the dis-
tance to its emitter, the pump agent with the higher perceived
concentration ’yf 97 is closer to the emitting tank agent and
will claim the job, i.e. change its speed level, whereas the
other pump agents will not start (or even stop) helping. If
due to any reason the perceived concentration values are the
same, a pseudo random algorithm determines the helping
pump agent based on the comparison of the unique ids.
Because thus always the nearest pump capable able to help
will be elected, we called this variant “greedy”.

Because Agy,, is able to perceive emitted job infochemi-
cals by pump agents as well, it gets automatically informed,
if its help request is handled by at least one pump agent.
Otherwise, similarly to nature, it will continue emitting help
infochemicals, as long as help is under way.

2) Coordinated Greedy Mode: Whereas the GM of IDC
only focuses on the hydraulic integrity within a WDN in the
first instance, it does not pay attention to the efficiency in



terms of energy use. Thus, the CGM of IDC will extend GM
and improve the overall energy consumption in a WDN. This
means, in contrast to GM, where the distance of a pump to
a help requesting tank was of relevance, in CGM only the
provided efficiency of a pump is of relevance. The efficiency
Npu; Of a pump pu; with variable speed depends on the flow
Gpu; through the pump as well as the chosen impeller speed
level and the provided head at the discharge side of the
pump. Thus, the efficiency can be obtained from the pump
curve (see [6] for more details).

In order to figure out if pu; is able to provide help for a
perceived request, in CGM the pump agent Agy,,; associated
with pu; has to determine the most efficient speed level of
the pump’s impeller, which is able to provide the required
help. If several speed levels would be possible, Ag,,; will
hence choose the one that provides the highest energy
efficiency. For the improvement of the coordinated solution,
consequently 7, is included in the job infochemical instead
of the concentration value ’yf 97 This requires a slightly
changed definition of a job infochemical:

thresh

p=(Vp:7p “4)

where 1, is the current concentration of p, ¥&""¢*" is the
threshold concentration of p, d, is the diffusion coefficient of
p» id ag,, is the unique id of the emitting pump agent Agpy,
idy, is the unique ¢d of the tank ta the job is referencing
to, and 7, is the efficiency that can be achieved by pu.

Consequently, in CGM also the comparison function
f€°™P inside each pump agent has to be changed for compar-
ing the efficiency values included in the job infochemicals.
In case that the speed level of a pump has to be increased, the
most efficient pump will get the job. In case that the speed
level has to be reduced, the least efficient pump will reduce
its speed or will even be turned off. As these changes by
CGM only affect pump agents, the behavior of tank agents
as well as their emitted help infochemicals is not changed
compared to GM. The experimental evaluation in the next
section will demonstrate the efficiency improvement in terms
of energy that can be achieved with CGM.

5 5p7 Z.dAg,my Z-dAgmv npu)

IV. EXPERIMENTAL EVALUATION

This section presents the general setup of the experiments
we have performed as well as describes four series of
experiments that evaluate the two IDC variants.

A. Experimental setup

To evaluate the two IDC variants for WDNs, we have
modified the EPANET toolkit to allow the agents to receive
local information at the node or edge they are representing
and to allow the pump agents to control their edges. Like
EPANET, we have implemented the MAS in C++.

In each experiment, the simulation within EPANET went
through several days of demands, each day having identical
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demand profiles. The simulation updated every minute of
simulated time. Despite that, the wall clock time used for
a whole simulation was between 2 minutes and 2 hours
(depending on the particular experiment), which includes
the time needed for the agents to make their decisions
and for the system to propagate the infochemicals. This
means that the overhead produced by the IDC approach is
neglectable given the reaction times of real-life WDNs (that
are simulated by EPANET).

With regard to the infochemicals, for each experiment we
have manually chosen as emitted concentration for each of
them a value that allowed the infochemicals to reach each
other agent in the network with a sufficient concentration to
be above the threshold concentration for reacting to the in-
fochemical. The diffusion coefficient for each infochemical
was chosen to keep the concentration above the threshold
long enough for the whole decision process to take place.

B. Experimental results

The first experimental series evaluates how the two vari-
ants of the IDC approach deal with heterogeneous pumps.
The WDN (see Figure 2) consists of three pumps (pu, pus,
pus), three reservoirs (re;, res, res), two identical tanks
(ta1, tas), four junctions (jug, jus, jus, jug) following a
typical residential demand pattern as depicted in Figure 3,
one junction (jus) using an industrial demand pattern as
depicted in Figure 4, three junctions without demand, and
the necessary pipes.

Figure 2. WDN for first experimental series

In the experiments, each pump is of a different type,
having different peak efficiencies (with regard to head) at
50, 60, and 70 percent of the maximally produced flow. The
numbers in the first column of Table I (for the first group of
experiments) indicate which pump pu;-pus-pus is of what
type in the particular experiment. Each experiment repeated
the same daily demand pattern for 5 days. As the results
show, the GM variant has different energy costs depending
on pump pu;, while the CGM variant, not surprisingly,
results in the same energy cost regardless of pump type
configuration. pu; is the pump in the network that is the
most used by the GM variant, so that a low efficiency pump
in that spot is really not good for GM.
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Figure 4. Industrial demand pattern

Table 1
COMPARISON BETWEEN IDC VARIANTS USING ENERGY USAGE
(IN KWH) PER CUBIC FEET OF PUMPED WATER

[ Experiment [ GM | CGM |
50-60-70 0.306 | 0.153
50-70-60 0.306 | 0.153
60-50-70 0.158 | 0.153
60-70-50 0.158 | 0.153
70-50-60 0.150 | 0.153
70-60-50 0.150 | 0.153
demand1 0.475 | 0.155
demand?2 0.264 | 0.154
demand3 0.215 | 0.152
demand4 0.159 | 0.159
many pumps 0.196 | 0.159
many tanks 0.272 | 0.227
Navato, broad 2.781 | 2.498
Navato, medium 3.601 | 2.491
Navato, narrow 19.430 | 2.671

In the second experimental series, we have evaluated the
two variants with regard to different demands. The WDN
(see Figure 5) consists of two pumps (pu; with efficiency
peaking at 70 percent of the maximal flow and puy with its
peak at 100 percent), two reservoirs, two (identical) tanks,
six junctions, and the necessary pipes. For this WDN, GM,
in general, favors pu; to fill ta; and pus to fill tas.

Te | ta 2
pui
Jjuz Jue
Jua
jui jus jus
pw2 res
tag
Figure 5. 'WDN for second experimental series

For the four experiments in this series, we opted to create
different demand patterns by adding additional demands at
different junctions. In demandl, jus was the only junction
with a demand as indicated by Figure 6. This demand pattern
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was repeated over 10 days (as it was done in the three
other experiments in this series to evaluate the different
patterns over a longer period). For demand2, we used the
demand pattern at jug from demandl and added to it the
demand pattern depicted in Figure 7 at jus. demand3 adds to
demand?2 the demand pattern depicted in Figure 8 at junction
juy and finally demand4 adds at ju, the daily demand
pattern from Figure 9.
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Figure 6. Demand pattern for jug
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Figure 9. Demand pattern for jus

As Table I shows, CGM outperforms GM in the first
three experiments and in the first two experiments the
difference is even substantial. Again, not surprisingly, the
fourth experiment that leaves the pump agents with not much
choice, since it has high demand nearly all of the time,
results in identical quality.

The third experimental series looks at how the MASs deal
with competition, more precisely with having more helping
components than demanding ones in “many pumps” and
more demanding components than helping ones in “many
tanks”. While the first experiment is just a more complicated
variant of the situations from the first experimental series,
the second experiment looks at possibilities for confusion
among the active pump components due to various help
requests competing for attention. We assumed that the later
experiment could show suboptimal behavior of the CGM
variant, which, as Table I shows, was however not the case.



In more detail, the WDN for “many pumps” (see Fig-
ure 10) uses five different pumps with different peak effi-
ciencies each with its own reservoir to draw from and two
different tanks with t{a; having a bigger volume than ta,.
There are cleven junctions, where four (jus, ju4, jug, j10)
use the residential demand pattern from Figure 3, two
(Jus, jur) the industrial pattern from Figure 4, and the rest
do not produce any demand. The network topology for
“many tanks” is nearly the same, except that we replaced
the edges (res, jus), (req,jus), and (res, juig) by edges
(tas, jus), (tayg, juyg), and tas, juig), which eliminates three
pumps from the network. Both simulations ran over 5 days.

Figure 10. WDN for third experimental series

As Table I shows, for both networks CGM clearly outper-
forms GM with regard to energy used per transported cubic
feet of water. Looking more closely into the behaviors during
the simulations, we noticed that in the case of “many pumps”
GM, nor surprisingly, favors the pumps nearest to the two
tanks and only gets the other pumps involved if those nearest
pumps are running at full capacity, which is unfortunately
not the peak cfficiency for these pumps. On the other side,
CGM has those other pumps coming online already when the
nearest two pumps have reached their peak efficiency, thus
resulting in the better behavior. Looking into the behavior of
GM and CGM for “many tanks” shows that, as expected, the
tanks always start sending help requests at nearly the same
time. But, due to having one network, fulfilling the first three
requests already also covers the other two requests. Looking
at the behavior created by GM, we noticed that after the first
two requests are handled by the two pumps, the third request
often gets handled by the pump that is already working near
peak efficiency, thus straining this pump beyond this peak
efficiency. CGM, however, always has the pump working at
lower efficiency dealing with the third request, thus resulting
in a better overall performance. But this example shows that
both variants are not creating optimal solutions, since the
third request would be optimally dealt with by having both
pumps kind of “partially” react resulting in both running
near their peak efficiency.

The final experimental series evaluates different operating
ranges for tanks for the WDN for the city of Novato,
California. The WDN of this city is the most complex
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Table 11
OPERATIONAL AREAS FOR THE NOVATO WDN
[ Experiment [ tank [ 2min | hmax |
tay 147 153
Novato, broad tas 123 156
tas 156 162
tay 148 152
Novato, medium | tas 123 156
tas 157 161
tay 149 151
Novato, narrow tag 123 156
tas 158 160

example WDN included with the EPANET simulator and
covers an area of about 150 km?. As such, we refer the
reader to [5] for the concrete network structure. The WDN
contains three tanks, two pumps that connect the network to
a lake and a river and 91 junctions. EPANET also includes
demand patterns for these junctions, one so-called default
pattern that is used for most junctions together with a
multiplier specific to each junction and four specific demand
patterns for four concrete junctions. Unfortunately, EPANET
does not provide efficiency data for the pumps', we only
know that the pump at the lake is rather weak, whereas the
one at the river is rather strong. For the experiments, we had
to make up the efficiency for different pump speeds and the
peak efficiency for the lake is a little below a flow of 5000
gallons per minute, whereas the river pump reaches its peak
efficiency at around 12000 gallons per minute.

For using the IDC mechanism by the agents, each tank
agent uses a value h,,;, as operational minimum head and
a value h,,q, as operational maximum head with the goal to
keep the actual head of the tank between those two values. In
this experimental series, we looked at the effect of choosing
these two values on the performance of the two variants of
IDC. Table II shows the three different operational areas for
the three tanks (in feet). Note that we did not change the
values for faq, since this tank is used in the experiments
only to handle emergency head values within the network
as indicated by the very large operational area.

As Table I shows, even the small changes on the opera-
tional area can cause serious efficiency problems for GM.
The smaller the operational area the more requests are sent
out by the tank agents and the more potential for inefficiency
in fulfilling these requests exists. CGM is clearly better at
this, although the narrow operational area comes with a
slightly higher cost.

In general, both variants of the IDC approach can han-
dle the broad variety of scenarios that we tested, without
creating any serious problems like tanks running empty or
not having enough head in the WDN to meet the demands.
But the quality of the performance of GM and CGM can be
quite different. While for a few scenarios the two variants

IThis is the reason why we cannot compare our results to real solutions.



perform at the same quality, most scenarios show that the
added coordination by additional information in case of
the CGM variant pays off in achieving lower costs for
transporting the required water. Due to the dynamic nature
of this optimization problem (naturally, the agents were not
given the demand patterns used in the experiments) we
can not expect any system Lo consistently produce optimal
solutions, so that also CGM is not guaranteed to always
produce good solutions, but it is clearly preferable over GM.

V. RELATED WORK

Controlling and optimizing the operation of resource
distribution networks by self-organizing emergent MAS so-
Iutions is not a novel approach, of course. For all types of
resources corresponding solution approaches can be found.
For instance, in [12] a MAS approach has been presented
for the control of distributed energy (electricity) manage-
ment. However, as indicated in the introduction, because
the problem constraints in an electricity network are quite
different compared to the constraints present in a WDN,
such approaches cannot be easily transferred. Furthermore,
in this approach a demand-side management technology has
been used, i.e. the customer interfaces were equipped with
agents in order to manage the electricity consumption at the
point of use, which generates high capital expenditures.

But also for controlling and optimizing the operation of
WDNs several approaches already exists. Most of them,
however, are centralized solution approaches that assume
well-known water demand profiles, which turns the dynamic
problem to solve in the real world into a static one. For
instance, the approach presented in [13] uses simulated
annealing to find the global maximum in all the permutations
of the interactions between pumps. To keep this set of
permutations limited, they assume to have only pumps with
fixed speeds that can either be turned on or off. Furthermore,
changes in pump operation are only able to be applied in
steps of one hour. Similarly, the approaches presented in [14]
and [15] use various non-linear programming techniques
for optimizing pumping cost in WDNSs. In [16], genetic
algorithms are used for optimizing the operation of a WDN.
Apparently, in all of these approaches the operation of a
certain pump is centrally pre-calculated, which makes these
approaches unable to react to unpredictable, dynamic events.

In this connection it should be noted that there exist
also general approaches that use multi-agent systems to
perform such pre-calculated optimizations, which, however,
should not be confused with using multi-agent systems
in the way the IDC mechanism does. For example, [17]
presents an approach for optimizing the operations of gas
pipelines using several agents, each performing a search for
the optimal operation parameters for the various components
of a given gas pipeline network for given demands. The
agents cooperate by exchanging solution candidates, which
results in some kind of emergent behavior of the whole
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system. But this behavior is emergent with regard to the
search, not emergent with regard to the produced behavior
of the network.

However, there also exist centralized approaches for dy-
namic problem solving in WDNs, mainly based on some
kind of demand prediction. For instance, in [18] an approach
is presented for an adaptive optimization system for dynamic
WDN operation, based on the combined use of an artificial
neural network for predicting the consequences of different
pump settings and a genetic algorithm for optimization.
The system receives its data via an online monitoring
system and is designed to assist WDN operators to select
optimal operating control settings. Similarly, in [19], fuzzy
inductive reasoning is used for demand prediction. However,
these approaches are not able to react appropriately to
unpredictable, dynamic events as well. A sole exception
is made by the approach presented in [20], which uses a
numerical optimization model for the real-time control and
optimization of the operation of a WDN. Even though the
approach is able to react on dynamic events very quickly, it
is still centralized and hence does not provide the required
scalability and robustness.

The only decentralized MAS approach for controlling
and optimizing the operation of a WDN that exists to our
knowledge so far is presented in [21] and evaluated based
on direct agent communication in [22]. The proposed MAS
similarly is in charge of optimizing the pumping costs in
a WDN. However, this approach only considers a simple
WDN with one tank and one pump. Moreover, the water
demand profiles by customers were again supposed to be
well-known and predictable, what turned the problem to
solve again into a static one.

The IDC mechanism presented in this paper also differs
from existing DCMs based on IBC, such as pheromone-
based coordination [8] or pollination-inspired coordination
[11], because the local behavior of the agents as well as
the used types of infochemicals differ significantly from
these existing approaches. However, all of these approaches
instantiate the DIC model.

VI. CONCLUSIONS

In this paper, we presented a self-organizing emergent
MAS approach designed for the decentralized real-time
control of WDNSs. The approach is inspired by the indirect
defense phenomenon in nature and is an instance of the DIC
model. In the experiments, we have compared (wo concrete
variants of the approach, one solely based on a greedy selec-
tion of the nearest pump, capable of fulfilling requests from
tanks, and one based on including additionally anticipated
costs in the information conveyed by the infochemicals.

The experiments showed that both variants fulfill the main
objective of a WDN, i.e. servicing customer demands. But
they also showed that the additional information yielding a



better coordination of the second variant often results in a
more cost efficient control of the operations of the network.
There are two major directions for possible future work,
namely improvements of the approach to increase the ef-
ficiency of the demand fulfillment and extensions of the
approach to deal with other conditions around the delivery
of water. While the dynamic nature of the control problem
for WDNs prevents us from developing any control that
will always produce optimal solutions (that would require
to be able to look into the future to know the exact demand
before it is put onto the network), there are definitely periods
where the demands are stable and/or predictable. For such
periods, systems like the one of [16] can be used to find
optimal solutions. Using the basic idea of [23] to combine
the approach with optimal solutions for recurring demand
patterns might further result in better cost efficiency.

We have concentrated in this work on achieving energy
cost efficiency. But there are some other considerations in the
operation of a WDN, such as water quality. For example, if
water stays too long in tanks this may endanger water quality
and might require additional measures. Extending the IDC
approach to either also control these measures or to avoid
having to take them is also future work we plan to look into.
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