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Abstract 
This paper describes an ongoing work on the application of machine learning 
techniques in the domain of water distribution networks. This research is. being 
done in the context of the European Esprit project Watemet. One part of this 
project is a learning system which intends to capture knowledge from historie 
information collected during the operation of a water distribution network. 
Captured knowledge is expected to contribute to improve the operation of the 
network. The ideas presented in this paper describe the first development phase of 
this learning system, focusing specially in the practical methodology adopted. The 
interaction between different c1asses of human experts and the learning system are 
discussed. Finally some preliminary experimental results are presented. 

Keywords 
Machine learning, water distribution network, knowledge acquisition, forecasting. 

1 INTRODUCTION 

Wafer. The importance of drinkable water in the human life is well known. The 
human beings are strongly dependent of the water and they tend to use much more 
water than the amount necessary to survive (Loucks & Costa, 1991). However in 
most cases people do not realize how difficult it is to send the water from its source 
to the taps at home with a good quality level. Instead, people become very 
demanding consumers, requiring from the water supply services very high levels of 
quality. Quality not only related to biological or physical-chemical factors, but also 
related to the continuity of the supply with adequate levels of pressure and flow. 
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Physical constraints. The eomplexity of the water distribution management is 
due to various faetors including: 

• The geographie and topologie strueture of the networks. The totallength of the 
pipes ean typically reaeh 900 km, even in anormal water distribution system. 

• Water distribution systems may be in permanent expansion or alteration due to 
population and eeonomieal modifieations in the society. 

• Sources of uneertainty like leakage due to aecidental disruptions on the pipes 
or even from some pirate deviations. 

• It is very diffieult to find an adequate model to deseribe the behavior of the 
networks. Thus, the supervision and eontrol strategies are based on manual pro 
manual proeedures or heuristic rules. 

• The heterogeneity of those systems. Eaeh distribution network shows 
eharaeteristics that are distinet from other ones. 

Control constraints. The water distribution networks are operated from various 
pumping stations and reservoirs including some treatment stations (remote units). 
The eontrol of these systems is in general performed loeally and based on the 
operators' experienee. Eaeh station might have a eontrol algorithm that handles 
routine situations. However, if any abnormal situation oeeurs, the operators are 
alerted and ealled to solve it, instead of the eontrol algorithm. A eentral eontrol 
station is normally available to supervise/eoordinate the global network (eentral 
unit). 

The eontrol at the remote units' level is performed without any, or very little, 
eoordination among the stations, loosing the overall view of the network. The 
absence of an overall view of the network makes diffieult, eostly and time 
consuming, the faults' identification and also their recovery. It is also difficult to 
find optimal strategies to operate the network. 

Helping to find a solution. In the context of the European Esprit project 
W ATERNET, an evolutionary knowledge capture approach for advanced 
supervision of water distribution is being developed. This projeet intends to 
develop a system to control and manage water distribution networks taking into 
consideration the necessary control of costs and required quality, and using the 
Information Technology to increase the level of automation and integration in 
those networks. 

Field for machine learning. In some water distribution networks, there are large 
quantities of data collected during the operation of the network, which suggests the 
opportunity to apply learning techniques in order to find more optimized operation 
strategies. These data sets contain measurements of physical variables, water 
quality indicators, device status, operator actions and alarms reports. 

Inside this projeet, this kind of data, captured from SMAS-Sintra a Portuguese 
water company, is being used to· evaluate the application of machine learning 
techniques in the domain of water distribution network. 

This paper focuses specially on the use of human guidance in all phases of the 
development and as a fundamental help element in the applieation of machine 
learning techniques to this domain. 
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Paper organization. The remaining ofthis paper is organized as follows. Section 
2 introduces a brief summary of the WATERNET project, presenting the 
architecture with the subsystems cemposing the project and their interconnections. 
Section 3 introduces the Learning System, focusing the reasons for its 
development. Section 4 presents the work done to identify the areas where the 
machine learning techniques should be applied. Section 5 describes the difficulties 
detected in this work and the approach followed in the development of the system. 
Finally, section 6 presents some conclusions and open questions. 

2 THE WATERNET PROJECT 

The WATERNET project is a two year Esprit project that aims to design and 
develop an evolutionary knowledge and management system towards the control, 
decision support and optimal operation of drinkable water distribution networks. 
Included in the objectives of the project are the minimization of the costs of 
exploration, the guarantee of continuous supply of water with better quality 
monitoring, reduction of energy consumption and minimization of natural 
resources waste. 

The system that is being developed in this project is composed by the following 
subsystems, as illustrated by Figure 1: 
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Figure 1 - W ATERNET architecture 

• A Supervision System, supervising the network in a distributed way, 
monitoring its current status, identifying deviations from the desired states and 
making decisions about the next control and management actions; 

• A Distributed Information Management Subsystem (OlMS), supporting the 
cooperation and information exchange among sites and their activities 
(Afsarmanesh, Camarinha-Matos & Martinelli,1997); 
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• An Optimization Control Subsystem, producing optimized operational 
strategies for control devices (pumps, valves, ... ) in order to minimize 
exploration costs (Quevedo et al. 1987); 

• A Water Quality Monitoring Subsystem, monitoring the water quality in the 
network and guiding the water treatment process to guarantee the sanitary 
safety ofthe water; 

• A Modeling and Simulation Subsystem, that is responsible for the network 
models, deriving the desired information for the other subsystems and making 
simulations about the network behavior; 

• And finally, a Learning Subsystem, that is a system containing multiple 
learning algorithms, representing different paradigms, to support programming 
by demonstration and data mining on historical operation databases. 

3 LEARNING SUBSYSTEM 

The following aspects justify the inclusion of a learning subsystem in Watemet: 

• The characteristic of continuous expansion and modification of the water 
distribution networks. 

• The procedures used to operate the network, and the factors influencing the 
operation. 

• The availability ofhistoric data. 

Continuous expansion. The water distribution networks are in continuous 
expansion or modification. Factors such as new housing or industrial zones request 
the network to grow in order to comply with the new supply needs. This growing 
process can be reflected in new pipes going to new regions or in increases in water 
demand, and will imply different strategies to operate the network. The 
introduction of a learning component represents a promising approach to cope with 
an environment with so many modifications along the time. 

Operation. The operation of the network is performed locally in the remote units 
by control algorithms that deal with routine situations. However, when some 
abnormal situation happens, current algorithms alert the operator who becomes 
responsible to solve the problem. 

In presence of an abnormal situation, i.e. when an alarm fires, the operator 
evaluates the status of the network and, based on his experience, decides which 
actions to perform in order to overcome the alarm. The reaction to an alarm can be 
as simple as a valve opening, but it can also be so drastic as the stop of one or 
various stations, or even the call of a brigade to fix any detected anomaly in the 
network. 

This scenario suggests an interesting application case to machine learning 
techniques. If it is possible to find in the historic data various occurrences of one 
same status ofthe network during a specific alarm [rring, and also the same actions 
performed by the operators to recover from this alarm, then it is possible to leam 
how to deal with it. 
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Historie data. The last faetor, and probably the most important one, that supports 
the applieation of maehine learning teehniques in this projeet, is the availability of 
a large amount of historie data. The experiments deseribed on this paper were 
performed over real historie data gathered in the SMAS-Sintra network. This 
historie data eontains: 

• Sensorial data (physieal variables): All measurements of the physieal 
parameters of the network are stored. This information represents flow and 
pressure values inside the pipes, reservoir levels and other measurements. 

• Sensorial data (ehemieal variables): Measurements speeifying the water 
quality are also stored, sueh as pR values and ehlorine quantities. 

• Deviee status: The status of some devices is also found in the stored data. 
Information if a pump is working or not and information about the pereentage 
of opening of some valves are examples of these data. 

• Operations: The operations performed by eontrol algorithms or by the human 
operators, like the opening of valve or the turning on of a pump, are stored. 

• Alarms: Every alarm reported in the stations is also stored. 

These data is eolleeted on a regular basis. In general, the readings of sueh 
information oeeur eaeh 5 minutes. Data is also eolleeted when any abnormal 
situation oeeurs. Eaeh station ofthe network stores loeally the data as text files. For 
instanee, a file eontaining one day of eolleeted data from a simple station ean have 
sometimes 12 000 lines. SMAS-Sintra has 6 years of eolleeted data for some 
stations. The eomplete amount of information available represents, in average, 4 
years of 45 station amounts to something around 500 Mbytes of eompressed data. 

4 WHERE TO APPL Y MACHINE LEARNING 

4.1 Starting phase 

The initial phase of this proeess was the identifieation and eharaeterization of 
possible applieation areas for maehine learning in the water distribution network 
domain. A strong interaetion with the domain experts eomplemented with an 
analysis of the eharaeteristies of the historie data led to the elaboration of a list of 
possible learning tasks. It is also important to notiee that the objeetive is not to 
develop new learning algorithms but to apply existing results from the maehine 
learning eommunity. One of the. main objeetives is, therefore, to develop a 
praetieal working methodology that ean lead to useful results. 

The upper seetion of Figure 2 illustrates the use of these faetors in the definition 
of a set of possible applieation areas for maehine learning, or as stated there, a set 
of potentiallearning tasks in this domain. 
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Figure 2 - Elements considered in the selection of the application areas for 
machine learning 

4.2 Potential learning tasks 

As a result of this preliminary work, a set of potential learning tasks in the water 
distribution domain was identified in (Afsarmanesh, Camarinha-Matos & 
Martinelli, 1997) and briefly summmzed here: 
a) Support for Production Planning: These tasks intend to extract some knowledge 
that can be useful in forecasting future water demand, and giving information on 
how the network is evolving. 
b) Identification of factors that influence actions: These tasks have the objective to 
discover factors that influence the operation of some devices of the network in 
order to leam how to operate them. 
c) Monitoring and alarm handling: These tasks aim to leam how to detect, diagnose 
and recover from failures observed in the network. The human operators' reactions 
to alarms will be used as training examples. 
d) Preventive maintenance: These tasks will help the maintenanee seetors of the 
water distribution eompanies in achieving a better management of their deviees . . 
e) Improvement of user satisfaetion: The evaluation of the user eomplains ean 
bring some additional knowledge to the eompanies, especially in terms of 
anomalies detected in the network. 
t) Other possibilities: Set of learning tasks that are related to the identification of 
the normal behavior ofthe network. 
Around 16 learning tasks were identified. Of course this is not the eomplete set of 
possible applieation areas for this domain, but the identified ones illustrate the 
large potential for maehine learning in water distribution systems. 

4.3 Defining priorities 

Due to the limited resourees available and the short project duration, it was 
neeessary to foeus the work in a subset of the learning tasks presented above. fu 
order to make a final seleetion, some additional faetors were eonsidered: 
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• Time Constraints: As the project was designed for 2 years, the idea to work on 
learning tasks that would require long time to finish was out of question. The 
work had to be focused on applications that would have some results by the 
end ofthe project. 

• Feasibility: The feasibility of the learning tasks was also evaluated. Those 
tasks for which results could be more easily reached should be more strongly 
taken as a possibility. 

• Usefulness: The factor with more weight in the decision was the usefuIness of 
the application area. Priorities were defined according to the end-users' needs. 

The domain experts were again of fundamental importance in this decision making 
process. Their judgement showed which application could lead, if successful, to 
higher added value to their work and which ones would be less important. 

In order to facilitate the discussion with the domain experts, it was very 
important to perform some preliminary learning experiments showing their 
potential. The domain experts do not have basic knowledge of machine learning 
and some concrete examples are fundamental to help them understand what could 
be expected from these techniques. 

This identification and selection phase was necessary because there is no 
documented tradition of practical application of machine learning in this domain. 
As a result ofthis process two learning tasks were selected for implementation: 

• Water demand forecasting: This task is included in the group a) above. Its 
objective is to predict the water consumption in a region ofthe network in the 
near future. A good water demand forecast is very important to guarantee a 
continuous supply ofwater at a low costs 

• Error monitoring and alarm handling: This task belongs to group c). The 
intention is to learn how the operators act in order to diagnose errors and 
recover from alarms occurring in the network. 

5 HOW TO APPL Y MACHINE LEARNING 

5.1 Finding difficulties 

Before developing the final software modules that support these learning tasks, it is 
important to perform a set of experiments in order to identify the main difficulties 
and decide on which algorithms to use. 

As a result the following major problems were identified: 

• Variables' selection: Some stations are characterized by hundreds ofvariables. 
Using all (or a large portion) of them in a learning activity is possible. The 
experiences have shown that a wide set of variables slows the learning 
process, due to the size of the search space. The results can also be inaccurate 
because some spurious information can led to wrong results. 
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• Pre-processing: The raw data available had to be pre-processed before they 
can be feed to the learning algorithms. This pre-processing has the objective to 
fonnat the data in a way to focus the leaming process. Sometimes high level 
features have to be extracted in order to represent, in a better way, the training 
objectives. For instance, the calculation of average values or derivatives, the 
transfonnation from flow values to consumed volumes, or even the mapping 
ofvariables' values for a different domain. 

• ResuIts assessment: Finally, the results obtained with the leaming algorithms 
have to be evaluated in order to identify if they really have some physical 
significance that make possible their use in the supervision process. 

Figure 3 illustrates these difficulties. 
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Figure 3 - Main difficulties detected in the learning process 

The domain expert' s knowledge represents an important help to overcome these 
difficuIties, as illustrated in Figure 4. 
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Figure 4 - Use of domain expert knowledge to help the learning process 

The domain experts know the network and have some heuristic knowledge about 
the relationships between variables. They can give cIues on the set of variables to 
search in order to [md explanations for something happening in the network. This 
knowledge is highly useful in order to identify which variables should be used in 
the training phase. The domain experts have also the necessary knowledge to 
assess the obtained results and evaluate their significance. 

These solutions correspond to a direct use of the domain experts' knowledge. In 
addition, it is also possible to use the domain expert knowledge indirectIy through 
the creation of a qualitative model of the network. The qualitative model in the 
way used in this project (Camarinha & Martinelli, 1997) tries to mimic the way of 
thinking used by the domain experts. This qualitative model represents, in a 
simplified way, how the network's variables are interrelated and how they 
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influenee eaeh other. The qualitative model ean be used as a tool to defme whieh 
variables to use in the training phase and also to evaluate if the aehieved results are 
eonsistent with the expeeted relationships between the variables. Figure 5 
illustrates a partial qualitative model for astation. 
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Figure 5 - A pumping station and part of its qualitative model 

5.2 Users of the learning system. 

The arehiteeture of the learning system is eomposed by two separate modules in 
order to take advantage of the apriori knowledge of the domain experts, and also 
thinking in the further daily use of the system. The first one is used to aequire the 
knowledge, i.e., to seleet subsets of the historie data, feed them to the learning 
algorithms and extraet knowledge from them. The seeond part is used to apply the 
aequired knowledge, Le. to use it in the supervision ofthe water distribution. 

The first eomponent ealled "K,nowledge Extraetor", is one that requires a 
stronger interaetion with the water distribution experts. These experts are, in 
general, people with a high edueation level and a strong knowledge of the network 
operation and physical distribution. 

The seeond eomponent, "Knowledge performer", whieh is the part that is going 
to be used more frequently, should be suitable to be used by the network operators. 
Sometimes these people do not have a high level of instruetion. They aequired their 
know-how on the operation of the network with their past experienee. The 
eharaeteristies of these operators have to be taken into eonsideration during the 
development of this module. The tool should be as easy to use as possible and 
appealing only to the kind ofknowledge they possess. 
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The knowledge extractor is going to be used sporadically. During the system 
installation phase, the domain expert is requested to define where and how to apply 
the available learning tasks. However, as the time goes on, the use of the 
knowledge extractor becomes restricted to refine the knowledge already acquired, 
to capture new operation characteristics or to learn about some new parts of the 
network. 

U.ed by the 
domaln experta 

Tool for 
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Tool for O8lng 
knowledge 

-_..-------"--___ -.1-

U .. dbythe 
network openttora 

Figure 6 -Usage ofthe Learning Subsystem 

The second component tends to be used continuously. The operators at least once 
a day, want to detennine which is the predicted water demand in the network. Also 
each time an alann occurs, the second module is activated to help solving the error 
situation. 

5.3 Tools to assist the users 

5.3.1 Synoptic diagram 
The synoptic diagram is a graphical representation of the network highlighting the 
devices that request some kind of control and the measurement devices. The 
synoptic diagram is analogous to the one traditionally used by operators of the 
network. 

In the knowledge extractor module this diagram is used to help the expert in the 
process of seleeting the variables to be used. The use of the synoptic diagram 
represents an easy and convenient tool to enable the water domain experts identify 
and seleet the variables that he thioks would be useful to eonsider in the learning 
proeess. 

5.3.2 Pre-defined pre-processings 
Pre-proeessing applied to raw data before these data ean feed the learning 
algoritluns are detenninant for the suceess of the learning phase. However there is 
a wide set of possible pre-proeessing procedures that eould be used. The 
calculation of average values or derivatives, the transfonnation from flow values to 
consumed volumes, or the mapping ofvariables' values for a different domain, are 
only a few examples of them. How to eope in a flexible way with this amount of 
possibilities is a very diffieult question to answer. It is not realistic to expeet the 
users of this system to hand code these procedures in any prograrnming language. 
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Probably a good approach to solve the problem is the development of a graphical 
tool that would enable the learning system's users to interactively develop pre
processing procedures based on some graphical primitive functions. However, this 
remains an open question. 

The solution adopted in this phase of the project was the direct implementation of 
a minimal set of pre-processing procedures that covers the needs of a reasonable 
set of possible application areas. The set of pre-processing procedures was chosen 
based on the experience obtained with the preliminary experiments and with the 
interaction with the end users. Although this is not the best solution, it represents a 
good trade-off among ease of use, flexibility and the development time constraints. 
Further procedures can later be introduced in the system but this will require a 
programmer. 

5.3.3 Qualitative models 
The qualitative model tries to express, in a simplified way, the interaction between 
variables used by the operators and domain experts while evaluating network 
situations. 

The qualitative model, in the way it is used in this project, can be easily extracted 
on a manual basis from the synoptic diagram. However it can also be automatically 
extracted from a more abstract representation of the network, like the MFM models 
(Lind, 1994; Larsson, 1996), if such models are available. A development in this 
direction is being pursued in cooperation with the Sebetia company. 

The qualitative models can be used in two situations. When selecting variables, 
the qualitative model can suggest to the users which other variables have some 
relationship with a variable previously chosen. It is the responsibility of the 
system's user to accept or reject the suggestion based on his own knowledge. This 
mechanism increases the accuracy in selecting the set of variables to be used in the 
training phase. 

The second usage of the qualitative model is to help in the assessment of the 
results of the learning algorithms. The mechanism is based on the evaluation of the 
rules extracted by the leaming algorithms. If a generated rule represents 
relationships that are consistent with the relationships represented in the qualitative 
models, then the extracted rule is suggested to be correct. Again, the final judgment 
is the responsibility ofthe system's user. 

5.4 Knowledge extractor 

The knowledge extractor is the core of the learning subsystem. Its operation is 
based on 6 steps: 

• Variables selection: The human expert selects the variables he/she wants to 
use in the learning process using the synoptic diagram. The qualitative model 
suggests some variables, but the human is responsible to accept or reject the 
suggestion. 
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Figure 7 - Example ofthe use ofthe synoptie diagram in the knowledge extraetor 

• Data eapture: The system extraets, from the DIMS, (Distribute Information 
Management System developed by the University of Amsterdam) the 
information it needs to perform the learning task. 

• Pre-proeessing: Pre-defmed pre-proeessing proeedures are applied under 
human guidanee in order to extraet some high-level features that will ease the 
learning proeess and inerease its aeeuraey. 

• Data formatting: This phase closely follows the previous one. This phase also 
applies some pre-proeessing to the data. However the objeetive is to transform 
the data in a format that eould be fed to the learning algorithms. 

• Learning: For the learning phase, the user seleets the exeeution of one of the 
learning algorithms available in the implemented eatalog of learning 
teehniques. 

• Results assessment: The result. assessment is performed in two different ways 
aeeording to the learning task that the user is working with. If the user is 
working with the demand foreeast, the results' assessment is done through the 
use of agraphie. For the error monitoring and alarm handling task, the 
assessment is performed using the qualitative model and the user judgement. 

5.5 Using the Extracted Knowledge 

Due to the different eharaeteristics of the two seleeted learning tasks, the use of the 
extraeted knowledge follows two different ways. One module to work with the 
water demand foreeast and a knowledge based system to work with the error 
monitoring and alarm handling. 
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Figure 8 - Points ofuse of domain expert knowledge in the knowledge extractor 

5.5.1 Water demand forecast 
To work with the water demand forecast task, a module which takes the results of 
the knowledge extractor and uses them to predict the demands in various points of 
the network was designed. 
The results of the knowledge extractor, regarding this application area, are 
represented in the form of neural network architectures. Thus, the work of the 
water demand forecast module is to take the neural network architectures and 
execute them considering the objectives of the operators and information about the 
current status of the network. 

... 
• 

Predlcted; 374.17 
Consltmed; 368,27 

,-
.!l 

Figure 9 - Example ofthe water demand forecast module 
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To help the operators understand the process, a synoptic diagram is also used. 
The result of the execution is represented as a curve containing the predicted 
demand for the next hours. It is possible, in the same interface, to compare the . 
predicted values with the real values collected directly from the network. It is also 
possible to continuously refine the predicted value using as new information the 
values being collected from the network. Figure 9 illustrates this process. 

5.5.2 Error monitoring and alarm handling 
Learned knowledge related to the error monitoring and alarm handling is 
represented in the form of rules resulting from inductive learning algorithms. The 
option for a rule-based representation instead of neural networks is motivated by 
the need to have the human assessment. If, for instance, an alarm is 
detected, and according to the system status, one action has to be performed, the 
system operator has to be informed and advised about wllat is happening in the 
system. Neural networks, besides their goods aspects, are not good to tasks where 
explanation is required. Rule based systems are more appropriate for this purpose. 

An example where inductive methods were applied to generate the rules is 
presented above. The following example takes the sensorial information from the 
station shown in the Figure.1 O. 

ReglonB 

ReglonA 

I'rusure SensOif"· • 

VIIm- ..... 

Region D 

Figure 10 - Station diagram 

The idea used in this learning example was to identify which operations were 
performed after an alarm ffing, Le. the operations performed in order to recover 
the system from the alarm situation. This experiment emphasises the need to 
transform the raw data into attributes of higher level. The data used in the learning 
process contained: 

• System variables like pressures, flows, and device status; 
• Time period between the moment in which a operation was performed and the 

present moment; 
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• Time period between the moment the last alarm was fired and the present 
moment; 

• Operation performed in the present moment; 
• Number of operations performed in the last 5 minutes; 

Except for the first line, all the other lines represent attributes that are not explicitly 
gathered. They result from some kind of pre-processing applied over the raw data. 
The studied alarm refers to a problem in the valve V3. And the result represents the 
action that the operators execute. After presenting the examples to the C4.5rules 
(Quinlan, 1993) the result obtained was: 

IF OV3_MHigh_L5 < 3 
THEN Next_Action_Performed = M_High 

IF OV3_MHigh_L5 >= 3 
THEN Next Action Performed = M Low 

This means that when the mentioned alarm appears, the operator, in general, tries 
to open (M_High) repeatedly (3 times) the valve V3. Ifit still generates the alarm, 
then the operator closes the valve (M_Low) and tries to identify, in site, what 
caused the problem. 

6. CONCLUSIONS 

This paper described an application of machine learning techniques in the 
management of water distribution networks. The emphasis was put on the 
implementation of a practical methodology rather than on the development of new 
algorithms. 

Preliminary experimental results shown that there is a large potential for 
application of learning techniques in a wide variety of sub-problems in the water 
distribution domain. A strong interaction with the domain experts and a step-by
step experimental approach seems to be an adequate method in order to get useful 
results. 

Thls work is an ongoing work for which many open questions remain. Some of 
the next steps requiring further investigation include the use of qualitative models 
in the assessment of the extracted knowledge, and the support for more flexible 
pre-processing ofthe raw data, i.e. procedures to extract high level features. 

Although a large number of potential learning tasks were identified, up to now 
only two of them, demand forecast and alarm handling, are being investigated. The 
other areas remain for further work. 
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