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ABSTRACT

Disaster forecasting, warning, recovery, and response in water resources management
require the application of knowledge from a diverse range of domains. Identifying the
appropriate approach necessitates integrating rules and requirements from these knowledge
domains in such a way that the operational goals are achieved with minimally available
situational information. Disaster forecasting, warning, recovery, and response must be able
to adapt and evolve as new information becomes available. To date, there has been a limited
amount of work developing expert systems in this area. In order to fill the knowledge gap,
this study 1) identifies and assimilates the knowledge necessary for Water Distribution
Network (WDN) decontamination, local flood forecasting and warning, and local flood
response coordination and training; 2) determines the relative utility of architectures of
expert systems and conventional codes; 3) evaluates the relative benefits of forward and
backward chaining inferential logic in these scenarios. Based on the outcome of the
conceptual systems, we develop three complete backward chaining expert systems,
respectively. With extensible knowledge bases combined with the information provided by
the users, the expert systems successfully provide reasoning routines, recommendations, and
guidance on disaster forecasting, warning, recovery, and response in water resources

management.
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1. INTRODUCTION
This chapter introduces the motivation, needs, and current studies of expert systems for
disaster forecasting, warning, and response in water resources management. After an
overview of the background information of the decision-making process, this chapter lists a
variety of issues in the water resources management area. Then, this chapter expresses the
proposed solutions to specific problems (such as drinking water contamination and

flooding) addressed in this paper. Entailed is a summary of our research.

Problem Statement

Decision-making is the thought process of identifying and selecting a choice from the
available alternatives based on the values and preferences of the decision-maker by his or
her reasoning and critical thinking analysis (Decision Making, 2015). Oftentimes, fuzzy or
insufficient data, diverse spatial information, variable characteristics, and significantly
short period of time challenge the decision maker’s ability, expertise, and reliability to
effectively optimize the solution pathway. This is true during both drinking water
contamination scenarios and flooding events. The decision maker in both instances must

take into account various information streams and produce recommendations promptly.



Nature of the Problem

Water is essential for life to survive, society to develop, and economy to boom. On
Earth, only 2.5% of water resources are fresh (United States Geological Survey, 2017).
Climate change, pollution, and increasing demands for drinking, sanitation, irrigating,
manufacturing, etc. have made clean water even scarcer (Seckler, et al., 2010). Nowadays,
more than 40% of the global population is suffering from water scarcity. To ensure the
sustainability of water use and the resilience to climate change, integrated water resources
management (IWRM) has become a progressively urgent topic in several locations

worldwide (The World Bank, 2017).

Water resources are inherently difficult to be managed by conventional approaches
because of the uncertainty of the availability and usage. Water can cross various
boundaries. The uses of upper stream users affect the water quality and quantity available
for the lower stream users. Climate change, aberrant weather (such as stubborn droughts
and major floods), and other unpredictable conditions fluctuate the planned demands and
usages. Ideally, water resources management should address all demands and distribute
water on an equitable basis to satisfy all usages. However, this is rarely possible since the
financial value, or significance, of the diverse uses or competing demands is hard to

evaluate in the commonly acceptable ways (McNabb, 2017; Cardwell, et al., 2009).

Numerous researchers have directed their effort at optimizing the use of fresh water.
On the one hand, some scientists focused on water governace and water policy issues.

Examples are as follows.

Pahl-Wostl and Knieper (2014) analyzed the underlying feature of effective
polycentric governance by using the method of Fuzzy Set Qualitative Comparative

Analysis and made a distinction between polycentric, fragmented, and centralized

[



governance regimes. The authors suggested that combination of different governance

modes was promising (Pahl-Wostl & Knieper, 2014).

Kolinjivadi and Kosoy (2014) illustrated that payments for ecosystem services (PES)
were useful in achieving integrated and adaptive water resource management, but it was
impossible to effectuate sheer market-based trades for regulating, cultural and supporting
ecosystem services. To reflect the economic characteristics of services by governance
arrangements, the authors offered a nested institutional framework for watershed

governance (Kolinjivadi & Kosoy, 2014).

Benson et al. (2015) reviewed the burgeoning nexus literature and compared two
divergent national contexts, the UK and Bangladesh. The evidence suggested that the nexus
had not usurped IWRM. Larger scope for merging of nexus thinking within IWRM was
needed because integrating between water, energy, climate, and agricultural policy

objectives was generally limited (Benson, et al., 2015).

Halbe et al. (2013) proposed a new methodology for the integrated analysis of water
resources management and governance systems to elicit and analyze case-specific
management paradigms. The new system combined participatory modeling and analysis of
the governance system by using the Management and Transition Framework (MTF) to
investigate case-specific management paradigms. Finally, the author provided a case study

on flood management in the Tisza River Basin in Hungary (Halbe, et al., 2013).

On the other hand, a number of engineers and experts were intrested in the methods
and techiques for water resource management. Below are several prosperous applications

in this area.



Fang et al. (2014) developed a prototype Integrated Information System (11S) called
Water Resource Management Enterprise Information System (WRMEIS) based on
geoinformatics including technologies such as Remote Sensing (RS), Geographical
Information Systems (GIS), Global Positioning Systems (GPS), Enterprise Information
Systems (EIS), and cloud services. WRMEIS integrated functions such as data acquisition,
data management, sharing, and modeling. Based on the WRMEIS structure, a system called
SFFEIS (Snowmelt Flood Forecasting Enterprise Information System) has been

implemented to water resource management (Fang, et al., 2014)

Geissen et al. (2015) presented a concept that illustrated the current state of the art and
challenges for monitoring programs, fate and risk assessment tools and requirements for
policies on emerging pollutants for sustainable water resource management (Geissen, et al.,

2015).

Alterburger et al. (2015) described the vision of the international, EU-funded project
SOLUTIONS. Three routes (multi-residue target and non-target screening techniques;
bioanalytical tools; and effect-directed analysis) were explored to link the occurrence of
chemical mixtures at specific sites to the assessment of adverse biological combination
effects for water resource management. The proposed approach can provide guidance for
future solution-oriented environmental monitoring and explore more systematic ways to
assess mixture exposures and combination effects in future water quality monitoring

(Altenburger, et al., 2015).

Specific Problems to be Addressed
In the United States (U.S.), the tap water is generally considered of high quality if it

comes from a public water system. This maybe publicly or privately owned (U.S. EPA,
4



2015). However, drinking water is not always safe, even in the U.S. Contamination
emergencies caused by natural disasters and/or human activities have affected entire water
distribution networks (WDN) or isolated partitions (Fulton, 2015; Wei, 2014; Chiketo,
2012; Sharma & Kansal, 2011; CBC News, 2010). In the aftermath of drinking water
contamination events, experts and water utility managers must evaluate various
emergencies, and varying severities of damage to water systems and related infrastructures
by quickly processing specific knowledge about a diversity of related disciplines and
situational data from a variety of information streams of the impacted WDN. Frequently,
the decision makers rely on experience, simple personal heuristics and intuition to “guess”
applicable solutions. Therefore, false alarms and delay response to drinking water
contaminations have been the main problems for years (Xin, et al., 2017; Sankary &
Ostfeld, 2017).

Floods are the most common and most destructive natural hazards on Earth. Floods
have endangered lives, damaged properties, and threatened the environment worldwide. In
recent decades, floods have caused one-third of economic losses. And almost half of the
people killed in natural disasters have been victims of floods. To minimize the undesired
impacts of floods, numerous measures have been devised. Among those approaches, flood
forecasting and warning is widely accepted as a necessary component for flood risk
management strategies. Flood forecasting and warning is efficient in protecting lives by
facilitating timely evacuation, reducing the losses, and optimizing the use of floodwater.
(U.N. ESCAP, 2016; APFM, 2013).

Flood response is an essential step after flood forecasting and warning. An effective
response requires accurate forecasting, timely warning of floods, efficiency plans and
qualified responders who can deliver the core capabilities of flood response promptly in

numerous cases, especially in emergency cases. Possible flood responders include



authorities, transport and communications operators, emergency service providers, and
family individuals. To ensure every successful response, all responders should have
adequate training on structural roles, responsibilities, and actions to deliver the core
capabilities (Flin, et al., 2008).

We are living in an era of “big data”. Collecting and utilizing large amounts of data has
been a trend in water resources management for the past few decades. The rapid growth of
computer science enables us to develop and apply novel approaches to increase the
efficiency of current network based water resources management and extend functionalities
of today’s systems (Eggimann, et al., 2017). For example, decontaminating water
distribution networks requires the application of knowledge from a diverse range of
domains including health impact, utility operations, chemical characteristics, and
hydraulics. Flood forecasting and warning needs a huge amount of hydraulic, hydrologic,
and meteorological data to run models. Flood response engages responders from a board
range of levels and each corresponds to distinct role, responsibilities and actions. In
addition, the drinking water decontamination scenarios and flood events are both disasters.
Quick decision-making and rapid actions are desired in such emergencies. Therefore,
computer-based tools or Information Systems (IS) are preferred to collect, process, store,
analyze, and disseminate information for our specific water management problems (Zwass,

2017).

Proposed Solution

Information systems have long been applied to solve managerial problems. To adapt a
variety of functions for particular purposes, information systems consist of numerous types
such as Data Processing Systems, Management Information Systems, Decision Support
Systems (DSS), and Atrtificial Intelligence Systems (Al) (Panetto & Cecil, 2013; Fang, et

al., 2014). Decision support systems are one of the popular types of IS applied in water
6



resource management. As the name implied, decision support systems are designed to
assist both analysts and managers in the process of decision-making through sophisticated
software technologies, operations research and management science models (Giupponi &
Sgobbi, 2013).

An expert system is a form of Artificial Intelligence that can emulate a human problem
solver by applying knowledge and reasoning normally known and used by experts in that
specific field (Jackson, 1998). Expert systems solve problems that conventional
programming techniques cannot address. This technology works especially well with
applications that deal with an ambiguous, uncertain, or complex subject where human
intuition or heuristic knowledge is scarce and highly valued (Velasquez & Hester, 2013;
Afshar, et al., 2015).

An expert system has an inference engine and a knowledge base. To simplify and
expedite the programming process, IT specialists shape an inference engine as a general-
purpose shell. Repository for the problem-specific heuristics. These heuristics are normally
obtained from a human domain expert, then structured and input by the knowledge
engineer through the system’s interface and support environment (Jackson, 1998; Medsker
& Liebowitz, 1994). Edward Feigenbaum, the father of expert systems, asserted a
knowledge base is the power source of an expert system (Feigenbaum, 1977). Typically, an
inference engine works either in a forward chaining or backward chaining mode. Forward
chaining, also referred as to data-driven, works top-down to assert conclusions or new
facts. Backward chaining, also referred as to goal-driven, works bottom-up to determine
what facts must be asserted (Velasquez & Hester, 2013; Heckerman, et al., 1992).

The most popular computer languages for programming expert systems include Visual
Basic (Spyridakos, et al., 2005), Java or JESS (Java Expert System Shell) (Robindro &

Sarma, 2013), CLIPS (Ooshaksaraie & Basri, 2011), MATLAB or NETLAB (Mounce, et
7



al., 2010), Visual Rule Studio (Chau & Phil, 2004), ART*Enterprise (Leon, et al., 2000),
and PyKE (Python Knowledge Engine) (PyKE, 2015).

Recently, a considerable amount of research utilizing Al or expert system technology
has been applied to water management. The examples include a variety of different water
management issues.

Altunkaynak (2014) combined wavelet transform, fuzzy logic and multilayer
perceptron techniques to obtain new approaches for forecasting lake level fluctuation based
on the historic water level data for the period between 1855 and 2006 (Altunkaynak, 2014).

Cretescu et al. (2013) discussed some aspects of the development of an expert system
for surface water monitoring in the setting of sustainable management of water resources in
Romania and its neighborhood. Technical considerations were addressed focusing on the
water quality monitoring. Mathematical models from the Mike software package were used
for the dispersion of chemical pollutants, and the evolution of water quality indicators.
Finally, a monitoring expert system for Bahlui River, especially the urban area of lasi City,
was presented (Certescu, et al., 2013).

Mavrommati et al. (2013) proposed a system dynamics approach for Ecologically
Sustainable Development (ESD) in urban coastal systems. The systematic analysis based
on theoretical considerations, policy analysis and experts' knowledge. The principles
underlying ESD feed the development of a System Dynamics Model (SDM) (Mavrommati,
etal., 2013).

Marti et al. (2012) proposed the methodology for a simple and fast expert system (ES)
applied to the Hardhof well field. The study compared its performance to the historical
management method. The ES is quite simplistic but considerably improves the water
quality in the drinking water wells. The knowledge base is crucial for successful

management application (Marti, et al., 2012).
8



Wang et al. (2015) developed a modeling framework and a mixed integer optimization
model (MIOM). This model combined Quantitative Qater Rights (QWR) objectives and
Duration-based Water Rights (DWR) tools. Results illustrated that the reliability of DWR
allocation was enhanced, and Water Intakes Closing (WIC) duration was reduced
significantly compared with current regulation (Wang, et al., 2015).

Kenov and Ramos (2012) established the applicability and limitations of two
commercial software products to simulate the operation of a water system based on the
Sorraia water project in Portugal. Two products AQUATOOL and WEAP were analyzed
focusing on the capabilities to reproduce the operation of a water system; estimate the
system’s reliability to meet water demands; easiness of the modeling process and
usefulness to support decisions of water authorities (Kenov & Ramos, 2012).

Ladopoulos (2013) designed a non-linear real-time expert water management
telematics system to minimize the waste of 15% to 40% of the water supplies in the ground
pipe networks because of leakage. Using the step testing method, this expert system
determined the approximate location of leakage for every big urban area. ARC/INFO
Geographic Information Systems (GIS) are used to deal with data (Ladopoulos, 2013).

Francis et al. (2014) used Bayesian Belief Networks (BBNSs) to construct a knowledge
model for pipe breaks in a water zone with the hope of contributing to the “hypothesis-
generating” class of models. The model was learned from pipe breaks and covariate data
from a mid-Atlantic United States drinking water distribution system network (Francis, et
al., 2014).

Although expert systems have been applied to a number of areas of water resource
management, there is a lack of research focused specifically on WDN decontamination,
flood forecasting and warning, and flood response coordination and training. To fill the
knowledge gap, our study aims to identify and assimilate the necessary knowledge;

9



determine the relative utility of architectures of expert systems and conventional codes; and
evaluate the relative benefits of forward and backward chaining inferential logic in the

three issues.

Current Studies

Due to the unstructured or semi-structured nature of decision making in WDN
decontamination scenarios and flooding events, effective decision making during both
cases relies upon historical human expertise. Further, the decision making procedures
usually start with obscure and limited information at hand and must be able to adapt and
evolve as new information becomes available. Decision makers need expert systems that
can 1) learn from human experience; 2) mimic the logic procedure of thinking and
reasoning of human experts; 3) recognize and collect relative data with progressing goals;
4) work out and optimize the possible solutions in a stable and fast way; 5) explain the
reasoning routines; 6) respond to the users in a friendly and human way; 7) can easily adapt
or change to meet new standards or methods of decision making.

In this regard, expert system with a backward chaining inference engine can support
decision makers with recommendations in both procedures. The research presented in this
dissertation will utilize these technologies. For drinking water distribution systems, the
expert system Decon is employed to provide recommendations following contamination
events. For local flooding events, expert systems LFFWS and LFRS is used to provide
intuitive warning message and operational response recommendations by taking
advantages of historical experiences and heuristic expertise.

This dissertation is a collection of three articles with introduction and conclusion
sections that summarize the research. Each article is a standalone effort supported with its

own literature review, methodology, and discussion sections.
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Article One-Evaluation of the Benefits of Using a Backward Chaining Expert System

for Water Distribution Networks

This study 1) identifies and assimilates the knowledge necessary for Water
Distribution Network (WDN) decontamination; 2) determines the relative utility of
architectures of expert systems and conventional codes; and 3) evaluates the relative
benefits of forward and backward chaining inferential logic in WDN decontamination.
Based on the outcome of the conceptual systems, we develop a complete backward
chaining expert system for WDN decontamination, called Decon. With its extensible
knowledge base combined with the information provided by the users, Decon provides
reasoning routines and recommendations on the type of event and consequences on the
water operator's clients, the public in general, the environment, and the potential hazard
from the different interactions with the network pipe material. It also gives the users
guidance on the currently available technologies and their effectiveness along the best way

to apply them for a thorough and expedited solution.

Article Two-Evaluation of the Benefits of Using a Backward Chaining Expert System
for Local Flood Forecasting and Warning

This paper discusses the development and implementation of an expert system,
LFFWS, for local flood forecasting and warning. LFFWS has a wide-ranging static
knowledge base. With the dynamic user input, this expert system provides reasoning
procedures and quick forecasting on the flood warning stages, possible consequences, and
recommendations for community managers, landowners, or the public in general without

enormous computational resources.
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Article Three- Evaluation of the Benefits of Using a Backward Chaining Expert
System for Local Flood Response Coordination and Training

An expert system for local flood response coordination and training (LFRS) was
developed and introduced in this paper. LFRS can help emergency managers construct
scalable, flexible, and adaptable coordination structures and support educating flood
response entities, such as individuals, communities, nongovernmental organizations,
private sector entities, and local governments. The output of the prototype expert system
contains two CSV formatted reports as well as prompt screens. The operational structure
report hierarchically depicts the crisscross linkages among all responders, their primary
functions, and contact information. Another report summarizes the responsibilities and

actions of a certain role of flood responders from commanders to individuals.
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2. EVALUATION OF THE BENEFITS OF USING A BACKWARD CHAINING
EXPERT SYSTEM FOR WATER DISTRIBUTION NETWORKS
DECONTAMINATION

2.1. Introduction

The safety of drinking water is important to the economic growth and social
development all over the world. Water safety in water distribution network (WDN) has
long been an issue as water can be polluted by natural or anthropogenic activities and
decontamination of WDNSs is difficult due to the complexity and/or emergency. After a
contamination event takes place, to find an efficient and effective solution in a short time,
human experts and decision makers must process knowledge from different fields as well
as a large number of information streams about the impacted WDN. Issues of
amalgamating knowledge to determine optimum solutions vary: 1) lack of a well-defined
policy framework; 2) difficulty in information collection; 3) variability of WDN topology;
4) aging of WDN; 5) shortage of human experts with many years of empirical knowledge;
6) easy loss of non-user friendly access to the tacit and undocumented expertise once the
specialists leave or retire; 7) unreliability of heuristic experience from different human
experts; 8) limitation of expertise in the distinct areas (Kulshrestha & Khosa, 2010). As a
result, in any new event, the expert only relies on his/her simple personal heuristic and
intuitive feelings to seek the “best” applicable solution.

In short, decision making in WDN decontamination episodes, which are oftentimes

unstructured or semi-structured is a potentially complex problem where expertise is highly
13



valued. Furthermore, the decision making procedures usually start with obscure and limited
information at hand and must be able to adapt and evolve as new information becomes
available. Decision makers in WDN decontamination need an expert system that can 1)
learn from human experience; 2) mimic the logic procedure of thinking and reasoning of
human experts; 3) recognize and collect relative data with progressing goals; 4) work out
and optimize the possible solutions in a stable and fast way; 5) explain the reasoning
routines; 6) respond to the users in a friendly and human way; 7) can easily adapt or

change to meet new standards or methods of decision making.

2.2. Background

To develop a strategy or plan that supports priorities for Water Sector decontamination
and recovery for the purpose of water security, Critical Infrastructure Partnership Advisory
Council (CIPAC) Water Sector Decontamination Working Group identified and prioritized
16 key decontamination issues and 35 corresponding recommendations in their 2008 report
“Recommendations and Proposed Strategic Plan: Water Sector Decontamination Priorities”
(referred to as the CIPAC 2008 report in the rest of this paper). Influenced by the report,
we aim to develop an expert system for WDN decontamination to address the most
necessary precursors of the issues: especially, Priority Issue 4: Decision-making
frameworks for decontamination, Priority Issue 7: Utility communications to public
officials, responders, the public and others on decontamination, and Priority Issue 9:
Treatment procedures of contaminated drinking water and wastewater (Critical
Infrastructure Partenership Advisory Council Water Sector Decontamination Working
Group, 2008).

This system can be programmed as an expert system or a conventional procedural code.
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Expert systems as one successful form of Artificial Intelligence (Al) technology emulates
the decision-making ability of a human expert by reasoning about knowledge represented
primarily as “if-then” rules (Jackson, 1998). Edward Feigenbaum, also referred to as the
“father of expert systems,” asserted that expert systems gain their power from the specific
knowledge they process, rather than from any one particular scheme or formalism
(Feigenbaum, 1977). Any expert system consists of two parts: 1) a general-purpose shell or
a packaged inference engine created by IT specialists to simplify and expedite the whole
programming process and 2) knowledge base in any specific area deduced and compiled by
domain experts. Inference engines work primarily as forward chaining or backward
chaining. Forward chaining starts with the known facts and then works top-down to assert
new facts. Backward chaining begins with goals and then works bottom-up to determine
what facts must be asserted so that the goals can be achieved (Hayer-Roth, et al., 1983).
Once the first part, a general-purpose shell or an inference engine, is packaged, domain
experts in various fields can work independently to develop their specific expert systems.
In contrast, writing a program like the expert system for WDN decontamination in a
traditional procedural language, such as an assembly language or a high-level compiler
language (C, Pascal, COBOL, FORTRAN, etc.), requires that the IT specialists and domain
experts work together. We refer to this process as conventional procedural codes in the rest
of this paper. Thus, expert systems have the advantages of rapid development, easy
maintenance, and flexible running with evolving goals (Wong & Monaco, 1995).

Expert system programming languages include Visual Basic (Spyridakos, et al., 2005),
Java or JESS (Java Expert System Shell) (Robindro & Sarma, 2013), CLIPS (Ooshaksaraie
& Basri, 2011), MATLAB or NETLAB (Mounce, et al., 2010), Visual Rule Studio (Chau

& Phil, 2004), ART*Enterprise (Leon, et al., 2000), and PyKE (Python Knowledge
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Engine) (PyKE, 2015).

However, it is a challenge to encode knowledge in structured computer programs. One
bottleneck is the acquisition of heuristic knowledge. To collect and compile the necessary
knowledge in even a small area requires notable effort (Comas, et al., 2003; Kaewboonma,
et al., 2013). Recently, a considerable amount of research utilizing Al or expert system
technology has been done on water management. The examples include a variety of
different water management issues: 1) water quality and quantity monitoring and control of
river basin (Certescu, et al., 2013), lake basin (Altunkaynak, 2014), coastal system
(Mavrommati, et al., 2013), and well field (Marti, et al., 2012); 2) water rights management
(Wang, et al., 2015); 3) irrigation system network management (Kenov & Ramos, 2012);
4) drinking water network management: minimization of water leakage in the pipe
networks (Ladopoulos, 2013) and prediction of drinking water distribution system pipe
breaks (Francis, et al., 2014). In the water management research community, there is a lack

of expert system scholarship on WDN decontamination.

2.3. Objectives

In order to fill the knowledge gap, this study has three major objectives: 1) to identify
and assimilate the knowledge necessary to WDN decontamination; 2) to determine the
relative utility of architectures of expert systems and conventional codes; 3) to evaluate the
relative benefits of forward and backward chaining inferential logic in WDN
decontamination.
2.4. Materials and Methods

After identifying the knowledge necessary for WDN decontamination from an
extensive literature review, we pursued a process of assimilation into machine readable

formats in order to complete the remaining project elements. We compared inferential
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logic embedded in expert system shells with the procedural logic of conventional codes.
We selected an expert system shell that was capable of both backward and forward
chaining inferential logic. We developed three conceptual systems: a conventional
procedural pseudo-code, a forward chaining expert system framework, and a backward
chaining expert system framework. Based on the outcome of the conceptual systems, we
chose backward chaining framework and continued to develop a complete backward
chaining expert system for WDN decontamination, called Decon. In this section, we

introduce the materials and methods we use to develop these three systems.

2.4.1. Goals

In order to easily demonstrate our study, we name our goals as: 1) Goal Exceedances
(Ge), to know whether the concentration of contaminant exceeds the permissible limit; 2)
Goal Warnings (Gw), to find out whether public health and/or environment is in danger; 3)
Goal Interaction (G)), to work out whether the contaminant harms the WDN infrastructure
like pipe degradation; 4) Goal Treatment Technologies (Gt), to suggest the potential
treatment technologies for decontamination. These four goals are specific components of
the general goal, to respond to a WDN contamination event. These component goals are
not comprehensive and do not address every issue that users might face. New demands or

goals can be shaped and added to accommodate an expanding set of issues.

2.4.2. Knowledge
In our systems, the knowledge, covering the health impact, utility operations, chemical
characteristics and hydraulics of the WDN decontamination area, can be broken down into

two primary categories: facts and rules. Facts are simple statements containing data values
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that represent, and show relationships among entities; Rules are declarative knowledge
linking sets of premises and conclusions (Chen, et al., 1985). How the knowledge
primitives are incorporated into the systems is dependent on the expert system shell or data
repository used to support procedural logic.

With the intention of stability, ease of maintenance, and flexibility of our system, we
classify facts as static global facts and dynamic case facts. Like a dictionary, global facts
represent those general and common facts applicable to all scenarios. On the other hand,
case facts, like a single word or only a few words in the dictionary, record the specific
information of each particular case. Case facts can be represented in the knowledge base by
a series of questions that function as placeholders for dynamic provided information.
Currently, four types of questions would be obtained: 1) Contaminant and its associated
concentration; 2) Taxonomies of each unknown contaminant; 3) Materials found in the
System; 4) Expected effectiveness of the treatment technologies, if needed. Besides the
four essential series of questions mentioned, a unique case ID will be requested to specify
different scenarios after the introductory screen as well. The reasoning rules are named
correspondingly to the goals they prove. For example, Rg, Rw, Ri, and Ry are four sets of
rules to prove Gg, Gw, Gi, and Gr, respectively.

The global facts and rules are extracted from literature and other authoritative
information sources. These include possible contaminants and taxonomies (Agency for
Toxic Substances & Disease Registry, 2012), EPA drinking water regulations (EPA, 2013),
pipe materials (American Chemistry Council, 2004; Knuuttila, et al., 2004), pipe material —

contaminant interaction (Ong, et al., 2008), and treatment technologies (U.S. EPA, 2004).
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2.4.3. System Architectures

The architectures of the three systems discussed in this study are shown in Figure 2.1,
Figure 2.2, and Figure 2.3, respectively. In the procedural code, questions, case facts, and
reasoning rules (Re, Rw, R, and Rt) are incorporated with the operation structure (e.g.
from querying information to asserting case facts to proving goals in a fixed sequence:
Ge2>Gw—=>G1=>Gr), but are detached from global facts (referred to as database). In the
forward chaining and backward chaining expert systems, operation structures are compiled
in inference engines separated from the knowledge base containing questions, case facts,
global facts, and rules. Unlike the procedural code, goals in expert systems are parallel
proved. The forward chaining inference engine begins with the collection of all available
information. However, the backward chaining inference engine starts from the goal
selection. Similar in structure to other reasoning rules, the strategy for asking questions is
controlled by certain information query rules in the backward chaining system. According
to the query rules for each selected goal, the backward chaining inference engine collects
necessary information from the existing case facts or previous analyses first, then conducts
conversations between users and machines to collect the rest of the essential data (if there
Is any). After new case facts are asserted, the engine proves a certain goal with all related

case facts, global facts, and reasoning rules.

19



/ Ouestions /—-r Query Information

Incorporated code &
Reports JJ

User Input

&/——y Prove Ge

Succeed
M__; Prove Gw

Succeed
M Prove G :

Succeed |
u/—y Prove Gr :

Succeed I

J

Assert Case Facts /

Figure 2.1. Architecture of the conventional procedural code

User Input

Global

Facts

Database

Questions / :

|
Case Facts / |
|

| | I
| . :
| |
: Query Information b
|
\
I Assert Case Facts

Prove Goals

Reports JJ

[
Rules / I
[

Global Facts /:

Knowledge base



Figure 2.2. Architecture of the forward chaining expert system

2.4.4. Language

We completely developed our backward chaining expert system (Decon), with a
combination of Python (Python, 2015) and its Knowledge Engine PyKE (PyKE, 2015)
because: 1) Python is an interpreted language which allows quick “ad-hoc” development
even once the code is published and deployed; 2) Python is open source and any software
based on Python can freely run on almost all platforms including Windows, Mac, Linux,
iI0S, and Android; 3) PyKE provides a way to directly "program in the large” (PyKE,
2015). This advantage accelerates programming efficiency by reusing code and reducing
loops, and it is quite helpful to develop an expert system with a large knowledge base like
our system. 4) In addition to forward-chaining logic, PyKE includes backward-chaining
logic which enables interactive data acquisition. 5) Extensive libraries are available. For
instance, the GUI (Graphic User Interface) of our systems is built on its library Kivy to
allow quick and easy interaction design and rapid prototyping (Kivy, 2015). The contents

of our systems are similar. For instance, Decon’s contents are summarized in Figure 2.4.
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2.5. Results and Discussion

In the following results and discussion session, we illustrate and analyze the
effectiveness of development and advantages of maintenance of expert systems and
procedural codes first and then the feasibilities and flexibilities of forward and backward

chaining inferential logic.

2.5.1. Expert System vs. Procedural Code

To develop an expert system rather than procedural code for WDN decontamination are
proved to have four primary advantages: 1) extensible and explicit knowledge base:
Without impact on other components of the system, new knowledge corresponding to
existing goals and/or new goals can be easily added; 2) updatable workflow: Without
impact on other goals, existing goals can be changed, modified or deleted, and fresh goals
related to different decontamination issues can join into the workflow; 3) flexible workflow

sequence: Goals can be proved in flexible sequences without changing the original scripts
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of our system; 4) explanatory capability: Knowledge primitives applied validly to prove a
goal can be listed to show the reasoning routines. Details of the benefits are illustrated and

discussed below:

2.5.1.1. Benefits of extensible and explicit knowledge base

Consider this scenario: a new contaminant, benzene, is found in a WDN, but not in the
knowledge base or database. Adding knowledge primitives about benzene is then required.

In a well-organized procedural code, adding a couple of knowledge primitives in its
database is not difficult. However, from its architecture shown in Figure 2.1, the rules of
applying certain knowledge to prove goals are incorporated with implicit operation
structure. Therefore, besides updating the database, the implicit code has to be modified
too. In contrast, putting knowledge about a new contaminant into fact base has no
requirement of changing the scripts in inference engines. To demonstrate the details to
solve the problem stated in this scenario, sample codes of expert systems in PyKE syntax

are given below.

IDENTIFIER(SARGUMENT1, $ARGUMENT?2, ...)

Where,
“IDENTIFIER” represents a certain category of facts;
“SARGUMENT1” and “$SARGUMENT?2” represent different facts corresponding

to the identifier, respectively.

Figure 2.5. General PyKE syntax of adding facts
In the manner of a general syntax of adding facts shown in Figure 2.5, one category of

facts, called “contaminant_is” with four essential information entities can be coded in the
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following way shown in Figure 2.6:

contaminant_is($species, $health, $environment, $source)

where,

“$species” represents the species of the contaminant;

“$health” represents the warning message on the risk of public health;
“$environment” represents the warning message on the risk of environment;

“$source” represents the possible source of the contaminant.

Figure 2.6. General format of one fact category

The last step is to replace arguments shown above with specific facts of benzene in the

same sequence as follows (see Figure 2.7):

contaminant_is("Benzene","Anemia...","Benzene can ...","Discharge from ...")

Figure 2.7. Specific facts of benzene in the category of “contaminant_is”

In this sample code, text in the first pair of quotation marks is the first argument,
“$species”, which records the species of the contaminant; text in the second pair of
quotation marks is the second argument, “$health”, which records the warning message on
the risk of environment of benzene; the third is “$environment”; and the fourth is
“$source”. Unlike procedural code, inference engine of an expert system can automatically

search all facts under the same category (referred to as identifier) in every loop.
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2.5.1.2. Benefits of Updatable Workflow

Assume the users want to know “whether the contaminant exceeds some standard,”
then, Ge is required to be added into the workflow of our expert systems.

In procedural code, the workflow is coded in a fixed order and incorporated with
questions and rules correspondingly proving the goals. Therefore, inserting one novel goal
into the workflow has to change the original scripts of the operation structure; and all
existing goals, rules, and questions are potentially impacted. If the new goal fails for some
reason, all goals after it will stop. On the contrary, because of the architectures of expert
systems, all goals can be parallel proved. After simply inserting a new goal into the
workflow, the inference engines can automatically modify the compiled code later. Even if
the new goal fails, other existing goals can also be functional. To demonstrate the details to
solve the problem stated in this scenario, sample codes of backward chaining expert system

in PyKE syntax are given below.

with engine.prove_goal(‘'rulebase. RULE_IDENTIFIER(3ARGUMENTY, ...)")

as gen:
for vars, plan in gen:
where,
“RULE_IDENTIFIER” represents a certain rule;
“$ARGUMENTL1” represents a certain knowledge primitive corresponding to the
rule.

Figure 2.8. General PyKE syntax of adding a goal
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In the same manner of the general syntax of adding a goal shown in Figure 2.8, Ge is added by
replacing those capitalized parameters with the specific information entities corresponding to Ge shown

in Figure 2.9:

with engine.prove_goal('rulebase.exceed($cont,$conc,$trigger,$level)’) as gen:

for vars, plan in gen:

Figure 2.9. Adding a specific goal

Based on our study, we identify that the essential information entities, corresponding to the Re are
contaminant ($cont), actual concentration of contaminant ($conc), drinking water standard ($trigger),
and the permissible limit ($level), so four arguments are included in the inner parentheses. In the same
fashion, to put an original goal into the workflow, we simply need two steps: 1) copy and paste one old
goal; 2) “plug and chug” the rule and facts to prove the original goal. The newly joined knowledge and
goal will not affect the existing goals at all. Therefore, we can develop our code by each goal and later
combine the tested goals together.

In this study, we only addressed partial issues listed in the CIPAC 2008 report. However, as
research goes, new facts corresponding to other contaminants and new rules to prove novel goals will
definitely be needed in decision making in WDN decontamination. Therefore, the benefits from the
extensible and explicit knowledge base and from the updatable workflow of an expert system will be
more and more attractive while more issues are taken into consideration. Partially developed expert

systems can also be functional.

2.5.1.3. Benefits of flexible workflow sequence
As the architectures of expert systems shown in Figure 2.2 and Figure 2.3, goals can be parallel

proved in various sequences, according to the availability of information at hand. In addition, backward
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chaining inferential logic also enables the workflow to adapt to the demands of users. However, the
procedure code can only work in a fixed workflow, for instance, Ge 2 Gw—=> G| =2 Gr). If Ge falils,
then all goals after Ge stop. Therefore, the procedure code cannot cope with the following scenario.
Usually, after a pollution event, the first question water sector managers have is, “Does the
concentration of the contaminant exceed some standards?”, so Ge comes first. However, the species of
contaminant might be unknown at the very beginning. Assume the managers just know that the
taxonomies of this pollutant are VOC (Volatile Organic Chemical) and hydrocarbon. Although Ge fails
without the species of contaminant, known taxonomies still can help fulfilling the other goals of water
sector managers, such as “whether the contaminant threatens the WDN infrastructure?” and “what are
the potential technologies for decontamination?” In contrast to the incapability of procedural code in
such situation, without making any changes to the original scripts, expert systems can skip Ge
automatically and prove the Gt or G first. Simply speaking, our expert systems can prove the goals in
any of the following workflows: Gr=> G| =2 Geg 2 Gw, G2 Gt 2 G 2 Gw, Ge 2 Gw=> G| =2 Gr,
and etc.

When more issues of WDN decontamination as fresh goals have been considered, a couple of goals
may fail due to the absence of some information at hand or may be skipped because of lack of user
interest. The WDN decontamination expert system should enable the users to select some goals to be
skipped and to prove some other goals first. At the same time, the system should automatically skip
those failed goals and move ahead to other goals. In this perspective, an expert system has striking

benefits over a procedural code.

2.5.1.4. Benefits of explanatory capability
On the one hand, conventional procedural codes do not incorporate facts with rules, conventional
procedural systems habitually lack the capability of explaining why a fact is deduced or inferred in a

particular way. In other words, procedural codes cannot tell the users which facts and rules are applied
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to create a reasonable conclusion.

On the other hand, expert systems can list valid facts and rules, which are applied to solve
problems. From the list, developers can easily track down all reasoning routines, diagnose the logic or
syntax errors, and lock the problematic scripts. This explanatory capability is especially helpful when
the developers are coding complex courses, such as the procedure of decision making in WDN
decontamination. The explanatory capability not only can simplify and accelerate development of the
computer system, but also can train those water sector managers with the routines for reasoning in
particular scenarios. For example, our expert system can create a new fact in the following way shown

in Figure 2.10:

User input: Contaminate is benzene.
Knowledge primitive 1: Benzene is a hydrocarbon.
Knowledge primitive 2: Hydrocarbons can degrade PVVC (polyvinyl chloride).

> Infer new knowledge primitive: Benzene can degrade PVC.

Figure 2.10. Example of fact assertion

While the developers or users read the final conclusion, they can understand the cause-effective
routines from the list of knowledge primitives that validly applied to the goal. Assume that knowledge
primitive 1 is accidentally coded wrong, for example, saying: “Benzene is a heavy metal.” Then, the
developers will not get the expected conclusion. Instead of searching all facts, the developers search the
knowledge primitives on the reasoning list only. Obviously, diagnosing and correction processes are
expedited in this way. Therefore, the larger the knowledge base and the more complicated the
reasoning routines are, the more appealing the explanatory capability of an expert system is.

In summary, developing an expert system is more proficient than procedural code for decision

making in WDN decontamination.
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2.5.2. Backward Chaining vs. Forward Chaining

To illustrate how backward chaining mechanism is applied to, and profits our expert system,
simplified forward and backward chaining logic to prove goals is shown in Figure 2.11 and Figure
2.12, respectively. Different dash types and arrow types indicate diverse information flows. Take the
proof of Goal Exceedance as an example. In this case, only the information about the species and
concentration of the contaminant is essential, so the backward chaining inference engine only collect
those two facts; while the forward chaining inference engine also blindly collect other information such
as pipe material, target removal rate, and taxonomies of the contaminant. The performance of a forward
chaining expert system (Gutenson, et al., 2015) that relies on an earlier version of knowledge base
shows that users have to provide a complete set of queries for all incorporated goals at the beginning in
order for the expert system to complete processing. To allow for response questions only as inferential
logic and thus simplify the user experience, the knowledge base in this study is entirely rewritten to

backward chaining inferencing.

Contaminant? Concentration? Removal Rate? Pipe Material? Taxonomies?

T

| . .
| RS -

|

|
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Goal Exceedances Goal Warnings Goal Interaction Goal Treatment Technologies

Figure 2.11. Simplified forward chaining logic to prove goals
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Figure 2.12. Simplified backward chaining logic to prove goals

In fact, pipe material, target removal rate, and taxonomies of the contaminant are useless if no
permission level has been exceeded. Even when all goals are desired and all information is vital, user
input is not always obligated, because an expert system can infer much information from the analyses
of previous results and/or from other user input. As the example demonstrated in “benefits of
explanatory capability”, the expert system deduces new fact to prove G; without requesting user input
on taxonomies of contaminant. Similarly, the expert system can create another new fact, “Benzene is a
VOC?”, to prove Gr if needed. Actually, it is only when the species of contaminant is unknown and the
users need to prove G, or G, then, user input on taxonomies is required. Consequently, despite the
necessity of direct user input, using this way to collect all data is a waste of time and computational

resources. Besides, the direct user input could be wrong.

2.5.3. Case Study

To demonstrate how collected knowledge works in the packaged expert system shell with backward
chaining inference engine for decision making in WDN decontamination, a large fuel tank is assumed
to be broken in an accident. Benzene, the most common component of spilled gasoline, permeates into
the soil, comes into the pipe through cracks, and finally pollutes the WDN. Such accidents have been
reported several times in the US (Atkin, 2014; U.S. Department of Commerce, 2015) .

In this hypothetical disaster, the water utility managers may want to know if they need to worry

31



about something. Beginning with this general and fuzzy question, our expert system quickly recognizes
that the next step is to find out whether the contaminant exceeds a certain drinking water standard. In
other words: Ge should be proved first. Instead of asking users to input contaminant and its
concentration directly and immediately, Decon searches the essential data from previous analysis first,
then, asks for user input.

In this scenario, assume the concentration of benzene is 0.05mg/L. From the exceedances report
shown in Table 2.1, we can see three permissible limits are exceeded: the MCL of 0.005mg/L, MCLG

of Omg/L, and the MRL COI of 0.0005mg/kg/day (U.S. EPA, 2009).

Table 2.1. Exceedances report as a CSV file

Contaminant ~ Concentration  Unit Trigger Limit Unit
Benzene 0.05 mg/L MCL 0.005 mg/L
Benzene 0.05 mg/L MCLG 0 mg/L
Benzene 0.05 mg/kg/day = MRL COlI 0.0005 mg/kg/day

Then, the water sector managers may want to know “How does the contaminant impact the public
health and/or environment?” In other words, the general goal evolves to Gw. From the warnings report
shown in Table 2.2, we see how the pollution threatens public health and what actions are suggested for
water sector manager.

Table 2.2. Warnings report as a CSV file

Alert Health or
Contaminant  Concentration  Unit Type Action Needed  Environment
Concentration
is sufficientl .
. y Anemia,
high to cause a .
. decrease in
public health
. blood
Public concern. Please ,
Benzene 0.05 mg/L . platelets;
Health notify your '
increased
consumers and .
) risk of
your public
cancer

health agency.
Potential health
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impacts include:

After the managers read the warnings report, they may want to know: “Which technologies can be
used?” In other words, Gt is required. Assume the target removal rate is 80%. Based on the fact:
Benzene is a VOC, all possible technologies with the efficiencies greater than or equal to 80% are
listed in the technologies report. In this scenario, nine potentially technologies (activated carbon,
activated alumina, air stripping, chlorination, chlorine dioxide, direct filtration, ozonation, ultraviolet,
and advanced oxidation processes) and their brief introductions are shown in the report.

Another possible new request could be G;: “Does the contaminant damage the pipe?” Assume the
pipe material of this WDN is PVC. From the interaction report shown in Table 2.3, we can see that our
expert system marks benzene as a hydrocarbon and warns the managers on the interaction between
contaminant and pipes. From the list of keywords, we can see the reasoning routines as well.

Table 2.3. Interaction report as a CSV file

Contaminant Keyword Material Interaction

Prolonged exposure to
hydrocarbons causes PVC
to degrade

Benzene Hydrocarbon PVC
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3. EVALUATION OF THE BENEFITS OF USING A BACKWARD CHAINING EXPERT

SYSTEM FOR LOCAL FLOOD FORECASTING AND WARNING

3.1. Introduction

Flood incidents can endanger human life, cause extensive property damage and result in significant
harm to the environment. To attenuate the risk and reduce the loss caused by flood accidents, flood
forecasting has been studied and developed throughout human history. Although global or nationwide
flood forecasts and warnings are available through mass media, the comparatively low accuracy of
prediction for a certain region causes false alarms, improper responses, and therefore unnecessary loss
of property and/or life. One conventional method to improve the accuracy is to increase the resolution
or decrease the based cluster size. Either way, the occupancy of computational resources must be
increased enormously. The higher the resolution and the smaller the cluster size, the more computing
power is needed. Another alternative method is to develop standalone systems only for small regions.
Recent examples include using ensemble numerical weather prediction systems for medium-range
flood forecasting (Cloke & Pappenberger, 2009); applying data-driven approaches, such as traditional
artificial neural networks (ANN), adaptive neuro-fuzzy inference systems (ANFIS), wavelet neural
networks (WNN), and hybrid ANFIS with multi-resolution analysis using wavelets (WNF) to develop
models for hourly runoff forecasting at Casino station on the Richmond River in Australia (Badrzadeh,
et al., 2015); coupling meteorological observations and forecasts with a distributed hydrological model

to advance flood forecasting in Alpine watersheds (Jasper, et al., 2002); coupling HEC-HMS with
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atmospheric models for predicting watershed runoff in California (Anderson, et al., 2002); and
combining multi-models for operational forecasting for river basins in the Western United States
(Najafi & Moradkhani, 2015). Although the models or systems listed above provided overall better
performance for the whole river basins or catchments examined in the cited studies, the accuracy of
forecasting for a small place such as a small town, a little community, and a specific house was not
mentioned or was completely ignored. The reason is the same: to obtain accurate forecasting for a
comparatively small place, the resolution of the entire studied region of the river basin or catchment
must be higher. More detailed local situations must be collected and considered, more memory space
must be allocated and a heavier computational burden must be loaded onto the models that already
have vast amounts of meteorological, hydrologic, and hydraulic data to analyze through complicated
calculations (Cloke & Pappenberger, 2009). In fact, most incidents begin and end locally and are
managed at the local level (DHS, 2013). The most useful data is locally collected, although it is
correlated with the data from outside the specific region.

In the meantime, the complicated numerical models or systems employed in recent studies
considerably deplete available computing power. Broadly, most numerical models can be categorized
as physics-based models or data-driven models. The physics-based models represent the intricate
hydrological cycle and transform precipitation into channel flow through hydrologic and hydraulic
routing. Oftentimes, these classical rainfall-runoff models with complex mathematical formulations
require high computation times (Garcia-Pintado, et al., 2015). In contrast, data-driven models, for
example, time series models, focus on the variation of hydrological variables with time and input-
output stochastic processes instead of the mechanism of the rainfall-runoff transformation (Badrzadeh,
et al, 2015). Generally, the stochastic processes entail the transformation and analysis of big data and
thus consume dramatic computing power.

Understandably, decreasing the scales of these catchment-wide or river-wide models and systems
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of flood forecasting to even smaller local sizes and limiting the usage of numerical models can
decrease the engagement of computational resources. Therefore, local flood forecasting systems
without sophisticated numerical models are more cost-effective for smaller places, especially for those

small communities with limited budgets.

3.2. Background

With the purpose of improving forecasting and forecasting based services, the World
Meteorological Organization (WMO) has initiated various programs and projects. The “Manual on
Flood Forecasting and Warning” (referred to as the WMO manual hereafter) published in 2011 is one
of the crucial outcomes. This manual provides the fundamental knowledge and guidance to develop or
to set up applicable and tailored systems for flood forecasting and warning. In addition, the manual
offers extensive references to further sources of information in both paper and online formats (WMO,
2011).

A local flood forecasting and warning system can be programmed as an expert system with
inferential logic. Expert systems are one successful form of Artificial Intelligence (Al) technology that
emulates the decision-making ability of a human expert by utilizing knowledge represented primarily
as “if-then” rules (Jackson, 1998). Typically, an expert system consists of an inference engine and a
knowledge base. An inference engine, also referred to as a general-purpose shell, is created by IT
specialists to simplify and expedite the programming process. A knowledge base is deduced and
compiled by knowledge engineers and domain experts in a certain domain to store pertinent facts and
rules. A knowledge base is where an expert system gains power, asserted by Edward Feigenbaum, the
father of expert systems (Feigenbaum, 1977). An inference engine, working primarily in either a
forward chaining or backward chaining mode, applies logic rules to generate new knowledge. Forward

chaining, driven by known data, works top-down to assert conclusions or new facts. Backward
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chaining, driven by goals, works bottom-up to determine what facts must be asserted (Hayer-Roth, et
al., 1983). Conventionally, a local flood forecasting and warning system can also be procedurally
coded in a traditional procedural language, such as an assembly language or a high-level compiler
language (C, Pascal, COBOL, FORTRAN, etc.). In this coding process, IT specialists are required
from beginning to end. However, in the coding process of an expert system, IT specialists are not
necessary once an inference engine is packaged. Domain experts can work independently or cooperate
with knowledge engineers to develop their specific expert systems in various fields. Thus, expert
systems can be more rapidly and easily developed and maintained. Expert systems have greater
flexibility to run with evolving goals (Wong & Monaco, 1995).

The most popular computer languages for programming expert systems include Visual Basic
(Spyridakos, et al., 2005), Java or JESS (Java Expert System Shell) (Robindro & Sarma, 2013), CLIPS
(Ooshaksaraie & Basri, 2011), MATLAB or NETLAB (Mounce, et al., 2010), Visual Rule Studio
(Chau & Phil, 2004), ART*Enterprise (Leon, et al., 2000), and PyKE (Python Knowledge Engine)
(PyKE, 2015).

The bottleneck to encoding knowledge in structured computer programs is knowledge acquisition.
Collecting and compiling the necessary knowledge in even a small area involves the effort of countless
individuals (Comas, et al., 2003; Kaewboonma, et al., 2013). Recently, a considerable amount of
research utilizing Al or expert system technology has been done on flood forecasting and warning
(Emerton, et al., 2016; Mabrouk, et al., 2015; Pinto, et al., 2015; Fang, et al., 2015; Ghalkhani, et al.,
2012; Mahabir, et al., 2007; Todini, 1999). However, in the local flood forecasting and warning
research community, there is a lack of scholarship on expert systems without complex numerical
models.

To take advantage of logic programming and the concept of facts and rules, we collect and

assimilate local hydraulic and hydrological situations, both local and global historical flooding records,
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and distilled the wisdom of experts into our systems as the knowledge base or database. By matching
the case facts and global facts with rules, the inferential logic determines the flooding forecasting and
warnings directly. Simply speaking, the whole process is similar to using weather lore, e.g., “Red sky
at night, sailors' delight. Red sky at morning, sailors take warning”. When we see a red sky in the
morning, we get the forecast and warning of a storm or bad weather. The following sections will
provide a more scientific explanation of our system.

In addition, to benefit from other existing systems, the new systems should be able to read the
output data from those large systems as well as the user input data directly. Moreover, the new systems
should adapt to other small places in the same region or in other regions if needed. Most importantly,
the development and operation of the new systems must occupy less computational resources for a

much shorter time and be economically feasible for smaller districts.

3.3. Materials and Methods

Knowledge identified as necessary for local flood forecasting and warning was obtained from an
extensive literature review and assimilated into machine-readable formats. To compare the benefits of
inferential logic embedded in expert system shells with the procedural logic of conventional codes and
the utility of backward chaining with forward chaining, we selected an expert system shell-PyKE that
was capable of both forward and backward chaining inferential logic and developed three conceptual
systems: a conventional procedural pseudo-code, a forward chaining expert system framework, and a
backward chaining expert system framework. Based on the analysis of the conceptual systems, we
decided to turn the backward chaining framework into a complete backward chaining expert system for
local flood forecasting and warning. In this section, we introduce the materials and methods used to

develop these three Local Flood Forecasting and Warning Systems (LFFWS).
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3.3.1. Goals

LFFWS consist of two phases: the training phase and the determining phase. In the training phase,
LFFWS collect the local hydraulic and hydrologic conditions, historical records, and heuristic expertise
to realize the goal (Gset): training the system by setting up the variables and parameters for the next
determining phase. In the determining phase, the well-trained LFFWS learn the current or proposed
situations by interviewing the users to achieve the goal (Grore): making the forecast and warning by
matching and comparing current situations with the stored variables and parameters.

In the training phase, LFFWS gather data such as 1) the depth of past severe floods in the local
area; 2) the causes of flooding in the local area; 3) the speed at which the stream flow might rise; 4) the
length of time floodwater might remain in the locality; and 5) the direction of the flood flow. We
categorize these data into three types of triggers: triggers related to rainfall, triggers related to stream
flows, and triggers related to local conditions. Correspondingly, we name the goals to set up those
variables and parameters regarding the three types of triggers as Goal Rainfall (Grain), Goal Flow
(Griow), and Goal Local (Giocar), respectively.

In the determining phrase, after LFFWS collect sufficient data about the current situation, LFFWS
determine a CSV formatted report on the warning stage (Gstage) and warning messages (Gmz1, Gmz, and

Gm... corresponding to various triggers). Figure 3.1 demonstrates the relations between these goals.

Goals
|
v v
Gset Gfore
| |
v v v v v v v
rain Gflow Glocal stage Gml Gm2 B Gm...

Figure 3.1. Goals of LFFWS
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3.3.2. Knowledge

In LFFWS, the knowledge, covering local hydraulic and hydrologic conditions, historical records,
and heuristic expertise of local flood forecasting and warning, was classified into two primary
categories: facts and rules. Facts are simple statements containing data values that represent and show
relationships among entities; rules are declarative knowledge linking sets of premises and conclusions
(Chen, et al., 1985). The expert system shell or data repository used to support procedural logic decides
on the format needed to assimilate knowledge primitives.

To make LFFWS stable, flexible, and sustainable, facts are categorized as static global facts and
dynamic case facts. Those general and common facts applicable to all scenarios are symbolized as
global facts, while other specific information about each particular case is denoted as case facts. A
chain of questions performed as placeholders represent those dynamically provided case facts in the
knowledge base. Currently, three types of questions would be obtained: 1) current or proposed
accumulation and intensity of rainfall; 2) current or proposed water depth, velocity, and rise rate of
streams; and 3) historical or recorded thresholds of rainfall and stream flow at different stages. LFFWS
ask the third type of questions when the system must be reset. In addition to the three essential series of
guestions mentioned, a unique case ID, rain gauge ID, and stream gauge ID will also be requested to
specify different scenarios and locations after the introductory screen. The reasoning rules are named
corresponding to the goals they prove. For example, Rset and Rore are two main sets of rules to prove
Greset and Grore, respectively. Specifically, Rrain, Riow, and Riocal are sets of rules to prove Grain, Gfiow, and
Giocal, respectively. Rstage, Rm1, Rm2, and Rm... are sets of rules to prove Gstage, Gm1, Gm2, and Gm....
Figure 3.2 illustrates the relations between these rules. The global facts and rules are extracted from the

literature and other authoritative information sources. (WMO, 2011).
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Rules

v v

Rset Rforecast

| |
y v v v v Y v

R R R R

local stage ml m2 m...

rain flow

Figure 3.2. Rules of LFFWS

3.3.3. System Architectures

In the system architecture of the procedural code shown in Figure 3.3, questions, case facts, and
rules are incorporated into the operation structure (e.g., from querying information to asserting case
facts to proving goals in a fixed sequence: Grain= Gtiow= Giocal™ Gstage™ Gm1=>Gm2=> ... > Gnm...) but are
detached from global facts (referred to as the database). The system architectures of forward chaining
and backward chaining expert systems are, respectively, shown in Figure 3.4 and Figure 3.5. Unlike the
procedural code, inference engines assemble operation structures separated from the knowledge base
containing questions, case facts, global facts, and rules. Goals in expert systems are proved in parallel.
The forward chaining inference engine begins by gathering all available information; however,
backward chaining starts from the goal selection and collects necessary information for the certain
goals. The backward chaining inference engine searches for the needed data from the existing case
facts or previous analyses first, then interviews users for the remainder (if there is any) according to the
query rules. After new case facts are asserted, the engine proves particular goals with all related case

facts, global facts, and reasoning rules.
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Figure 3.3. Architecture of the conventional procedural code of LFFWS
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Figure 3.4. Architecture of the forward chaining expert system of LFFWS
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Figure 3.5. Architecture of backward chaining expert system of LFFWS
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3.4. Language

The backward chaining expert system for local flood forecasting and warning is developed with a
combination of Python and its Knowledge Engine PyKE because 1) unlike a compiled language,
Python, as an interpreted language, allows quick “ad-hoc” development once the code is published and
deployed; and 2) PyKE provides a way to directly "program in the large". The first two advantages
speed up programming an expert system with a vast knowledge base such as LFFWS by reusing code
and reducing loop. 3) In addition to forward-chaining logic, PyKE includes backward-chaining logic,
which enables interactive data acquisition. This capability is the key to the comparison of the expert
systems with forward and backward chaining inference engines, respectively. 4) Python is open source
and free. Any software based on Python is friendly to almost all platforms including Windows, Mac,
Linux, 10S, and Android. This flexibility helps create a large market for LFFWS (Python, 2015; PyKE,
2015). 5) Extensive libraries are available. For instance, the GUI (Graphic User Interface) of our
systems can be built on its library Kivy to allow quick and easy interaction design and rapid

prototyping (Kivy, 2015). Better performance for user practice can take advantage of this benefit.

3.5. Use of the System

Figure 3.6 depicts the banner screen displayed upon entry to the system. Inputting “Y” loads the
system reset screens, including resetting triggers of rainfall, water level, and local conditions shown in
Figure 3.7. Once the user selects any one, two, or all three types of triggers to reset the characteristics
and parameters, a corresponding parameter-resetting screen appears. For example, if the user selects
stream water level triggers to reset, the system then conducts an interview about the stream gauge and
the threshold of flood warning stages corresponding to the stream gauge. Figure 3.8 illustrates the
conversation between the system and user about resetting water level triggers. Once the user confirms

all the triggers that s/he resets (shown in Figure 3.9), or decides to use existing default values by
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selecting no triggers to reset, the system moves to the second phase to collect necessary and available

data and write a CSV report on the forecasting and warnings shown in Table 3.1.

Flood warning Wizard provides warnings and recommendations for local
community in the event of inundations.

Through the following interview, you will be asked a series of questions
regarding your river system and the flood event, from which you'll he S
provided recommendations for flood rescue.

Do you wish to proceed? (y/n) y

Figure 3.6. Banner screen

Reset water leuel triggers based on local conditions can prouvide more
precise warnings.

Do you wish to reset water level triggers? (y/n) y

What is the water level of Severe Flood Warning stage of SG1 in meters?
[6-999999] 3.5

Figure 3.7. System resetting screen

Figure 3.8. Water level triggers resetting screen

The water level of All Clear stage of SG1 is 0.5 m.

The water level of Flood lWatch stage of SG1 is 1.0 m.

The water level of Flood Warning stage of 3G1 is 2.0 m.

The water level of Severe Flood Warning stage of $G1 is 3.5 m.

Save new water level triggers? (y/n) y -

Figure 3.9. Water level triggers confirming screen
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Table 3.1. Report on flood forecasting and warning presented to users as a CSV file

CaselD StreamgaugelD Depth(m) Warning_Stage Note
Case 1l SG1 4 Severe Flood This is the warning issued when
Warning serious flooding is expected and

there is an imminent danger to life
and property. If your warning is
upgraded to this, you should be
prepared for your gas, electricity,
water and telephone supplies being
lost. You're advised to keep calm
and reassure others and cooperate
with the emergency services.

3.6. Verification and Validation

Verification and validation (V&YV) processes are critical components to guarantee the quality of
developed expert systems. V&V processes include the analysis, evaluation, review, inspection,
assessment, and testing of products. The technical aim of expert systems’ V&YV is determining whether
the expert systems conform to the requirements and satisfy customers (IEEE, 2012; O'Keefe &
O'Leary, 1993).

To assure an expert system is built correctly, developers typically verify their software by using a
set of test cases either collected from real life situations or designed by domain experts to represent the
possible problems in implementation (Adrion, et al., 1982; O'Leary, et al., 1990). With the assistance of
debugging tools built in Python, we periodically verified our system throughout the development stage
by conducting a complete set of pre-defined tests. Based on the results of the tests of V&V, we
redesigned and reprogrammed the necessary heuristic knowledge and inferential logic.

To assure that we built the correct expert system, a paradigm for prototype validation combines
face validation (the process by which the experts assess the prototype “at face value”) with component

testing and system validation through cases or Turing tests (O'Leary, et al., 1990). According to this
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method, experts from a water resources management area reviewed the system’s operation, output, and
documentation. In addition, the experts tested our system using selected cases from their experience.
The accuracy of the system is evaluated by comparing the forecasting provided by the system with the

documented test cases.

3.7. Results and Discussion
In the following results and discussion section, the advantages of development and maintenance of
expert systems over procedural codes are illuminated and analyzed; then, the practicalities of forward

and backward chaining inferential logic are studied and explained.

3.7.1. Expert System vs. Procedural Code

An expert system for local flood forecasting and warning has three primary advantages over
procedural code: 1) an updatable knowledge base. The knowledge base of an expert system is explicit
and separated from the inference engine. With no impact on other system components, errors and
obsolete data can simply be corrected and replaced, while new knowledge corresponding to existing
goals and/or new goals can be easily added. 2) Flexible workflow: End users’ goals can be proved in
parallel by either a forward or backward chaining inference engine of an expert system. Without
changing the original scripts of an expert system, all goals can be proved in various sequences. With
minor modifications to the scripts, existing goals can be modified or deleted, and fresh goals related to
different local flood forecasting and warning issues can enter the workflow. 3) Explanatory capability.
Developers and end users can track the knowledge primitives’ applied validly to prove a goal and
understand the reason routine. These advantages enable rapid development, simple maintenance, and

quick diagnoses.
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3.7.1.1. Benefits of an Extensible Knowledge Base

The system architecture (shown in Figure 3.3) of a procedural code predetermines the difficulty of
upgrading its database. The rubrics of applying particular knowledge to prove goals are merged into
implicit operation structure. As a result, every modification of the database, such as inserting additional
knowledge entities about a new stream gauge, requires adjusting the implicit operation code. In
contrast, an enlarging knowledge base of an expert system has no requirement to change the scripts of
inference engines. To demonstrate the details, we assume the following scenario: a new stream gauge,
called Gauge 1, is installed or considered. Adding knowledge primitives such as gauge ID and warning
stage thresholds about this gauge is then required. To solve this problem, sample codes of expert

systems in PyKE syntax are given below.

IDENTIFIER(SARGUMENTL, $ARGUMENT?2, ...)

Where,
“IDENTIFIER” represents a certain category of facts;
“$ARGUMENT1” and “SARGUMENT?2” represent different facts corresponding to the identifier, respectively.

Figure 3.10. General PyKE syntax of adding facts

warning_stage_triggers($gaugelD, $clear, $watch, $warning, $severe_warning)

where,

“$gaugelD” represents the ID of the stream gauge;

“$clear” represents the threshold of the warning stage “All Clear”;
“$watch” represents the threshold of the warning stage “Flood Watch”;

“$warning” represents the threshold of the warning stage “Flood Warning”;

“$severe_warning” represents the threshold of the warning stage “Flood Warning”.

Figure 3.11. General format of adding warning stage thresholds
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warning_stage_triggers (""Gauge 1","'1.5",""2",""2.5" ""3"")

Figure 3.12. Specific facts of Gauge 1 in the warning stage category

In the manner of the general syntax for adding facts shown in Figure 3.10, one category of facts,
called “warning_stage_triggers” with five essential information entities can be coded in the following
way, as shown in Figure 3.11.

The last step is to replace arguments shown above with specific thresholds of stream flows in
meters of Gauge 1 in the same sequence as follows (see Figure 3.12):

In this sample code, the text in the first pair of quotation marks is the first argument, “$gaugelD”,
which records the name or ID of the gauge; the number “1.5” in the second pair of quotation marks is
the second argument. Then, “$clear” records the threshold of flood warning stage “All Clear” in
meters, followed by “$watch”, “$warning”, and “$severe_warning”. Unlike procedural code, the
inference engine of an expert system can automatically search all facts under the same category

(referred to as identifiers) in every loop.

3.7.1.2. Benefits of a flexible workflow

In procedural code, the workflow is packaged in a fixed order and combined with questions and
rules that correspondingly prove the goals. Therefore, the original scripts of the operation structure
require amendments after any change in the workflow. For instance, inserting one novel goal into the
workflow requires one to edit the original scripts of the operation structure, and all existing goals,
rules, and questions are potentially impacted. If the new goal fails for some reason, all goals after it will
stop proving. In contrast, all the goals of an expert system can be proved in parallel. After writing a
short line of code to simply insert a new goal into the workflow, the inference engines automatically
modify the compiled code. Even if the new goal fails, any other existing goals remain functional. To

demonstrate the details, we assume that users want to know the warning stage; then, Gstage IS required to
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be added into the workflows. To solve the problem, sample codes of the backward chaining expert
system in PyKE syntax are given in Figure 3.13 and Figure 3.14. In the same manner of the general
syntax for adding a goal shown in Figure 3.13. Gstage IS added by replacing those capitalized parameters
with the specific information entities corresponding to Gstage, Shown in Figure 3.14.

Based on our study, we identify that there are essential information entities corresponding to the
Rstage, SUCh as gauge ID ($gaugelD), the actual water level in meters ($depth), and the threshold of
flood warning stage ($trigger), so three arguments are included in the inner parentheses. In the same
fashion, to insert an original goal into the workflow, we simply need two steps: 1) copy and paste one
old goal; 2) “plug and chug” the rules and facts to prove the original goal. Within the architectures of
expert systems demonstrated in Figure 3.4 and Figure 3.5, goals execute in various parallel sequences
according to the availability of information at hand. The newly joined knowledge and goals will not
affect the existing goals. In addition, backward chaining inferential logic also enables the workflow to
adapt to the demands of users. However, the procedure code can only work in a fixed workflow, e.g.,
Grain = Gfiow™ Giocal 2 Gstage 2 Gm1 2 Gm2 =2 ... 2 Gm.... If Grain fails, then all goals after Grain do
not process. One common cause of the failure of Grain is the lack of rainfall data, which often occurs for
the following reasons: 1) rain gauge malfunction because of poor maintenance or other technical
problems; 2) no local precipitation, e.g., it rains heavily upstream but outside the local boundary, or at
least beyond the rain gauge; and 3) no present precipitation, such as in the case of a snowmelt flood.
Therefore, the procedure code cannot cope with the scenarios stated above. In contrast to the
incapability of procedural code in such situations, without making any changes to the original scripts,
expert systems can skip Grin automatically and prove the rest of the goals that are unrelated to Grain.
Although Grain fails, the known rising rate, depth, and/or velocity of stream flow can still fulfill the

other goals such as the flood warning stage and other warning messages related to stream flows.
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Simply speaking, our expert systems can prove the goals in any sequence of workflows.

Therefore, we can develop our system by each goal and later pool the tested goals together. In this
study, we only address partial issues listed in the 2011 WMO manual. However, as research continues,
new knowledge, including facts and rules corresponding to other triggers and novel goals, will
definitely be needed in LFFWS. When more issues of local flood forecasting and warning have been
considered as fresh goals, one or two of these goals may fail due to the absence of information at hand
or may be skipped because of lack of user interest. The LFFWS should enable the users to select some
goals to be skipped or prove other goals first. At the same time, the system should automatically skip
failed goals and move ahead to other goals. From this perspective, expert systems have striking
benefits over procedural codes. The benefits from the extensible knowledge base and the flexible

workflow of an expert system will be more and more attractive as more issues are considered.

with engine.prove_goal(‘rulebase. RULE_IDENTIFIER(SARGUMENT], ...)") as gen:

for vars, plan in gen:

where,
“RULE_IDENTIFIER” represents a certain rule;

“SARGUMENTL1” represents a certain knowledge primitive corresponding to the rule.

Figure 3.13. General PyKE syntax of adding a goal

with engine.prove_goal(‘rulebase.warning_stage($gaugelD,$depth,$trigger)’) as gen:

for vars, plan in gen:

Figure 3.14. Syntax of adding Gstage
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3.7.1.3. Benefits of explanatory capability

On the one hand, since facts are isolated from rules in conventional procedural codes, conventional
procedural systems habitually lack the capability to explain why a fact is deduced or inferred in a
particular way. In other words, procedural codes cannot tell users which facts and rules lead to creating
the reasonable conclusions.

On the other hand, facts and rules are stored together in the knowledge base of expert systems.
Developers can detect all reasoning routines for logic or syntax errors by tracing the list of valid facts
and rules applied to solve a certain problem. As a result, problematic scripts can be locked down
quickly. This explanatory capability is especially helpful when the developers are coding complex
courses, such as the procedure of local flood forecasting and warning. The explanatory capability
simplifies and accelerates the development of the computer systems. In addition, the explanatory
capability can train those local flood managers with routines for reasoning in particular scenarios. For

example, our expert systems can create a new fact in the following way, shown in Figure 3.15:

User input: Water depth is 3.2 meters.
Knowledge primitive 1: The threshold of Severe Flood Warning is 3 meters.
Knowledge primitive 2: Severe Flood Warning: “This is the warning issued when serious flooding is expected...”

=> Infer new knowledge primitive: Issue Severe Flood Warning: “This is the warning issued when serious...”

Figure 3.15. Example of fact assertion
While developers or users read the analysis and conclusion, they can understand the cause-effective
routines from the list of knowledge primitives validly applied to the goal. For example, assume that
knowledge primitive 1 is accidentally coded incorrectly as “The threshold of Severe Flood Warning is
3000 meters.” Then, the developers will not obtain the expected Severe Flood Warning. Instead of

searching for all facts, the developers search the knowledge primitives on the reasoning list only.
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Obviously, diagnosing and correction processes are expedited in this way. Therefore, the larger the
knowledge base and the more complicated the reasoning routines are, the more appealing the
explanatory capability of an expert system is. Thus, developing an expert system is more proficient

than procedural code for LFFWS.

3.7.2. Backward Chaining vs. Forward Chaining

To illustrate how the backward chaining mechanism is applied to and enhances our expert system,
simplified forward and backward chaining logic is shown in Figure 3.16 and Figure 3.17, respectively.
Different dash types and arrow types indicate diverse information flows. Generally, thresholds of
rainfall, flow, and local conditions are only required during system initialization to prove Grain, Gtiow,
and Giocal, respectively. Once the system is well trained, these parameters and variables are saved for
repeated use until the system resets. Other current or proposed data on rainfall, stream flows, and local
conditions are only needed during the forecasting phase. Take the proof of Griow as an example. In this
case, only the thresholds of stream flow, such as depth, velocity, and rising rate, are essential, so the
backward chaining inference engine only collects the facts on these triggers. On the other hand, the
forward chaining inference engine also blindly collects other information such as thresholds of rainfall,
thresholds of local conditions, and current or proposed data on rainfall, stream flows, and local
conditions. With the forward chaining expert system, users must provide the complete query for all
incorporated goals at the beginning in order for the expert system to complete processing, even when
some of this information is not available or is not of interest to the users. To allow for response
questions only as inferential logic and thus simplify the user experience, the knowledge base in this
study is entirely written for backward chaining inferencing.

The advantages of backward chaining do not present significant benefits in the determinant phase.
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The combinations of current data of rainfall, stream flows, and local conditions are required multiple
times to determine distinct forecasting and warning messages. In addition, common users do not
usually have any clear desire for specific goals. To enter all known information and expect every
potential forecasting and warning recommendation is less challenging than selecting “useful” goals.
Therefore, setting up an ultimate goal (Grore) to discover complete information on the current or
proposed situation and prove the entire goal set of the determinant phase, which is to some extent
equivalent to forward chaining logic, is desired to shorten the practice of common users. In the

meantime, the convenience of goal selection is there for skilled users and system developers.
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Figure 3.16. Simplified forward chaining logic to prove goals
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Figure 3.17. Simplified backward chaining logic to prove goals

3.8. Conclusions

To break through the bottleneck of knowledge acquisition in local flood forecasting and warning,
we identified the knowledge necessary to LFFWS and assimilated these dynamic and static knowledge
primitives into the knowledge base. The case study illustrates that the collected knowledge works
successfully to initialize the system and provide flood forecasting and warning messages on current or
proposed data of rainfall, stream flows, and local conditions.

In addition, this study shows that, to provide local flood forecasting and warning, developing an
expert system is more effective than procedural code. The advantages of rapid development and easy
maintenance stem from the system architecture of expert systems. The explicit knowledge base and
packaged expert system shell ensure that 1) new facts, rules, questions, and goals can be easily added
to the extensible knowledge base by domain experts, such as environmental engineers, or even skilled
users to adapt to more scenarios; 2) all goals can be skipped or proved in various sequences
automatically (forward chaining) or according to users’ demands (backward chaining); 3) partially
developed expert systems can be functional; 4) logic or syntax errors and outdated data can be rapidly

identified and corrected; and 5) the users can understand and learn the reasoning simultaneously when
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they obtain the reports.

Furthermore, the backward chaining method is shown to work more effectively than forward
chaining to satisfy local flood managers’ evolving demands (referred to as goals) and growing new
information on LFFWS. Backward chaining enables the inference engine of expert systems to work
with incomplete information at the beginning and to keep running as more and more data become
available. With a backward chaining inference engine, our expert system can quickly figure out and
optimally collect the necessary data from previous analysis results or user interviews based on the
evolving goals and efficiently develop reports and recommendations with the growing information at
hand. In the meantime, without sacrificing convenience for skilled users, to ease the difficulty of goal
selection and shorten the practice for common users, an ultimate goal (Grore) IS Set up to acquire a
complete picture of the current or proposed situation and issue all likely forecasting and warning
messages.

Although the contemporary LFFWS currently work with limited goals for local flood forecasting
and warning, additional goals and their corresponding knowledge related to other key issues can be
easily updated in LFFWS. This prototype of a backward chaining expert system of local flood
forecasting and warning, giving reasonably accurate predictions and recommendations, can decrease
the engagement of computational resources by minimizing the boundary of the interested area and
decreasing the usage of numerical models. This makes flood forecasting more cost-effective and
therefore feasible for small communities, especially for those with tight flood management budgets.
This research represents an advance in the applicability of expert systems to solve flood prediction and
management problems. Further, the framework of our expert systems can easily be duplicated to create
other expert systems. Domain experts in other areas can make use of our framework to record their
valuable expertise and undocumented “rules of thumb” in computer-readable language and create more

expert systems to perform repeated work efficiently.
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4. AN EXPERT SYSTEM FOR LOCAL FLOOD RESPONSE COORDIANTION AND
TRAINING

4.1. Introduction

In the aftermath of accurate forecasting and timely warning of floods, the effective response should
be recommended and implemented under the supervision of community authorities, city managers,
state governors, or federal officers. However, management of flood response is far more complicated
than many other management problems. The response to disasters like flooding is an emergency
network with non-linear dynamics, uncertainty, open boundary, and varying topology (Liu, et al.,
2011). Weaknesses in incident management are often due to the following issues: 1) a shortage of clear
chained of command and supervision; 2) poor communication caused by inefficient use of
communications systems and non-consistent terminology; 3) inadequate and unreliable data of
incidents; 4) an absence of an orderly and systematic planning process; 5) a dearth of command and
control coordination structure; 6) a lack of flexibility and adaptability of response procedures and plans
(DOL, 2016; Select Bipartisan Committee of the U.S. House of Representatives, 2006). In addition,
inferior decisions made by inexperienced flood response managers under high pressure and
unproductive actions taken by untrained and stressful personnel could lead to unsuccessful flood
response (Jennex, 2007). A typical example is an ineffective preparation for and response to Hurricane
Katrina, the costliest natural disaster and one of the five deadliest hurricanes in the history of the
United States (National Hurricane Center, 2011). Although the National Weather Service and National

Hurricane Center forecasts were accurate and timely, a failure of leadership at all levels of government
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resulted in preventable deaths, great suffering, and tremendous property loss (Select Bipartisan
Committee of the U.S. House of Representatives, 2006).

Local government officials often have difficulties in dealing with Federal guidelines (e.g.
Interpreting which guidelines supply to their roles). In order to ensure that information moves within
agencies, across departments, and between jurisdictions of government seamlessly, securely and
efficiently and response plans are adaptable to meet whatever flood scenarios, a sound coordination
system with unified responsibilities, smooth communications, and scalable response plans is required.
Additionally, to shorten the distance between theory and practice, adequate training on structural roles,
responsibilities, and actions to deliver the core capabilities of flood response, is vital for all potential
flood response entities, such as individuals and households, private sector, nongovernmental
organizations (NGOs), communities, local government, state government, and federal government

(Flin, et al., 2008). Development of a computer-based tool could aid in their flood response.

4.2. Background

With the purpose of strengthening the security and resilience of the United States through
systematic preparation for the threats such as flooding, Presidential Policy Directive (PPD) 8 mandated
the National Preparedness System (NPS). A number of projects were launched to develop and perfect
the NPS. Among them are the National Incident Management System (NIMS) and the National
Response Framework (NRF). The U.S. Department of Homeland Security (DHS) provided the NIMS
and the NRF in order to build a framework of response to all disasters and emergencies regardless of
size and complexity. NIMS provides the overall template, while NRF provides the structure and
mechanisms for the management of incidents.

The NIMS systematically blends accepted best practices into a standard national framework for
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emergency management. It contains five major components: 1) preparedness, 2) communications and
information management, 3) resources management, 4) command and management, and 5) ongoing
management and maintenance. The command and management component is designed to offer a
standardized incident management structure assisting incident coordination. This structure is based on
three critical organizational constructs: the Incident Command System (ICS), Multiagency
Coordination Systems (MACS), and Public Information (P1). Among those, the ICS is the most widely
used. The ICS hierarchy assists activities in five major functional areas: Command, Operations,
Planning, Logistics, and Finance/Administration. Intelligence and investigations is an optional sixth
functional area that is activated as needed. (DHS, 2008; FEMA, 2016).

The NRF describes managerial doctrine for all types of disasters and explains common response
disciplines and process developed at all levels. More specifically, in addition to a scalable, flexible, and
adaptable coordination structure, NRF defines other fundamental elements. These include the key roles,
responsibilities, and the steps needed to prepare for delivering the fourteen core capabilities: 1)
planning, 2) public information and warning, 3) operational coordination, 4) critical transportation, 5)
environmental response/health and safety, 6) fatality management services, 7) infrastructure systems,
8) mass care services, 9) mass search and rescue operations, 10) on-scene security and protection, 11)
operational communications, 12) public and private services and resources, 13) public health and
medical services, and 14) situational assessment (DHS, 2008; DHS, 2013).

To close the gaps in qualified responders, the Federal Emergency Management Agency’s (FEMA)
National Integration Center (NIC) released the NIMS Training Program in February 2008, originally.
This vital program defines the process for developing training and personnel qualification requirements
for emergency management (NIC, 2011).

With the aim of increasing community preparedness and resilience for floods, America’s
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PrepareAthon, a national community-based campaign, offers easy-to-implement resources to help
individuals, organizations, and communities practice simple, effective actions. The resources include a
short video: It Started Like Any Other Day (Williams, 2014), practical handouts (e.g. Prepare Your
Organization for a Flood Playbook (FEMA, 2014), How to Prepare for a Flood, How to Prepare for a
Flood Guide, Be Smart: Know Your Alerts and Warnings, Be Smart: Protect Your Critical Documents
and Valuables, and Ready’s Family Communication Plan for Parents and Kids (FEMA, 2016)), and
abundant further reference linkages (e.g. Turn Around Don’t Drown program at National Weather
Service (NWS, 2015), National Flood Insurance Program at FEMA (FEMA, 2017), and Action Guide

for Emergency Management at Institutions of Higher Education (DOE, 2009)) .

4.3. Research Objectives and Methods

Learning, understanding, digesting, and mastering the extensive official documents and all-
encompassing heuristic rules on flood response requires remarkable time and energy. The learning
package should be individualized to each role of the response personnel. Despite distinct roles and
priorities of response knowledge, training all responders with the same reference materials steepens the
learning curve and elongates the learning time. As a result, a well-directed training process adaptable
for various roles is required. Moreover, the training course should provide plenty of linkages to a
broader scope of knowledge such as further explanations to their own jobs and tasks of other
participating entities. Commanders, section chiefs, branch heads, and group leaders also desire a
centrally organized but fully distributed command and control system (Turoff, et al., 2004) with
hierarchical summaries illustrating the crisscross linkages among all responders, their primary
functions, and contact information, as well.

The objective of this research was to investigate the development of a computer-based program to
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assist flood response managers in constructing coordination structures regardless of the scale, scope,
and complexity of flood, it was also intended to support qualifying flood responders, such as
individuals, communities, nongovernmental organizations, private sector entities, and local
governments.

On the basis of NIMS, NRF, and other training guidebooks, the computer program for shaping a
flood response coordination system can be conventionally coded in a traditional procedural language,
such as an assembly language or a high-level compiler language (C, Pascal, COBOL, FORTRAN, etc.)
Alternatively, the system can be programmed as an expert system with inferential logic.

As one successful form of Artificial Intelligence (Al) technology, expert systems are computer-
based systems which emulate the decision-making ability of human experts by exploiting knowledge
represented primarily as “if-then” rules (Jackson, 1998). Typically, a knowledge base and an inference
engine are the major components of an expert system. Edward Feigenbaum, the father of expert
systems, asserted that a knowledge base is the power source of an expert system (Feigenbaum, 1977).
Knowledge primitives are usually categorized into facts and rules. Facts are simple statements
containing data values that represent, and show relationships among entities; Rules are declarative
knowledge linking sets of premises and conclusions. Primarily, an inference engine applies logic rules
to create new facts in either a forward chaining or backward chaining mode. Forward chaining, also
referred to as data-driven chaining, works top-down to assert conclusions or new facts. Backward
chaining, also referred to as goal-driven chaining, works bottom-up to determine what facts must be
asserted. In general, IT specialists script an inference engine as a general-purpose shell to simplify and
expedite the programming process. Then, domain experts in a certain research field and/or knowledge
engineers deduce and compile the necessary facts and rules into a knowledge base (Leondes, 2002).

To build a computer-based assistant system for flood response coordination and training,
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developing an expert system is viewed more effective than procedural code. In the procedural coding
process, IT specialists are always vital from start to finish. On the other hand, in the coding process of
an expert system, IT specialists are not required once an inference engine is packaged. Domain experts
can either work alone or cooperate with knowledge engineers to develop their particular expert systems
in the specific fields (Wong & Monaco, 1995). In other words, compared with procedural code, expert
systems are more rapidly and easily developed and maintained and have more flexibilities of running
with evolving goals. In addition, since rules and facts are stored together in an explicit knowledge base,
an expert system has an explanatory capability. This capability enables the users (flood responders) to
understand and learn the reasoning simultaneously when they get the conclusions, and therefore,
promotes training. All these special characteristics make an expert system more attractive than a
procedural code for this flood response application (Leondes, 2002).

Currently, the use of computer science and artificial technologies such as expert systems to support
the decision makers is a widespread approach to deal with emergency problems. Some successful
applications in this area are discussed below.

Lee et al. (2012) developed an unstructured information management system (UIMS) for decision-
makers to achieve a better understanding of the dependence and degree of correlation between different
concepts about the emergency. UIMS consists of a concept relationship model (CRM) and a dynamic
knowledge flow model (DKFM). The models can organize and represent emergency knowledge (W.
Lee, etal., 2012).

Liu et al. (2011) developed a framework to provide a general methodology for integrating various
decision bodies. The general method was to view management as a process and control problem and
then to apply system engineering technology into the emergency response management in networked

safe service systems (Liu et al., 2011).
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Liu (2004) developed an agent-based resource discovery framework to search for the relevant
resources over the Internet. This expert system addressed two pivotal issues: resource description
language (RDL) and its resource matchmaking mechanism. A possibilistic Petri net-based resource
description language was proposed to provide a specification to publish and request for resources in
environmental emergencies. A matchmaking, allowing a relaxed match for close semantics to find an
appropriate resource for environmental emergency management was developed, as well (Liu, 2004).

Hernandez and Serrano (2001) developed knowledge-based models within the framework of
ARTEMIS (a European Commission research project) for emergency management. This expert system
incorporated the knowledge pieces, both from the point of view of the knowledge model calibration
and the training of the emergency personnel, required to manage emergencies in different kinds of
problem scenarios (Hernandez & Serrano, 2001).

However, there is limited research on developing expert systems to specifically help the incident
managers establish sound coordination structures with clear and unified responsibilities of all
participants. Potential responders could easily be educated by the system to identify their roles and the

key concerns.

4.4. Design of the System

In order to fill the research gap, a prototype expert system for flood response coordination and
training (referred to as LFRS hereafter) was designed at the local level based on the basic premise that
in most cases, floods start and end locally and flood response is managed at the local level (DHS,
2013).
The most widely used computer languages for programming expert system include Visual Basic

(Spyridakos, et al., 2005), Java or JESS (Java Expert System Shell) (Robindro & Sarma, 2013), CLIPS
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(Ooshaksaraie & Basri, 2011), MATLAB or NETLAB (Mounce, et al., 2010), Visual Rule Studio
(Chau & Phil, 2004), ART*Enterprise (Leon, et al., 2000), and PyKE (Python Knowledge Engine)
(PyKE, 2015). PyKE is 100% based on Python. Python is an interpreted language which allows quick
“ad-hoc” development once the code is published and deployed. PyKE offers a way to directly
"program in the large". This characteristic is helpful in developing an expert system with a large
knowledge base as in this application. In addition, Python is open source. Any software based on
Python can freely run on almost all platforms including Windows, Mac, Linux, iOS, and Android
(Python, 2015; PyKE, 2015). Based on the overview of functionality, installation, integration
characteristics, and compatibility, we decided to construct our system using PyKE.

Typically, there are three phases to design and develop an expert system: design of an initial
knowledge base, development of a prototype, and test and improvement (Durkin, 1994). During the
knowledge base initialization phase, key concerns, connections, and heuristics about the addressed
problems are identified, conceptualized, and formalized. During the development phase, the acquired
knowledge was organized and coded, in often cases, module by module, function by function, or
subsystem by subsystem. System verification and validation (V&V) are usually conducted
simultaneously with coding and after the construction of the prototype to ensure every component of

the system represent the actual knowledge and was built correctly.

4.4.1. Knowledge Acquisition

The power of an expert system derives from its knowledge base (Feigenbaum, 1977). The
performance of an expert system rests on the knowledge acquisition. To complete the vital task,
extensive information for construction local flood response coordination structure was gathered from

literature reviews and human-expert interviews.Then, the collected information was extracted and

71



organized in such a way that it can be easily understood. After analysis and evaluation, verified
knowledge entities were finally structured into a computer-readable form (Liou, 1990; Storey, et al.,

2012).

4.4.2. System Content and Architecture

The prototype of the expert system for local flood response coordination and training consists of
two standalone modules (shown in Figure 4.1): RRA (Roles, Responsibilities, and Actions) module and
ROS (Response Operational Structure) module. The RRA module aims at generating the report of
responsibilities and actions to deliver core capabilities corresponding to certain roles. All community
entities from individuals to governments play distinct roles in developing the core capabilities of flood
response. Focusing on local flood response, the LFRS narrows the spectrum down to local government
and community level. The RRA module emphasizes five roles (individuals and families, communities,
the private sector, NGOs, and local government) and identifies their activities (planning, assessing and
exercising, offering and conducting resources and capabilities, and collecting learned lessons). The
ROS module targets at creating the hierarchical layered and mutually supporting operational structures
based on the ICS, the most common local response operational structure. The tangible output contains
formatted reports as well as prompt screens. One report hierarchically depicts the crisscross
connections among all responders, their primary functions, and contact information. Another report
summarizes the responsibilities and actions of a certain role of flood responders such as commanders,
command officers, section chiefs, branch heads, and group leaders. Every report was named with a

unique caselD and formatted in a CSV file.
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Figure 4.1. Schematic diagram of LFRS

4.1.1.1 RRA module

Currently, the RRA module offers five roles for selection: 1) individuals, families, and households,
2) communities, 3) nongovernment organizations, 4) private sectors, and 5) local government. After
giving the simple definition of each selected role, the RRA module provides the guidance and
instructions. For example, individuals, families, and households play an important role in emergency
management operations by decreasing flood hazards in and around their homes and taking care of
themselves and neighbors. Their efforts may include raising utilities above flood level, preparing
emergency supply kits and plans, and volunteering with emergency organizations. Additional
information is given by providing them with verified website linkages. NGOs, especially those
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officially assigned as support elements, play a significant role in delivering vital services associated
with response core capabilities. For instance, the American Red Cross (ARC), National Voluntary
Organizations Active in Disaster (VOAD), and Volunteers and Donations (VD) have their specific
goals in emergency management. Private sector entities contribute to response efforts through
partnerships with governments. A private sector entity could be one or multiple roles of the six
categories: 1) Affected Organization/ Component of the Nations’ Economy, 2) Affected Infrastructure,
3) Regulated and/or Responsible Party, 4) Response Resource, 5) Partner with Federal/State/Local
Emergency Organizations, and 6) Components of the Nation’s Economy. The responsibilities and
actions of local government vary with specific local officials, such as chief elected or appointed
officials, emergency managers, and department and agency heads (DHS, 2008; DHS, 2013). Role

selection and the inferencing mechanism are discussed in the following section 4.2.2.

4.1.1.2 ROS module

ROS module adopts the major structure of the ICS. However, the ROS module offers additional
information on the relationships among ICS, Multiagency Coordination System (MACS), and Public
Information (PI) for the further reference of response entities. In order to education the users, the ROS
module provides introductions to the fourteen proven management characteristics of the ICS: 1)
command terminology, 2) modular organization, 3) management by objectives, 4) Incident Action
Planning (IAP), 5) manageable span of control, 6) incident facilities and locations, 7) comprehensive
resource management, 8) integrated communications, 9) establishment and transfer of command, 10)
chain of command and unity of command, 11) unified command, 12) accountability, 13)
dispatch/deployment, and 14) information and intelligence management (DHS, 2008; FEMA, 2016).

The users can choose any one or ones to learn more. Also, users can skip those lessons to set up the
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operational structure directly.

Consistent with the ICS, the response operational structure created by the ROS module consists of
six  sections: command, operations, planning, logistics, finance/administration, and
intelligence/investigations function. The sixth section is optional. In each section, there are several
units, branches, or groups (shown in Figure 4.2). The construction of the flood response operational
structure is a complex task. To simplify users’ practice, the ROS module provides a number of
breaking points throughout the process of structure developing. These points give users flexibilities to
build or edit one functional unit first, save changes, and then come back after taking a nap. The ROS
module will combine those pieces together to form the structures for various sections and the entire

response coordination function.

4.4.3. Inference Engine

The LFRS is equipped with a backward chaining inference engine for more efficient processing.
The information needed for the RRA module is different from the data necessary to the ROS module.
For example, certain roles determine the responsibilities and actions in the RRA module but have little
impact on the construction of the ROS; the contact information of a response chief is vital in ROS but
does not affect his/her job tasks. Obviously, the information query and report production are driven by
users’ goals and their selection of modules. The backward chaining inference engine enables the LFRS

to collect the critical data for each module respectively after the module selection.
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4.5. Use of the System

Figure 4.3 depicts the banner screen displayed upon entry to the system. Inputting “Y” loads the
subsequent screens of module selection screen. Once the users select either the RRA module or the
ROS module, a unique caselD will be requested (shown in Figure 4.4). After a brief introduction to the
selected module, an interview is conducted by the module starts. For example, Figure 4.5 to Figure 4.7
demonstrate the use of the RRA module; Figure 4.8 to Figure 4.13 illustrates the process to construct a
coordination structure. Note that the user responses appear as part of the interview dialogue. Figure 4.5
and Figure 4.6 are the screen shots of the introduction to the RRA module and the interview dialogue.
Once the users select a role, the screen of the corresponding responsibilities and actions matched by the
RRA module displays (shown in Figure 4.7). At the same time, for the users’ future need, more
detailed information is written in a CSV formatted report named with the unique caselD. Figure 4.7 is

the screenshot of RRA report for the role of individual, families, and households.

Flood Response Wizard provides response guidance and recommendations for
local community in the event of inundations.

Through the following interview, you will be asked a series of questions
regarding the flood event and your role, from which you'll be provided

guidance for flood rescue.

Do you wish to proceed? (y/n) y

Figure 4.3. Banner screen

Figure 4.4. Module selecting screen
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Effective response depends on integration of the whole community and all partners
executing their roles and responsibilities. This section describes those roles
and responsibilities and sharpens the focus on identifying who is involued with
the Response mission area. It also addresses what the various partners must do

to deliver the response core capabilities and to integrate successfully with the
Prevention, Protection, Mitigation, and Recovery mission areas.

An effective, unified national response requires layered, mutually supporting
capabilities. Individuals and families, communities, the private sector, NGOs, and

local, state, tribal, territorial, insular area, and Federal governments should
each understand their respective roles and responsibilities and how to complement
each other in achieving shared qoals. All elements of the whole community play

prominent roles in developing the core capabilities needed to respond to incidents.

This includes developing plans, conducting assessments and exercises, providing
and directing resources and capabilities, and gathering lessons learned. These
activities require that all partners understand how they fit within and are
supported by the structures described in the NRF.

Emergency management staff in all jurisdictions have a fundamental responsibility
to consider the needs of all members of the whole community, including children;
individuals with disabilities and others with access and functional needs; those
from religious, racial, and ethnically diverse backgrounds;and people wWwith limited
English proficiency. The potential contributions of all these individuals toward

delivering core capabilities during incident response (e.g., through associations
and alliances that serve these populations) should be incorporated into planning
ettorts.

Figure 4.5. Introduction to RRA module

What is your role?
1. Individuals, Families, and Households
2. Communities
3. Nongovernmental Organizations
4. Private Sector Entities
5. Local Governments
6. State, Tribal, Territorial, and Insular Area Governments
7. Federal Government
? [1-7] 1
Figure 4.6. Start screen of interview in RRA module
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Responsibilities of Individuals, Families, and Households :

Although not formally part of emergency management operations, individuals,
families, and households play an important role in emergency preparedness and
response. By reducing hazards in and around their homes by efforts such as
raising utilities above flood leuvel or securing unanchored objects against the
threatof high winds, individuals reduce potential emergency response requirements.
Individuals, families, and households should also prepare emergency supply kits
and emergency plans so they can take care of themseluves and their neighbors until
assistance arrives. Information on emergency preparedness can be found at many
community, state, and Federal emergency management Web sites, such as
http://WuW.ready.gov.

Individuals can also contribute to the preparedness and resilience of their
households and communities by volunteering with emergency organizations (e.g., |
the local chapter of the American Red Cross, Medical Reserve Corps, or Communitg:
Emergency Response Teams [CERTs]) and completing emergency response training
courses. Individuals, families, and households should make preparations with
family members who have access and functional needs or medical needs. Their
plans should also include provisions for their animals, including household pets
or service animals. During an actual disaster, emergency, or threat.individuals,
households, and families should monitor emergency communications and follow
guidance and instructions provided by local authorities.

Actions:

Many individuals have talents and experience that can be tapped to support core
capabilities. Individuals can contribute to the delivery of response core
capabilities through community organizations, by participating in community
preparedness activities, such as CERT, and by ensuring that they have
household/family emergency plans.Individual and household preparedness
information can be located at http://www.ready.gov/make-a-plan

S 3o 3o e e e e e Report End HHMM MMM MMM MMM HNN

Job Done! For more details, see your Role_Response_fAction Report: RRA_ind in
frs_reports\

Figure 4.7. RRA report screen for the role of individual
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Want RRA ({Role Responsibility Action)report? (y/n) n

Emergency management and incident response refer to the broad spectrum of activities
and organizations providing effective and efficient operations, coordination, and
support. Incident management, by distinction, includes directing specific incident
operations; acquiring, coordinating, and delivering resources to incid to incident
sites; and sharing information about the incident with the public.

Reset your Response Operatiocnal Structure? (y/n) y
Resetting your Response Operational Structure...

The Incident Command System (ICS), Multiagency Coordination System (MACS), and
Public Information are the fundamental elements of incident management used to
facilitate incident Command and Management operations.

Want to know the relationships among those elements? (y/n) y

Although described herein as separate elements of Command and Management within
NIMS. However, NIMS relies on the relationships among these elements along with
the elements themselves. Some relationships are specifically defined.For example. .
an Area Command or Incident Command coordinates with Public Informationonincident
specific public information through an incident Public Information Officer
within the JIS. The relationship between Area Command or Incident Command and
MACS is primarily defined by a communications link between Command and/or field
level personnel with resource management responsibilities and a particular staff
position within multiagency coordination.

These relationships-along with other relationships among Command and Management
elements that are not as clearly defined in advance-must be clearly defined and
documented as each element evolues during an incident.

Figure 4.9. Additional information on the relationships among ICS, MACS, and PI
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ICS is used by all levels of government-Federal, State, tribal, and local-as well
as by many NGOs and the private sector.ICSis also applicable across disciplines.
It is normally structured to facilitate activities in five major functional areas:
Command, Operations, Planning, Logistics, and Finance/Administration. In
telligence/Investigations is an optional sixth functional area that is activated
oh a case-by-case basis.

Want to know management charateristics before reset? (y/n) y

ICS is based on 14 proven management characteristics, each of which contributes
to the strength and efficiency of the overall system.

Which one(s) do you want to know more? (use comma to seperate your choices)
Command Terminology
Modular Organization
Management by Objectives
Incident Action Planning
Manageable Span of Control
Incident Facilities and Locations
Comprehensive Resource Management
Integrated Communications
Establishment and Transfer of Command
10. Chain of Command and Unity of Command
11. Unified Command
12. Accountability
13. Dispatch/Deployment
14. Information and Intelligence Management
* [r=1% ...11,:3
Command Terminology:
ICS establishes common terminology that allows diverse incident management and
support organizations to work together across a wide variety of incident management
functions and hazard scenarios. This common terminology covers the following:

Lo =MW =

(1) Organizational Functions

Major functions and functional units with incident management responsibilities are
named and defined. Terminology for the organizational elements is standard and
consistent.

(2) Resource Descriptions

Major resources-including personnel, facilities, and major equipment and supply
items-that support incident management activities are given common names and are
"typed’ with respect to their capabilities,to help avoid confusion and to enhance
interoperability.

(3) Incident Facilities

Common terminology is used to designate the facilities in the wvicinity of the
incident area that will be used during the course of the incident.

Management by Objectives: _
Management by objectives is communicated throughout the entire ICS organization -

Figure 4.10. Additional information on the 14 characteristics of ICS
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Incident Command is responsible for ouerall management of the incident. Querall
management includes Command Staff assignments required to support the command
function. The Command and General Staffs are typically located at the Incident
Command Post (ICP).The command function may be conducted in one of twe general
ways : Single Incident Commander(IC) and Unified Command{UC) .

Want more information about IC and UC? (y/n) y

Which one(s) do you want to know more? (use comma to seperate)

1. Single Incident Commander :

2. Unified Commander:

3. Comparison of Single IC and UC
? [1-3, ...1 2.3
UC is an important element inmultijurisdictional or multiagencyincident management.
It provides guidelines to enable agencies with different legal, geographic , and
functional responsibilities to coordinate, plan, and interact effectively. As a
team effort, UC allows all agencies with jurisdictional authority or functional
responsibility for the incident to jointly provide management direction through
a common set of incident objectives and strategies and a single Incident Action
Plan (IAP). Each participating agency maintains its authority, responsibility,
and accountability.

Figure 4.11. Additional information on UC and the comparison

Add one more person in Unified Command? (y/n) n

Figure 4.12. Acquisition of the contact information of the commander
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Does report of Command Staff of ROS already exist? (y/n) n
Reset Command Staff. ..

In an incident command organization,the Command Staff typically includes a Public
Information Officer,a Safety Officer,and a Liaison Officer, who report directly
to the IC/UC and may have assistants as necessary. Additional positions may

be required, depending on the nature, scope, complexity, and location(s) of the
incident(s), or according to specific requirements established by the IC/UC.

Public Information Officer:

The Public Information Officer is responsible for interfacing with the public and
lmedia and/or with other agencies with incident-related information requirements.
jThe Public Information Officer gathers, verifies, coordinates, and disseminates

accurate, accessible, and timely information on the incident’'s cause, size, and

current situation; resources committed; and other matters of general interest
for both internal and external audiences.The Public Information Officer may also
perform a key public information-monitoring role. Whether the command structure
is single or unified, only one Public Information Officer should be designated
per incident. Assistants may be assigned from other involued agencies, departments,
or organizations. The IC/UC must approve the release of all incident-related
information.Inlarge-scale incidents or wheremultiple command posts are established,
the Public Information Officer should participate in or lead the Joint Information

Center (JIC) in order to ensure consistency in the prouision of information

to the public.

What is the name of your Public Information Officer? [len: 0-999999] PIO

Figure 4.13. Acquisition of the contact information of Public Information Officer

4.6. Verification and Validation
The technical goal of Verification and Validation (V&YV) is determining whether the expert
system conforms to the requirements and satisfy customers’ needs (IEEE, 2012; O'Keefe & O'Leary,

1993). V&V are vital components to ensure the quality of developed expert systems through the
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processes of analysis, evaluation, review, inspection, assessment, and testing of products.

Typically, developers conduct a set of test cases to assure they are building the expert system
correctly. These cases are either collected from real life situations or designed by domain experts to
represent the possible problems in implementation (O'Leary, et al., 1990; Leondes, 2002). With the
help of the debugging tools built in Python, we periodically verified the LFRS throughout the
development stage by conducting a complete set of pre-defined tests. Specifically, the the RRA module
was tested role by role. Similarly, the ROS module was primarily tested section by section. Based on
the results of those tests, we modified or reprogrammed the necessary heuristic knowledge and
inferential logic.

A common method to assure building the right prototype of expert systems combines face
validation (the process by which the experts assess the prototype “at face value”) with component
testing and system validation through cases or Turing tests (O'Leary et al., 1990). According to this
paradigm, experts from the fields of water resources management and emergency management viewed
the system’s operation, output, and documentation. In addition, the experts tested our system using

selected cases from their experience.

4.7. Conclusions

To break through the bottleneck of knowledge management in local flood response
coordination, we identified the knowledge necessary to incorporate into the LFRS and assimilated
these knowledge primitives into the knowledge base. The case studies illustrate that both the RRA
module and the ROS module work out the correct reports. The responsibilities and actions match with
the various roles accurately. Hierarchies of response operational structure correctly link with each

other. The contact information and capabilities of each staff lay out clearly. Introductions and all
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additional information pop up promptly. By repeated running either the RRA module or the ROS
module, the emergency personnel is well trained.

Security and resilience work is never finished. The LFRS can be improved to face more
challenges simply by blending more knowledge into the two existing modules or adding more modules
into the LFRS. For example, the responsibilities, actions, and capabilities of the governmental roles
above local level can be incorporated into the RRA module and the ROS module to prepare for larger
scale and more complicated flood events. New modules cover other mission areas like planning and

recovery can be built to provide better performance in flood response.
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5. CONCLUSIONS

This thesis, written in a journal article form, proposes three papers focusing on expert
systems for disaster forecasting, warning, recovery, and response in water resources
management. Each article discusses the subject from a different perspective (WDN
decontamination, local flood forecasting and warning, and local flood response
coordination and training). As a whole, the three papers form a coherent thesis that
proposes a methodology, illustrates the implementation, and investigate the benefits by

comparison with others.

Research Directions

Our study establishes and automates the necessary knowledge for to break through the
bottleneck of knowledge acquisition in disaster warning, recovery, and response in water
resources management. After assimilation, knowledge bases incorporating both dynamic
and static knowledge primitives are developed for those three scenarios, respectively. In
this work, we describe how the dynamic knowledge primitives of particular cases are
learned from specific users and how the general human implicit knowledge is distilled
from official documents, classical journal papers, and interviews. We also explain how the
knowledge is compiled into computer language and how the compiled knowledge is stored,
shared and driven by both inferential logic and procedural logic.

We selected an expert system shell-PyKE that was capable of both forward and
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backward chaining inferential logic. Based on PyKE, we developed three conceptual
systems: a conventional procedural pseudo-code, a forward chaining expert system
framework, and a backward chaining expert system framework for each scenario. We
found that developing expert systems to support decision-making for WDN
decontamination, local flood forecasting & warning, and local flood response coordination
& training is more effective than procedural codes through our analyses. The system
architectures of expert systems initiate the rewards of speedy development and convenient
maintenance. The explicit knowledge bases and packaged expert system shell enable that
1) new facts, rules, questions, and goals can be easily added to the extensible knowledge
base by domain experts, such as environmental engineers, or even skilled users to adapt to
more scenarios; 2) all goals can be skipped or proved in various sequences automatically
(forward chaining) or according to users’ demands (backward chaining); 3) partially
developed expert systems can be functional; 4) logic or syntax errors and outdated data can
be rapidly identified and corrected; and 5) the users can understand and learn the reasoning
simultaneously when they obtain the reports.

Furthermore, the backward chaining method performs more effectively than forward
chaining to satisfy users’ evolving demands and growing new information in the three
scenarios. Backward chaining enables the inference engine of the three expert systems to
start from incomplete information and to keep running as more and more information
becomes available. With backward chaining inference engines, our expert systems can
quickly figure out and optimally collect the necessary data from previous analyses or user
interviews based on the developing goals, and efficiently develop reports and

recommendations with the accumulating information at hand. Therefore, we decided to

91



turn the backward chaining frameworks into complete backward chaining expert systems
for WDN decontamination, local flood forecasting & warning, and local flood response
coordination & training.

We periodically verified our systems throughout the development stage by conducting
complete sets of pre-defined tests, with the assistance of debugging tools built in Python.
These tests were either collected from real life situations or designed by domain experts to
represent the possible problems in implementation. To make sure that we built the correct
expert systems, experts from a water resources management area reviewed the systems’
operations, outputs, and documentation. In addition, the experts tested our systems using
the cases they are familiar. The accuracy of the systems are evaluated by comparing the
results provided by the systems with the documented test cases. Based on the results of the
tests of Validation and Verification (V & V) (O'Keefe & O'Leary, 1993), we redesigned

and reprogrammed the necessary heuristic knowledge and inferential logic.

The Three Journal Articles
The three expert systems work efficiently with extensive knowledge bases and

backward chaining inference logic.

Article One-Evaluation of the Benefits of Using a Backward Chaining Expert System
for Water Distribution Networks Decontamination

The first proposed expert system, Decon provides reasoning routines and
recommendations on the type of contamination event and consequences on the water
operators, the public in general, the environment, and the potential threat from the different

interactions with the network pipe material. It also gives users the guidance on the
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currently available technologies and their effectiveness along the optimized quick solution.

Article Two-Evaluation of the Benefits of Using a Backward Chaining Expert System

for Local Flood Forecasting and Warning

The second expert system, LFFWS provides reasoning procedures and forecasting on
the flood magnitude, warning stages, potential damage, and recommendations for
community authorities, landowners, or public in general. LFFWS can decrease the
engagement of computational resources by minimizing the boundary of the interested area
and decreasing the usage of complicated numerical models. This makes flood forecasting
more economical and therefore realistic for small communities to fit their tight flood
management budgets. This research represents an advance in the applicability of expert

systems to solve flood prediction and management problems.

Article Three-Evaluation of the Benefits of Using a Backward Chaining Expert

System for Local Flood Response Coordination and Training

LFRS, the third expert system can help emergency managers construct scalable,
flexible, and adaptable coordination structures and support mentoring and drilling flood
responders such as individuals, communities, nongovernmental organizations, private
sector entities, and local governments. The prototype expert system products two CSV
formatted reports as well as prompt screens. The operational structure report hierarchically
depicts the crisscross linkages among all response entities, their primary functions, and
contact information. Another report is a review of the responsibilities and actions of a

certain role of flood responders from authorities to individuals.
93



Limitations and Future Research Directions

Security and resilience work is never finished. Our expert systems are always ready for
breaking their limits and get through. More goals and their corresponding knowledge
related to other key issues can be easily updated to face more challenges. For example, one
cost-effective analysis goal can be added to give the users guidance on the optimization of
the currently available and possible technologies for Decon; Interactions between multiple
contaminants can be taken into consideration, as well. Moreover, other software like
EPANET can be linked with the current system to work for a whole WDN rather than one
isolated node. In other words, this expert system can quickly “learn” more and therefore,
becomes more robust to recommend a thorough and expedited solution to WDN
decontamination. Regarding LFFWS and LFRS, this research represents an advance in the
applicability of expert systems to solve flood prediction and management problems. The
historical records, responsibilities, actions, and capabilities of the governmental roles
above local level can be incorporated to prepare for larger scale and more complicated
flood events.

In addition, the framework of our expert systems can easily be duplicated to create
other expert systems. Domain experts in other areas can make use of our framework to
record their valuable expertise and undocumented “rules of thumb” in computer-readable

language and create more expert systems to perform repeated work efficiently.
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Key Benefits

In summary, we provide an advanced solution to water resources management.
Specifically, we evaluate the utility of using expert systems with backward chaining
inference engine in WDN decontamination, flood forecasting and warning, and flood
response coordination and training. We overcome the block of knowledge acquisition and
build three prototypes for the proposed research fields. The accurate results show that
with less computational resources, the three expert systems efficiently help the water
resources managers and community authorities make critical decisions and give timely
recommendations and guidance for all related people corresponding to their roles. The
convenience of implying the framework of our prototypes to other research areas will make

our investigation to be prosperous in the near future.
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