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Foreword

Through the U.S. Environmental Protection Agency’s (EPA) Water Security initiative program, the
concept of a contamination warning system (CWS) for real-time monitoring of drinking water distribution
systems (EPA, 2005) has been developed. A CWS is a proactive approach to distribution system
monitoring through deployment of advanced technologies and enhanced surveillance activities to collect,
integrate, analyze, and communicate information. A CWS seeks to minimize public health (illnesses,
deaths) and infrastructure (pipe contamination) consequences of an incident of abnormal water quality
through early detection and efficient response. Though originally designed to detect intentional
contamination, a CWS can detect a variety of abnormal water quality issues including backflow, main
breaks, and nitrification incidents.

Four surveillance components are used to optimize real-time detection of a system anomaly.

e Online water quality monitoring comprises stations located throughout the distribution system
that measure parameters such as chlorine, conductivity, pH, and turbidity. This data is analyzed
and possible contamination is indicated if a significant, unexplained deviation in water quality
occurs. This component can detect incidents that cause a change in a measured water quality
parameter.

e Enhanced security monitoring includes equipment to detect security breaches at distribution
system facilities such as video cameras, door alarms, and motion detectors. This equipment
actively monitors the premises: the goal is to detect, not prevent, intrusion to allow for rapid and
effective response. This component detects attempted contamination at monitored facilities.

e Customer complaint surveillance enhances the collection of and automates the analysis of
complaints from customers for water quality problems indicative of possible contamination. This
component can detect substances that impart an odor, taste, or visual change to the drinking
water.

e Public health surveillance involves analysis of health-related data to identify disease events that
may stem from contaminated drinking water. Public health data streams can include over-the--
counter drug sales, hospital admission reports, infectious disease surveillance, 911 calls, and
poison control center calls. This component can detect contaminants that have acute health
effects — particularly with severe or unusual symptoms.

Just as critical as detection is efficient response. In general, an alert from a CWS detection component
triggers the component’s operational strategy. These are procedures for assessing the validity of a single
alert and determining if water contamination is possible. The final two CWS components focus on
investigating, corroborating, and responding to possible contamination.

e Sampling and analysis is the analysis of distribution system samples for specific contaminants
and analyte groups. Sampling is both routine to establish a baseline and triggered to respond to an
indication of possible contamination.

o If there is no benign explanation for the alert, the utility transitions into Consequence
Management where they follow pre-defined procedures and protocols for assessing credibility of
a contamination incident and implementing response actions.

More details on the Water Security initiative can be found at:
http://water.epa.gov/infrastructure/watersecurity/lawsregs/initiative.cfm.



http://water.epa.gov/infrastructure/watersecurity/lawsregs/initiative.cfm

Executive Summary

The U.S. Environmental Protection Agency’s (EPA) Event Detection System (EDS) Challenge research
project was initiated to advance the state of knowledge in the field of water quality event detection. The
objectives included:
¢ Identifying available EDSs and exploring their capabilities
e Providing EDS developers a chance to train and test their software on a large quantity of data —
both raw utility data and simulated events
e Pushing the WQM data analysis field forward by challenging developers to optimize their EDSs
and incorporate innovative approaches to WQM data analysis
o Developing and demonstrating a rigorous procedure for the objective analysis of EDS
performance, considering both invalid alerts and detection rates
o Evaluating available EDSs using an extensive dataset and this precise evaluation procedure

This was a research effort. An objective was not to identify a “winner.”

Five EDSs were voluntarily submitted for this study:
CANARY - Sandia National Laboratories, EPA
ana::tool - s::can

OptiEDS - OptiWater (Elad Salomons)
BlueBox™ - Whitewater Security

Event Monitor - Hach Company

This report begins with an overview of the EDS Challenge, including the methodology and data used for
testing. Section 4 analyzes EDS performance. Section 4.2 summarizes the detected events and invalid
alerts produced by each EDS, considering both their raw binary output (Section 4.2.1) and alternate
performance that could be achieved by modifying the alert threshold setting (Section 4.2.2). Section 4.3
investigates the impact of the simulated contamination characteristics (such as the contaminant used) on
event detection across all EDSs.

Section 5 presents findings and conclusions from the EDS Challenge, including the following:

o \WAQ event detection can provide valuable information to utility staff.

e Thereis no “best” EDS.

e The ability of an EDS to detect anomalous WQ strongly depends on the “background” WQ
variability of the monitoring location. The characteristics of the WQ change also impacts the
ability of an EDS to detect it.

e Changing an EDS’s configuration settings can significantly impact alerting. In general,
reconfiguration to reduce invalid alerts reduces the detection sensitivity as well.

This report concludes with ideas for future research in this area and a discussion of practical
considerations for utilities when considering EDS implementation.
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Water Quality Event Detection System Challenge: Methodology and Findings

Section 1.0: Introduction

As described in the Foreword, water quality monitoring (WQM) is one component of a contamination warning
system (CWS) in which online instrumentation continuously measures distribution system water quality (WQ).
Generally, sensors measuring standard parameters such as chlorine, pH, and conductivity (specific conductance) are
used. In addition to allowing utility staff to track real-time WQ in the system, these parameters have been shown to
change in the presence of anomalous WQ — whether caused by intentional injection of a contaminant (EPA, 2009a;
Hall, et al., 2007) or a distribution system upset such as a main break or caustic feed from the treatment plant.
Additional sensor types such as biomonitors and spectral analyzers are available, but this study focuses on the most
commonly monitored WQ parameters.

WQM generates a lot of data, as each sensor produces data continuously, often at one or two minute intervals. It is
generally not feasible to have staff continuously monitor this data. But without real-time analysis, the full benefit
of these monitors is not realized. A common solution is to use automated data analysis. Event detection systems
(EDSs) are designed to monitor WQ data in real time and produce an alert if WQ is deemed anomalous.

Analysis of the data received is challenging. Distribution system WQ is complex, and dramatic changes in WQ
parameter values can result from a variety of benign causes such as changes in water demands, system operations,
and source water variability. In addition, EDSs often receive inaccurate data due to sensor or data communication
issues.

As a result, automated analysis of the data inevitably produces invalid alerts. Utilities certainly want to minimize
the number of alerts they receive and must respond to. And while this is vital to the sustainability of the system, the
goal of WQM cannot be forgotten: to provide early notification of WQ anomalies (intentional or not) so that
effective response actions can be implemented. Adjusting an EDS’s configuration to reduce the number of alerts
can also reduce the sensitivity of the system, causing real events to be missed.

Thus, when choosing the EDS and configuration to deploy at a utility, both the invalid alert rate and the ability of
the system to detect anomalies must be considered. The EDS Challenge explicitly investigates the tradeoff between
these competing objectives. It also considers the impact of baseline WQ data on alerting and the nature of WQ
anomalies on an EDS’s ability to detect.

1.1  Motivation for the EDS Challenge

The EDS Challenge was implemented under the U.S. Environmental Protection Agency’s (EPA) Water Security
initiative (WSi). When the project was initiated in summer 2008, WSi’s first pilot utility was approaching full
deployment. Four additional pilot utilities had been awarded grants and were in the planning phase of their CWS
projects. Also, non-WSi utilities were beginning to implement WQM independently and were reaching out to WSi
staff for information and guidance.

Of the WQM components, utilities had the most questions about event detection. Most utilities had experience with
WQ sensor hardware, but few, if any, had implemented real-time analysis of the data generated (aside from simple
parameter setpoints).

WSi staff also received questions from EDS developers. Vendors and researchers had begun development of EDSs
to analyze WQ data, but most products were largely untested and still in the development and refinement phases.
There had been no independent or comprehensive evaluation of EDSs. The limited evaluations that had been done
used either raw utility data with no anomalies to detect, or used data from laboratory experiments in which
contaminants were injected into a pipe loop, lacking the WQ variability present in a distribution system.

The EDS Challenge was initiated to provide insight into these questions.
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1.2 EDS Challenge Objectives
Reliable, automated data analysis is necessary to realize the full potential of the voluminous data generated through
online WQM. The EDS Challenge was intended to advance the state of knowledge in this area through the
following objectives:
o Identifying available EDSs and exploring their capabilities
e Providing EDS developers a chance to train and test their software on a large quantity of data — both raw
utility data and simulated events
e Pushing the WQM data analysis field forward by challenging developers to optimize their EDSs and
incorporate innovative approaches to WQM data analysis
e Developing and demonstrating a rigorous procedure for the objective analysis of EDS performance,
considering both invalid alerts and detection rates
e Evaluating available EDSs using an extensive dataset and this precise evaluation procedure

This study focused primarily on WQ anomalies caused by intentional contaminant injection because the initial
objective of the WSi program was the detection of intentional contamination of the distribution system. While
utilities with WQM have realized significant cost savings and improved WQ by identifying chronic issues and
gradual WQ degradation, these were not the focus of this study. All WQ anomalies considered here lasted less than
a day, averaging 4.5 hours in duration.

Data was provided to the EDSs for individual monitoring locations. Network models were not provided, and there
was no opportunity for synthesis of data across evaluated locations. In some cases, data streams from outside the
station were included such as the status of key pumps and valves.

For the EDS Challenge, only data analysis was evaluated. Factors such as cost, ease of use, and support were not
considered.

It cannot be overstated that this was first and foremost a research effort and not intended to be a definitive
assessment of EDSs. Thus, there was no attempt to identify an overall “winner” of the EDS Challenge, and this
challenge does not result in EPA either endorsing or discrediting a particular EDS.
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Section 2.0: EDS Challenge Participants

The EDS Challenge was open to anyone with automated software capable of analyzing time series data and
producing a normal/abnormal indication for each timestep. Information about the EDS Challenge, including
instructions for registering, was posted to the EPA website. In addition, the notice was forwarded to all EDS
developers known to the project team.

In this document, participant and EDS developer are used interchangeably and refer to an entity that chose to
voluntarily submit an EDS for evaluation.

2.1 EDS Overview

An EDS is an analytical tool for data analysis. EDSs analyze data in real time, generating an alert when WQ is
deemed anomalous. The algorithms used by EDSs vary in complexity, with setpoint values defined in the control
system being a simple example. All EDSs included in this study use sophisticated analysis techniques, leveraging a
variety of the latest mathematical and computer science approaches to time series analysis.

In general, EDSs have one or more configuration variables that impact the number and type of alerts produced.
These are entirely EDS-specific. One example of an EDS configuration variable is the minimum number of
consecutive anomalous timesteps the EDS must identify before alerting.

Determining values for an EDS’s configuration variables is called training. Training is generally done for each
monitoring location using historical WQ data from that location. Depending on the EDS, training requires different
levels of effort and user expertise. Some EDSs “train themselves” once they are launched, whereas others require
the user to do their own analyses to determine variable settings.

Some EDSs are designed for local analysis, in which the EDS software is installed at the actual monitoring
location. Others perform centralized analysis, in which data is transmitted to a single location where one instance
of the EDS is installed. Many EDSs, including several included in the Challenge, are part of an integrated product
containing capabilities such as sensor hardware, data management and validation, and a user interface. As noted in
Section 1.2, these additional characteristics were not considered in the EDS Challenge.

2.2  Conditions for Participation in the EDS Challenge
Participants were not compensated in any way. They were not paid for use of their EDS, nor were they
compensated for the significant effort required for Challenge-specific interface development, testing, and training.

All EDSs were required to be submitted to EPA for testing. To ensure objectivity, it was not acceptable for the
EDS developers to process the data themselves and send results. Also, the submitted software had to be fully
prepared and configured such that all the project team had to do was install the software and “hit go.” This
necessitated the following two tasks.

Creating an acceptable interface

As part of the Challenge, each EDS had to analyze 582 data files (described in Section 3.1). It was clearly
infeasible to manually launch the EDSs for each file. The original EDS Challenge requirements stated that EDSs
must interface with the Event Detection Deployment, Integration, and Evaluation Software (EDDIES), described in
Appendix A. This requirement was later relaxed to allow for any automated method that processed a series of files
in sequence and produced an acceptably formatted output file for each.

This required most participants to develop a special interface for the Challenge, which necessitated significant
effort to develop and test. Extensive verification was done by the project team and participants to ensure that data

3
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was being read and processed correctly by each EDS, and that the correct results were being imported into
EDDIES, as EDDIES was still used for data management and analysis.

Training the EDS

The EDSs were required to be fully configured before submittal. Participants were given three months of historical
data from each monitoring location to train their software (described in Section 3.1), and with this data they used
their best judgment to establish settings to maximize detections and minimize invalid alerts. No information was
given about the type of events that would be used to evaluate the EDSs.

This was the crux of the Challenge for the participants. They had to make assumptions about the types of events
with which their EDS would be challenged, as well as how well the training data received would match the data for
the testing period. Unlike a utility implementation where configurations can be adjusted based on performance
once the EDS is installed, no changes could be made for the Challenge after the EDSs were submitted.

2.3  Participants

Originally, 16 teams registered — a combination of established companies with commercial WQM EDSs,
companies with data analysis experience in other fields considering adding a WQM EDS to their product line, and
researchers who had developed data analysis software. However, eight teams quickly withdrew due to limited
resources (the time commitment was too large) and/or unwillingness to adhere to requirements (they wanted to be
paid or were unwilling to send their EDS for EPA testing). Additionally, three participants withdrew due to poor
performance: they first trained their EDS for only one monitoring location and chose not to continue after seeing
those results.

Table 2-1 lists the five teams that participated in the Challenge, along with the name of their EDS. Only CANARY
and OptiEDS participated fully and were submitted for all six monitoring locations. As noted below the table,
ana::tool analyzed four stations, and BlueBox ™ and the Event Monitor analyzed only three stations each. Thus,
unfortunately, there were no stations for which there were results from all five EDSs.

Table 2-1. EDS Challenge Participants

EDS Participant Name
CANARY Sandia National Laboratories, EPA
OptiEDS OptiWater (Elad Salomons)
ana::tool ’ s:can

BlueBox™ ? Whitewater Security
Event Monitor * Hach Company

"Due to issues with the event data files, ana::tool results are not included for Stations F and G.
Due to issues with running BlueBox™ on very long datasets in off-line mode, results were only available for the three stations
with larger polling intervals (Stations A, B, and E).

Hach chose to only participate for the three sites with a two-minute polling interval (Stations D, F, and G).

Appendix B gives more details about each EDS. Each participant had the chance to describe their product and
discuss their participation in the Challenge including comments on their performance, assumptions, and
improvements that have been made since the Challenge.
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Section 3.0: Evaluation Methodology

As noted in Section 1.2, maximizing the comprehensiveness and integrity of the evaluation process was a critical
objective of the EDS Challenge. Thus, significant effort went into developing the study methodology.

Major tenets of this methodology included:

e Considering both invalid and valid alerts produced by each EDS. This is essentially a cost/benefit of each
EDS: invalid alerts are undesirable and require time to investigate, while valid alerts provide benefit and
motivate implementation of WQM.

Using testing data that accurately represents what could be seen at a water utility.

e Performing a variety of analyses and considering EDS output in different ways.

3.1 EDS Input (EDS Challenge Data)

One year of continuous data was obtained from a total of six monitoring stations from four U.S. water utilities. The
first three months of data from each station was provided to participants to train their EDS (as described in Section
2.2). The remaining data from each station was used for testing and is referred to as baseline data.

Data from sites with variable, complex WQ was specifically requested from the utilities — ideally sites where
supplementary data such as pressure and valving was available. Previous experience with EDSs indicated that a
large percentage of EDS alerts were triggered by WQ changes caused by changes in system operations, and the
hope was that this supplementary data could be leveraged by the EDSs to reduce the number of invalid alerts.

In hindsight, the range of performance of the EDSs would have been more fully captured if there had been a variety
of stations, some with fairly stable WQ. But the feeling during the study design was that these sites would be
“boring” — that all EDSs would have similar performance with few invalid alerts and reliable detections. And
again, this was intended to be an EDS Challenge.

Table 3-1 summarizes the testing data, including the baseline datasets and the events used for evaluation (described
in Section 3.1). The polling interval is the frequency at which data is reported and EDS results are produced. For
the Challenge, this ranged from 2 to 20 minutes. The data with large intervals were from the utilities that had to
query the data from their data historian, and not every value was stored there.

Table 3-1. Summary of Baseline Data

saion | Polng | WO . | Duacuainy | LenginorBaseine | forfvems
A 5 Medium Very good 237 4 96 100
B 20 Low Fair 264 4 96 100
D 2 Medium Good 254 3 96 99
E 10 Low Good 237 1 96 97
F 2 High Fair 322 1 96 97
G 2 High Fair 254 0 96 96
Overall: n/a n/a n/a 1568 13 576 589

* These subjective indications are meant only to give the reader a general sense of the WQ variability and data quality at the
stations to facilitate interpretation of the results.

Appendix C provides additional details about each of the six stations including the parameters reported, data
quality, and WQ variability.
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3.1.1 Baseline Events

While most utilities will not experience intentional contamination in their system, utilities with WQM have found
that many of the alerts they receive are valid: the WQ or WQ changes are different than typically seen at the
monitoring location. It is expected and desired that EDSs alert during these events, and utilities have cited
numerous incidents where these alerts allowed them to respond quickly and limit the spread of water of substandard
quality such as red water (Scott, 2008; Thompson, 2010; EPA, 2012).

Each baseline dataset was methodically analyzed to identify periods where the WQ was anomalous. Figure 3-1
shows an example of a clear and unusual spike in TOC.
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Figure 3-1. Example of Anomalous WQ in Baseline Dataset

A total of 13 baseline events were identified in the testing data. Appendix D describes the methodology used to
identify the baseline events and provides additional sample plots.

The method provided a conservative, underestimate of the number of baseline events. If a utility was actively
investigating alerts, they likely would have identified many more periods of anomalous WQ. Thus some alerts
classified as invalid in this study would likely be considered valid by the utility.

3.1.2 Simulated Contamination Events

The EDDIES software, described in Appendix A, was used to simulate 96 contamination events for each
monitoring station. EDDIES was developed by EPA to facilitate implementation of WQM. Simulated
contamination events are created by superimposing WQ changes on the baseline dataset, modifying WQ parameter
values in a manner that simulates how a designated event would likely manifest in the system. Empirically
measured reaction factors that relate the concentration of a specific contaminant are used to determine the change in
WQ parameter values.

Table 3-2 shows the variables in EDDIES that define a contamination event. A dataset was created for every
combination of these variables: 4 start times x 6 contaminants x 2 concentrations x 2 contaminant profiles = 96
simulated contamination events per monitoring station. Multiplying this by six monitoring locations yields the 576
simulated contamination events used to evaluate the EDSs for this study.

Appendix E further describes the event simulations, with details on the variable values used and plots of some
simulated events used in the Challenge.
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Table 3-2. Simulation Event Variables

Variable

Description

Number Used in EDS
Challenge

Monitoring Location

Baseline dataset on which water quality
changes are superimposed

6

Start Time

The first timestep in the baseline data where
the WQ is modified

4 per monitoring location

Contaminant

Contaminant to be simulated, which
determines the WQ parameters that are
impacted

Contaminant Peak Concentration

Maximum concentration of the contaminant
during the simulated event, which determines
the magnitude of WQ changes

2 per contaminant

Event Profile

Time series of contaminant concentrations,
defining the wave of contaminant that passes
through the monitoring location

3.2 EDS Outputs

For the EDS Challenge, each EDS generated the following output values for each timestep, using the data available
up to that timestep. The first two outputs described were required of each EDS.

o Level of abnormality: a real number reflecting how certain the EDS is that conditions are anomalous, with
higher values indicating more certainty that a WQ anomaly is occurring. This measure was originally
called event probability, as it was practically interpreted to be the EDS’s assessment of how likely it is that
an event is occurring. This term was changed because EDSs in this study output values greater than 1. The

level of abnormality forms the basis for the analyses in Section 4.2.2.

o Alert status: a binary normal/abnormal indication. This precisely identifies when the EDS is alerting.

Section 4.2.1 uses this output in its analyses.

o Trigger parameter(s): the WQ parameter(s) whose values caused the increased level of abnormality. This
output was optional. A measure of the trigger accuracy is given in Appendix D for the three EDSs that

generated trigger parameters: CANARY, OptiEDS, and BlueBox™.

For all participating EDSs, the level of abnormality and alert status are directly related: an alert is produced when
the level of abnormality reaches an internal alert threshold. Participants set the alert threshold for each monitoring

station during training.

To illustrate this, Figure 3-2 shows EDS output for one of the Station A simulated events. In this example, a small
drop in chlorine causes an increase in the level of abnormality at 3/16 1:20, though the increase is not large enough
to trigger an alert. However, the chlorine and TOC changes associated with the simulated event beginning at 3/16
9:00 cause an increase in the level of abnormality large enough to trigger an alert (changing the alert status to

“alerting”) at 9:55.

The production of this single alert is based on an alert threshold of one. If the alert threshold were lowered (to 0.5
for example), an additional alert would have been triggered for the earlier level of abnormality increase as well, and

thus two alerts would have been generated during the period shown.
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Figure 3-2. Example EDS Output during a Simulated Event
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Section 4.0: Analysis and Results
For all analyses in this document, the following terminology was used.

o Alerting timestep: A timestep for which the EDS is alerting. This is indicated by one of the following.
Alert status, level of abnormality, and alert threshold are defined in Section 3.2.
0 Alertstatus=1
0 Level of abnormality > alert threshold

o Alert: A continuous sequence of alerting timesteps. For this study, alerts separated by less than 30 minutes
were considered to be a single alert, as it is assumed that alerts very close in time are in response to the
same WQ change. Many utilities have the capability to, and do, set up their control system to suppress
repeated alerts.

The following general alert categories were used. Section 4.2.1 gives a further breakdown of alert causes.

o Valid alert: An alert beginning during a baseline event or simulated contamination event.

o Invalid alert: An alert that is not a valid alert, as it does not result from verified anomalous WQ.
Invalid alerts are captured only in the baseline datasets. As noted in Section 4.2, some alerts classified
as invalid in this study might be acceptable and even desirable to utilities.

o Detection: A baseline or simulated event during which an alert occurs.

Section 4.1 describes some artifacts of the study methodology that should be considered when reviewing this
section. Section 4.2 presents results for each monitoring station by EDS, first using the binary alert status and then
considering the impact of changing the alert threshold. Section 4.3 looks across the EDSs, examining the impact
of contamination event characteristics on detection.

Additional analyses, such as alert length and detection time metrics, are presented in Appendix G.

4.1 Considerations for Interpretation of EDS Challenge Results
Based on the methodology described in Section 2, the following points should be considered when reviewing the
data presented in this report:

e This truly was designed to be a Challenge.
0 As described in Section 3.1, stations with complex WQ were intentionally chosen. Thus, it is likely
that more invalid alerts were produced than would be seen in normal EDS implementation.
0 For each contaminant, the “low” concentration was specifically chosen so that the WQ changes
produced would be difficult to distinguish from normal WQ variability.
o For each monitoring location, at least one of the start times was intentionally selected during a period
of high variability or near an operational change to make detection more challenging.

e This evaluation was done off line, whereas the EDSs are designed to run in real time. Drawbacks of this
unnatural testing environment include the following.

0 Many participants had to significantly modify their EDS to run in off-line mode. For example,
ana::tool’s data pre-processing functionality was disabled.

o ana:tool, BlueBox™, and the Event Monitor use real-time user feedback to determine future alerting.
Some alerts (invalid and valid) would likely have been eliminated if feedback was provided after each
alert as to whether similar WQ should be considered normal in the future.

0 Issues with execution of the off-line version of BlueBox™ kept it from analyzing all stations. These
issues are not present in the normal product line.
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As the Event Monitor algorithms were developed to analyze one-minute data, Hach chose not to
analyze the stations with polling intervals longer than two minutes, feeling that it would not accurately
represent their EDS’s performance. Note that all EDSs would likely have performed better with more
frequent data.

Many of the alerts classified as invalid alerts in this study might be considered valuable by utility staff.

0 The number of baseline events was likely significantly underestimated due to the rigorous logic
used by the researchers to identify events (described in Appendix D).

0 Alerts due to sensor issues and communication failure are considered invalid in this report since
they are not detections of WQ anomalies. However, the data is abnormal. Also, notification of
sensor problems can be beneficial in alerting utility staff to maintenance needed.

Only standard WQ parameter data was used. Additional real-time sensor hardware exists whose data could
potentially contribute to effective WQ monitoring. Examples include biomonitors, instruments using UV-
Vis spectrometry, and gas chromatography—mass spectrometry instruments. Unfortunately, a year’s worth
of data from these instrument types was not available from the participating utilities at the time of data
collection for this study.

Data quality was not ideal.

(o}

Most utilities with WQM poll data at least every five minutes. Umberg (2011) showed that the polling
interval significantly impacts EDS alerting. Particularly, the ability to detect anomalies decreases as
the polling interval increases. The 10- and 20-minute polling intervals were not ideal, but some utilities
could not provide data at a smaller interval.

Only one utility was receiving EDS alerts in real time. Sensors were generally not as diligently
maintained at the other utilities who were not receiving alerts triggered by bad data.

The training datasets and guidance were not ideal.

(0]

Implementation of an EDS is a gradual process. Three months of data is reasonable to determine initial
settings, but it is common and suggested that a utility adjust those settings based on observed
performance during real-time operations to establish acceptable performance. This tuning process was
not possible during the Challenge.

Participants were unable to account for the significant changes in WQ and system operations that can
occur throughout the year, particularly as the seasons change. The yearlong utility dataset was divided
into a training and a testing dataset, and thus the EDSs were trained on a different time of year than
they were tested on.

Participants were not given any guidance on the type of events that would be simulated or the type of
WQ variations in the baseline data that would be considered baseline events. Thus, they had to make
assumptions about what constituted a WQ anomaly and parameterize their algorithms accordingly. In
real-world installations, the EDS developers would work with a utility to agree upon the types of WQ
changes that should generate an alert.

Given these caveats, it is clear that the analyses presented in this report are not adequate for making decisive
conclusions about individual EDSs or the performance potential of EDSs in general. However, they are valid EDS
results and can be used to investigate characteristics of EDS output, such as the direct relationship between invalid
alerts and detections described in Section 4.2.2. Also, these results likely represent a “worst case” in terms of
performance, particularly for the EDSs that disabled functionality to satisfy the EDS Challenge requirements.
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4.2  Analysis of Performance by EDS

This section considers performance by EDS and monitoring location. The analyses in Section 4.2.1 are based on
the alert status and thus the precise settings established by the participants during training. Section 4.2.2 considers
the level of abnormality and investigates how alerting would change if the alert threshold were adjusted.

4.2.1 Analysis Considering Alert Status

This section includes two tables for each EDS which summarize the alerts — both invalid and valid - generated
when the alert status is considered. Each metric is reported for the individual monitoring stations and for the EDS
overall. Monitoring stations not analyzed by a particular EDS are grayed out in the tables.

The first table for each EDS summarizes the invalid alerts generated. The WQ at the time of each invalid alert was
considered by the project team to assign the alert one of the following alert causes. The percentages in this table
show the percentage of total invalid alerts for the station with the given alert cause, and thus the percentages in
each row add up to 100%.

¢ Normal variability: Changes in WQ parameter values within the range of typical WQ patterns are common
— most often caused by normal system operations. Changes in pumping and valving can result in a WQM
station receiving water from different sources (e.g., from a tank versus a transmission main) within a short
span of time, often causing rapid but normal changes in the monitored WQ. If supplemental data was
included in the dataset showing an operational change just before the WQ change, the alert was
automatically considered invalid.

e Sensor problem: Sensor hardware malfunctions can result in data that does not accurately reflect the water
in the distribution system. Sensor issues can result from a variety of conditions, such as component failure,
depletion of reagents, flow blockage in the internal sensor plumbing, or a loss of water flow/pressure to the
monitoring station.

e Data communication problem: Failure of the data communication system causes incomplete data — either
missing data or long “flatline” periods of a repeated value. EDSs often generate an alert when data
communications are restored and the values begin varying once again.

e No clear cause: In some cases, there was no distinguishable cause for the alert. WQ values were within
normal ranges, and no significant WQ change had recently occurred.

The second table for each EDS summarizes valid alerts. In this table, the percentages of events detected are based
on the number of potential detections. The number of events is shown in Table 3-1, with 96 simulated events and 0
— 4 baseline events for each station.

The average time to detect is the average number of event timesteps that occurred before a valid alert. This metric
only includes detected events.

The final column in this table is the only metric that combines valid and invalid alert numbers: the percentage of all
alerts produced on the Challenge data that were valid alerts. It was requested that this value be included in the
report, though this ratio cannot be extrapolated beyond these datasets. These percentages would change if more or
less events were included or if the amount of baseline data were changed. For example, these numbers would
become quite impressive if only a week of baseline data were used: there would still be dozens of detections but
very few invalid alerts.

As each participant trained their EDS for each station separately using their own judgment and assumptions, it is
not valid to compare the number of alerts in Section 4.2.1 across EDSs or monitoring locations.
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4.2.1.1 CANARY

Looking across the monitoring locations in Tables 4-1 and 4-2, CANARY’s performance is fairly consistent, with
few values standing out as being particularly good or bad. One exception is Station B, which has a very low
detection percentage. This is a station where reconfiguration to allow for more alerts could be useful, as the invalid
alert rate is also fairly low.

The other clear outlier is the number of invalid alerts for Station F. CANARY was not alone in generating by far
the most invalid alerts for Station F. Appendix C describes the complexity of WQ at this station, as well as the
numerous sensor issues reflected in the testing data. Along with this large number of invalid alerts, however,
CANARY also produced the highest number of valid alerts for Station F.

Table 4-1. CANARY Invalid Alert Metrics

station Vgrci);rl;]iﬁlty Sensor Problem ComPToubnliecrﬁtion No Clear Cause Total # '”Valggtgle”
Total % Total % Total % Total % e (e (alerts/day)

A 22 58% 10 26% 4 11% 2 5% 38 0.16

B 10 19% 34 63% 1 2% 9 17% 54 0.20

D 64 67% 16 17% 6 6% 10 10% 96 0.38

E 5 22% 15 65% 2 9% 1 4% 23 0.10

F 972 85% 136 12% 38 3% 0 0% 1146 3.56

G 40 44% 34 38% 3 3% 13 14% 90 0.35

Overall: 1113 7% 245 17% 54 4% 35 2% 1447 0.92

Table 4-2. CANARY Valid Alerts and Summary Metrics

Simulated Event | Baseline Event Total % Average Time | % Total Alerts
Station Events to Detect that were
Total % Total % Detected (timesteps) Valid Alerts

A 70 73% 2 50% 72% 13 65%

B 37 39% 1 25% 38% 17 41%

D 62 65% 0 0% 63% 16 39%

E 71 74% 0 0% 73% 8 76%

F 83 86% 1 100% 87% 13 7%

G 83 86% 0 n/a 86% 14 48%
Overall: 406 70% 4 31% 70% 13 22%

As 79% of all invalid alerts came from Station F and 85% of these alerts were attributed to normal variability, the
overall invalid alert cause numbers for CANARY were skewed. If the Station F alerts were removed, the
breakdown of overall invalid alert causes would be as follows: 46% due to normal variability, 36% sensor
problems, 5% due to communication problems, and 12% with no clear cause.

4.2.1.2 OptiEDS

Comparing Tables 4-3 and 4-4 to the values presented in Section 4.3.1.1, OptiEDS’s overall detection totals are
almost identical to CANARY’s, with 70% of events detected and an average time to detect of 13 timesteps.
However, the performance for individual monitoring locations is quite different. For example, CANARY, as
configured for the Challenge, detected Station A events reliably (72%), whereas this was by far OptiEDS’s worst
station for detecting events, with only 36% of events detected. The opposite is true for Station B: OptiEDS had the
highest number of detections here (94%), whereas CANARY only detected 38% of this station’s events.
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Table 4-3. OptiEDS Invalid Alert Metrics

Normal Communication Invalid Alert

Silion Variability Sensor Problem Problem No Clear Cause quéal i# El
Total % Total % Total % Total % Invalid Alerts (alerts/day)

A 89 90% 7 7% 2 2% 1 1% 99 0.42

B 5 4% 107 82% 1 1% 17 13% 130 0.49

D 102 84% 14 12% 2 2% 3 2% 121 0.48

E 9 14% 28 42% 9 14% 20 30% 66 0.28

F 1023 87% 129 11% 21 2% 2 0% 1175 3.65

G 51 19% 215 79% 2 1% 3 1% 271 1.07

Overall: | 1279 69% 500 27% 37 2% 46 2% 1862 1.19

Table 4-4. OptiEDS Valid Alerts and Summary Metrics

Simulated Event | Baseline Event Total % Average Time | % Total Alerts
Station Events to Detect that were
Total % Total % Detected (timesteps) Valid Alerts

A 34 35% 2 50% 36% 6 27%

B 90 94% 4 100% 94% 6 42%

D 57 59% 0 0% 58% 19 32%

E 84 88% 1 100% 88% 14 56%

F 72 75% 1 100% 75% 10 6%

G 68 71% 0 n/a 1% 22 20%
Overall: 405 70% 8 62% 70% 13 18%

For OptiEDS, Stations A and F might benefit from reconfiguration, with Station A having a low detection rate and
Station F having a high number of invalid alerts. The invalid alerts occurring at Station F accounted for 63% of
OptiEDS’s invalid alerts, which skewed the invalid alert totals towards the normal variability cause. With the
Station F alerts removed, the alert cause breakdown would become 37% normal variability, 54% sensor problems,
2% communication problems, and 6% with no clear cause.

OptiEDS detected the most baseline events. It is the only EDS whose detection percentage for baseline events is
similar to that of simulated events. The next best detection percentage for baseline events is CANARY, at 31%.

4.2.1.3 ana::tool

Based on the low number of alerts shown in Tables 4-5 and 4-6, the ana::tool developers appear to have focused
their training on minimizing the number of alerts, as ana::tool had by far the fewest alerts — both valid and invalid.
This EDS could likely be reconfigured to achieve higher detection rates for all stations.

ana::tool’s invalid alert rate is remarkably consistent across the stations. The overall alert causes are also similar,
though they differ across the stations. For example, sensor issues are the primary cause of Station B alerts, whereas
most Station A alerts are triggered by normal variability.

The high percentage of alerts with “no clear cause” is noteworthy. The other invalid alert cause categories reflect a

large, noticeable change in at least one data stream. However, alerts were classified as “no clear cause” if the alert
trigger was not obvious from a cursory look at the data.
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Table 4-5. ana::tool Invalid Alert Metrics

station Vgrci);rl;]iﬁlty Sensor Problem ComPToubnliecrﬁtion No Clear Cause Total # '”Valggtgle”
Total % Total % Total % Total % e (e (alerts/day)
A 16 52% 7 23% 8 26% 0 0% 31 0.13
B 2 7% 20 67% 2 7% 6 20% 30 0.1
D 5 15% 6% 3 9% 23 70% 33 0.13
E 5 20% 5 20% 7 28% 8 32% 25 0.1
F
G
Overall: 28 24% 34 29% 20 17% 37 31% 119 0.12

Table 4-6. ana::tool Valid Alerts and Summary Metrics

Simulated Event | Baseline Event Total % Average Time | % Total Alerts
Station Events to Detect that were
Total % Total % Detected (timesteps) Valid Alerts

A 30 31% 0 0% 30% 21 49%

B 57 59% 0 0% 57% 15 66%

D 42 44% 0 0% 42% 9 56%

E 49 51% 1 100% 52% 18 67%

F

G
Overall: 178 45% 1 8% 45% 16 60%

4.2.1.4BlueBox™
BlueBox™’s performance in summarized in Tables 4-7 and 4-8. The invalid alert rates are low, though the three
stations it analyzed did have the lowest invalid alert rates across all EDSs. Invalid alert causes were fairly

consistent for the stations it analyzed — with sensor problems being a major cause of invalid alerts for all stations.
Like ana::tool, a large percentage of BlueBox™’s alerts were associated with “no clear cause.”

BlueBox™’s detection percentage was high overall, particularly for simulated events. Station A, for which
BlueBox™ had the lowest percentage of events detected, had the fewest events detected across the EDSs.

Table 4-7. BlueBox ™ Invalid Alert Metrics

Station V:rci);rtr)]iﬁlty Sensor Problem ComPToubr:Lcrﬁtion No Clear Cause Total # '”Valggtgle”
Total % Total % Total % Total % ITRFEE] AT (alerts/day)
A 33 22% 50 34% 9 6% 57 38% 149 0.63
B 2 6% 20 63% 0 0% 10 31% 32 0.12
D
E 4 5% 41 53% 11 14% 21 27% 77 0.32
F
G
Overall: 39 15% 111 43% 20 8% 88 34% 258 0.35
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Table 4-8. BlueBox " Valid Alerts and Summary Metrics

Simulated Event | Baseline Event Total % Average Time | % Total Alerts
Station Events to Detect that were
Total % Total % Detected (timesteps) Valid Alerts

A 65 68% 0 0% 65% 17 30%

B 88 92% 2 50% 90% 13 74%

D

E 83 86% 0 0% 86% 10 52%

F

G
Overall: 236 82% 2 22% 80% 13 48%

4.2.1.5 Event Monitor
Based on Tables 4-9 and 4-10, the Event Monitor appears to have been configured to maximize detection of events.
While this did result in a high detection rate for simulated contamination events, it also resulted in a large number

of invalid alerts, by far the most of the EDSs analyzed in the Challenge. Section 4.2.2.5 confirms that, for most
stations, adjustment of the Event Monitor’s alert threshold could produce fewer invalid alerts while maintaining
reasonable detection rates.

Table 4-9. Event Monitor Invalid Alert Metrics

Normal

Communication

Station Variability Sensor Problem Problem No Clear Cause Total # '”Valggtgle”
Total % Total % Total % Total % e (e (alerts/day)
A
B
D 205 72% 63 22% 8 3% 7 2% 283 1.1
E
F 1113 78% 238 17% 73 5% 0% 1425 443
G 229 78% 57 19% 3 1% 4 1% 293 1.15
Overall: 1547 7% 358 18% 84 4% 12 1% 2001 241

Table 4-10. Event Monitor Valid Alerts and Summary Metrics

Simulated Event | Baseline Event Total % Average Time | % Total Alerts
Station Events to Detect that were
Total % Total % Detected (timesteps) valid Alerts

A

B

D 83 86% 0 0% 84% 16 23%

E

F 81 84% 100% 85% 14 5%

G 60 63% 0 n/a 63% 15 17%
Overall: 224 78% 1 25% 7% 15 10%

Once again, Station F yielded by far the most frequent invalid alerts. With the Station F alerts removed, the alert

cause breakdown would become 75% normal variability, 21% sensor problems, 2% communication problems, and
2% with no clear cause. For the Event Monitor, the breakdown of invalid alert causes was almost identical across
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the monitoring locations, with background variability triggering the most alerts. The Event Monitor had the lowest
percentage of alerts with no clear cause.

4.2.1.6 Summary

As noted in the introduction to this section, analysis of the actual alert numbers is not meaningful, as each
participant trained their EDS specifically for each station, using their own discretion and objectives. For example,
it seems that ana::tool was configured to minimize alerts and thus the valid and invalid alert numbers were very
small for this EDS. On the other hand, the Event Monitor was configured to maximize detection of events, and as a
result generated the most valid and invalid alerts.

Though this limitation persists, Tables 4-11 and 4-12 show alert totals for all five EDSs. These numbers are sums
of the alert numbers from all EDSs: they are not weighted in any way.

Table 4-11. Invalid Alert Metrics across All EDSs

Normal Communication Invalid Alert
S Variability Sensor Problem Problem No Clear Cause Total # e
Invalid Alerts
Total % Total % Total % Total % (alerts/day)
A 160 50% 74 23% 23 7% 60 19% 317 0.33
B 19 8% 181 74% 4 2% 42 17% 246 0.23
D 376 1% 95 18% 19 4% 43 8% 533 0.52
E 23 12% 89 47% 29 15% 50 26% 191 0.20
F 3108 83% 503 13% 132 4% 3 0% 3746 3.88
G 320 49% 306 47% 8 1% 20 3% 654 0.86
Overall: 4006 70% 1248 22% 215 4% 218 4% 5687 0.91

Table 4-11 once again illustrates that the most invalid alerts were generated for Station F: 56% of the total alerts
came from this station, though only three of the five EDSs analyzed the data from this station. To try to identify a
cause for this disparity, the project team reviewed the data from this station to determine if the testing data was
significantly different from the training data (for example, many utilities operate their pumps and reservoirs
differently depending on the season, and thus WQ patterns from one period can be very different than another). No
obvious differences were observed, though further analysis could prove that this did indeed have an impact on the
alert numbers.

This station clearly skewed the alert cause totals toward normal variability. Removing the Station F alerts, the
alerts attributable to each cause becomes 46% due to normal variability, 38% due to sensor problems, 4% due to
communication problems, and 11% with no clear cause.

Alert causes are clearly station dependent. The totals for Station B, for example, are not surprising in light of the
discussion of this station in Appendix C: Station B does not have the dramatic WQ shifts resulting from source
water changes that many of the other stations do, though it has more sensor issues than other stations.

Table 4-12 shows that detection rates were fairly consistent across the monitoring locations. The lower number of
Station A events detected was seen across all EDSs except for CANARY.

This table also reflects the fact that simulated events were detected more reliably than baseline events. The reason
for this is not clear. It could be due to the fact that the baseline events were generally shorter — lasting an average
of 17.7 timesteps versus the 24 and 57 timestep profiles of the simulated events. However, the sample size is much
smaller, with 13 baseline events in the testing datasets versus 576 simulated events, and thus it is impossible to
draw any definite conclusions.
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Table 4-12. Valid Alerts and Summary Metrics for All EDSs

Simulated Event | Baseline Event Total % % Total Alerts
Station Events that were
Total % Total % Detected valid Alerts

A 199 52% 4 25% 51% 39%

B 272 71% 7 44% 70% 53%

D 244 64% 0 0% 62% 31%

E 287 75% 2 50% 74% 60%

F 236 82% 3 100% 82% 6%

G 211 73% 0 n/a 73% 24%
Overall: 1449 63% 16 31% 62% 20%

4.2.2 Analysis Considering Variance of the Alert Threshold

Section 4.2.1 illustrates the substantial differences in alerting that resulted from the participants’ differing
assumptions and goals during training. Thus, in order to do any reasonable comparison of the EDSs, it is important
to consider the range of possible performance. This section considers alerting as the alert threshold is varied.
Additional performance could undoubtedly be obtained by modifying each EDS’s other configuration variables.
But the alert threshold is the only one that can be tested without re-running the EDSs, as it is directly related to the
level of abnormality.

The Analysis Export functionality in EDDIES-ET was used to generate the data in this section. The number of
valid and invalid alerts produced at individual alert threshold values was captured, beginning at each EDS’s
minimum level of abnormality and incrementally increasing to their maximum level. Each point on the scatterplots
reflects the alerting for one threshold value.

Optimal performance is at the top left of these plots, with few invalid alerts and high detection rates. The slope of
the “curve” between two points indicates the ratio of benefit (increased detections) to cost (increased invalid alerts)
that would be realized by changing the alert threshold to move from one point of performance to the next. Steeper
slopes indicate that a significant increase in detections can be realized with a minor increase in invalid alerts, and
thus it is likely worthwhile to change the threshold accordingly.

The x-axes on the plots in this section show performance from 0 to 3.5 invalid alerts per week (an alert every other
day). Points with more than 3.5 invalid alerts per week are not shown on these plots based on the assumption that
they would not be of practical interest to a utility. For example, the point showing that the Event Monitor detected
100% of events for Station D at an invalid alert rate of 14 per week is not on this plot. Full results are included in
Appendix G.

The point highlighted in yellow on each curve represents the threshold setting chosen by the participant during
training. This point corresponds to the alerts analyzed in Section 4.2.1 and will be referred to in the text as the
configured point.

4.2.2.1 CANARY

CANARY’s curves, shown in Figure 4-1, are quite unusual in that there is little difference in detection rates across
the data points, particularly for Stations A, D, E, and G. For example, the lowest threshold setting shown for
Station G yielded 200 invalid alerts and 85 events detected, while the highest threshold setting produced 84 invalid
alerts and 83 events detected. This is a difference of 116 invalid alerts but only two detections!

This can be explained by looking at CANARY’s output. In general, CANARY’s level of abnormality stays very
close to zero — quickly jumping to one when WQ is deemed anomalous, and then dropping back down to zero. This
17
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lack of “middle ground” causes CANARYs relative insensitivity to changes in the alert threshold. Appendix G
shows that CANARY has the smallest standard deviation in level of abnormality of all EDSs.

Therefore, a utility could (and should) raise the alert threshold to get the minimum number of alerts, as this causes
little to no loss of sensitivity. The CANARY developers did implement these high thresholds during training. For
most locations where the curve is relatively horizontal, the configured point is all the way to the left, at the point
with the lowest number of invalid alerts.
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Figure 4-1. CANARY Percentage of Events Detected Versus Number of Invalid Weekly Alerts

For several stations, the maximum alert threshold still resulted in a significant number of alerts. For example, for
Station D there is no alert threshold that yielded less than 2.5 alerts per week (unless the threshold was raised
beyond CANARY’s maximum output value, in which case no alerts were produced).

4.2.2.2 OptiEDS

For OptiEDS, the level of abnormality was the same as the alert status. Since it was binary, adjusting the alert
threshold did not change the number of alerts or detections. The EDS would need to be reconfigured to get
different performance. Thus, the plot would consist of just one point for each station. The coordinates for those
points are shown in Table 4-13 (the same values shown in Section 4.2.1.2).

Table 4-13. OptiEDS Percentage of Events Detected Versus Number of Invalid Weekly Alerts

Station | # Invalid Alerts/Week % of Events Detected
A 29 36%
B 3.4 94%
D 3.3 58%
E 1.9 79%
F 25.5 75%
G 7.5 71%
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Note that if these points were plotted, Stations F and G would not show up on the x-axis scale used for the plots in
this section. OptiEDS would likely need to be reconfigured for these stations to be reasonable for a utility to
deploy.

The impact of the monitoring location’s WQ variability is clearly seen here: Stations B and D have almost identical
invalid alert rates, but there is a 36% difference in the number of events detected.

4.2.2.3ana::tool

Figure 4-2 shows the more “textbook” curves produced by ana::tool — starting at (0, 0), rising sharply, and then
leveling off as the detection percentage approaches 100%. Especially for the lower invalid alert rates, changing the
alert threshold significantly impacts the detection percentage.

These curves reinforce the results from Section 4.2.1.3: ana::tool has the most consistent performance across
monitoring locations.

Station D shows an example of a threshold change with a “steep slope” that could yield improved performance. By
reducing the alert threshold to the performance indicated by the pink point, the percentage of events detected could
be increased by 11%, with an extra alert occurring only once every 7.3 weeks.
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Figure 4-2. ana::tool Percentage of Events Detected Versus Number of Invalid Weekly Alerts

4.2.2.4BlueBox™

In Figure 4-3, Station E is an example where a utility would most certainly choose to change the threshold setting.
Lowering the alert threshold to that of the pink point would reduce the number of invalid alerts by 0.7 per week
with only a 4% reduction in detection. Depending on their objectives, a utility might choose to reduce the threshold
further to reach the orange point, which would nearly cut the invalid alert rate in half. This would also reduce the
detection percentage, though the resulting detection rate (70%) would still be fairly high when considering rates
across the EDSs and monitoring locations.
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Figure 4-3. BlueBox™ Percentage of Events Detected Versus Number of Invalid Weekly Alerts

The curves for Stations B and E both show cases where the invalid alert rate actually decreased as the number of
events detected increased. For example, the number of detections for Station B increased from 72% to 83% at the
same time the invalid alerts decreased from 0.64 to 0.58 per week. This can occur when two alerts are close
together in time: lowering the threshold causes timesteps between the alerts to become alerting, and thus multiple
alerts are merged into one longer alert period. This is not unusual: this occurs on CANARY’s and the Event
Monitor’s plots as well.

4.2.2.5 Event Monitor
Figure 4-4 shows curves for the three stations analyzed by the Event Monitor. None of the configured points set by
the developers show up on this plot, as they did not fall within the invalid alert range shown on the x-axis.

These curves have many points which are spread out across the x-axis, showing a wide range of possible
performance. While this gives the utility more options when setting the alert threshold, the decision on a precise
threshold setting is also more difficult. The general “rule of thumb” is to set the threshold at the point where the
curve begins to level off — where the slope between points begins to decrease. After this point, the ratio of
improved detections to increased invalid alerts is not as high as the threshold is reduced.

For Station F, that point of decreasing returns is clear: the curve levels off at approximately (2.4, 35%). However,
as this performance would likely not be acceptable to utilities, reconfiguration of more of the Event Monitor’s
variables would be necessary.

For Stations D and G, a utility would need to balance their objectives to decide on the final threshold setting.

Identifying a minimum acceptable percentage of detections or a maximum invalid alert rate could help to make that
decision.
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Figure 4-4. Event Monitor Percentage of Events Detected Versus Number of Invalid Weekly Alerts

4.2.2.6 Summary

Plots like those shown in this section are extremely valuable when configuring and implementing an EDS. They
allow a utility to see the tradeoff between valid and invalid alerts (the cost/benefit of configuration changes) so that
they can make an informed decision on the overall performance they desire. However, these plots are likely not
sufficient when selecting an EDS, as they only show the impact of changing the alert threshold. Other
configuration variables in each EDS could be modified to realize an even wider range of performance.

A utility would likely use a combination of the following approaches to set thresholds based on these plots.

o Identification of the “point of diminishing returns,” where the curve begins to level off and the slope
between points begins to decrease. These decreasing slopes mean that, for the same increase in invalid
alerts, the improvement in number of detections is not as great. It is common practice to set the threshold
near this point.

o Identification of a non-negotiable performance requirement. This could be a maximum acceptable invalid
alert rate, or a minimum detection percentage. Identification of the points on the curve where these values
are surpassed can help select a threshold.

For example, consider a utility deciding where to set the threshold for ana::tool, Station D. Figure 4-2 shows that
the point of diminishing returns occurs at the point, (1.1 invalid alerts/week, 53% events detected). The previous
point on the curve was at (0.97, 42%) — and increasing the threshold from this point would result in an 11%
increase in detection with only a 0.13 per week increase in invalid alerts (an extra alert every 54 days). Another
increase in threshold would produce the point (1.65, 58%). This change would result in only a 5% increase in
detections but a 0.55 per week increase in invalid alerts — less than half of the previous increase in detections, but
over four times the increase in invalid alerts. Thus, use of the threshold corresponding to the point (1.1, 53%) is
logical. However, if the utility had previously decided that they would not accept more than one invalid alert per
week, they would need to decide if they were willing to accept the slightly higher alert rate to achieve more
detections, or if they would adhere to their ceiling and choose to set the threshold to achieve the (0.97, 42%)
performance.

It is interesting to note that there is not one EDS that has the best performance universally. For example, when
comparing BlueBox™ and CANARY, BlueBox™’s performance for Station B (as configured for the EDS
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Challenge) is better than CANARY’s. BlueBox™ detects 90% of events with 0.85 invalid alerts per week, whereas
CANARY detects only 20% of events at the same invalid alert rate. On the other hand, CANARY performs better
than BlueBox™ for Station A at low invalid alert rates. When considering invalid alert rates of less than one per
week, CANARY detected 69% of events versus BlueBox™’s 35% for this station.

While the curves in this section are similar to the receiver operating characteristic (ROC) curves used for
cost/benefit analysis in signal processing, there are important differences. Appendix F discusses these differences
and also challenges the use of the area under the ROC curve as a metric to compare EDSs.

4.3 Analysis of Detection by Contamination Event Characteristic

Like Section 4.2.1, alerts in this section are identified using the alert status output. But instead of focusing on the
causes of invalid alerts, this section examines valid alerts and if there are characteristics of simulated contamination
events that make them more or less likely to be detected. All characteristics that define a simulated event are
examined: the monitoring location where the event is simulated, the contaminant being injected and its
concentration, the profile of the wave of contaminant as it passes the monitoring station, and the time that the
contaminant reaches the station.

Many tables and figures in this section are normalized based on the total number of detections by the EDS. This
highlights the impact of event characteristics on detection and de-emphasizes the difference in total detection
numbers caused by the training objectives of each participant.

4.3.1 Monitoring Location

The results presented in Section 4.2 illustrate that, for all five EDSs, the monitoring location has a significant
impact on the detection of contamination events. This section presents some additional results associated with the
impact of monitoring location on detection.

Table 4-14 shows the percentage of each EDS’s total detections that came from each monitoring location. For
example, 57 of the 178 total simulated events detected by ana::tool (32%) were from Station B. Each column sums
to 100%.

For each EDS, the monitoring station with the lowest percentage of events detected is shaded in pink, and the
station with the most events detected is shaded in green.

Table 4-14. Percentage of each EDS’s Detections that came from each Monitoring Location

Station CANARY OptiEDS ana::tool BlueBox™ | Event Monitor Overall
A 17% 8% 17% 28% - 14%
B 9% 22% 32% 37% - 19%
D 15% 14% 24% - 37% 17%
E 17% 21% 28% 35% - 20%
F 20% 18% - - 36% 16%
G 20% 17% - - 27% 15%

While these numbers heavily depend on the configuration of each EDS for the individual station, it is interesting to
note that no station has the highest or lowest percentage of events detected for all stations. In fact, Stations B and G
had the highest rate of detection for one EDS, but the lowest for another. Also, though Station E does not rank
highest in detections for any individual EDS, it has the most events detected when all EDSs are combined.
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Figure 4-5 is another way to visualize the difference in alerts across monitoring locations. Both detections and
invalid alerts are shown, with each point representing one EDS’s performance for one monitoring location. Values
are not normalized in this figure. Optimal performance occurs in the top left portion of the plot — with more valid
alerts and fewer invalid alerts.

This plot suggests that Station E is the “easiest” of the locations to analyze. It is the only station where all four
EDSs analyzing it detected at least 50% of events (reinforcing Table 4-14’s indication of this station’s high
detection rates). Invalid alert counts are low as well.

Overall performance for Station B is also good. As described in Appendix C, Stations B and E do not have the
source water changes and abrupt WQ changes seen in other stations. Conversely, the large number of both valid
and invalid alerts from all EDSs for Station F can clearly be seen when plotted in this manner.
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Figure 4-5. Number of Detected Events Versus Number of Invalid Alerts by Station and EDS

4.3.2 Contaminant and Concentration

The contaminant simulated impacts which WQ parameters are modified and the relative difference in the changes.
The contaminant concentration determines the magnitude of these changes. Table 4-15 summarizes the impact
each contaminant had on WQ, with the arrows indicating if it triggered an increase or decrease in the WQ value.

Table 4-15. Contaminant Impact on WQ Parameters

: Chlorine . .

consminr | L3000 | (ct3oinine | pnteteten | sy | o
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* Only Station G had ORP data
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Six contaminants were simulated at two concentrations each. Appendix E lists the values and describes how they
were chosen.

Figure 4-6 sums the number of simulated events detected in each category across all EDSs. The number of
detected events with high concentration is stacked on the number of detected events with low concentration to yield
the total number of events using the given contaminant that were detected. These values are simply sums across the
EDSs and are not normalized in any way.
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Figure 4-6. Overall Number of Detected Events by Contaminant and Concentration

The contaminant used impacted detection, with the percentage of events detected ranging from 57% (C6) to 78%
(C1). The concentration was also significant: the high contaminant concentrations yielded higher detection
percentages than the low concentrations for all contaminants. And in general, the contaminants with higher
detection rates at low concentrations also had more detections at high concentrations.

The two contaminants with the fewest events detected (C2 and C6) were the two for which TOC was not impacted
(shown in Table 4-15), though it is impossible to know if this was due to the lack of TOC data or to the
concentrations at which these contaminants were simulated. Appendix E describes how the high and low
concentrations were fairly subjectively selected.

This figure also shows the value added by monitoring parameters beyond chlorine. C6, which had the lowest
detection percentage, is the only contaminant which does not impact additional parameters (Station G excluded).
Also, utilities monitoring only chlorine could not detect contaminant C2 or C5, as they do not impact chlorine.

Figure 4-7 summarizes detection by contaminant for each EDS. The y-axis is scaled to the maximum number of
detections by the EDS, as the purpose of these plots is to consider the impact of contaminants and concentrations,
not raw detection numbers.

For the most part, the individual EDSs’ detections were similar to the overall numbers presented in Figure 4-6, with
C1 and C3 being easiest to detect and C2 and C6 being the most difficult. But as the differences are impacted by
the concentrations used, these numbers cannot be used to make firm conclusions about the detection potential of the
individual contaminants.
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The impact of contaminant and concentration clearly varied by EDS. The Event Monitor was most sensitive to
contaminant type. The percentage of events detected by contaminant ranged from 40% (C2) to 98% (C3).
ana::tool was impacted most strongly by concentration, detecting 74% of events with high concentrations (across
all contaminants) versus 18% at low concentrations.

Though not clear from Figure 4-7, BlueBox™ detected 100% of events with high concentration. Detection of
events with low concentration was fairly consistent except for C2, for which only 13% of events were detected.

OptiEDS’s performance is the most consistent across contaminants and concentrations. Detection across
contaminant (including both low and high concentrations) ranged from 61% (C6) to 76% (C1). The percentages of
detections by concentrations (across all contaminants) were 63% (low) and 76% (high). CANARY’s performance
is also quite consistent across contaminants and concentrations, with detections by contaminant ranging from 51%
(C6) to 77% (C1 and C3), and 58% and 83% of events detected for the two concentrations.
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Figure 4-7. Number of Detected Events by EDS, Contaminant, and Concentration
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4.3.3 Event Profile

This section examines the impact that the shape of the wave of contaminant as it passes through a monitoring
station has on event detection. Figure 4-8 shows the two profiles used for this study — one with a shorter, quick
spike in contaminant concentration and another with a longer, slower rise to the peak concentration.
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Figure 4-8. Simulated Event Profiles
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Table 4-16 summarizes the total events detected by EDS for the two event profile categories. Each column adds up
to 100%. Detection percentages were surprisingly close for all EDSs. ana::tool was the EDS most impacted by
event profile, but even that difference (40% versus 60%) is not dramatic.

Table 4-16. Percentage of Events Detected by EDS and Event Profile

Profile CANARY OptiEDS ana::tool BlueBox™ | Event Monitor Overall
FLAT 45% 55% 40% 51% 49% 49%
STEEP 55% 45% 60% 49% 51% 51%

The profile with the higher detection rate varied across the EDSs. OptiEDS and BlueBox™ more effectively
identified events generated using the FLAT profile, with its more gradual changes in WQ. ana::tool, CANARY,

and the Event Monitor more reliably identified the shorter, more abrupt WQ changes of the STEEP profile.

Though the reliability of detection is almost identical for the two profiles, the difference in time to detect is
dramatic. Table 4-17 shows that events with the STEEP profile were detected more quickly on average by all five
EDSs. The overall difference in time to detect between the FLAT and STEEP events was 16.8 timesteps.

Table 4-17. Average Timesteps to Detect for Simulated Events Detected by EDS and Profile

Profile CANARY OptiEDS ana::tool BlueBox™ Event Monitor | Overall
FLAT 18.9 21.6 29.2 22.0 25.3 22.3
STEEP 8.6 2.0 6.2 4.2 54 55

ana::tool had the biggest difference in time to detect for the two profiles (as noted above, it also had the biggest
difference in percentage detected). CANARY’s time to detect was least impacted by the event profile.

OptiEDS’s two-timestep average time to detect for STEEP profile events is extremely short. OptiEDS’s quick

decisions might have contributed to it having some of the highest invalid alert rates among the EDSs, as presented
in Section 4.2.1.2.
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4.3.4 Event Start Time

The final event characteristic considered is the event start time, which determines the WQ values and variability
upon which the WQ changes are superimposed. Appendix E describes how the start times were selected. The
analyses in this section are unique, as the variable of EDS training is removed: results within the same location
used the same EDS configuration settings.

Figure 4-9 shows the difference in the percentage of events detected for each start time across the EDSs. The letter
of the start time ID indicates the monitoring station. The number is simply an identifier.
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Figure 4-9. Percentage of Events Detected by Event Start Time

Start time clearly impacted detection. Start times Al and A2 were the “hardest” to detect overall. Just 42% of the
Al events were detected across the EDSs (Figure E-4 shows a difficult Al event), and no EDS detected more than
71% of the events at time A2. F3 was the “easiest,” with all EDSs detecting at least 95% of events with that start
time!

Individual start times were not consistently “easy” or “hard.” Four start times — A4, B2, D2, and D4 — had the
highest detection rate for one EDS, but the worst for another. All of the D1 events were detected by ana::tool, but
none by CANARY. D4 was flipped, with CANARY detecting 96% of events and ana::tool detecting only 13%.
And since this was the same station, the same EDS configurations were used for both start times.

Figure 4-10 shows the range of detection percentages across all start times. Most EDSs had at least one start time
for which they detected all events (the Event Monitor’s maximum was 96%). Conversely, CANARY, OptiEDS,
and ana::tool had a start time for which less than 15% of the events were detected. CANARY and OptiEDS had the
largest standard deviations in detections across start times: these EDSs analyzed all stations and thus have more
data points included here.
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Figure 4-10. Percentage of Events Detected by EDS and Event Start Time

4.3.5 Summary

All of the event characteristics discussed in this section impacted the EDSs’ ability to detect the event. Table 4-18
shows the minimum and maximum percentage of events detected across the categories for each event characteristic,
as well as the standard deviation of percentage detected. For example, CANARY detected between 51% (C6) and
77% (C1 and C3) of events for individual contaminants, and across the contaminants there was a 10% standard
deviation in detection percentage. Monitoring location is not included in this table: those numbers are presented in
Section 4.2.1 and are entirely dependent on how the EDS was trained.

The cells are color-coded to show the impact of the event characteristic on ease of detection for the given EDS
based on the standard deviation of detection percentages across all categories of the characteristic (for example,
across all six contaminants). White cells indicate that the standard deviation was less than 10%, light shading
reflects a 10-25% standard deviation, and dark coloring indicates that the EDS’s performance was highly impacted
by the event characteristic, with a standard deviation higher than 25%.

Table 4-18. Range and Standard Deviation of Detections across Event Characteristic Categories

CANARY OptiEDS ana::tool BlueBox™ | Event Monitor
Min St Min St Min St Min St Min St
Max Dev Max Dev Max Dev Max Dev Max Dev
. 51% o 61% o 33% o 56% o 40% o
Contaminant 77% 10% 76% 5% 53% 8% 94% 13% 98% 26%
. 58% o 63% o 18% o 64% o 71% o
Concentration 83% 18% 77% 10% 74% 40% 100% 26% 85% 10%
i 64% o 64% o 38% o 80% o 76% o
Event Profile 77% 9% 77% 9% 55% 13% 84% 3% 80% 3%
. 0% o 8% o 13% o 54% o 58% o
Start time 100% 25% 100% 28% 100% 22% 100% 15% 96% 14%

Start time had the biggest influence on overall detection, with all EDSs being moderately or highly impacted.
Contaminant concentration also had a significant impact. Event profile had the smallest impact on the EDSs’
ability to detect an event, though Section 4.3.3 shows that this characteristic dramatically impacts the time to detect.

All characteristics except for event profile had a high impact on at least one EDS. And for each characteristic
except for start time, there was at least one EDS not significantly impacted by the characteristic.
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Each EDS had at least one characteristic that highly impacted its ability to detect an event and a characteristic that
did not significantly impact it, and these were different across EDSs. For example, the contaminant simulated had a
high impact on the Event Monitor’s ability to detect the event but a low impact for ana::tool. Conversely, the
concentration of that contaminant had a large impact on ana::tool’s ability to detect, but not on the Event Monitor’s.

Each EDS had at least one category for which it detected at least 98% of events — and thus there is some quality that
makes an event essentially certain to be detected by the EDS. This varied by EDS. For example, events using
contaminant C1 were “slam dunks” for the Event Monitor. For BlueBox™, it was events with high contaminant
concentrations that were easily detected.

Though this section focused specifically on the detection of simulated contamination events, these findings could
reasonably be extrapolated to detection of anomalous WQ in general. Contaminant and concentration simply
determine the change in the various WQ parameters. The event profile reflects the length of time during which the
monitoring location receives anomalous water, as well as the level of “unusualness” throughout that period. The
start time identifies the water impacted by contamination.

For example, a pipe break might most closely resemble the events with the STEEP profile and high concentrations
of contaminant C1: a quick change, impacting TOC and chlorine significantly. A nitrification event would have a
pattern closer to the FLAT profile and would be reflected in a low level chlorine change (perhaps like a low
concentration of C6). It would also impact ammonia, though ammonia data was not provided for any of the
Challenge locations.
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Section 5.0: Summary and Conclusions

All of the study objectives stated in Section 1.2 were achieved.

e The major EDSs being used by utilities today were included in the Challenge, and the performance of each
was certainly analyzed in a variety of ways. EPA is appreciative to these developers for their voluntary
participation and the significant effort required.

o EDS developers were able to train and test their software on a large quantity of data (three months of
training data, nine months of testing data, and 96 simulated contamination events for each of the six
monitoring stations). Also, these datasets will be made publicly available so researchers and utilities can
use them for their own evaluations.

e Most participants have updated their EDS based on the experience gained from the Challenge. EDS
developers describe enhancements they have made in Appendix B.

e The evaluation procedure developed was robust and precise. The study design and findings have been used
by WSi pilot utilities seeking to evaluate and select EDSs.

The introduction to Section 4.1 describes some of the limitations of this study and considerations for interpretation
of the results. This study does not and was never intended to provide decisive conclusions about individual EDSs
or the feasibility of event detection in general.

5.1 Conclusions

Even with a perfect evaluation methodology, any evaluation of EDSs can only reflect the performance of a specific
version and configuration of each EDS. As noted above, participating EDSs have been updated and enhanced since
this analysis was performed. And even with the EDSs in their previous state, the results could have been very
different if the participants had configured their EDS even slightly differently.

Even with these study limitations in mind, the following conclusions regarding EDS performance can be made
based on the results presented in this report.

o WQ event detection is possible. For all stations except Station F, there were detections over 50% with less
than one invalid alert per week. While this might not seem particularly impressive, keep in mind that this
likely represents a worst case of EDS performance. Going into this study, the project team feared that the
issues presented in Section 4.1 would render the EDSs essentially useless — that at all reasonable invalid
alert frequencies, detection rates would be negligible.

e Altering the alert threshold dramatically changes alerting — both invalid alerts and the ability to detect
anomalous WQ. Reconfiguring an EDS to reduce invalid alerts generally reduces the detection sensitivity
as well.

e There was no clear “best” EDS. Section 4.2.2 illustrates that EDS performance varies greatly based on
variable configuration.

e The ability of an EDS to detect anomalous WQ strongly depends on baseline variability of the monitoring
location (Sections 4.3.1 and 4.3.4) and the nature of the WQ change (Sections 4.3.2 and 4.3.3).

5.2 Research Gaps

Table 4-11 shows that the most common cause of invalid alerts in the EDS Challenge was background variability.
Variability also impacted detection: Section 4.3.4 shows that start time significantly impacted all EDSs’ ability to
detect an event.

To obtain maximum benefit, one idea is to consider event detection during selection of sites for new monitoring
locations. Utilities with WQM have admitted becoming desensitized when frequent invalid alerts are received from
a particular monitoring location. As this eliminates the benefit of that equipment, it has been suggested that
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monitoring stations not be placed at locations with high WQ variability or with large pressure fluctuations. This
study certainly supports the premise that a site with more stable background WQ could allow for improved
detection. And there are case studies of utilities considering the WQ variability of sites when selecting monitoring
locations (EPA, 2009b). However, no research has been done to determine how an alternate site with less variable
WQ could be identified that still monitors the area of interest.

Supplemental data was included in the EDS Challenge datasets in the hope that the EDSs could use this information
to reduce invalid alerts. However, the data provided represented only a small percentage of the factors that
determine the WQ at a particular point in the distribution, such as source WQ), treatment plant operations,
distribution system maintenance and upsets, system demands, temperature, and valving and pumping. Even if all of
this data was available, effectively incorporating it into automated analysis seems infeasible due to its complexity
and interdependency.

A proposed solution is real-time modeling, in which real-time operations data is incorporated into the utility’s
hydraulic and WQ maodel to predict real-time flow, pressure, and WQ throughout the system. Researchers are
developing a real-time extension to EPANET (Hatchett, 2011; Janke, 2011), a free modeling software available at
http://www.epa.gov/nrmrl/wswrd/dw/epanet.ntml. The vision is that event detection could be built into this
platform, alerting if the difference between real-time WQ data and the values predicted by this model is significant.

While this capability would be powerful, it seems unlikely that this will be feasible for the average utility in the
foreseeable future. As an alternative, Koch and McKenna (2011) describe a study where data from multiple
monitoring stations was integrated using knowledge of the network topology (e.g., how many pipes and junctions
between any pair of monitoring stations). This work did not rely on a calibrated network model. It is unclear
whether this approach would be reasonable or useful for the average utility.

Finally, utilities with WQM often come up with their own innovations for reducing the number of invalid alerts.
For example, some utilities have reported reducing their invalid alert numbers by modifying system operations to
make WQ more predictable. Options for operational changes would vary by utility, but case studies such as this
would certainly be valuable to share.

5.3 Practical Considerations for EDS Implementation

The old adage “garbage in, garbage out” certainly applies to EDSs. Section 4.2.1 shows that sensor problems
triggered a large percentage of invalid EDS alerts. Proper maintenance of sensor hardware is crucial to reduce
invalid alerts and maximize the ability of an EDS to identify anomalous WQ. For best EDS performance, utilities
should wait until sensors are operating reliably and accurately before training and installing their EDS.

The following are suggestions for selection and implementation of an EDS. They are based on the EDS Challenge
conclusions presented in Section 5.1 and lessons learned by utilities who have implemented an EDS.

o Do not make an EDS selection decision solely based on EDS performance. The whole package should be
considered including cost, available support, ease of use and user interface, compatibility with existing data
management systems, and the ability to modify or add parameters to analysis.

o Ideally, assess EDS performance on utility data prior to selection. Valid and invalid alerting can vary
greatly across monitoring locations, and thus case studies included in a vendor presentation might not
reflect performance that could be realized at other utilities. Ideally, a utility could provide data from one or
two of their monitoring locations and see the alerts that would be generated. This is even more informative
if that data contains “baseline events” so that response to anomalous WQ can be observed. Any data used
for evaluation should be representative of the type and quality of data that would be used during real-time
monitoring.
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e Consider both invalid alerts and anomaly detection when setting EDS configurations. To measure the
ability to detect anomalous WQ, simulated events and/or historical WQ anomalies from the utility can be
used. Most vendors assist with this configuration process.

o Develop procedures, roles, and responsibilities to support review of alerts in an effective and efficient
manner. This should be aligned with normal utility activities to the extent possible. With this optimization
of response, many utilities have reported that investigation of alerts averages less than 10 minutes.

o Implement event detection in stages. Do not just “turn it on” and immediately begin responding to alerts.
Do off-line analysis of alerts produced (likely in cooperation with the EDS developer) and adjust
configurations until acceptable performance is achieved.

o Regularly review EDS alerting and update configurations if necessary. This is particularly important if
standard system operations have changed.

o Regularly review and update alert investigation procedures based on lessons learned.

With the current state of technology, there is a limit on what can be done to improve EDS performance. Invalid
alerts will certainly persist, as WQ in the distribution system is complex and variable, and there is presently no
reliable way to predict precisely what it will be. Thus, the benefit of early detection of anomalous WQ comes with
the cost of invalid alerts.

Hardware vendors will continue to develop and refine methods for measuring WQ. EDS developers will continue
to refine and enhance their data analysis approaches. And researchers will continue to develop methods to more
accurately model distribution system conditions. However, regardless of the advances in event detection, the need
for utility expertise will never be eliminated.

While an EDS can alert utility personnel to a potential anomaly, it is up to utility experts to investigate and
determine if the water is indeed anomalous and if action is required.
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Appendix A: EDDIES

EDDIES was developed by the EPA to facilitate implementation of WQM. It was initiated for and has been
enhanced based on the needs of the WSi pilot utilities as they implement EDSs.

EDDIES-ET, used to implement the EDS Challenge, contains all functionality needed to manage and implement an
evaluation of EDS(s). This appendix describes the major capabilities of EDDIES-ET. Contact Katie Umberg at
umberg.katie@epa.gov for more information.

EDDIES-RT is a separate piece of software designed to support real-time deployment of EDSs at water utilities. It
eliminates the need for EDSs to interface with multiple data sources: once an EDS is compatible with EDDIES, it
can be used in any utility or evaluation setting where EDDIES is installed. Likewise, once a utility configures its
connection to EDDIES-RT, it can instantly run any tool that is compatible with EDDIES. This software is not
being actively supported, however, as few EDSs have chosen to develop an EDDIES interface.

A.1 Testing Data Generation
EDDIES-ET simulates contamination events by superimposing WQ changes on utility data uploaded by the user.
Appendix E describes this methodology.

Figure A-1 shows the EDDIES-ET screen where the user specifies the test datasets and EDS to be evaluated. The
desired baseline data to use for testing is selected on the top portion of the screen, as well as the EDS and
configuration to test. The data polling interval is also designated here.
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Figure A-1. Batch Manager Tab Screenshot
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On the bottom half of the screen, the user enters characteristics of the desired simulated contamination events. An
event is simulated for every combination of the values entered, so large test ensembles can be generated quickly
and easily.

A.2 EDS Management

Batch execution can be done within or outside of EDDIES-ET. If the EDS to be evaluated is compatible with
EDDIES, the user simply clicks a button to implement the evaluation. EDDIES launches and communicates with
the EDS, provides data to the EDS for all scenarios in the batch, and collects and stores the EDS results. If the EDS
is not compatible with EDDIES-ET, the user exports the test data files (including the simulated contamination
events), runs them through their EDS externally, and uploads the results files into EDDIES in order to use the
export and analysis capabilities described below.

The EDDIES-ET software comes with a simple EDS already installed: the setpoint algorithm. This EDS will
generate an alert if the WQ data deviates outside of the parameter limit values identified by the user. The setpoint
algorithm can be used as a standard against which to evaluate another EDS. Also, EDDIES-ET can be used to
evaluate the ability of current setpoints to detect anomalous WQ, or can be used to identify new setpoint values to
maximize the ability to detect WQ anomalies while minimizing invalid alert rates.

A.3 Export and Analysis

The user can export data files containing raw data, test datasets, and EDS output. EDDIES-ET also includes a
variety of analysis capabilities which the user can implement on any subset of completed run(s). The Alerts Export
lists all EDS alerts produced in the selected runs, designating them as valid or invalid. This export was used for the
analyses in Section 4.2.1. The Analysis Export calculates performance metrics for multiple alert threshold settings.
This export was used for Section 4.2.2 and Appendix G.

35



Water Quality Event Detection System Challenge: Methodology and Findings

Appendix B: Participants

As described in Section 2.2, participants in the EDS Challenge trained their EDS for each monitoring station and
sent the software to EPA for testing. After that, they had no control of (or even knowledge of) the project
implementation. EPA ran the EDS on the test datasets, collected and analyzed the EDS output, and prepared this
report. The participants did not even see a summary of their performance until the work was largely complete.

This appendix was added to give the participants a voice. The content of this appendix was provided entirely by the
participants.

Contact information for each EDS is given in Table B-1.

Table B-1. EDS Developer Contact Information
EDS Contact Website

Sean McKenna
CANARY 505-844-2450 http://www.epa.gov/INHSRC/aboutwater.html
samcken@sandia.gov

Elad Salomons
OptiEDS +972-54-2002050 http://www.optiwater.com
selad@optiwater.com

Florian Edthofer
ana::tool +43 12197393 35 http://www.s-can.us
fedthofer@s-can.at

Asaf Yaari
BlueBox™ +001-786-2829066, +972-3-609-9013 | http://w-water.com
Security@w-water.com

Katy Craig
Event Monitor 970-663-1377 x 2395 http://www.hach.com
kcraig@hachhst.com
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B.1 CANARY

We appreciate being able to take part in this study. We found this analysis to be well thought out and well executed
given the constraints of simulation-based testing. We were surprised to see the variation in results across EDS tools
for a given station and look forward to examining the event data used in the evaluation so that we can better
understand some of the results produced by CANARY.

CANARY was not updated based on the experiences gained in this study. The base algorithms in CANARY have
been in place since 2008, prior to the start of this study, and in our analysis of the baseline (training) data we simply
adjusted the algorithm parameters based on the training data. Simultaneous, or prior, to the start of this study, we
were adding the Composite Signals capability and the Trajectory Clustering Pattern Matching algorithms to
CANARY and we did use these on some of the stations. The composite signals capability was used at Stations A,
D, and G to make CANARY less sensitive to water quality changes after any of the pumps changed status (Stations
A and D) or there was a significant change in the flow rate from a pump (Station G). Pressure data were also
available at Station A, but incorporating these data into the event detection did not significantly improve results.
Subsequent to the end of the study, we learned that during the evaluation (testing) phase, EDDIES was not able to
correctly read some of the composite signals we had defined. This feature of EDDIES impacts our results at
monitoring stations D and G where there was a calibration signal for the entire station, as provided in the data set,
and we also created a second calibration signal using the composite signals capability within CANARY. EDDIES
was only able to read one of these calibration signals and we are not clear which one. The pattern matching was
used at Station F to recognize multivariate changes (chlorine, pH and conductivity) in the training data and then
compare any potential water quality event against a previously recognized pattern prior to calculating the “level of
abnormality.” Both of these newer algorithms tend to use other information usually gained through discussions
with the network operator, and since there really was no communication here, we did not use these tools as
extensively as we would in an actual setting.

In the version of CANARY used in this study, estimation of the water quality signal value at the next time step is
done independently of any other signal (e.g., no cross correlation between signals is exploited). Fusion from the M
signals down to one “level of abnormality” value is done using the residuals between each estimated value and the
measured value as it becomes available. All signals are weighted equally in the fusion: No consideration of the
ability of a signal to be better or worse in defining an event or to react more or less strongly to a certain
contaminant was employed in this study. We typically used all five water quality signals: chlorine, pH, turbidity,
conductivity, and TOC in the analyses for each site. We examined the ability of temperature to contribute to event
detection and decided not to use it in analysis at any of the stations.

CANARY employs an algorithm called the binomial event discriminator (BED) to aggregate event detection
measures across multiple consecutive time steps and calculate the probability of an event (here the “level of
abnormality”). This algorithm has proven robust at keeping the probability of an event at 0.0 in the face of noisy
data and then rapidly increasing that probability to 1.0 when an event is identified. The result is that there are
relatively few time steps where the “level of abnormality” has values between 0.0 and 1.0. This nearly binary
assignment of probability creates the very flat curves (curves showing the proportion of events detected as a
function of the number of invalid alerts per week). It is possible to change the parameters within the BED
algorithm to get different shapes in the resulting curves.

A challenging part of this study was trying to understand what the “utility” would consider to be a significant
change in the baseline water quality in order to better set the event detection parameters. The training datasets
contained significant changes in water quality that would certainly be of interest to a utility, but we were uncertain
in how small of a change the utility would be interested in finding. We adjusted the parameters in CANARY such
that we picked up the majority of the large “baseline events” but our definition of “large” for each station remained
an ad hoc estimate. Again, discussions with the utility would refine this understanding and allow for improved
event detection.
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It is our feeling that if a utility is sampling their water quality data at intervals greater than 5 minutes, then they are
not that concerned about water security. Therefore, we did not place as much attention on Stations B and E for
setting parameters relative to the other stations.

The CANARY algorithms used here are designed to detect relatively abrupt changes in water quality and the two
contaminant patterns used by EPA were both abrupt enough to be well-detected by these algorithms. Other
algorithms within CANARY allow for the addition of user-defined set points (low and high) and these can be used
to pick up the end result of a slow decline/increase in a water quality value. These set-point algorithms work well
for detection of a sensor that is slowly going out of calibration or cases where a water quality level (e.g., chlorine)
decays to an unacceptably low value. These algorithms can be added to the abrupt change algorithms employed
here.
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B.2 OptiEDS

The optimal Event Detection System (optiEDS) is a software-based Event Detection System (EDS) which helps
detect anomalous water quality conditions in real time. optiEDS will monitor a set of water quality and operational
data, measured and computed. Once an abnormal combination of the monitored data set is detected the system will
alert and report the "suspicious™ parameters. The basic algorithm of optiEDS uses trend analysis to monitor
deviations from a steady parameters baseline. On top of the statistical analysis of parameters, the unique water
network operation logic may be embedded into optiEDS, empowering the water utility's engineers and operators
with specific knowledge of the system.

The EPA EDS challenge was the trigger for the development of optiEDS as a standalone application. The version
submitted to the EPA was compiled in short period of two weeks.

optiEDS - Optimal Event Detection System - © Elad Salomons E|
File Help

Monitoring station - "Station A"

Time

Message

03/07/2007 14:40:00
03/07/2007 14:35:00
08/07/2007 14:30:00
08/07/2007 14:25:00
08/07/2007 14:20:00
03/07/2007 14:15:00
03/07/2007 14:10:00
08/07/2007 14:05:00
03/07/2007 14:00:00
03/07/2007 13:55:00
03/07/2007 13:50:00
03/07/2007 13:45:00
08/07/2007 13:40:00
03/07/2007 13:35:00
03/07/2007 13:30:00

Marmal data
Marmal data
Abnommal data
Abnommal data
Abnormal data
Abnormal data
Marmal data
Mormal data.
Mot filling buffer
Ewent Detacted
Abnormal data
Abnormal data
Abnommal data
Abnormal data
Marmal data

16/08/2010 09:31

Ewents T5: 30 Mumber of Events: 3

The main capabilities of optiEDS are:

Monitoring a large set of water quality and operational parameters
Real-time alarming for abnormal changes in the water quality
Definition of a normal dynamic baseline of parameters

Custom adjustments to a water network using the utility's knowledge

The EPA EDS challenge
The EPA EDS challenge was a great opportunity for EDS developers to objectively test their algorithms and
products. This exercise was truly challenging and was managed in a professional way as described in this report.

For understandable reasons, there were a few issues making the exercise even more challenging.

o Due to lack of direct communication with the utility's personal, queries regarding operational issues could
not be addressed.

e The provided monitoring stations descriptions were not always supported by the data provided. In some
stations the quality of the data was poor. For example, some parameters dropped to zero for long periods of
time.

e As stated in the report, data time step in three stations was above 5 minutes. These polling intervals are not
idea for water quality event detection.
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One of the most promising results of optiEDS is the high detection of “baseline” events. These events are much
more likely to happen within the water distribution system and their detection would be of great value to the water
utility.

About Elad Salomons

Elad Salomons is an independent Water Resources Engineer with over 15 years of consulting experience. Elad’s
focus is on water distribution systems management, modeling, optimization, water security, software development
and research. Elad is a consultant to water companies, water utilities, engineering firms, startup companies and
research institutes. In recent years, most research has been devoted to water security issues, such as software
development for sensor placement, online contamination monitoring, event detection systems, and identification of
possible contamination sources.

Elad is the author of the water simulation blog at http://www.water-simulation.com. Professional information may
be found at http://www.eladsalomons.com.

As a personal note, | would like to mention that this challenge shows that the differences between the tested tools
are not vast. Water utilities considering implementing event detection systems should seek consultancy on related
issues such as sensors locations, sensors types, EDS, contamination source detection and procedures for handling
events.
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B.3 ana::tool

Expression of gratitude to US-EPA

S..Can

Intelligent. Optical. Online.

through this initiative, for all the work and enthusiasm they invested into the challenge and into this report, and the support they gave

We want to express our gratitude to the EPA team, and especially to Katie Umberg who invited and guided us with never ending patience

us. It was a true pleasure for us to participate and have the chance to test our ED system on standardized data and event sets, and
compare against other EDS. This challenge was a true opportunity for s::can to improve our software to the status it has reached today. In this
way, we are enormously grateful to the EPAteam, andto Katie personally, to have invited and allowed us to participate.

Event Detection from a Practical View

Why we at s::can try to AVOID FALSE ALERTS

s::can's credo at this challenge was to operate at optimum true-to-
false alert ratio, at real-world acceptable false alert levels; but not to
optimise true alert detection at the cost of an explosion of false alerts.
At 0.9 false alerts per week, ana:tool exhibited the lowest average
false alert rate of all tools.

Alarm History Select all Unselect dl Confam Regect Create

01-01-2012.11:50:00 WARNING 1 0w spec 20208045 Drink-3

28-12-20H 17:00-00

WARNING 1 Dw spec 20208045 Drink-2

28-12-2011 17:00:00 WARNING 1.0.w spec 80208045 Drink-1

Screenshot moni::tool Alarm Reject/Confirm Option

We have learned from the operators of the utilities we have been
working with since several years, that an EDS that runs at 7 false
alerts per week or more, is not accepted for practical operation. Atool
that e.g. catches 70% of the events, but only 22% of all detected
events were true but 78% false, would be of limited practical
relevance.

Importance of DATA VALIDATION before Event Detection

Automatic data validation makes sure that only unmarked, “clean”
data are used for further analysis, training and alarms. Any non-
event-related deviating data must be identified and marked before
feeding them into the following event detection module.

Target is to avoid that invalidated data sets are being used for alert
training, or invalidated data would trigger false alerts.

vali::tool provides self-adaptive, self-controlled data validation in
real time. It analyzes noise, outliers, steps and other combinations
in real time to reliably detect any malfunction at an early stage.
vali::tool helps to dramatically reduce false alarm rates.

—= & Notlogged in | s

Screenshot moni::tool Clean/Raw Value

Event Detection AFFORDABLE and DECENTRALIZED

We believe that water protection by EDS must be affordable even
for the smallest water utility. Otherwise, water safety would remain
a privilege of large utilities, and would not serve the thousands of
smaller communities, and with this the maijority of US population
who have the same right for safe drinking water. Sensors and

software must be affordable, and the data exploration system
should do without expensive and maintenance intensive cen-
tralised IT infrastructure. This can be achieved only by “local EDS".

Interfaces Must be EASY TO USE

The user interface was beyond the scope of this challenge. The
big question mark remains: Will operators be able to independently
run such rather complex software, understand it, evaluate it, train
and calibrate it, reject / confirm events, and interpret results in real-
time, so that in the case of a real event, the sequential actions can
be fast and appropriate ? We at s::can believe that a good user
interface is absolutely crucial for the acceptance of event detection
systems, as important as the event detection algorithms
themselves. We also believe that event detection software must be
simple enough to be run by utility operators, and would not support
software that only works if operated by scientists or specialised
engineers.You are invited to check the user friendliness of the
s::can software under http://monitool.s-can.at

condulysor

26N0 | 12:87

moni::tool - intuitive and very easy to use
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S..Can

About the s::can EDS appreach ana::toel / moni::tool Intelligent. Optical. Online.

= With the development of our event detection software, our mission
was to develop a very affordable and easy to use local event
detection software that should allow even small towns or villages
without experienced engineers to reach a high level of water safety.
After 15 man-years of R+D, and with the release of moni::tool 1.6,
we can claim to have reached this aim.

TOC
= ana:tool is the EDS module and part of the powerful software
package moni:tool that was first introduced by s:can in 2010.
http://monitool.s-can.at DOC
= The software package runs on an industrial terminal that is also
provided by s::can, the con::cube (see picture). It hosts a local data
base, can be accessed via any Web browser from any place in the SAK
world, even from any smart phone, and easily networks and
synchronizes with centralised data collection systems.
uv2s4
= The con:cube terminal can not only accept s::can sensors, actually
any type of sensor of any make can be connected to con::cube's
digital or analogue interfaces. Color

= The EDS software trains itself on any type of data streams coming
in, and will learn automatically which data are useful for event i
detection, and which ones not. freel/total Chlorine

= No matter if the origin of contamination is intentional, accidental, or

||I|II|IIH||III||I|I|III|||III||I|||||II‘III\‘IIII’III\‘I

operational, with ana::tool there is a high chance that any events pH
can be caught and fought in real time.
= The s:can nano:station (picture) monitors TOC, DOC, UV254,
colour, NTU turbidity, Chlorine (freeftotal), pH, and conductivity, all NTU
in one flow cell and on one small panel - at costs that are so low
that any small town can afford it.
FTU
Advantages of moni::tool at one glance
= Transparent station and sensor management tools eliminates risk pS
of misuse / malfunction / wrong inputs to a great extent
= Smart-phone-style, easy to use interface allows sensor and station
to be operated by non-expert staff, from any place they are. Alarms

= Data validation step before event detection eliminates non-
interpretable data, and thus reduces false alarms dramatically.

= Highest sensitivity: Lowest detection limits for most contaminants
(organic and inorganic), i.e. as low as ppb level for some solvents
and pesticides.

The s::can nano::station

= Highest selectivity: Can distinguish between changes of organic background matrix / natural organics, and organic contaminants, thus
greatly reduces false alarms.

= Extremely user friendly, can easily be operated by non-expert staff.

About s::can

= With more than 3.500 units sold, s::can is the world leader for online-spectrometry. In addition, s::can is well known as a provider of on-
line sensors for Organics (TOC, COD, BOD), turbidity, nutrients (NO3, NO2, NH4), other ions, Chlerine, pH, and conductivity.

= sican sensors have a reputation of lowest maintenance, highest reliability, and negligible running costs.

= s:can sensors and stations have been successfully operated since many years in many major US cities.

Contact: Florian Edthofer, s::can Messtechnik GmbH :: phone: +43 1 2197393-35 :: e-mail: fedthofer@s-can.at :: http://www.s-can.us
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B.4 BlueBox™

The EPA Challenge contributed dramatically to the product’s development. During the process of training the EDS
and analyzing the EPA Challenge data sets, a lot of insights were discovered, both regarding the product’s
configuration methodology and the product’s working procedures.

Since submitting the results, the product was deployed in many utilities, where we were able to continuously
improve the product based on customer inputs. In each deployment we added new features to the product and
acquired new insights regarding the product’s configuration methodology.

The next two chapters describe the new features and improvements which were added to the product since the EPA
Challenge and the developments which are currently in process and will be released in the near future.

Main Improvements & New Features

1. Incorporation of Operational Inputs

Extending the BlueBox™ the ability to define and incorporate operational variables, such as discrete variables
(e.g. indication of pumps and valves on/off), or substantial changes in the measurements of operational
parameters, such as flow, pressure and water direction.

This capability allows the system to cross reference and correlate between suspected quality events and the
operational environment in which the event occurred, therefor providing additional insight into the event
characteristics resulting in higher certainty and accuracy of alarming.

2. Differentiation Between Quality Events and Malfunctions

Extending the BlueBox™ the ability to distinguish between water quality events and sensors malfunctions, by
analyzing water quality data. Figure No. 1-1 and 1-2, below, demonstrate the BlueBox’s™ ability to identify
changes in water quality patterns, specifically being able to distinguish the cause of the alert, whether it is a
result of a water quality event or an equipment mailfunction.
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50
33 45 -
. 40
o 35
2% w
s 20
. b
us 05 -
I
A2

Model noise (std)
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2011ADA3 06.25:00 20114083 160100 2011404 01:37:00 2011 ADA4 119300 2011704 204200
=

Figure 1-1 Water Quality Event Figure 1-2 Sensor Malfunction

3. Sensor Agnostic

Extending the system the ability to integrate with any sensor, regardless of manufacturer, make or model. The
BlueBox™ has an Open Process Control (OPC) interface which allows the system to exchange data with any
standard industrial automation system. As a result, the integration of the BlueBox™ into most environments,
controllers and SCADA systems is simple, quick and straightforward resulting in a short installation and
integration time.

4. Ability to Learn from Past Experiences

Providing the BlueBox™ with a self-learning mechanisim based on event classifications. The BlueBox™
enables the user to classify the on-going events as “true” or “false”. Over time, this growing library of event

43



Water Quality Event Detection System Challenge: Methodology and Findings

classifications is used to “teach” the BlueBox™ which scenario to alert in the future as a true event, resulting in
improvement of the detection rate and minimizing false positive alerts.
5. Incorporation of Time Parameters

Extending The BlueBox™ the ability to incoporate time parameters as part of the system inputs and parameters
monitored. Using that ability The BlueBox™ can detect abnormalities based on seasonal parameters (time of
the day/month of the year) - an advantage which greatly improves event detection analysis in real time and
reduces the level of false alarms resulting from seasonality effects.

6. Reports Module

Providing the BlueBox™ a reporting module enabling the system operator and the managers to excute various
data analysis reports including alarming statistics, events history and more.

Future Roadmap

1. Auto Calibration

A new feature which will shorten the system configuration time and reduce dependency on manual inputs from
the user. The auto calibration feature will enable the user to configure automatically the EDS system for each
monitoring station.

2. Optimal Location Planner of Sensors

A new feature which will enable calculation of the optimal location of sensors in the water distribution network
based on sensor type, cost and their efficiency in detecting water quality events. The module will be available
both for existing Water Distribution Systems (WDS) as well as WDS under design process.

3. Spatial Detection Module

A new module which will enable detecting abnormalities in spatial sub regions of a WDS by analyzing online
water quality data.
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B.5 Event Monitor
The Hach Event Monitor

The Hach Event Monitor is specifically designed to detect incidents of abnormal water quality. In real world
operation, incidents of variable water quality that are routine or normal in nature will far outnumber incidents that
are true threats. With this in mind, the Hach system has been designed with both a heuristic ability to learn events
and an automatic self-tuning capability that modifies the definition of what constitutes an abnormality according to
the variability encountered for a given time frame at a specific site. The self-tuning minimizes time and expertise
needed for users to adjust and train the system. Self-tuning features allow for the optimization of sensitivity while
eliminating many unknown alarms due to noise.

Event Monitor Analyzes Water Quality Data from Online Sensors Monitoring Source or Finished
Water

The patented Event Monitor from Hach Company integrates multiple sensor outputs and calculates a single Trigger
signal. It then identifies deviations in water quality due to operational fluctuations and calculates a “fingerprint” of
each system event which is then catalogued in the monitor’s “Plant Event Library.” This intelligent software
streamlines analyzing the data from the instruments, interpreting the significance of water quality deviations from
the established baseline, and alerting operations personnel to “events” in their water system. The trigger threshold
and other simple settings can be adjusted to increase or decrease system sensitivity. The Plant Library then stores
information that employees have dealt with in the past.

Operators adjust the sensitivity of the system to water quality events and they can label event fingerprints for
simplified identification should the event recur. With its demonstrated ability to “learn” and be “taught” specific
system dynamics, the Event Monitor can become an invaluable tool for water utilities looking to lower system
maintenance costs and streamline plant operations, all while improving water quality and customer satisfaction.

Leverage the Power

Hach Company has developed an Agent Library to augment and enhance the capabilities of the Event Monitor
when used as part of the GuardianBlue® Early Warning System. The Agent Library is capable of classifying threat
contaminants so they are easily differentiated from water quality events. The Agent Library was not utilized in this
study due to the nature of the study and unknown sensors. Capabilities of the Agent Library have been confirmed
in earlier EPA studies. The GuardianBlue Early Warning System has received Safety Act Certification and
Designation from the US Department of Homeland Security based on review of performance and testing data.

EDS Study

The data sets provided for this study contained not only noise but actual true events that were likely of a normal or
operational nature. In the training part of the exercise, Hach had no knowledge of the operational characteristics of
the site data used and chose to address the noise part of the equation but did not remove or categorize operational
type events. This route was chosen because without operator input as to what is normal and the probable cause,
removing the ability to alarm on true water quality events such as an increase in TOC or a decrease in chlorine is
never a good idea as it could compromise the event detection system’s ability to respond to true events. The goal of
the training was to maximize the detection of contamination events without causing alerts with no clear cause.
During the course of the study, the Event Monitor recorded a number of the normal variability changes as unknown
alarms. Additionally, the number of alerts due to ‘No Clear Cause’ was successfully minimized. Real world
deployments at many locations over a number of years have shown that when operators take the time to categorize
and name events, the number of such alarms decreases dramatically and rapidly with most being eliminated after
just a few days of deployment. If such interaction was available during this study, the number of these alarms
would be expected to decrease dramatically.
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Detect Source Water Quality Events

In addition to consistently detecting changes in drinking water quality, the Event Monitor has proven in field use
(since 2006) to be a powerful tool used to detect changes in source water quality used in conjunction with

appropriate sensors.
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Appendix C: Location Descriptions

This appendix provides details about the WQ, hydraulics, and data quality at each monitoring location. It is
intended to support the user in better understanding the EDS Challenge results.

Some utilities provided their data in change-based format, where data was only reported when a significant change
in value occurred. This data was transformed to report the most recent value for each timestep. The data was
analyzed to find the smallest frequency for which new values were generally available for all WQ parameters.
However, this still resulted in instances of repeated values in the testing datasets until new values were reported.

C.1 Location A

Monitoring Location A is located at the point of entry into Utility 1’s distribution system. There are three pumps
located at this station that greatly influence the WQ: the station receives water from different sources depending on
pump operations.

This station’s data was provided in change-based format, which was converted to a five minute polling interval.
The following data streams were provided for this station:

e Chloramine, conductivity, pH, temperature, TOC, and turbidity at the monitoring station

e Pressure at the monitoring station

e Status of the three key pumps

In general, WQ changes at Location A were significant and abrupt, impacting multiple parameters. They
corresponded well to the pumping data provided: in general, the status of one or more of the pumps changed within
10 timesteps before the WQ change.

Figure C-1 shows the chloramines and conductivity data from a typical week. The WQ impact of pump changes,
shown by the green squares, is clear.
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Figure C-1. Typical Week of WQ and Operations Data from Location A
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In general, the data quality for this location was very good with the exception of a few sensor issues:
e Three periods when the chloramine sensor produced noisy data. Two of these were resolved within a few
days, but the data remained poor for over two weeks in the third case. Figure C-2 shows an example.

o Approximately one week where the TOC data stream flatlined. The instrument was likely taken off line for
maintenance.

25
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Figure C-2. Period of Chloramine Sensor Malfunction at Location A

Figure C-3 shows the breakdown of invalid alerts for Location A, summing the invalid alerts for all EDSs.

Considering the frequent and significant WQ changes shown in Figure C-1, it is not surprising that the majority of
the alerts were triggered by WQ variability.

= Normal Variability
m Sensor Problem

= Communication Problem

mNo Clear Cause

Figure C-3. Invalid Alert Causes for Location A across All EDSs

C.2 Location B

Monitoring Location B is located in the distribution system of Utility 2, downstream of the main treatment plant.
Travel time to the site from the plant ranges from 6 to 12 hours depending on system conditions. The water does
not pass through any distribution system tanks on the way to this monitoring location.
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This monitoring location is at the connection to one of the utility’s large customers. Water is taken from the system
to fill the customer’s ground storage tank, so flow through this station is intermittent.

The data from Utility 2 was unusual. It was provided at a 20 minute polling interval (the data was not transformed
to this interval), and the values represented twenty minute averages taken from the utility’s data historian. The
following data streams were provided for this location:

Total chlorine, conductivity, pH, temperature, TOC, and turbidity at the monitoring location

Pressure at the monitoring location

Total chlorine, pH, and turbidity of finished water from the treatment plant

Total flow and water pressure from the treatment plant

Unlike Location A, WQ changes at Location B were more gradual and less clearly defined. Also, there was no
supplemental data that strongly corresponded to WQ changes.

Figure C-4 shows the chlorine, conductivity, and turbidity data from a typical week, in addition to chlorine from the
upstream treatment plant. A correlation can be seen between the chlorine residual at the monitoring location and
plant effluent, but the relationship is imprecise and thus hard for EDSs to use.
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Figure C-4. Typical Week of WQ Data at Location B

The dataset provided by Utility B was during a pilot period for the sensor hardware, and real-time alerts were not
received. Thus, sensors were not attentively maintained, and in general the data quality was not as good as other
stations. There was significant variability and periods of “flatlined” data caused by sensors malfunctioning or being
taken off line for servicing. The most significant instance of this in the testing data occurred when all sensors were
not producing data for almost six days.

There were issues with the TOC sensor for much of the testing dataset. An example is given in Figure C-5 where
there are many periods of flatlined data. There are also large changes in TOC, including a drop to zero.

These sensor issues are reflected in Figure C-6, where over two-thirds of the invalid alerts produced for Location B
are triggered by poor data quality due to sensor problems.
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Figure C-5. Example of TOC Sensor Issues
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Figure C-6. Invalid Alert Causes for Location B across All EDSs

C.3 LocationC
Utility 3 provided training data for Location C but was unable to produce sufficient data for testing. Thus, Location
C is not included in these analyses.

C.4 LocationD

Monitoring Location D is located at an 81 million gallon reservoir in the distribution system of Utility 3. Water
passing through this location can come from one of two transmission lines fed by different upstream pumping
locations, or from the co-located reservoir.

This station’s data was provided on a two minute polling interval. The following data streams were provided:
Total chlorine, conductivity, pH, temperature, TOC, and turbidity at the monitoring station
Instrument fault data for the station’s chlorine sensor

A tag indicating when the station was being serviced and thus data should be ignored

Flow through a bidirectional pipe at the station
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Flow through each of the two pumping stations that supply water to this station
Chlorine and pH at each of these upstream pumping stations

Chlorine at the co-located reservoir

Position of a key nearby valve

WQ changes at Location D are generally significant, abrupt, and impact multiple parameters. And while many
supplemental parameters were provided, there was no clear way to use them. Utility 3 provided a full page of
complex guidelines for interpreting the supplementary data (e.g., “if Valve_B is closed and Flow_B>Flow_C...”).
However, these guidelines were inexact and it is unlikely that any of the EDSs were able to successfully leverage
this information.

Figure C-7 shows the chlorine and conductivity from a typical week. These two parameters generally changed at
the same time, though sometimes the values change in the same direction (both increased or both decreased) and
sometimes they move in opposite directions (one increased and the other decreased).

Also included in this plot are indications of when the flow through the three key pumps changed. Unlike Location
A, there is no clear connection between the WQ and the supplementary data provided: there are many pumping
changes that do not impact the WQ.
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Figure C-7. Typical Week of WQ and Operations Data at Location D

The data quality was reliable at Location D with the following exceptions:
- Two 3-4 hour periods where it looked like the station was being calibrated (all sensors were being adjusted)
though the calibration tag did not reflect this.
- Several instances of flatlined conductivity data. The longest of these periods was 4.4 days.
- Many periods of flatlined TOC data.

Figure C-8 shows the invalid alert causes for Station D. The large percentage of alerts due to normal variability is
not surprising given the frequent, significant changes in WQ with no corresponding operational data.
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= Normal Variability
m Sensor Problem
= Communication Problem

mNo Clear Cause

Figure C-8. Invalid Alert Causes for Location D across All EDSs

C.5

Location E

Monitoring Location E is located at a distribution system reservoir in Utility 1. This station has three water
sources: the co-located reservoir and two water mains.

Utility 1 provided data in changed-based format which was translated to a 10 minute polling interval. The
following data streams were provided for this station:

Chloramine, conductivity, pH, temperature, TOC, and turbidity at the monitoring station
Pressure at the monitoring station

Volume and residence time of the co-located reservoir

Flow out of the co-located reservoir

Status of three key pumps in the distribution system

Chloramine, conductivity, pH, temperature, TOC, and turbidity from each of the two input lines

Figure C-9 shows a typical week of data from Location E. The daily operational cycles are clear in the reservoir
flow, and those cycles are reflected in the WQ data. However, these cycles do not cause large changes in the WQ
parameters, and the data is fairly stable at this station.

In general, data quality at Location E was excellent, with a few exceptions:

A 10-day period where the chloramine data was noisy (similar to what is seen in Figure C-2), followed by
three days of flatlined data. Presumably the instrument was turned off to wait for a part or maintenance.
Approximately 2.5 days of flatlined TOC data.

A 2.5 day period (shown in Figure C-10) with low, noisy chlorine data. This occurred just after a pump
change (seen in the supplemental data), and the issue was resolved on 2/26 after another pump change.
This could have been caused by an instrument flow blockage: something got stuck during the first change
in pressure, and dislodged after the second.
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Figure C-9. Typical Week of WQ Data at Location E
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Figure C-10. Example of Noisy Chlorine Data due to Operations Change

Figure C-11 is an example from Location E that shows the benefit of a signal indicating when a station is in
calibration (this station does not have one). From looking at the data in hindsight, it is clear that maintenance of the
TOC sensor was done on 1/29. But not knowing calibration was in progress, it is likely that an EDS would alert at
least once in this period due to the TOC spikes, dips, and value increase.

Figure C-12 shows the invalid alert breakdown for Station E. This station had the fewest number of total alerts and
the most even distribution across alert causes.
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Figure C-12. Invalid Alert Causes for Location E across All EDSs

C.6 Location F
Monitoring Location F is located beneath a large elevated tank in the distribution system of Utility 4. The WQ at
this station is very much influenced by this tank.

This station’s data was provided on a two minute polling interval. The following data streams were provided:
Free chlorine, conductivity, pH, temperature, TOC, and turbidity at the monitoring station

Instrument fault data for the station’s chlorine sensor

Pressure at the monitoring station

Tank level of the co-located tank

Status of two co-located pumps

Figure C-13 shows the chlorine and conductivity from a typical week, as well as indications of when a pumping
change occurred.

Of all locations included in the Challenge, this one has the most frequent operational changes. Unfortunately, there
is no clear connection between the station WQ and the supplemental data provided. Some WQ changes occur just

54



Water Quality Event Detection System Challenge: Methodology and Findings

after a pumping change - others do not. Some pumping changes clearly trigger a source water change - others do
not. And oddly, significant changes in WQ often occur 30 to 60 minutes before a change in pumping. It is unclear
why this happens (perhaps pumping changes are made based on a change in pressure or flow?).
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Figure C-13. Typical Week of WQ and Operations Data at Location F

Data quality at Location F was good aside from some isolated periods when individual sensors needed calibration.
Some issues included:

e Six periods that lasted over six hours where data was missing or flatlined for all parameters. Four of those
periods lasted longer than two days, with the longest flatlined period lasting 53.3 days.

o Twenty-five 15 to 30 minute periods of missing WQ data. While these were short periods, they were
preceded by negative values for conductivity, temperature, TOC, and turbidity and thus might have
triggered alerts.

e “Fuzzy” chlorine data for much of the testing dataset. Figure C-14 shows an example. On 10/29 and
10/30, it looks like the sensor was off-line — seemingly due to sensor maintenance as it came back online on
10/30 with accurate data.

Station F had by far the highest number of invalid alerts for all EDSs that analyzed the station’s data. Figure C-15
shows that the vast majority of these were caused by normal WQ variability. Also, the 132 alerts caused by
communication problems were the most of any station, though this accounts for only a small percentage of this
station’s alerts.
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Figure C-15. Invalid Alert Causes for Location F across All EDSs

C.7 Location G

Monitoring Location G is located at a major pumping station in the distribution system of Utility 3 which pumps
water into and out of the co-located reservoir. The monitoring station here is connected to a bi-directional line that
runs between the reservoir and pump station. This pipe has constant flow, though flow can go either into or out of
the reservoir.

WQ at this location is greatly impacted by the direction in which the water is flowing, which is determined by
pump operations. “Blips” in the data that seem, at first glance, to be sensor errors are closely tied to operational
changes. For example, there are often dramatic drops in chlorine as the reservoir begins to drain.

This station’s data was provided on a two minute polling interval. The following data streams were provided:
Free chlorine, conductivity, ORP, pH, temperature, TOC, and turbidity at the monitoring station
Instrument fault data for the station’s chlorine and TOC sensors

Tank level of the co-located reservoir

Status of three co-located pumps

Flow into and out of the co-located reservoir

56



Water Quality Event Detection System Challenge: Methodology and Findings

Figures C-16 and C-17 show chlorine and conductivity data and pumping changes for two, one-week periods.
These plots illustrate how operations can vary significantly for a single monitoring location throughout the year. In
addition to very different variability patterns, there is also a big difference in conductivity values. The training data
more closely resembled Figure C-17 and thus the shorter chlorine changes shown in Figure C-16 likely triggered
invalid alerts.

For Station G, the changes in WQ correlate well with the pumping changes included in the supplemental data. And
because the station is located at the pumping station, the WQ reaction to changes in operation (like a pump turning
on) is almost instantaneous.
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Figure C-17. Typical Week of Chlorine, Conductivity, and Pumping Data from Location G
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In general, the data quality at Station G was good. The following describe extended periods of missing or
inaccurate data.
e Three extended periods with flatlined data for all parameters. The longest of these periods was 4.4 days.
e The chlorine sensor was not producing data for over two days. Once it was turned back on, there were six
days of inaccurate data before it was correctly calibrated.
e Several instances of the TOC sensor malfunctioning. Most notable was a seven-day period when the
instrument was taken off line, followed by eight days of poor data quality.

Station G had frequent and significant WQ changes — second only to Station F. It also had the second highest
number of alerts across the stations. As shown in Figure C-18, these are fairly evenly split between sensor issues
and normal variability.
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Figure C-18. Invalid Alert Causes for Location G across All EDSs
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Appendix D: Baseline Events

Periods of anomalous WQ are fairly common at water utilities. Causes of these non-contamination events include
changes in system operations, changes in the treatment process, and distribution system upsets such as main breaks
or pipe flushing. As the WQ and variability in these cases are not consistent with what is typically observed, it is
anticipated and even desired that an EDS alert would be generated, notifying utility staff of the anomalous
conditions. As such, alerts occurring during baseline events were considered valid, and each baseline event was
classified as either detected or a missed detection.

Ideally, records would have been available from each utility listing instances of anomalous WQ and system upsets
within the data period provided. Since this was not available, the baseline WQ data from all stations was
methodically post-processed as described below in order to identify baseline events.

e The data was first “cleaned” to remove any obviously invalid values. This included negative numbers and
values for individual sensors known to indicate instrument malfunction (for one TOC sensor, for example,
a value of 25 signifies unit failure).

e Potential WQ anomalies were identified using the following processes and flagged for further evaluation:

0 The average value and standard deviation of each data stream was calculated. Any values outside of
the normal range were flagged.

o Each value was compared to the value from the previous timestep. Any values deviating more than
15% from the previous value were flagged. This analysis caught dramatic parameter value changes
that fell within the lower and upper thresholds of the previous analysis.

0 Each data stream was plotted and manually viewed to identify anomalies including dramatic spikes and
dips in data, gradual changes beyond normal operations, and brief periods of highly variable data.

e For these periods flagged for the individual parameters, the full suite of parameters for the monitoring
station, including the supplementary information, was considered as a whole to more fully investigate the
nature of the anomaly. Domain knowledge and utility input were leveraged to decide if the WQ change
should be classified as a baseline event. Requirements to be considered a baseline event included:

0 The change was not commonly seen at that station with respect to the parameter values or pattern.

0 The change could not be explained by supplemental data included in the dataset. For example, it did
not occur just after a valve was opened.

0 The change lasted at least three timesteps, to distinguish it from a sensor or data communication issue.

Thirteen baseline events were identified in the Challenge testing data. Two of the baseline events are shown below,
as well as one that looked like a baseline event but did not meet one of the above criteria. Note that only
undeniably anomalous WQ periods were classified as baseline events: there were likely many more periods that a
utility would consider anomalous (and thus any alert during them valid) if investigated at the time of occurrence.

Figure D-1 shows an example of a baseline event from Station A, beginning at 11/15 08:50. This was considered a
baseline event because it meets the criteria described above:

e The WQ change is certainly anomalous. The change is much larger than the other source WQ changes
shown, and the TOC and conductivity in particular are out of the ranges normally observed.

e This unusually large spike could not be explained by the supplemental data provided. In contrast, valving
changes were present in the data just before all other WQ changes during this period (the smaller ones),
including the odd “blip” late on 11/12. It is likely that an unusual operational change did occur in a valve
or pump not included in the dataset, but this cannot be verified and thus it is considered a baseline event.

e It was long enough, lasting for three hours.
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Figure D-1. Baseline Event from Station A

Figure D-2 shows a very different baseline event from Station B. Here, the WQ change is primarily seen in TOC.
Again considering the criteria for classification as a baseline event:

The TOC values are much higher than that typically seen at Station B. Its peak is more than double

standard TOC values during this period.
Supplemental data does not explain this increase.
It is sufficiently long: 5.6 hours.

12/12 0:00 12/13 0:00 12/14 0:00 12/15 0:00

Figure D-2. Baseline Event from Station B

The second criterion — the absence of corroborating supplemental data — eliminated many unusual WQ changes that

would otherwise have been classified as baseline events. Figure D-3 shows such an example from Station D in
which chlorine, conductivity, TOC (not shown), and turbidity change dramatically and uncharacteristically for
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approximately 30 minutes. However, the supplemental data showed a valve change just before this WQ change,
and thus this was not classified as a baseline event.
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Figure D-3. Example from Station D of a WQ Change Explained by Supplemental Data and thus not
Classified as a Baseline Event

For EDSs that did not leverage the supplemental data, these significant WQ changes due to operations often
triggered invalid alerts.
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Appendix E: Event Simulation

Ninety-six event datasets were developed for each monitoring station, each containing one simulated contamination
event. The event datasets contained the same parameters as the training and baseline datasets.

Section E-1 describes the event run characteristics used in the EDS Challenge: the contaminants and
concentrations, the event profiles, and the event start times. Also, plots of event datasets from the Challenge are
shown. The figure descriptions include the run characteristics of each simulated event using the following naming
convention: ContaminantID_ContaminantConcentration_EventProfile_StartTimelD. Section E-2 describes in
detail how the WQ data was modified to simulate contamination.

E.1 Event Run Characteristics
This section describes each of the event run characteristics that define the simulated contamination events used in
the EDS Challenge. On the plots, the start and end of the simulated events are indicated by black bars.

E.1.1 Contaminant
The contaminant defines the type of WQ responses to be simulated. For example, one contaminant might affect
TOC, chlorine, and ORP whereas another might only impact TOC.

Six contaminants were used to simulate contamination events. They are referred to by the generic indicators C1,
C2, C3, C4, C5, and C6. These were selected using the following criteria.

e In 2005, EPA identified 33 “contaminants of concern” as potential threats to public health or utility
infrastructure (EPA, 2005). All contaminants used in the Challenge were on this list.

e At that time, the contaminants were grouped into 12 classes based on the CWS components that could
potentially detect them (EPA, 2005). The six contaminants chosen for the Challenge represent the six
contaminant classes for which WQM has a high detection potential.

o Laboratory data was available for each of the contaminants chosen. This was necessary to develop the
models, or reaction expressions, for the change in WQ parameter values as a function of contaminant
concentration. Table E-1 shows the WQ changes caused by each of the six Challenge contaminants.

e This set of contaminants captures a wide variety of WQ parameter responses, also reflected in Table E-1.

Table E-1. Contaminant WQ Parameter Reaction Expressions (X=Contaminant Concentration)

Contaminant TOC CL2 ORP COND pH
C1 0.34 * X -0.25*X -43*X
Cc2 3.7*X 0.19* X -0.04 * X
C3 0.57 * X -0.06 * X -3.3* X 0.01*X
C4 0.41*X -0.03* X
C5 0.19* X 0.76 * X
C6 -0.18* X -525*X

Figures E-1 through E-3 illustrate how the contaminant used impacts the simulated event. Chlorine, conductivity,
and TOC are shown for Challenge events using three different contaminants. All other event characteristics were
held constant: the same station (D), event start time (8/29/2008 9:00am), and profile (STEEP) were used for all
three events, and the high concentration was used for each contaminant. Note that there are significant drops in
chlorine and conductivity, likely due to an operational change, in the baseline data at the end of the event period.
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Figure E-3. C5 Contamination Event: C5_ High_ Steep D1
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E.1.2 Peak Contaminant Concentration

The concentration at which a contaminant is simulated determines the magnitude of the WQ response. As
described further in Section E.2, the reaction expression and the contaminant concentration combine to yield the
WQ change for a given timestep. This WQ change is then added to the corresponding value in the utility’s baseline
data. Each of the six contaminants was simulated at a high and low peak concentration.

The peak concentrations for each contaminant were determined in a somewhat subjective manner. The goal was to
select concentrations for each contaminant such that the high concentration yielded obvious WQ changes when
visually inspecting the data and the WQ changes resulting from the low concentrations were less noticeable.

As a starting point, the LD10 and LD90 of each contaminant (the concentration that would be lethal for 10% and
90% of the exposed population) were identified. Simulated events using these concentrations were plotted for a
variety of start times and event profiles across all monitoring locations. Values were adjusted until concentrations
were found that caused the desired WQ changes (one subtle, one significant) across the majority of WQ periods.

Table E-2 provides the concentrations selected for each contaminant. The maximum change in each WQ parameter
simulated for each contaminant can be calculated by combining these values with those shown in Table E-1. For a
given timestep, the same percentage of peak concentration was used for all parameters.

Table E-2. Simulated Peak Contaminant Concentrations

Contaminant

Low Concentration

High Concentration

C1 2 4.2
C2 11 49
C3 1.5 6.9
C4 2 10.85
C5 4 14
C6 2.5 10

Figures E-4 and E-5 show two contamination events from Station A. The plots show the impact that the peak
contaminant concentration, low versus high, had on pH and conductivity when all other characteristics are held
constant. This low concentration event caused very subtle WQ changes; it is likely that the EDSs missed this event.

There is a source water change causing a conductivity drop within this event period.
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Figure E-5. High Peak Contaminant Concentration Event: C2_ High_Flat_Al

E.1.3 Event Profile

The contaminant and concentration define how the event WQ is calculated at the timestep of peak contaminant
concentration. However, real contamination events would likely last for multiple timesteps, with the contaminant
concentration varying over those timesteps. For the Challenge, the rise and fall of the wave of contaminant is
defined by the event profile. It is a time series of values representing the percentage of the peak contaminant
concentration as a function of time.

The two event profiles used for the Challenge were taken from a tracer study done by one of the participating
utilities. The STEEP profile was 24 timesteps. It had a sharp increase in concentration and reached its peak
quickly (at the 4™ timestep). The FLAT profile was 57 timesteps. The contaminant concentration gradually
increased and the peak was not reached until the 41* timestep. Figure E-6 shows these profiles.
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Figure E-6. Simulated Event Profiles

Figures E-7 and E-8 show two contamination events used for the EDS Challenge. The plots show the impact of the
event profile when all other event characteristics are held constant. The event length is different for these events, as
the FLAT profile is longer than the STEEP one.

Note that Station G is the only location that monitors ORP. For the other stations, only chlorine is impacted for
contaminant C6.
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Figure E-8. Steep Profile Contamination Event: C6_Low_Steep_G4

E.1.4 Event Start Time

The event start time establishes when WQ maodifications begin. The simulated event ends x timesteps later, where x
is the number of timesteps in the event profile. The event start time can dramatically change the way a simulated

event appears, depending on the variability of the baseline WQ at the time the event is superimposed.

Four start dates and times were chosen for each monitoring location to superimpose the contamination events on a

variety of hydraulic and WQ conditions. The start times were chosen with the following criteria:

e Spread out across the test data period.

o At different days and times (weekdays and weekends, high and low demand)

o During periods of different WQ variability, including periods of very stable WQ (Figure E-9) and periods
of frequent operational changes (Figure E-10). Events were also simulated amidst or just after substantial

baseline WQ changes, such as the event shown in Figure E-4.
¢ Not during periods of significant sensor problems, including not during periods of flatlined data.
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Figures E-9 through E-12 show four contamination events used for the EDS Challenge. The plots show the impact
the start time has on conductivity and pH when all other characteristics are held constant. The baseline WQ and
variability around each start time is very different, and this impacts how easy it is to identify the anomalous WQ.
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For the EDS Challenge, event simulation did not account for the analysis time of the instruments. For example, a
spectral-based TOC sensor gives a nearly instantaneous measurement, while a reagent-based TOC instrument could
take up to eight minutes to produce a value.

E.2 Example

This section describes generation of a sample contamination event. This is not an event from the Challenge. The
dataset and event profile in this example are much shorter. Also, for simplicity only chlorine will be considered.
Table E-3 shows the baseline data upon which the event will be simulated.

Table E-3. Example Baseline Data

Timestep Chlorine
1/12/2012 00:00 0.9
1/12/2012 00:02 0.93
1/12/2012 00:04 0.93
1/12/2012 00:06 0.92
1/12/2012 00:08 0.91
1/12/2012 00:10 0.89
1/12/2012 00:12 0.89
1/12/2012 00:14 0.91
1/12/2012 00:16 0.93
1/12/2012 00:18 0.94
1/12/2012 00:20 0.93
1/12/2012 00:22 0.92
1/12/2012 00:24 0.92
1/12/2012 00:26 0.91
1/12/2012 00:28 0.91
1/12/2012 00:30 0.9

The event characteristics will be as follows:
e Contaminant: Reaction expression for chlorine = -0.3*X, where X is the contaminant concentration
e Peak Concentration: 3 mg/L
o Event Profile: Table E-4 shows the event profile to be used, which is six timesteps long
e Start Time: 1/12/2012 00:10

Table E-4. Example Profile
% of Peak
Concentration
1 0.1
0.25
0.5
1.0
0.75
0.5

Timestep

OO |WIN

Table E-5 shows the calculations used to generate the event.

e The first two columns repeat the timestep and baseline WQ, shown in Table E-3.

o Next, the percentage of peak concentration for each timestep is specified by applying the event profile
shown in Table E-4 beginning at the event start time.

e This is then translated to the contaminant concentration for the timestep by multiplying the percentages by
the peak concentration of 3 mg/L.

e These concentrations are plugged into the reaction expression of -0.3*X to calculate the change in chlorine
that would be produced.
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e These differences are added to the original baseline data to obtain the event chlorine values. Note that
resulting negative chlorine values are overwritten with zero, as there cannot be a negative chlorine
concentration.

Table E-5. Example Simulated Event Generation

Timestep Baseline % of Peal_< Contamina}nt Resulting CL2 Resulting
CL2 Concentration Concentration Change Event WQ
1/12/2012 00:00 0.9 0.9
1/12/2012 00:02 0.93 0.93
1/12/2012 00:04 0.93 0.93
1/12/2012 00:06 0.92 0.92
1/12/2012 00:08 0.91 0.91
1/12/2012 00:10 0.93 0.1 0.3 -0.09 0.84
1/12/2012 00:12 0.92 0.25 0.75 -0.225 0.695
1/12/2012 00:14 0.9 0.5 1.5 -0.45 0.45
1/12/2012 00:16 0.88 1 3 -0.9 -0.02>0
1/12/2012 00:18 0.91 0.75 2.25 -0.675 0.235
1/12/2012 00:20 0.93 0.5 1.5 -0.45 0.48
1/12/2012 00:22 0.92 0.92
1/12/2012 00:24 0.92 0.92
1/12/2012 00:26 0.91 0.91
1/12/2012 00:28 0.91 0.91
1/12/2012 00:30 0.9 0.9

Figure E-13 shows the original chlorine data and the resulting data once the event is simulated.
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Figure E-13. Plot of Example Simulated Event
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Appendix F: ROC Curves and the Area under the Curve

This appendix is primarily intended for readers experienced with algorithm evaluation.

ROC curves have been used regularly to compare EDSs. The area under these curves has also been used to
evaluate performance. However, neither is included in this report. The curves in Section 4.2.2 are similar to ROC
curves in that performance is shown for a variety of alert threshold settings. But the data presented on the plots is
different. The authors of this document question use of the pure ROC curve or the area underneath for EDS
evaluation, as described below.

F.1 ROC Overview

ROC curves are used in a variety of decision making applications including medicine and data mining. They
illustrate the ability of an algorithm to accurately discriminate between normal and abnormal samples at a variety of
discrimination thresholds.

When constructing a ROC curve, the test or algorithm being evaluated analyzes “samples” and produces what in
this document is referred to as a level of abnormality for each. Using a variety of threshold settings, each sample is
classified as a true negative, false negative, false positive, or true positive, as shown in Figure F-1. For example, in
a test to detect strep throat, the “samples” would be the patients, their actual characterization would be whether or
not they have strep throat, and the algorithm indicator would be the test results. So if a patient did not have strep
throat (they were actually normal) but at the current threshold setting the test indicated that they did (the algorithm
indicated abnormal), the patient would represent a false positive.

Actual
Normal | Abnormal
True False
e
E_E Normal MNegative | MNegative
R
R
-
= Al mal False True

Fositive Positive

Figure F-1. Sample Classifications Based on Actual and Algorithm Indication

The ROC curve is then constructed by making a point for each threshold, showing the test’s false positive rate for
that threshold (the percentage of normal samples incorrectly identified as abnormal) versus the true positive rate
(the percentage of abnormal samples that were correctly identified as such). Figure F-2 shows a sample ROC curve
in which five threshold settings were tested. For example, for the threshold that produced the large point on this
curve, the test incorrectly indicated that 3% of the healthy patients had strep throat, and correctly identified strep
throat in 70% of patients that were sick (leaving the other 30% of patients with strep throat being told they did not
have it).

Optimal performance occurs at the top left of this plot, with low false positives and high true positives. Thus, the
closer the curve is to the y-axis, the greater the area under the curve. This area is often used to determine which test
or algorithm is better as a whole — looking at a range of performance that could be achieved instead of a specific
configuration that might or might not be reproducible in another setting.
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Figure F-2. Sample ROC Curve

F.2  Difficulties for EDS Evaluation
This section describes why ROC curves were not used in the EDS Challenge.

F.2.1 Difficulties with ROC Curves for EDS evaluation

The difficulty with creating a ROC curve for EDS evaluation is in identifying the “samples.” EDS researchers
using ROC curves have generally considered each timestep to be a sample, and thus each baseline timestep is
classified as a true negative or false positive, and each timestep during an event is classified as a true positive or
false negative.

However, utilities are generally only notified of the first timestep of an alert. During a three hour abnormal WQ
event, a utility would be pleased to get an alert early in the event. They would not care (or probably even notice) if
the EDS remained in alerting mode for the duration of the event.

Likewise, it would be just the first timestep of an invalid alert for which a utility would be notified. The utility
response would be the same regardless of alert length.

Considering each timestep separately gives EDSs with longer alerts a major disadvantage when calculating the false
positive rate. Using this method, an EDS that produced a two hour alert once a month would appear equivalent to
an EDS that produced a two minute alert twice a day!

Thus, it is the author’s opinion that this type of ROC curve is not valid for EDS evaluation or comparison.
However, for those that are interested, this type of curve can be generated using the data in Appendix G: the
percentage of baseline timesteps that are false positives (x-axis) and the average percentage of event timesteps the
EDS alerts on (y-axis) are provided.

It seems clear that for events, the ideal definition is to consider each as a whole and classify each event as a true
positive (detected) or false negative (missed), as was done in the curves in Section 4.2.2. But there is no obvious
equivalent method for capturing invalid alerts.

One proposed solution is to select “sample” periods in the baseline data and classify them based on if an alert
occurred during that period. For example, each day of the dataset could be considered as a sample, and any day
where an invalid alert occurred could be considered a false positive and each day without an alert would be a true
negative.
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However, the percentage of these periods for which an invalid alert occurs would depend heavily on the length of
the data periods selected. For example, it would be much more likely that an alert would occur during a random
day-long period than an hour-long period. Also, this method would not account for repeated alerts: an EDS that
produced 20 invalid alerts during the defined sample period would be assigned one false positive — the same as an
EDS that alerted only once.

Thus, instead of trying to define false positives, Section 4.2.2 uses invalid alert frequency for the x-axis.

F.2.2 Difficulties with Area under a ROC Curve for EDS evaluation
Even assuming that a valid ROC curve could be produced, the authors of this document do not believe that the area
under the curve is a valid measure of performance.

As discussed in Section 4.2.2, only a small portion of the x-axis is of practical interest to utilities. For example,
there is little value in comparing detection rates when an EDS is alarming 80% of the time, as no utility would
tolerate such performance. A solution to this would be to identify an acceptable range (perhaps 0% to 5%) and only
calculate the area under this portion of the curve.

In addition, the area under the curve can be misleading. Figure F-3 shows an example of two curves with an
identical area under the curve (50%). The performance of the two EDSs is very different, however. Though
neither EDS has great performance, a utility would certainly not select the one shown in green: the EDS does not
detect any events unless it is alerting over 50% of the time!

100% [l I
80%
]
g 60%
o * L 4
= 40%
2]
D?
o 20%
2
|_
0% & - - 1 . . )
0% 20% 40% 60% 80% 100%
False Positive Rate

Figure F-3. Two Sample ROC Curves with the Same Area Under the Curve

The area under the ROC curve strongly depends on the number of configured points selected. In Figure F-2, the
black and gray lines show what the curve would look like if the point (3%, 70%) were included or not included,
respectively. The area in the triangle formed by that point being included or not included is very significant. As
each EDS’s standard variability is unique, there is no clear way to determine the number of points necessary for a
fair comparison (aside from just using a very large number of points). Also, use of the points (0,0) and (1,1) for all
EDSs seems inconsequential, though the triangle formed as these are connected to the next closest points certainly
impacts the area under the curve.
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Appendix G: Key Terms and Additional Results

This appendix is included primarily for individuals familiar with EDS evaluation who want to do a more detailed
investigation of the EDS output.

Many more analyses could be completed using the EDS output from the Challenge than are presented in this report.
This appendix includes some detailed metrics generated using EDDIES-ET (described in Appendix A).

For each EDS and location, two tables of information are included in this appendix. The first table includes three
metrics that do not depend on the alert threshold or alert status.

The median and standard deviation of the level of abnormality are intended to give users a sense of the
EDSs’ typical output, both on baseline and event data. The actual values are somewhat meaningless, but
comparison across event and non-event periods, locations, and EDSs can provide interesting insight into
each EDS’s output.

For example, the impact of EDS configuration can be seen by comparing ana::tool’s output across
monitoring locations. The median level of abnormality for Station B was 0.108 with a standard deviation
of 0.27, whereas Station D had a median level of 0.01 and standard deviation of 0.15. Thus Station B’s
median level of abnormality was 67 times that for Station D, though Station D’s output was more variable.

Net response is a measure of the EDS’s reaction to simulated events. It is a nuanced metric and thus is not
described in this document. Its value is included for those familiar with the metric, and a description can be
found in the EDDIES-ET User’s Guide.

Trigger accuracy is the ratio of trigger parameters correctly identified during a detected simulated
contamination event to the total number of parameters manipulated in that event. For example,
contaminant C5 impacts TOC and conductivity. If the EDS outputted TOC for any detected event timestep
using C5 but never identified conductivity, the trigger accuracy would be 50% (one out of two of the
impacted parameters were identified).

EDS developers had the option of outputting trigger parameters to indicate the WQ parameter(s) causing an
increase in level of abnormality. CANARY, OptiEDS, and BlueBox™ outputted trigger parameters, while
ana::tool and Event Monitor did not.

The second table expands on the results presented in Section 4.2.2, and metrics are presented for various alert
thresholds. The metrics are grouped into overall summary metrics, those related to and calculated for baseline data,
and those calculated for simulated events. The following key terms are used in this table.

Testing Data

Baseline Data: Raw data from each monitoring station used for testing. An EDS should not alert on
baseline data.

Baseline Timestep: A timestep of baseline data. EDSs should not alert on baseline timesteps. Timesteps
during baseline events are not considered baseline timesteps.

Baseline Event: As described in Appendix D, a period of anomalous WQ in the raw utility data. An event
that was not artificially simulated.

Event Timestep: A timestep during an event period. This term is used for both baseline events and
simulated contamination events. EDSs should alert on event timesteps.
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Alerts

o Alerting Timestep: A timestep for which the EDS is alerting, or a timestep for which the level of
abnormality is greater than or equal to the specified alert threshold. See Section 3.2 for a detailed
discussion of level of abnormality and alert threshold.

e Alert: A continuous sequence of alerting timesteps, and thus one notification to utility staff of a potential
WQ anomaly. For this study, alerts separated by less than 30 minutes were considered to be a single alert.

o Invalid alert: An alert that begins on a baseline timestep.

e Alert Length: The duration over which an invalid alert occurs, represented in number of timesteps.

Detections

o Detected Event: An event during which at least one alerting timestep occurs. For this study, alerting
timesteps within one hour of the last timestep of non-zero concentration for simulated events were
considered detected timesteps. This ensured that alerts triggered by WQ changes as the water returned to
the baseline (the tail of the event) were counted as detections.

e Time to Detect: The number of event timesteps occurring chronologically before the first alerting timestep.

o Percent of Event Timesteps that are Alerting: The average percentage of timesteps in an event that were
alerting timesteps. Thus if an EDS alerted for six of the 24 event timesteps in an event using the steep
profile, the percentage of event timesteps alerting would be 25%.

Two non-numeric values show up in this table. NA indicates that values were not calculated for the field. This
appears for EDSs that did not output trigger parameters and for baseline event metrics for locations with no
identified baseline events. ND stands for “not detected” and is entered if the EDS did not detect any events (e.g., a
minimum time to detect cannot be calculated if no events were detected).
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CANARY, Station A

Baseline Data Simulated
Classifed as Classifed as Contamination
IMetric Normal Abnormal Events
Median Level of Abnormality 0.000244 0000244
Standard Deviation of the Level of Abnormality on Baseline Data 0.09 0.37
Median Net Response 0
Trigeer Accuracy 0.87
Alert Threshold o 001 0.05 0.1 0.15 02 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0B 0.85 0.9 0.95 0.99 1
Overall EDS Performance
Number of Invalid Alerts 1 121 53 68 (1] 53 53 53 53 46 46 46 46 46 42 42 42 42 39 39 33 33 33
Percent of Events Detected 100% 75% 75% 75% 75% T4% T4% T4% T4% T4% T4% T4% T4% T4% T4% T4% T4% T4% 73% 73% T3% 72% 69%

Average Time to Detect for Detected Events (timesteps)

Baseline Data Classifed as Normal

Number of False Positive Timesteps 68055 | 1774 1182 522

Percent of Baseline Timesteps that are False Positives 100.0% ] 2.6% 1.7% 1.2% 1.2% 1.0% 1.0% 1.0% 1.0% 0.9% 0.9% 0.9% 0.9% 0.9% 0.8% 0.8% 0.8% 0.5% 0.7% 0.7% 0.6% 0.6% 0.4%
Imvalid Alert Frequency [average number of timesteps between invalid alerts) 6E055 562 732 1001 1001 1284 | 1284 | 1284 1284 1479 1479 | 1479 1473 1479 1620 | 1620 1620 1620 1745 1745 1791 1791 2062
Invalid Alert Frequency [average number of days between invalid alerts) 2363 20 25 35 35 15 45 45 45 51 51 51 51 51 L6 L6 5.6 5.6 61 6.1 6.2 6.2 72
Average Invalid Alert Length (timesteps) 68256 15 13 13 13 13 13 13 13 13 13 13 13 13 12 12 12 12 12 12 11 10 8
Median Imvalid Alert Length [timesteps 68256 12 12 14 14 17 17 17 17 16 16 16 16 16 15 15 15 15 14 14 13 12 10
Baseline Events

Number of Baseline Events Detected 4 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 3 2 2 2 2 2
Percent of Baseline Events Detected 100% 75% 75% 75% 75% 75% T5% 75% 75% 75% T5% T5% 75% 75% 75% 75% 75% 75% S0% 50% 50% S0P S0%
Minimum Time to Detect for All Baseline Events (timesteps) ) 1 2 3 3 4 4 4 4 5 5 5 5 5 [ [ B ] 7 7 3 ) 11
Average Time to Detect for Detected Baseline Events [timesteps) I]l 1 3333 2 3 3 3 3 3 3 4 4 4 4 4 5 5 5 5 E E 9 1IIII 12

Awverage Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events

Simulated Contamination Events

Nurmber of Simulated Events Detected

Percent of Simulated Events Detected 1I]ﬂ‘1ﬁ ?596 ?596 ?5% ?596 ?4‘36 ?496 ?4% ?496 ?496 ?45'6 ?4% ?4‘36 ?496 ?496 ?4% ?496 ?496 ?496 ?4% ?496 ?3-96 ?096
Minimum Time to Detect for All Simulated Events (timesteps) o 2 3 4 4 5 5 5 5 6 [ [ ] 6 7 7 7 7 8 8 9 10 12

Average Time to Detect for Detected Simulated Events (timesteps) o 4.9 59 6.9 6.9 79 748 7.9 79 8.9 59 8.9 B.9 859 959 2.9 5.9 5.9 111 111 121 131 14.6
Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 59% SE% 53% 53% 50% S0% 50% S0% 47% 47% 47% 47% 47% 43% 43% 43% 43% 0% 40% 37% 34% 29%

CANARY, Station B

Baseline Data Simulated
Classifed as Classifed as Contamination
IMetric Normal Abnormal Events
Median Level of Abnormality 0 o
Standard Deviation of the Level of Abnormality on Baseline Data 0.1 0.24
Median Net Response 0
Trigeer Accuracy 0.72

Alert Threshold
Owerall EDS Performance

Number of Invalid Alerts

Percent of Events Detected 100% TT% TT% 67% 67% 67 67% 38% 43% 48% A5% 38% 48% A8% 38% 38% 38% 38% 205 20% 18%
Average Time to Detect for Detected Events (timesteps)

Baseline Data Classifed as Normal

Number of False Positive Timesteps 1184 520 520

Percent of Baseline Timesteps that are False Positives 100.0% ] 6.2% 6.2% 2.7% 2.7% 2.7% 2.7% 1.4% 1.4% 1.4% 1.4% 1.4% 1.4% 1.4% 0.7% 0.7% 0.7% 0.7% 0.2% 0.2% 0.1%
Invalid Alert Frequency (average number of timesteps between invalid alerts) 18945 EE] 39 26 86 86 i1 148 148 148 148 148 148 148 344 344 344 344 261 B61 2706
Invalid Alert Frequency [average number of days between invalid alerts) 2631 0.5 05 12 12 12 12 21 21 21 21 21 2.1 21 48 4.8 4.8 4.8 120 120 76
Average Invalid Alert Length [timesteps) 15009 3 3 3 3 3 3 2 2 2 2 2 2 2 3 3 3 3 2 2 2
Median Imvalid Alert Length (timesteps) 13009

Number of Baseline Events Detected

Percent of Baseline Events Detected 100% 75% 75% 50% 50% S0% S0% 50% S0% S0P S0% 50% 50% S0P 25% 25% 25% 25% 0% 0% 0%
Minimum Time to Detect for All Baseline Events [timesteps) o 1 1 1 1 1 1 2 2 2 2 2 2 2 3 3 3 3 ND ND ND
Average Time to Detect for Detected Baseline Events [timesteps) I]l 5. E:EE E E E. E E 9 9 9 '9 '9 9 9 3 3 3 3 ND ND ND

Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events

Simulated Contamination Events

Nurmber of Simulated Events Detected

Percent of Simulated Events Detected ‘.LIIH& ??‘96 ??E'E- EE‘]IE Eﬂ% 'Eﬂ% EEE'E- 4E‘1ﬁ 43‘36 43‘36 485'6 43‘1& 43‘36 43‘36 3996 39‘1& 39‘36 39‘96 2196 21‘3& 19‘36
Minimum Time to Detect for All Simulated Events (timesteps) o 0 0 1 1 1 1 2 2 2 2 2 2 2 3 3 3 3 14 14 20
Average Time to Detect for Detected Simulated Events (timesteps) o 53 53 10.2 10.2 10.2 10.2 13.0 13.0 13.0 13.0 13.0 13.0 13.0 17.7 177 17.7 17.7 206 20.6 236

Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 22% 22% 17% 17% 17% 1% 14% 14% 14% 14% 14% 14% 14% 11% 11% 11% 11% 10% 10% 7%
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CANARY, 5tation D

Baseline Data Simulated
Classifed as Classifed as Contamination
IMetric Normal Abnormal Events

Median Level of Abnormality 0.000031 0.000031
Standard Deviation of the Level of Abnormality on Baseline Data 0.12 o
Median Net Response 0.000031
Trigeer Accuracy 0.86
Alert Threshold o 001 0.05 0.1 0.15 02 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0B 0.85 0.9 0.95 0.995 1
Overall EDS Performance
Number of Invalid Alerts 1 131 121 118 118 114 114 114 111 111 111 111 107 107 107 103 103 103 101 101 99 50 50
Percent of Events Detected 100% TT% B7% 67% 67% 67% B7T% 67% 67% 6% 67% 67% 66% BE% BE% B6% 66% B6% 63% 63% 63% 62% 62%

Average Time to Detect for Detected Events (timesteps)

Baseline Data Classifed as Normal

Number of False Positive Timesteps 182786 3652 3481 3277 | 3277 3095 3055 2916 2771 2630 2630

Percent of Baseline Timesteps that are False Positives 100.0% ] 2.2% 2.0% 1.9% 1.9% 1.8% 1.8% 1.8% 1.7% 1.7% 1.7% 1.7% 16% 1.6% 1.6% 1.5% 1.5% 1.5% 1.4% 1.4% 1.4% 1.1% 1.1%
Imvalid Alert Frequency [average number of timesteps between invalid alerts) 182786] 1355 1511 | 1545 1549 1603 1603 1603 1647 1647 1647 | 1647 1708 1708 1708 | 1775 1775 1775 1810 1310 1846 2031 2031
Invalid Alert Frequency [average number of days between invalid alerts) 25348 159 21 22 22 22 22 22 23 23 23 23 2.4 24 24 25 2.5 25 25 2.5 2.6 28 28
Average Invalid Alert Length (timesteps) 182879 31 31 30 30 29 29 29 28 28 28 28 27 27 27 27 27 27 26 26 25 22 22
Median Imvalid Alert Length [timesteps 182879 39 38 37 EX 36 36 36 35 35 35 35 34 34 34 33 33 33 32 32 31 27 27
Baseline Events

Number of Baseline Events Detected 3 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 ] 0 0 0 0 0 0
Percent of Baseline Events Detected 100% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 084 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Minimum Time to Detect for All Baseline Events (timesteps) ) ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND
Average Time to Detect for Detected Baseline Events (timesteps) I} ND ND N[} MIZ}I ND ND ND ND ND ND ND ND ND ND ND NDI ND ND ND NDI ND ND

Awverage Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events

Simulated Contamination Events

Nurmber of Simulated Events Detected

Percent of Simulated Events Detected 1I]ﬂ‘1ﬁ ?9‘36 'ES'E'E- E’B‘]ﬁ EB‘% 'EB‘!G ES% E’B‘lﬁ EB‘!G EH‘% 'ESB'E- E'B‘lﬁ Eﬂ% 'EE% 'ESBE- EE‘lﬁ Eﬂ% 'EE‘BIS '5596 65% EE% '5496 '5496
Minimum Time to Detect for All Simulated Events (timesteps) o 2 3 4 4 5 5 5 ] 6 [ [ 7 7 7 8 g ] 9 9 10 14 14

Average Time to Detect for Detected Simulated Events (timesteps) o 7.0 83 5.3 93 10.3 103 103 113 113 113 113 12.4 12.4 114 135 135 135 13.7 13.7 147 18.5 13.5
Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 63% 68% 66% 66% 63% 63% 63% 61% 61% 61% 61% 58% SE% SE% 54% 54% 54% 53% 53% 49% 30% 30%

CANARY, Station E

Baseline Data Simulated
Classifed as Classifed as Contamination
IMetric Normal Abnormal Events
Median Level of Abnormality 0015625 0.015625
Standard Deviation of the Level of Abnormality on Baseline Data 0.1 0.01
Median Net Response 0
Trigeer Accuracy 0.89
Alert Threshold o 005 0.1 .15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 ILES 0.7 0.75 0.8 0.B5 0.9 0.95 | 0.995 1
Overall EDS Performance
Number of Invalid Alerts 1 128 128 91 91 91 91 77 T7 77 77 77 7 77 41 41 41 41 30 30 23 23
Percent of Events Detected 100% 73% 3% 73% 73% 73% FEL] 73% 73% 73% 73% 73% 73% 73% 3% 73% 73% 73% 73% 73% T3% 73%

Average Time to Detect for Detected Events (timesteps)

Baseline Data Classifed as Normal

Number of False Positive Timesteps 34118 | 1723 1723

Percent of Baseline Timesteps that are False Positives 100.0%] 5.1% 5.1% 2.6% 2.6% 2.6% 2.6% 1.4% 1.4% 1.4% 1.4% 1.4% 1.4% 1.4% 0.8% 0.8% 0.8% 0.5% 0.5% 10.5% 0.3% 0.3%
Imvalid Alert Frequency [average number of timesteps between invalid alerts) 34118 267 267 375 375 375 375 443 443 443 443 443 443 443 832 832 832 832 1137 1137 1483 14383
Invalid Alert Frequency [average number of days between invalid alerts) 23649 159 18 26 26 26 26 31 31 31 31 31 31 31 EE: EE:] 5.8 5.8 748 79 103 103
Average Invalid Alert Length [timesteps) 34129 14 14 lﬂ 1IZII 1I]I 10 E E E E E E E E E E E E E 5 5
Median Imvalid Alert Length (timesteps) 34129

Number of Baseline Events Detected

Percent of Baseline Events Detected 100% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Minimum Time to Detect for All Baseline Events (timesteps) o ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND
Average Time to Detect for Detected Baseline Events [timesteps) I:II ND ND NI} ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND

Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events

Simulated Contamination Events

Nurmber of Simulated Events Detected

Percent of Simulated Events Detected lﬂﬂ‘lﬁ ?4‘36 ?496 ?4% ?4‘36 ?4‘56 ?496 ?4'1& ?4‘36 ?4‘36 ?45'6 ?4'1& ?4‘36 ?4‘36 ?496 ?4% ?4‘36 ?4‘36 ?496 ?4‘.’-& ?4‘36 ?4‘36
Minimum Time to Detect for All Simulated Events {timesteps) o 1 1 2 2 2 2 3 3 3 3 3 3 3 4 4 4 4 5 5 6 [
Average Time to Detect for Detected Simulated Events (timesteps) o 33 33 43 43 43 43 53 53 53 53 53 5.3 53 63 6.3 6.3 63 73 73 83 83

Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 34% 34% 31% 31% 31% 31% 27% 27% 27% 27% 27% 27T% 27% 24% 24% 249% 24% 21% 21% 18% 18%
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CAMNARY, Station F

Baseline Data Simulated
Classifed as Classifed as Contamination
1M etric Normal Abnormal Events
Median Level of Abnormality 0.000244 0.000244
Standard Deviation of the Level of Abnormality on Baseline Data 0.16 039
Median Net Response 0
Trigger Accuracy 0.82
Alert Threshold
Number of Invalid Alerts 1195 11595 1185 1191 1191 1191 1127 1127 1115
Percent of Events Detected 1|IHﬁ '52‘36 92% 5‘2% 32‘36 '52‘36 92% 5‘2'?45 52‘36 '52‘36 92% 5‘2% 52‘36 E?% E?% ﬂ?'}ﬁ STSG EE‘% EE% E-E'?lﬁ IHG

Average Time to Detect for Detected Events (timesteps)

Baseline Data Classifed as Normal

Number of False Positive Timesteps 231330) 12933 | 10861 | 10861 | 9138 5138 9138 7526 7526 G061 4753 4753 3454
Percent of Baseline Timesteps that are False Positives 100.0% | 5.6% 4.7% 4.7% 4.0% 4.0% 4.0% 4.0% 3.3% 3.3% 33% 3.3% 3.3% 2.6% 2.6% 2.6% 2.6% 21% 2.1% 1.5% 0.0%
Invalid Alert Frequency (average number of timesteps between invalid alerts) 231330] 189 153 193 194 154 194 194 194 154 154 194 194 203 203 203 203 205 205 207 MNA
Invalid Alert Frequency [average number of days between invalid alerts) 3213 03 03 0.3 0.3 03 03 0.3 0.3 03 03 0.3 0.3 0.3 03 0.3 0.3 03 03 0.3 NA
Average Invalid Alert Length (timesteps) 231377 12 10 10 9 ] 9 9 7 7 7 7 7 ] [ [ ] 5 5 4 MNA
Median Invalid Alert Length (timesteps 231377 ] 8 8 7 7 7 7 ] [ [ [ ] 5 5 5 5 4 4 3 MA
Baseline Events

Number of Baseline Events Detected 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 o
Percent of Baseline Events Detected 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% 0%
Minimum Time to Detect for All Baseline Events (timesteps) o 3 4 4 5 5 5 5 ] [ [ [ ] 7 7 7 7 ] 8 9 ND
SAverage Time to Detect for Detected Baseline Events (timesteps) IZII U [I [I IZII U [I [I IZII U [I CI IZII U CI [I IZII U [I [I ND

Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events

Simulated Contamination Events

Nurmber of Simulated Events Detected

Percent of Simulated Events Detected 1I]ﬂ‘1ﬁ 9296 9296 92']6 9296 9296 9296 92‘]15 9296 9296 9296 92‘]6 92‘36 EE‘%’ EEBE- E-E'lﬁ BEBG 3596 3596 35‘]& IJ%
Minimum Time to Detect for All Simulated Events (timesteps) o 3 4 4 5 5 5 5 ] 6 [ 6 ] 7 7 7 7 & 8 9 ND
Average Time to Detect for Detected Simulated Events (timesteps) o 21 91 9.1 10.1 10.1 101 101 117 11.7 117 117 117 12.7 127 127 127 13.8 138 148 ND
Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 39% 34% 34% 29% 29% 29% 29% 24% 24% 249% 24% 24% 15% 19% 19% 19% 15% 15% 11% 0%

CANARY, Station G

Baseline Data Simulated
Classifed as Classifed as Contamination
IMetric Normal Abnormal Events

Median Alert Level 0.000244 NA
Standard Deviation of Alert Level on Baseline Data 0.1 NA
Median Net Response 0072754
Trigger Accuracy 0.59
Alerting Threshold [ 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.B5 0.9 0.95 | 0.995 1
Overall EDS Performance
Number of Invalid Alerts 1 200 157 197 128 128 128 128 124 124 124 124 124 101 101 101 101 103 103 91 B4 84
Percent of Events Detected 100% B9% B9% 39% B9% B9% B9% 89% B9% B9% B9% 39% B9% BE% BE% B8% B8% BE% BE8% B8% B6% B6%

Average Time to Detect for Detected Events [timesteps)

Baseline Data Classifed as Mormal

Number of False Positive Timesteps 183559] 3438 2951 2166 2166 | 2166 1955 1955 1955 1955 1662 1506 | 1314

Percent of Baseline Timesteps that are False Positives 100.0%] 159% 1.6% 1.6% 1.2% 1.2% 1.2% 1.2% 1.1% 1.1% 1.1% 1.1% 1.1% 0.9% 0.9% 0.9% 0.9% 0.8% 0.8% 0.7% 0.5% 0.5%
Imvalid Alert Frequency [average number of timesteps between invalid alerts) 1835%3] 918 532 932 1434 1434 | 1434 | 1434 1481 1481 1481 | 1481 1481 1818 1818 | 1818 1818 1783 1783 2018 2186 2186
Invalid Alert Frequency [average number of days between invalid alerts) 2550 13 13 13 20 20 20 20 21 21 21 21 2.1 25 25 25 2.5 25 25 2.8 3.0 3.0
Average Invalid Alert Length (timesteps) 183599 13 IE 15 1? 1? 1? 1? 16 15 15 1E 15 1? 1? 1? 1? 15 15 15 12 12
Median Imvalid Alert Length [timesteps) 183539

Nurmber of Baseline Events Detected MA NA NA NA MNA MA MNA NA NA NA
Percent of Baseline Events Detected NA NA MA NA NA MNA MNA MNA MNA NA NA MNA NA NA MNA NA NA NA MNA MNA MNA NA
Minimum Time to Detect for All Baseline Events (timesteps) MNA NA MA NA NA NA NA NA MNA NA NA NA NA NA MNA NA NA NA NA NA MNA NA
Average Time to Detect for Detected Baseline Events [timesteps) NA NA MA NA NA MA NA NA MA NA NA MA NA NA NA NA NA NA NA NA NA NA
Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events MA NA NA NA MNA MNA MNA NA NA NA

Simulated Contamination Events

Number of Simulated Events Detected

Percent of Simulated Events Detected 1III% EB’B&' ESE!G ﬂ‘:'l'}ﬁ SB’B&' EB’B\&' ESBG ﬂ‘:'l'}ﬁ SB’B\&' EB‘B\&' ESBE- SE'H 89‘3\&' ES‘B&' ESBG S-E'lﬁ Sﬂ%’ EB% ESBG S-E'lﬁ 85‘36 EE‘B&'
Minimum Time to Detect for All Simulated Events (timesteps) o 3 4 4 5 5 5 5 ] ] [ [ ] 7 7 7 7 L) 8 ] 12 12
Average Time to Detect for Detected Simulated Events (timesteps) o 71 81 8.1 9.1 9.1 5.1 9.1 10.1 10.1 101 10.1 10.1 113 113 113 113 125 125 135 16.5 16.5

Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 64% 61% 61% 58% 58% 58% 58% 55% 55% 55% 55% 55% 52% 52% 52% 52% 45% 45% 26% 35% 35%




Water Quality Event Detection System Challenge: Methodology and Findings

DptEDS Station A Station B Station D
Baseline Data Simulated Baseline Data Simulated Baseline Data Simulated
Classifed as Classifed a5 | contamination Classifed as Classifed a5 | contamination Classifed as Classifed a5 | contamination
|Mel:rit: Normal Abnormal Events Normal Abnormal Events Normal Abnormal Ewents
IMe:Iian Level of Abnormality 0 100 0 100 0 0
IStandard Deviation of the Level of Abnormality on Baseline Data 2686 50.05 46.6 35.04 13.17 0
IMe:Iian Net Response 0 ] ]
[rrigzer Accuracy 048 0.85 0.7
0 100 0 100
Owverall EDS Performance H
Number of Invalid Alerts 1 130 1 121
IP‘en:\ent of Events Detected 100% 54% 100% 8%
Average Time to Detect for Detected Events [timesteps) 0 [3 [¥] 19
Sescline Dsta Cisied = Norma — —
MNumber of False Positive Timesteps 18545 G040 182788 3225
IP‘en:\ent of Baseline Timesteps that are False Positives 100.0% 31.9% 100.0% 1.8%
IInvaIid Alert Frequency (average number of timesteps between invalid alerts) 68056 687 185945 146 182788 1511
Ilnvalid Alert Frequency (average number of days between invalid alerts) 236.3 24 263.1 2.0 2539 21
4verage Invalid Alert Length (timesteps) 19009 45 182881 27
Median Invalid Alert Length (timesteps) 19009 G0 182881 19
Baseline Events I —
Mumber of Baseline Events Detected 4 4 3 0
[Percent of Baseline Events Detected 100% 50% 100% 10:0% 100% 0%
IMinimum Time to Detect for All Baseline Events (timesteps) 0 3 0 2 0 ND
|Average Time to Detect for Detected Baseline Events [timesteps) 0 35 [¥] 1.75 [¥] ND
lAverage Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 100% B3% 1008 B4% 100% 0%
Simulated Contamination Events _
Mumber of Simulated Events Detected 96 ELS 96 50 L 57
IP‘en:\ent of Simulated Events Detected 100% 35% 100% 54% 100% 59%
IMinimum Time to Detect for All Simulated Events (timesteps) 0 0 0 2 0 3
|Average Time to Detect for Detected Simulated Events (timesteps) 0 6.7 0 6.2 0 19.1
lAverage Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 44% 1007 B3% 100% 45%
DptEDS Station E Station F Station G
Baseline Data__ Simulated | Baseline Data Simulated Baseline Data Simulated
Classifed as Classifed as | Contamination Classifed as Classifed as | Contamination Classifed as Classifed as | Contamination
IMetric Normal Abnormal Events Normal Abnormal Events Normal Abnormal Events
[Median Level of Abnormality 0 100 0 o 0 NA
IStandard Deviation of the Level of Abnormality on Baseline Data 28.03 30.15 35.92 14.59 15.84 NA
IMe:Iian Net Response 100 4 0
[Trigzer Accuracy 0.66 0.59 074
0 100 0 100
Owverall EDS Performance H
Number of Invalid Alerts 1 66 1 1175 1 71
[Percent of Events Detected 100% B8% 100% T5% 100% 71%
Average Time to Detect for Detected Events [timesteps) 0 10 0 22
Baseline Dta Gassifed 25 Normal I —
MNumber of False Positive Timesteps 231330 46005 183600 4727
JPercent of Baseline Timesteps that are False Positives 100.0% 3.6% 100.0% 19.9% 100.0% 2_6%
Iln'u'alid Alert Frequency (average number of timesteps between invalid alerts) 34118 517 231330 157 183800 677
IInvaIid Alert Frequency [average number of days between invalid alerts) 236.9 EXT 3213 0.3 255.0 0.9
I.A'.rerage Invalid Alert Length (timesteps) 231377 Ex] 123800 18
Median Invalid Alert Length [timesteps) 231377 50 123800 E]
Saseine Events —
Mumber of Baseline Events Detected 1 1 NA NA
IP‘en:ent of Baseline Events Detected 100% 10:0% NA NA
[rinimum Time to Detect for All Baseline Events (timesteps) 0 1 0 46 NA NA
|Average Time to Detect for Detected Baseline Events (timesteps) 0 0 0 o NA NA
|Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 100% 91% 100% 2% NA NA
Simulated Contamination Events _
Mumber of Simulated Events Detected 96 B4 96 T2 L 68
IP‘ement of Simulated Events Detected 100% B8% 100% To% 100% 71%
IMinimum Time to Detect for All Simulated Events (timesteps) 0 2 0 o 0 3
|Average Time to Detect for Detected Simulated Events (timesteps) 0 126 0 9.8 0 22.1
|Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% T8 100% A7% 100% 53%
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ana:itool, Station A

Water Quality Event Detection System Challenge: Methodology and Findings

Baseline Data Simulated
Classifed as Classifed as Contamination
|Mgu-ic Normal Abnormal Events
IMedian Level of Abnormality 0.014956 0.00013533
IStandard Deviation of the Level of Abnormality on Baseline Data 0.51 0.07
IMedian Net Response 0.08072065
I'I'rigger Acouracy NA

Owerall EDS Performance

Number of Invalid Alerts 1 172 o1 ] 52 48 31 11 a3 5 5 5 5 5 4 4 4 4 2 2 2 1 1
[Percent of Events Detected 100% B9% 75% 63% 58% 53% 30% 15% 5% 1% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Average Time to Detect for Detected Events (timesteps) 0 15 17 21 22 21 21 22 23 B ND ND ND ND ND ND ND ND ND ND ND ND ND

Baseline Data Classifed as Normal

MNumber of False Positive Timesteps 6B055 | 5322 2917 1965 1524 1237 478 162 124 29 a5 76 70 ] 64 44 27 17 10 7 5 2 1
IP‘en:\El'lt of Baseline Timesteps that are False Positives 100.0%] B.7% 4.3% 2.9% 2.2% 1LE% 0.7% 0.2% 0.2% 0.1% 0.1% 0.1% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0%. 0.0% 0.0% 0.0% 0.0% 0.0%
Ilnvalid Alert Frequency [average number of timesteps between invalid alerts) [ 396 748 1031 1308 1418 2155 6187 8507 | 13611 | 13611 | 13611 | 13611 | 13611 | 17014 | 17014 | 17014 | 17014 | 34028 | 34023 | 34028 | 6BO5S | 68055
Ilnvalid Alert Frequency [average number of days between invalid alerts) 236.3 14 2.6 3.6 45 459 7.6 215 295 47.3 47.3 473 47.3 47.3 59.1 55.1 59.1 59.1 1182 | 1182 | 1182 | 2363 | 2363
I.Pn.rerage Invalid Alert Length (timesteps) 6B256 35 32 30 30 26 16 15 16 20 17 15 14 14 16 11 7 4 5 4 3 2 1

Median Invalid Alert Length [timesteps) 68256 | 245 26 25 215 18.5 7 7 14 20 15 18 16 15 16 11 6 4 5 4 3 2 1

Baseline Events

Number of Baseline Events Detected

4 2 2 ] 0 o 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0
IP‘en:\ent of Baseline Events Detected 100% 50% 25% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
[Minimum Time to Detect for All Baseline Events timesteps) 0 B 20 ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND
lAverage Time to Detect for Detected Baseline Events (timesteps) 0 9 20 ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND
|Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 1008 465% 18% 0% 0% 0% 0% P 0% 0% 0% 0% 0% 0% 0P 0% 0% 0% 0% 0% 0% 0P 0%
Simulated Contamination Events
MNumber of Simulated Events Detected 96 a7 74 63 58 53 30 15 5 1 0 0 0 0 0 0 0 0 0 0 0 0 0
[Fercent of Simulated Events Detected 100% 91% T7% 66% 60% 55% 31% 16% 5% 1% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
IMinimum Time to Detect for All Simulated Events (timesteps) 0 4 4 4 4 4 5 [ 7 B ND ND ND ND ND ND ND ND ND ND ND ND ND
[Average Time to Detect for Detected Simulated Events (timesteps) 0 152 17.3 1.1 218 21.0 212 2138 232 8.0 ND ND ND ND ND ND ND ND ND ND ND ND ND
|Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 56% 459% 47% 445 40% 27% 16% 11% 7% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
ana::tool, Station B
Baseline Data Simulated
Classifed as Classifed as Contamination
IMetric Normal Abnormal Events
IMe:Iian Lewvel of Abnormality 0.10759 0.1065
IStandard Deviation of the Level of Abnormality on Baseline Data 0.27 0.13
[Median Net Response 0.131122
I'I'rigger Accuracy NA
ert Threshold 0 0.01 0.35 0.5 1 L5 2 15 3 3.5 4 4.5 5 5.6 6.3

Owerall EDS Performance

Number of Invalid Alerts 1 327 132 74 30 13 7 0 0 0 0 0 0 0 0
IP‘en:\El'lt of Events Detected 100% | 100% BT% B3% 57% 35% 33% 27T% 20% 18% 15% 11% 7% 4% 0%
Average Time to Detect for Detected Events (timesteps) 0 o 10 12 15 17 20 20 18 21 22 18 7 8 ND

Baseline Data Classifed as Normal

MNumber of False Positive Timesteps 18944 | 16683 | 2687 1431 450 177 53 0 0 0 0 0 0 0 0
IP‘en:\ent of Baseline Timesteps that are False Positives 100.0% ] 88.1% | 14.2% | 7.6% 2.4% 0.9% | 0.3% 0.0% | 0.0% 0.0% | 0.0% 0.0% 0.0% | 0.0% 0.0%
Ilnvalid Alert Frequency (average number of timesteps between invalid alerts) 18544 58 144 256 631 1457 2706 NA NA NA NA MNA NA MNA NA
IInvaIid Alert Frequency [average number of days between invalid alerts) 263.1 0.8 20 3.6 B8 20.2 37.6 NA NA NA NA MNA NA MNA NA
I;“L'.rerage Invalid Alert Length (timesteps) 15008 51 20 19 15 14 8 NA NA NA NA MNA NA NA NA

Median Invalid Alert Length (timesteps) 15008 27 16 11 7 5 4 NA NA NA NA NA NA NA NA

Baseline Events

MNumber of Baseline Events Detected 4 4 1 1 0 o 0 0 0 0 0 0 0 0 0
IP‘en:\ent of Baseline Events Detected 100% | 100% 25% 25% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
IMinimum Time to Detect for All Baseline Events ({timesteps) i} ] 15 16 ND ND ND ND ND ND ND ND ND ND ND

|Average Time to Detect for Detected Baseline Events (timesteps) 0 o 15 16 ND ND ND ND ND ND ND ND ND ND ND

|Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 1008 52% 10 5% 0% 0% 0% P 0% 0% 0% 0% 0% 0% 0P

Simulated Contamination Events

MNumber of Simulated Events Detected 96 96 B6 82 57 39 33 27 20 13 15 11 7 4 0
IP‘en:\ent of Simulated Events Detected 100% | 100% 50% B5% 59% 41% 34% 28% 21% 159% 16% 11% 7% 4% 0%
IMinimum Time to Detect for All Simulated Events [timesteps) i} ] 2 2 3 4 4 E 5 [ B 7 7 7 ND

[Average Time to Detect for Detected Simulated Events (timesteps) 0 0.0 9.8 11.5 15.3 17.3 20.0 19.8 18.0 206 21.9 176 7.4 8.0 ND

|Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 96% 62% 54% 42% 40% 33% 29% 25% 17% 14% 12% 12% 9% 0%
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Water Quality Event Detection System Challenge: Methodology and Findings

ana:tool, Station D

Baseline Data Simulated
Classifed as Classifed as Contamination
Metric Normal Abnormal Events
Median Level of Abnormality 0.0100605 0
Standard Deviation of the Level of Abnormality on Baseline Data 0.15 0.06
Median Met Response 0.1597248
[Trigger Accuracy MA
Alert Threshold ] 0.07 0.14 021 0.28 035 0.42 0.43 0.56 0.63 0.7 0.77 0.84 0.91 0.98 1 1.05 112 1.19 126 1.33 14 147 154 1.61 1.68 175 1.82 1.BE9 1.96
Owerall EDS Performance
Mumber of Invalid Alerts 2 623 4561 360 300 257 213 150 145 128 100 B4 60 40 35 33 x7 18 10 ] 4 4 0 0 ] 4] ] 0 0 0
Percent of Events Detected 100% 52% S08s B65% 81% T6% T3% 72% B9% 66% 54% 62% 58% 53% 42% 417% 34% 29% 15% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%

|Average Time to Detect for Detected Events [timesteps)

Baseline Data Classifed as Normal

Mumber of False Positive Timesteps 178058 35227 | 22174 | 16350 | 12550 | 9765 4185 3100 2214 513 o 1] 0
Percent of Baseline Timesteps that are False Positives 100.0%| 19.8% | 12.5% | 9.2% 7.0% E.5% 4.2‘]1': 3.296 2.4% 1.7% 1.2% U.E'}I': IlEE'B ﬂ.'ﬂﬁ 0.3% 0.296 0.296 ﬂ.l%' ﬂ.l'lﬁ Ilﬂ‘!!’i Q.Eﬁﬁ D.D% U.I]% ﬂ.ﬂ% 0.0% Q.B‘lﬁ 0.0% CI.D% D.D% 0.0%
Invalid Alert Frequency (average number of timesteps between invalid alerts) 29029 286 386 495 5oq 693 436 937 1185 1391 1781 2120 2968 4451 5087 5396 6595 0892 | 17806 | 22257 | 44515 | 44515 NA MA MA MNA MA NA MA MNA
Invalid Alert Frequency [average number of days between invalid alerts) 1237 04 0.5 0.7 08 10 12 13 17 15 25 248 41 6.2 71 75 9.2 137 247 309 61.8 618 NA MA MA MNA MA NA MA MNA
|Average Invalid Alert Length [timesteps) 51440 53 5{] 4? 43 39 ElE 3-1 30 25 E EU 'LE 2'3 1? :er 13 13 12 lﬂ 4 3 Nﬁ. NA MA N.ﬁ NA NA NA MNA
Median Invalid Alert Length [timesteps) NA NA NA NA

Baseline Events

Mumber of Baseline Events Detected

Percent of Baseline Events Detected 100% 33% 33% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% % 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Minimum Time to Detect for All Baseline Events (timesteps) 0 o Q ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND
|Average Time to Detect for Detected Baseline Events (timesteps) 0 I] U ND ND ND MD ND ND ND MD ND ND N D ND MD ND ND ND ND ND ND ND ND ND ND ND ND ND ND

lAverape Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events

Simulated Contamination Events

Mumber of Simulated Events Detected

Percent of Simulated Events Detected 100% 54% 52% B9% 83% T8% ] 4% T1% 6E% 6E6% 4% 59% 54% 4% 44% 35% 30% 165% 0% 0% 0% 0% 0% ] 0% 0% 0% 0% 0%
Minimum Time to Detect for All Simulated Events (timesteps) 0 4 4 4 4 5 5 5 3 [ & 6 3 7 7 ) 7 a 11 ND ND ND ND ND ND ND ND ND ND ND
|Average Time to Detect for Detected Simulated Events [timesteps) 4] 6.5 7.2 8.7 10.4 10.9 12.2 14.0 137 14.1 14.4 15.2 14.8 13.8 5.0 9.0 9.2 103 11.7 ND ND ND ND ND ND ND ND ND ND ND
|Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% T8% 73% 68% 63% 61% 57% 53% 51% 45% 45% 35% 26% 18% 14% 13% 11% 6% 3% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%

ana::tool, Station E

Baseline Data Simulated
Classifed as Classifed as Contamination
Metric Normal Abnormal Events
IMedian Level of Abnormality 0.034433 0.4594
IStandar\d Deviation of the Level of Abnormality on Baseline Data 022 04
|Median Net Response 0.288112
I'I'rigger.ﬂn:l:umqr MA

Owerall EDS Performance
Mumber of Invalid Alerts 1 123 103 a5 75 25 15 8 5 4 4 4 4 3 3 2 1
Percent of Events Detected 100% 92% Bi% B0% 75% 52% 445 36% 28% 14% % 5% 1% 1% 0% 0% 0%

HEE

|Average Time to Detect for Detected Events [timesteps)

Baseline Data Classifed as Normal

Mumnber of False Positive Timesteps 34117 | 3013 1738 1257 o
Percent of Baseline Timesteps that are False Positives 100.0%| B.8% 5.2'36 5.1% 37% J_D‘E'E- ﬂ.4‘3|'| I].‘.LE'B ﬂ.l‘h’r ﬂ.lBﬁ CI.CBG U.ﬂ‘lﬁ IJ.D% U.D‘lﬁ D.D% CI.I]'BG U.D‘E‘ﬁ 0.0%
Invalid Alert Frequency (average number of timesteps between invalid alerts) 34117 277 331 383 455 1365 2274 4265 6323 8529 2529 8529 8529 | 11372 | 11372 | 17059 | 34117 NA
Invalid Alert Frequency (average number of days between invalid alerts) 2369 19 23 2.7 32 95 15.8 296 474 59.2 59.2 59.2 592 79.0 790 1185 | 2369 NA
|Average Invalid Alert Length (timesteps) 34]_28 ?_4 ZI] 2[| 1? _1_4 '9 E 5 5 4 3 EI 3 2 2 1 NA
|Median Invalid Alert Length [timasteps) NA

Baseline Events

Mumber of Baseline Events Detected

Percent of Baseline Events Detected 100% | 100% | 100% | 100% | 100% | 100% 0% 0% 0% 0% 0% 08 0% 0% 0% D% 0% 0%
Minimum Time to Detect for All Baseline Events [timesteps) o 4 5 5 5 7 MND ND ND ND ND ND ND ND MD MDY ND ND
|Average Time to Detect for Detected Baseline Events (timesteps) ﬂ El D IZII EI D MI} ND MD ND MD ND ND N 1] ND ND ND ND

Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events

Simulated Contamination Events

Mumber of Simulated Events Detected

Percent of Simulated Events Detected mﬂ% 92% EE% Sﬂ% ?596 51‘36 4596 3596 ZE% 1596 ?‘!6 556 1‘36 l'lﬁ 096 D‘lﬁ 096 IBﬁ
Minimum Time to Detect for All Simulated Events (timesteps) i} o a o 0 3 4 5 ] [ 1 7 7 8 ND MO ND NI
Average Time to Detect for Detected Simulated Events (timesteps) 0 10.4 122 11.8 11.4 17.8 20.7 231 215 17.2 233 232 7.0 8.0 ND ND ND ND
|Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 67% 6074 &0% 55% 50% 38% 25% 19% 16% 14% 11% 1% 105 0% 0% 0% 0%

80



BlueBox™, Station A

Water Quality Event Detection System Challenge: Methodology and Findings

Baseline Data Simulated
Classifed as Classifed as Contamination
IMetric Normal Abnormal Events
Median Level of Abnormality 0
Standard Deviation of the Level of Abnormality on Baseline Data 01
Median Net Response 0
Trigger Accuracy 0.64
Alert Threshold [1] 0.01 0.025 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 075 0.8 0.85 0.9 0.95 1
Owerall EDS Performance
Number of Invalid Alerts 1 149 30 24 249 24 24 24 249 24 24 24 24 249 24 24 24 24 ] 9 9 2 0
Percent of Events Detected 100% B5% S6% 35% 35% 35% 35% 35% 35% 35% 35% 35% 35% 35% 35% 35% 35% 35% 6% 6% 6% 0% 0%
Average Time to Detect for Detected Events [timestep o 17 19 24 24 24 24 24 24 24 24 24 24 249 24 24 24 24 42 42 42 ND ND
Baseline Data Classifed as Normal
Number of False Positive Timesteps B6E056 | 10189 | 15940 1075 1075 1075 1075 1075 1075 1075 1075 1075 1075 1075 1075 1075 1075 1075 131 131 131 28 0
Percent of Baseline Timesteps that are False Positives 100.0% ] 15.0% | 29% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 1.6% 0.2% 0.2% 0.2% 0.0% 0.0%
Imvalid Alert Frequency [average number of timesteps between invalid alerts) GE05E 457 2269 2836 2836 2836 2836 2836 2836 2836 2836 2836 2836 2836 2836 2836 2836 2836 7562 7562 7562 | 34028 MNA
Invalid Alert Frequency (average number of days between invalid alerts) 2363 16 79 9.8 5.8 5.8 9.8 9.8 9.8 9.8 9.8 9.8 9.8 9.8 5.8 9.8 9.8 9.8 263 263 26.3 1182 MA
Awerage Invalid Alert Length [timesteps) 68257 (] [ 45 45 45 45 45 45 45 45 45 45 45 45 45 45 45 15 15 15 14 MNA
Median Invalid Alert Length (timesteps) BE257 18 7 41 41 41 41 41 41 41 41 41 41 41 41 41 41 41 8 8 3 14 MNA
Baseline Events
Number of Baseline Events Detected 4 0 0 0 o 0 0 0 0 0 0 0 0 0 0 0 0 0 0 0 1] 0 0
Percent of Baseline Events Detected 100% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Minimum Time to Detect for All Baseline Events (timesteps) o ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND
Awerage Time to Detect for Detected Baseline Events (timesteps) ) ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND
Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 10:0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Simulated Contamination Events
Number of Simulated Events Detected 96 65 56 35 35 35 35 35 35 35 35 35 35 35 35 35 35 35 6 [ ] 0 0
Percent of Simulated Events Detected 100% [ S8% 36% 36% 36% J6% 36% 36% 36% 36% 36% 36% 36% 6% 365 36% 36% 6% 6% 6% 0% 0%
Minimum Time to Detect for All Simulated Events (timesteps) o 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 4 36 36 36 ND ND
Awerage Time to Detect for Detected Simulated Events (timesteps) o 17.2 19.3 23.7 23.7 23.7 23.7 23.7 23.7 23.7 23.7 23.7 23.7 23.7 23.7 23.7 23.7 23.7 423 423 42.3 ND ND
Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 48% 36% 37% 37% 37% I7% 37% 37% 37% ITH% 37% 37% 37T% ITH 37% 37% 37% 12% 12% 12% 0% 0%
BlueBox™, Station B
Baseline Data Simulated
Classifed as Classifed as Contamination
IMetric Normal Abnormal Events
Median Level of Abnormality 0
Standard Deviation of the Level of Abnormality on Baseline Data 0.22 0.24
Median Net Response 0.36
Trigger Accuracy 0.69
Alert Threshold [1] 0.05 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0LBS 0.9 0.95 1

Owerall EDS Performance

Baseline Data Classifed as Mormal

Number of Invalid Alerts 1 32 32 32 32 32 32 32 22 22 22 22 22 249 24 21 21 13 18 8 0
Percent of Events Detected 100% 90% S0% 50% 50% 90% S0% 50% B3% 83% 83% 23% B3% 72% 2% 7% 71% 53% 2% 40% 1%
Average Time to Detect for Detected Events [timestep o 13 13 13 13 13 13 13 13 13 13 13 13 14 14 14 14 13 19 16 33

Baseline Events

Number of False Positive Timesteps 18045 | 2471 2471 2471 2471 2471 2471 | 2471 2199 21599 2199 2199 2199 719 719 263 258 174 174 78 0
Percent of Baseline Timesteps that are False Positives 100.0% ) 13.0% | 13.0% | 13.0% | 13.0% | 13.0% | 13.0% | 13.0% | 116% | 116% | 11.6% | 116% | 116% | 3.8% 3.8% 1.4% 1.4% 0.9% 0.9% 0.4% 0.0%
Imvalid Alert Frequency (average number of timesteps between invalid alerts) 18545 592 592 592 582 552 592 592 B61 861 261 B61 861 785 789 202 502 1053 1053 2368 NA
Invalid Alert Frequency (average number of days between invalid alerts) 263.1 8.2 8.2 8.2 8.2 3.2 8.2 8.2 12.0 12.0 12.0 12.0 120 11.0 110 125 125 14.6 146 329 NA
Awerage Invalid Alert Length [timesteps) 15009 7 77 77 7 7 77 77 100 100 100 100 100 30 30 13 12 10 10 10 NA
Median Imvalid Alert Length (timesteps 15005 | 115 12 12 12 12 12 12 7 7 7 7 7 5 5 4 4 2 2 11 NA

Number of Baseline Events Detected 4 2 2 2 2 2 2 2 1 1 1 1 1 1 1 1 1 1 0 0 ]
Percent of Baseline Events Detected 100% 50% 50% 50% 50% 50% S0% 50% 25% 25% 25% 25% 25% 25% 25% 25% 25% 25% 0% 0% 0%
Minimum Time to Detect for All Baseline Events (timesteps) o 2 2 2 2 2 2 2 3 3 3 3 3 3 3 3 3 3 ND ND ND
Average Time to Detect for Detected Baseline Events (timesteps) o 1 1 1 1 1 1 1 3 3 3 3 3 3 3 3 3 3 ND ND ND
FAverage Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 100% 43% 43% 43% 43% 43% 43% 43% 32% 32% 32% 32% 32% B% 8% 2% 3% 4% 0% 0% 0%
Simulated Contamination Events

Number of Simulated Events Detected 96 B3 B8 28 B3 it B8 28 82 82 B2 82 82 71 71 71 70 52 52 40 1
Percent of Simulated Events Detected 100% 92% 92% 52% 92% 92% 92% 92% B5% B5% B5% B5% B5% T4% T4% T4% 73% S4% Sa% 42% 1%
Minimum Time to Detect for All Simulated Events (timesteps) ) 0 0 0 o 0 0 0 ] 0 0 0 ] 2 2 2 2 2 2 3 33
Average Time to Detect for Detected Simulated Events (timesteps) o 13.3 133 133 133 13.3 133 133 13.0 13.0 13.0 13.0 130 14.1 141 14.4 14.2 185 185 16.2 33.0
Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 60% B0% B0% 60% 60% 60% 60% 8% 58% SE% 8% LT% Si6% SE% 50% 51% 8% 43% 365% 10%
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BlueBox™, Station E

Baseline Data Simulated
Classifed as Classifed as Contamination

IMetric Normal Abnormal Events

Median Level of Abnormality 0 0

Standard Deviation of the Level of Abnormality on Baseline Data 0.15 i)

Median Net Response 0

Trigeer Acouracy 0.35

Alert Threshold o 005 0.1 0.15 0.2 0.25 0.3 0.35 0.4 0.45 0.5 0.55 0.6 0.65 0.7 0.75 0.8 0.BS 0.9 0.95 1
Owerall EDS Performance

Number of Invalid Alerts 1 7 77 77 i7 77 77 7 77 75 53 53 53 53 53 35 35 vy 26 27 4
Percent of Events Detected 100% B6% B6% B6% BE% Ba% BE% BE% Ba% B82% 82% 82% B2% B2% B2% 70% T0% Fie] 69% 54% 21%

Axverage Time to Detect for Detected Events [timestep

Baseline Data Classifed as Normal

Mumber of False Positive Timesteps 34118

Percent of Baseline Timesteps that are False Positives 1000% ] 3.2% 3.2% 3.2% 3.2% 3.2% 32% 32% 3.2% 3.1% 3.0% 3.0% 3.0% 3.0% 3.0% 2 3% 2 3% 2.0% 210% 0.3% 0.0%
Invalid Alert Frequency [average number of timesteps between invalid alerts) 34118 443 443 443 443 443 343 443 443 455 544 44 B34 644 B44 975 575 1264 1312 1264 8530
Invalid Alert Frequency [average number of days between invalid alerts) 23649 31 31 3.1 31 i1 3.1 R 31 3.2 45 4.5 45 4.5 45 6.8 6.5 2.8 91 8.3 592
Awerage Invalid Alert Length [timesteps) 34125 14 14 14 14 14 14 14 14 14 15 14 19 19 15 22 22 25 26 4 3
Madian Imvalid Alert Length (timesteps) 34125 2 2 2 2 2 2 2 2 2 3 3 3 3 3 3 3 3 3 3 3
Number of Baseline Events Detected 1 4] 0 0 ] 0 0 L] o 4] 0 0 1] 0 0 0 0 4] 0 0 0
Percent of Baseline Events Detected 100% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Minimum Time to Detect for All Baseline Events (timesteps) o HD ND N ND HD ND ND ND ND ND ND ND ND ND ND MDD ND ND ND ND
Average Time to Detect for Detected Baseline Events (timesteps) o HD ND ] ND HD ND ND MND ND ND MO HD ND ND ND MND ND ND ND HD
Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 10:0% (1] 0% 0% 0% L] 0% ] 0% 0% 0% 0% 0% 084 0% ] 0% ] 0% 0% 0%
Simulated Contamination Events

MNumber of Simulated Events Detected 56 &3 83 a3 g3 83 B3 a3 83 &0 E0 a0 80D 80 B0 &8 [T 63 &7 52 20
Percent of Simulated Events Detected 10:0% BE% B6% 6% B6% B6% BE% 6% E6% B3% 83% 33% 83% B3% Bi% 71% T1% T1% T 54% 21%
Minimum Time to Detect for All Simulated Events (timesteps) o 2 2 2 2 2 2 2 2 2 3 3 3 3 3 3 3 3 3 4 b
Average Time to Detect for Detected Simulated Events [timesteps) o 103 10.3 103 103 10.3 103 103 10.3 9.5 115 115 115 115 115 142 142 15.4 153 159 174

Average Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% 43% 44% 4% 44% 1% 44% 34% 43% 44% 41% 41% 41% 41% 41% 43% 43% 31% 29% 23% 16%




Event Monitor, Station D

Water Quality Event Detection System Challenge: Methodology and Findings

Baseline Data Si
Classifed as Classifed as Contamination
Metric HNormal Abnormal Events
|Med ian Level of Abnormality 0.007 0.022
Standard Deviation of the Level of Abnormality on Baseline Data 0.67 0.32
|Med ian Net Response 1035
rigger Accuracy NA
Alert Threshold ] 03 0.6 0.9 12 15 1B 21 24 .7 3 3.3 3.6 3.9 a2 4.5 4.8 51 5.4 57 [3 6.3 [ 6.9 T2 1.5 7.8 81 8.4 a7 9 9.3 9.6 9.9 0.5 14 17.5 21 745 28 315 35
Overall EDS Performance
Number of Invalid Alerts 1 468 367 318 284 256 224 193 143 105 72 45 31 21 20 19 19 17 15 15 15 14 14 14 13 13 13 12 12 13 13 14 14 12 13 £ 4 4 4 2 1 0
Percent of Events Detected 100% | 100% 59% 98% 6% 52% B9% 82% T1% 67% 62% 53% 53% AT% 465 43% 43% 42% 42% 41% 38%. 31% 31% 31% 31% 28% 26% 21% 20% 15% 19% 16% 165% 16% 16% 10% 0% 096 0% 086 0% 0%
ﬂwerage Time to Deliecrfnr Detected Events (timesteps)
Number of False Positive Timesteps 182787 5418 4556 3350 3238 2523 1311 936 703 517 474 420 378 326 316 270 251 178
Percent of Baseline Timesteps that are False Positives 100.0% 4_8% 3.6% 30% | 25% | 21% | 18% | 14% l.D‘Jﬁ 0.7% | 05% | 0.4% 0.396 0.3% | 0.3% 0.2% D.Z% 0.2% EI-.E% U_Z% 0.2% 0_296 0.2% EI-.Z% 0.2% | 0.2% 0_296 0.1% | 0.1% 0. 1% I].‘J.% 0.1% D.‘J.% Cl.l'lﬁ D.‘L% U.IJ% O.D% U.O‘!ﬁ O.D‘Jﬁ D.O% O.D‘Jﬁ D.O%
Invalid Alert Frequency (average number of timesteps between invalid alerts) 182787] 391 458 575 643 714 216 847 1227 1741 2539 4062 5856 8704 | 5135 5620 9620 | 10752 | 12186 | 12186 | 12186 | 13056 | 13056 | 13056 | 14061 | 14061 | 14061 | 15232 | 15232 | 14061 | 14061 | 13056 | 13056 | 15232 | 14061 | 22848 | 45657 | 456597 | 45657 | 51354 | 182787| MA
Invalid Alert Frequency (average number of days between invalid alerts) 2539 05 0.7 0.8 05 10 11 13 17 24 35 5.6 8.2 121 127 13.4 134 149 16.9 16.9 16.9 18.1 18.1 18.1 15.5 195 135 212 212 195 19.5 18.1 18.1 212 155 317 63.5 63.5 63.5 1269 | 253.9 MNA
Average Invalid Alert Length (timesteps) 182880] 20 19 18 17 16 15 14 13 13 14 17 19 27 26 25 24 26 29 28 27 29 25 27 28 27 25 27 25 22 21 17 16 16 11 10 15 10 5 & 3 NA
Median Invalid Alert Length (timestep 182880 15 14 14 13 12 11 11 10 k] 8 8 3 11 11 10 £l 9 11 10 10 11 11 11 11 11 11 10 10 k] 9 8 9 10 8 2 8 7 5 3 3 MA
Baseline Events
Number of Baseline Events Detected 3 3 2 1 a 0 [ o o a o '] o 1] o o '] 0 1] '] '] 0 0 0 a '] [ ] 0 o 0 [ 0 o o o '] o 1] o o ']
Percent of Baseline Events Detected 100% | 100% 67% 33% 0% ] 0% 0% 0% 0% 0% 0% 0% 0% ] 0% 0% 0% 0% 0% 0% 086 0% 0% 0% 0% 0% 0% 0% 0% ] 0% 0% 0% 0% 0% 0% 096 0% ] 0% 0%
Minimum Time to Detect for All Baseline Events (timesteps) [1] [1] 2 E] ND ND HND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND HND ND ND ND ND HND ND ND ND ND ND ND ND ND ND ND
Average Time to Detect for Detected Baseline Events (timesteps) 0 0 1 ] MD ND ND ND ND MD ND ND ND ND ND ND MDD ND ND ND ND MND ND ND ND ND ND ND HND ND ND ND ND ND ND ND MDD ND ND ND ND MD
|Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 100% 38% 31% 6% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0% 0%
Simulated Contamination Events
Number of Simulated Events Detected 56 96 56 96 85 91 88 81 70 66 61 57 52 47 46 43 43 42 42 41 33 31 31 31 31 28 26 21 20 15 19 16 16 16 16 10 4] 0 4] o 0 4]
IPementof Simulated Events Detected 100% | 100% 100% | 100% 99% 5% 92% B4% 73% 69% 64% 59% 54% 29% A8% 5% 45% 245% 24% 43% 40% 32% 32% 32% 32% 29% 27% 22% 21% 20% 20% 17% 17% 17% 17% 10% 0% 0% 0% 0% 0% 0%
|Minimum Time to Detect for All Simulated Events (timesteps) ] [ 0 0 a 0 [ o o a o '] 1 1 1 1 1 1 1 1 1 1 1 1 1 2 2 2 2 F 2 2 2 2 F 3 ND ND ND ND ND ND
werage Time to Detect for Detected Simulated Events (timesteps) 0 73 9.6 10.6 120 13.4 14.1 144 139 135 15.1 15.5 145 141 141 15.6 16.0 15.8 16.4 171 15.8 17.1 173 17.8 183 17.0 169 188 18.3 174 176 159 16.1 16.1 16.6 242 ND ND ND ND ND ND
JAverage Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% | 73% 64% 58% 51% A47% 44% 4086 4% 39% 39% 37% 36% 35% 34% 33% 31% 30% 27% 25% 24% 5% 24% 22% 20% 20% 20% 22% 22% 22% 21% 25% 243 23% 22% 8% 0% 0% 0% 0% 0% 0%
Event Monitor, Station F
Baseline Data Simulated
Classifed as Classifed as Contamination
Metric Normal Abnormal Events
IMed ian Level of Abnormality 0.02 0.826
Standard Deviaticn of the Level of Abnormality on Baseline Data 275 112
Median Net Response 0.5435
@er Accuracy NA
Alert Threshold 0 0.3 0.6 0.9 1.2 1.5 1.8 2.1 24 7 3 3.3 3.6 3.9 4.2 4.5 4.8 5.1 5.4 5.7 [ 6.3 [13 6.9 72 7.5 7.8 21 £8.4 8.7 9 9.3 9.6 9.9 16.2 243 32.4 40.5 48.6 56.7 64.8 72.9 81
Overall EDS Performance
Number of Invalid Alerts 1 1993 2057 2025 1560 1305 1612 1421 1309 1215 1142 1043 967 877 TE4 667 539 425 321 242 185 160 135 120 114 111 111 112 111 103 108 108 108 106 103 100 98 32 11 El 5 2 0
Percent of Events Detected 100% | 100% | 100% | 100% | 9%% S58% D45 5436 0% B5% 1% 7% T7% 76% T5% 70% G536 S5E% 52% 45% 44% 38% 37% 363 36% 35% 3% 29% 28% 27% 22% 21% 21% 21% 1% 0% 0% 0% 0% 0% 0% 0% 0%
Average Time to Detect for Detected Events (timestaps] 0 5 7 7 8 10 9 10 11 12 13 13 13 13 14 15 15 15 15 16 15 16 16 16 16 16 15 15 16 17 18 15 15 20 40 ND MDD ND ND ND ND MD ND
Baseline Data Classifed as Normal
Nurmber of False Positive Timesteps 231330) 53771 | 46272 | 41073 | 36386 | 32081 | 23270 | 24881 | 22227 | 19668 | 17273 | 15156 | 13323 | 11457 | 5615 7900 6172 4767 3552 2805 2230 1554 1681 1518 1448 1391 1371 1331 1303 1283 1269 1260 1254 1236 878 803 631 184 25 80 42 25 0
Percent of Baseline Timesteps that are False Positives 100.0% ) 23.7% | 20.0% | 17.8% | 15.7% | 13.9% | 12.2% | 10.8% | 9.6% 8.5% 7.5% 6.6% 5.3% 5.0% 4. 2% 3.4% 2.7% 2.1% 1.6% 1.2% 1.0% 0.8% 0.7% 0.7% 0.6% 0.6% 0.6% 0.6% 0.6% 0.6% 0.5% 0.5% 0.5% 10.5% 0.4% 0.3% 0.3% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0%
invalid Alert Frequency (average number of timesteps between invalid alerts) 231330] 116 112 114 118 128 143 163 177 150 203 221 233 264 303 347 429 544 721 556 1224 1446 1664 1528 2029 2034 2084 2065 2084 2122 2142 2142 2142 2182 2246 2313 2361 7229 | 21030 | 25703 | 46266 | 115665 NA
Invalid Alert Frequency (average number of days between invalid alerts) 313 02 DZ UZ DZ 02 02 CIZ 02 03 03 03- 03 D4 U4 05 UE O.E :I_O 1.3 1? 2IIII 23 2? Z.E ?_9 29‘ 29 29 2‘3 30 30 30 3.0 31 32 33- :I.OI] 292 35? 643 1606 NA
werage Invalid Alert Length (timesteps) 231377 NA

Median Invalid Alert Length [timesteps) 231377 NA
Baseline Events

Number of Baseline Events Detected

Simulated Contamination Events

Percent of Baseline Events Detected 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% | 100% 0% 0% 0% 0% 0% 0% (1] 0% 0% 0% 0% 0% 0% 0% 0% 0% (] 0% 0% 0% 0% 0%
Minimum Time to Detect for All Baseline Events (timestaps) 0 0 0 ] o 0 1 1 1 1 8 2 g g g 8 a2 2 g a2 g ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND ND
Average Time to Detect for Detected Baseline Events (timesteps) 0 1] 0 ] a o 1] o 1] a 0 4] o 4] o 0 ] 0 4] ] 4] ND ND ND ND ND ND ND N ND ND ND ND ND ND ND ND ND ND ND ND WD ND
|Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events 100% 665 B0% 47% A% 30% 265 6% 6% 6% A% 2% 2% 2% 2% 2% 2% 25 2% 2% 2% ] 0% 0% 0% 0% 0% % 0% 0% 0% 0% 0% 0% 0% 0% 0% ] 0% ] 0% 0% 0%

Number of Simulated Events Detected 56 96 36 96 95 34 90 50 86 81 78 76 74 73 72 67 62 55 43 a6 42 37 36 35 35 34 31 28 27 26 21 20 20 20 1 1] a 0 a o 1] a 0

Percent of Simulated Events Detected 100% | 100% | 100% | 100% 095% S58% 94% 545 50% B4% 21% 79% T7% TE% T5% 70% 5% 57% 51% 48% 44%, 39% 8% 6% 36% 35%. 3% 29% 28% 27% 22% 21% 21% 21% 1% 0% 0% 0% 0% 0% 0% 0% 0%
Minimum Time to Detect for All Simulated Events (timesteps) 0 0 0 ] o 0 0 0 0 o 0 ] 1 1 1 1 1 1 1 1 1 1 1 1 1 2 2 2 2 z 2 2 2 2 40 ND ND ND ND ND ND ND ND
|Average Time to Detect for Detected Simulated Events timesl:eE] 0 55 6.7 75 83 B ] 54 104 113 115 126 128 13.1 135 141 15.0 145 155 15.1 165 15.3 158 155 155 159 15.8 149 153 16.0 166 18.1 151 154 157 40.0 ND ND ND ND ND ND ND ND
Average Percent of Event Timesteps the EDE Alerts On for Detected Simulated Events 100% TI% 72% 66% 60% CE% 52% A% 43% 42% 40% 3% 35% 33% 0% 30% 29% 29% 29% 28% 28% 27% 26% 25% 23% 22%. 212% 22% 21% 20% 23% 23% 23% 21% 3% 0% 0% 0% 0% 0% 0% 0% 0%
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Event Monitor, Station G

Baseline Data Simulated
Classifed as (Classifed as Contamination
|metri MNormal Abnormal Events
IMed ian Level of Abnormality 0.007 MNA
Standard Deviation of the Level of Abnormality on Baseline Data 0.54 NA
Median Net Response 0.926
Eer Accuracy NA
Alert Threshold [] 03 0.6 0.9 1.2 1.5 1.8 2.1 24 2.7 3 33 3.6 3.9 4.2 4.5 4.3 5.1 5.4 5.7 [ 6.3 6.6 6.9 7.2 7.5 7.8 81 8.4 8.7 9 9.3 9.6 9.9 10.5 14 17.5 21 745 28 315 35
Overall ED5 Performance
Number of Invalid Alerts 1 833 516 401 253 215 151 112 77 (31 47 43 41 40 36 35 32 24 23 21 20 20 13 15 15 16 16 15 15 15 15 14 13 13 13 11 11 El 7 1 1 [i]
Percent of Events Detected 100% | 100% | 100% | 100% S6% S2% B6% T 665 63% 57% 54% 54% 5% 53% 48% 48% 6% 45% 43% A2% 33% 33% 33% 33% 33% 27% 22% 20% 2% 19% 17% 17% 17% 17% B% [ 096 0% 096 (1] 0%
Average Time to Detect for Detected Events (timesteps) o 8 11 12 12 15 14 12 11 10 11 12 13 13 13 15 15 15 17 17 17 16 16 17 18 13 14 15 14 14 15 16 16 17 17 21 ND ND ND ND ND ND
Baseline Data Classifed as Normal
Number of False Positive Timesteps 183553 11953 | 6583 4535 3335 2324 1565 1080 724 526 391 322 300 261 221 173 156 137 119 108 92 a5 B6 24 78 (] 67 [ 64 63 61 55 57 56 56 a7 44 36 30 12 10 [i]
Percent of Baseline Timesteps that are False Positives 100.0% | 6.5% 3.8% 2.7% 1.8% 1.3% 0.9% 0.6% 0.4% 0.3% 0.2% 0.2% 0.2% 0.1% 0.1% 0.1% 0.1% 0.1% 0.1% 0.1% 0.1% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0% 0.0%
IInvaIi:I Alert Frequency (average number of timesteps between invalid alerts) 183555| 220 356 458 627 854 1216 | 1635 | 2384 | 3010 | 3506 | 4270 | 4478 | 4550 | 5100 | 5246 | 5737 | 7650 | 7583 | 8743 | 5180 | 59180 | 9663 | 59663 | 5663 | 11475 | 11475 | 12240 | 13240 | 12240 | 12240 | 13114 | 14123 | 14123 | 14123 | 16651 | 16651 | 20400 | 26228 | 183559 183555) NA
Invalid Alert Frequency (average number of days between invalid alerts) 255.0 03 0.5 0.6 0.8 12 17 23 33 4.2 5.4 55 6.2 6.4 71 7.3 8.0 10.6 111 121 127 12.7 134 134 134 15.5 1559 17.0 17.0 170 17.0 182 156 156 156 232 232 283 36.4 255.0 | 255.0 MNA
I.Fulerage Invalid Alert Length [timesteps) 183593 16 15 13 12 11 11 11 10 10 k] 8 a8 7 7 6 5 5 5 5 5 5 5 5 4 4 4 4 g 4 4 4 4 4 4 4 4 4 4 12 10 NA
Median Invalid Alert Length (timestep 183533 14 13 12 11 10 10 ] 8 [ 4 5 4 4 4 3 3 3 3 3 3 3 3 3 2 2 2 2 2 2 2 2 2 2 2 2 2 1 2 12 10 MNA
Baseline Events
Number of Baseline Events Detected MNA NA NA NA NA MA NA MA MA MA MA NA MA NA NA NA MNA NA NA NA NA MA NA MA MA MA MA NA MA NA NA NA MNA NA NA NA NA MA NA MA NA MNA
Percent of Baseline Events Detected NA NA NA NA NA MNA NA MNA MA NA MA NA MA MNA NA NA NA NA NA NA NA MNA NA MNA MA NA MA NA MA MNA NA NA NA NA MNA NA NA NA NA MNA NA NA
Minimum Time to Detect for All Baseline Events (timesteps) NA NA NA NA NA NA NA NA NA NA NA NA NA MA NA NA NA NA NA NA NA NA NA NA NA NA NA NA NA MA NA NA NA N NA NA NA MNA NA NA NA NA
Average Time to Detect for Detected Baseline Events [timesteps) MNA NA NA NA NA MA NA MA MA MA MA NA MA NA NA NA MNA NA NA NA NA MA NA MA MA MA MA NA MA NA NA NA MNA NA NA NA NA MA NA MA NA MNA
|Average Percent of Event Timesteps the EDS Alerts On for Detected Baseline Events NA NA NA NA NA MNA NA NA MA NA NA NA NA NA NA NA NA NA NA NA NA MNA NA NA MA NA NA NA NA NA NA NA NA NA MNA NA NA NA NA NA NA NA
Simulated Contamination Events
Number of 5i d Events Detected 56 96 56 96 92 a8 83 73 63 &0 55 52 52 52 51 46 46 44 43 41 40 32 32 32 32 32 26 21 19 15 18 16 16 16 16 8 4] o [i] 0 0 [i]
IPerDentofSimulzned Events Detected 100% | 100% | 100% | 100% 26% 92% B6% TE% 66% 63% 57% 54% 54% 54% 53% 38% 48% 26% 45% 43% 42% 33% 33% 33% 33% 33% 27% 22% 20% 20% 19% 17% 1% 17% 17% 8% 0% 0% 0% 0% 0% 0%
Minimum Time to Detect for All Simulated Events (timesteps) 0 0 ] 0 4] 1] 0 0 0 4] 0 0 1 1 1 1 1 1 1 1 1 1 1 1 1 2 2 2 2 2 2 2 2 2 2 3 ND MND ND MND ND ND
hverage Time to Detect for Detected Simulated Events (timesteps) '] 23 10.8 12.3 125 14.6 13.7 115 10.6 10.1 112 121 12.7 13.2 13.5 14.7 15.1 15.5 16.8 17.4 16.2 16.0 16.4 17.1 17.7 18.6 14.0 15.1 13.7 138 14.7 16.1 16.1 16.5 16.2 213 ND ND ND ND ND ND
I.ﬂulerage Percent of Event Timesteps the EDS Alerts On for Detected Simulated Events 100% T1% 62% 54% S0% 47% A5% 458 46% 4% 4% A44% 40% 38% 34% 35% 33% 30% 27% 26% 24% 25% 24% 22% 20% 18% 20% 22% 23% 22% 22% 24% 24% 23% 21% B% 0% ] 0% 086 0% 0%
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