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DEVELOPMENT AND TESTING OF DATA DRIVEN NOWCASTING
MODELS OF BEACH WATER QUALITY
JAINY MAVANI (1), LIANGHAO CHEN (1), DARKO JOKSIMOVIC (1), SONGNIAN LI (1)

(1): Department of Civil Engineering, Ryerson University, 350 Victoria Street, Toronto,
Ontario, M5B 2K3, Canada
Recreational water users may be exposed to elevated pathogen levels that originate from
various point and non-point sources. Current daily notifications practice depends on microbial
analysis of indicator organisms (persistence model) such as Escherichia coli (E. coli) that
require 18-24 hours to provide sufficient response. This research evaluated the use of Artificial
Neural Networks (ANNs) and Evolutionary Polynomial Regression (EPR) for real time prediction
of E. coli concentration in water at beaches in Toronto, Ontario, Canada. The nowcasting models
were developed using readily available real-time environmental and hydro-meteorological data
available for four bathing seasons (June-August). The results of the developed models were
compared with historic data and found that the predictions of E. coli levels generated by ANN
models slightly outperformed those generated using EPR. The best performing ANN models are
able to predict up to 74% of the E. coli concentrations, offering an improvement over the
currently employed persistence approach.
INTRODUCTION
Beaches are treasured natural resources that provide significant value, including recreational
benefits in summer time. However, beach waters can contain various pathogenic microorganisms, which are a potential threat to human health and can cause beach closures for
periods of time. Due to the same reason, there has been an increasing interest for the last couple
of decades to develop the models for fast assessment of beach water quality.
Out of these micro-organisms, elevated levels of Escherichia coli (E. coli) is used as an
indicator of contamination and to indicate the presence of human or animal fecal wastes and
other harmful bacteria in lakes and streams [1]. Numerous factors may explain fluctuations in
E. coli level, including rainfall, wind speed and direction, wave height, turbidity, direction of
flow and biological factors [2]. As a standard practice, measuring the geometric mean
concentrations of the E. coli during the swimming season of each year has been the basis that
establishes whether water quality meets/fails the safety levels for recreational purposes.
However, due to the time required to obtain culture-based results (18-24 hours), E. coli
concentrations are typically not available until the following day of the actual sample
collection. The delay, coupled with the temporal and spatial variability associated with E. coli,
sometimes results in unwarranted beach closures or the lack of a advisory when E. coli
concentrations are, in fact, elevated and a public health risk exists [3].

Various approaches have been developed to address this time lag problem, including
attempts to shorten analysis time for water quality monitoring, use of quicker predictive
methods and communicating beach water quality information to the public on a timely (e.g.,
near-daily) basis so more informed decisions can be made by the public regarding recreational
water use. [4]. Efforts have been made to develop predictive models for nowcasting and
forecasting the level of E. coli around the world for beach condition. Nowcasting refers the
current situation and what changes to expect over the next 2-6 hours. Nowcast systems operate
continuously with little user intervention, which is appropriate for the time scales of the
phenomena of interest [5].
The objective of this paper is to develop predictive models to nowcast beach status using
the available readily available data measured by some sort of sensors or automated systems. In
order to accomplish this objective, the following issues have been addressed:
- Exploring the correlations between indicator organism concentrations and other water
quality and meteorological variables,
- Developing ANN and EPR models to forecast E. coli concentration for beach waters,
- Investigating the influence of different input parameter selection methods on models’
development and performance,
- Investigating the influence of variable transformation on model performance,
- Comparing model performance to that achieved by the current practice.
STUDY AREA
Beaches are a key feature of Toronto’s waterfront parks which contribute significantly to the
quality of life in the city. Toronto’s lakefront spans 157 kilometers of shoreline, 5.5 kilometers
of which are supervised beaches (11 locations) designated for swimming during summer time.
Eight beaches fly the Blue flag, which requires that individual beaches have water quality
which enables them to be open for at least 80% of the swimming season and monitored by
Environmental defense (www.blueflag.ca) in Canada. The remaining three beaches (Sunnyside,
Rouge and Marie Curtis East Park), shown in Figure 1, are located near the mouth of major
river systems and are with the poorest beach water quality and are regularly posted against
swimming. As per Toronto City Council action plan, aimed at improving and enhancing the
swimming beaches, the assessment of water quality at these three city beaches is of concern [6].
When E. coli is found in water samples collected at concentrations greater than 100 E. coli
per 100 milliliters of water, the beaches are posted with advisory signs because swimming
could lead to health effects such as skin rashes or gastro-intestinal illnesses [3]. Toronto Public
Health (TPH) department determines the public health implications of the bacteria data, posts
the result on their website (http://app.toronto.ca/tpha/beaches.html) and conveys this
information to the jurisdiction that manages a particular beach; in most cases city’s parks
department.
The persistence model, based on traditional analysis method, that is currently employed
uses last available value to manage beaches and has a significant lag period. As a result of
limitations associated with laboratory quantification of microbial water quality and the need for
beach managers to balance access to water recreation with protection of public health, real-time
or near real-time predictive tools to aid in beach management decisions have been used,
including rapid analytical techniques and deterministic models, regression models and artificial
neural network based models.

Figure 1 Locations of the beaches, buoy station and lake level station
NOWCASTING MODELS
An Artificial Neural Network (ANN) is a construct of software that partially mimics the
workings of a biological neural network. ANNs are often used to model relationships between
inputs and outputs or to find patterns and applied as nonlinear statistical data modelling tools.
They can be used to model relationships between inputs and outputs or to find patterns. The
technique is often useful when relationships between inputs and outputs are complex and not
clearly understood. An ANN learns relationships between inputs and outputs using a learning
algorithm [7]. ANNs exhibit many characteristics which make them attractive and appropriate
for nowcasting/forecasting [8], including the ability to correctly generalize the unseen data even
if the training data contained noise and the ability to learn (i.e. through examples), while
refining their structure without the need of any predefined rules.
He and He [9] successfully used ANNs to predict indicator organism at marine recreational
beaches receiving watershed base-flow and stormwater runoff in Southern California. Varma
and Vijayan [10] carried out the research work to predict fecal coliform concentration in surface
water of the Achancovil River in Kerala, India. Different inductive models were developed
using ANN and found to perform better compared with statistical model that used the same
parameters. Zhang et al. [11] compared ANN model for nowcasting and forecasting E. coli
levels with other two models developed using US EPA Virtual Beach (VB) Program at Gulf
Coast beaches in Louisiana, USA. The results indicated that the ANN model with 15
parameters performs better than the VB models with 6 or 5 parameters.
Evolutionary Polynomial Regression (EPR) is a novel data-driven technique, developed by
Giustolisi and Savic in 2006 [17]. It has seen success in various fields since its introduction
including geotechnical engineering [18, 19] and municipal engineering [20], though it has not
been applied to environmental science as the problem presented in this paper. EPR first
generates the model structure using genetic algorithm then selects model parameters using
Least Square regression. The result obtained is polynomials in the form of:
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Where Y is the target objective, m is the maximum number of terms, Xi is the value for
candidate variables, ES is the power of variables, aj are estimated constants and ao is an optional
model bias. In this model, m, the range of ES and the presence of ao can be defined by user [18].
Selection for best model is based on three criteria: 1. Reduce the sum of squared errors (SSE),
2. Reduce model complexity based on number of input combinations, 3. Reduce variance of
estimated constant aj [17]. An advantage EPR offers is that it is a highly automated process,
very little input variable preparation is required, user may define the maximum number of terms
in output expressions, EPR will select best variables from a list of candidate inputs. For the
study, explanatory data set used is the same as ANN, models where constructed using both
normalized data by taking natural logarithm of concentrations measured and non-normalized
data.
DATA DESCRIPTION AND ANALYSIS
Data gathering and exploratory data analysis for the beach water quality of selected Rouge
beach, Sunnyside beach and Marie Curtis Park East beach were performed. The most
commonly used variables are those that both have some relationship to beach water quality and
are typically readily available: rainfall, stream flow, solar radiation, lake level, wind speed and
direction, turbidity, wave height and past E. coli levels. Data for hydro-meteorological
parameters were considered only up to previous day's midnight taking into account maximum
lag time out of all input parameters; this is to maintain the nowcasting ability if they are used as
inputs to the water quality predictive models.
For this research work the July to August (2008 to 2012) precipitation data were collected
for rain gauge stations located inside the relevant watershed areas. Stations that didn’t have any
major part of the data missing for bathing season and that had a higher value of correlation
between precipitation and E. coli data were used. Real-time and historical solar radiation data
were obtained from the Toronto and Region Conservation Authority’s HY039 station located in
the Humber river watershed, as shown in Figure 1. For all beaches, the previous day’s solar
radiation ending at midnight was considered which were available at 15 minutes interval.
Historical and real-time stream flow data were downloaded through the Environment Canada
website that includes river stage and a calculated river discharge. Hourly and historical wind
and wave height data for all beaches were obtained from the Environment Canada Buoy station
C45139 as shown in Figure 1, located the West of Lake Ontario. Real-time and historical lake
levels (meters) were available for Lake Ontario from Toronto 13320 station from Fisheries and
Oceans Canada, as shown in Figure 1. Beach water quality data were obtained from Toronto
Public Health for 2008 to 2012 time periods. E. coli concentration data was transformed to
natural logarithm (lnEC) before it was correlated with or predicted from different explanatory
parameters. Several other parameters such as turbidity, wind direction and speed, waterfowl
counts, wave height category (low, moderate, high) and water temperature were not considered
mainly due to not being readily available on a daily basis or being difficult to be predicted or
simply because of missing data for considerable period of time.
Scatter plots and correlation analysis were then used to detect potential relationships
between variables. Scatter plots are obtained to visually investigate the relationship between
lnEC and the environmental variables and to identify the critical factors that can affect beach
water quality. Table 1 summarizes the parameters that showed statistically significant linear

correlations with E. coli at each of the beaches considered. These variables were used in the
development of ANN models, while all potential variables were used in the EPR model
development. Prior to inputting variables to model, preprocessing procedures were conducted
to train the ANNs more efficiently. These procedures were: 1) solve the problem of missing
data and 2) normalize data. Occasionally missing E.coli data were replaced by the average of
neighboring values [12, 15]. Normalization of data into a particular range prior to applying
transfer functions was performed [16].
Table 1 Explanatory variables at Toronto beaches considered for ANN model development
Explanatory Variables
Previous day ln E. coli
Flow of Humber River (m3/s)
Flow of Mimico Creek (m3/s)
Flow of Black Creek (m3/s)
Flow of Rouge River (m3/s)
Flow of Etobicoke Creek (m3/s)
Lake level(m)
Wave ht. (m)

Nomenclature
pr.lnEC
st.fl.HR
st.fl.MC
st.fl.BC
st.fl.RR
st.fl.EC
l.l
w.ht

Wind Direction (deg)

w.dir







Wind speed (m/s)

w.spd







solar radiation (MJ/m )

slr







Cumulative 2 day rain (mm)

r48
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EVALUATION OF MODEL PERFORMANCE
Out of the numerous models generated, a summary of best performing ANN and EPR models
for the three beaches, determined by the percent of instances of concentrations exceeding beach
water quality standard, is summarized in Table 2. Also shown for comparison is the
performance of the persistence model. All models use the transformed natural logarithm of past
E. coli measurements as input, in addition to a number of other and differing parameters from
the list of potential explanatory variables. Compared to the persistence model performance, it is
evident that improvements in nowcasting ability for all three beaches can be made by
employing either of the data driven models developed in this research. The two modelling
approaches have similar predictive capability in terms of correct classification for the
Sunnyside and Rouge beaches; however, the ANN model significantly outperforms both the
persistence model and EPR approach for the Marie Curtis beach.
In addition to the quantitative assessment, the actual performance of the model to predict
the exceedance of water quality threshold (e.g. 100 counts/100 ml) can also be visually assessed
from scatter plots of the simulation data divided into quadrants differentiating true negatives,
false positives, true positives, and false negatives. The scatter plot plots for the three beaches
and models generated using the two modelling approaches (ANN on the left, EPR on the right)
are shown alongside the persistence model results in Figure 2.
For all three beaches, overall correct classification percentage is slightly higher for the
ANN models and they balance the rates of true positives and true negatives. However, in certain
instances the ANN models leads to increase in false negatives. Although the overall predictive
performance of the two approaches is similar, the transformed E. coli prediction produced by

the EPR models are generally closer to observed values, although their performance in terms of
the number of false positives and false negatives is similar to the ANN models.
CONCLUSIONS
The nowcasting models, based on ANN and EPR methodologies, were developed using readily
available real-time environmental and hydro-meteorological data available for four bathing
seasons (June-August). Both models were found to perform better than the persistence model
that bases the decision making on whether to post beaches on previous days measured E.Coli
concentrations. The results of the developed models were compared with historic data and
found that the predictions of E. coli levels generated by ANN models slightly outperformed
those generated using EPR. The best performing ANN models are able to predict up to 74% of
the E. coli concentrations, offering an improvement over the persistence model currently
employed. Flows in nearest contributing creeks and rivers, solar radiation, previous day
transformed E. coli concentration and 48-hour rainfall measured at respective watersheds were
found to be important for all three beaches analyzed. In addition, wind direction and speed
were found to be of importance in one of the three beaches.

Marie Curtis

Rouge

Sunnyside

Input combination (ANN)
Model
Model Structure (EPR)
ANN

st.fl.HR, w.spd, slr, r48(HY041), r48(T.W.2), pr.lnEC, l.l

EPR

Correct
classification

Beach

Table 2 A summary of the best performance achieved using ANN and EPR models

74%
73%

Persistence

-

66%

ANN

st.fl, w.dir, w.ht and st.fl, r48(HY044), r48(HY070), pr.lnEC

71%

EPR

73%

Persistence

-

67%

ANN

st.fl, w.ht, w.dir, slr, r48(HY025), r48(HY033), pr.lnEC, l.l

71%

EPR

Persistence
w.t - water temperature, a.t - air temperature

59%
-

54%

a)

b)

c)
Figure 2 Scatter Plots of Modelled and Observed E. coli Concentrations at a) Sunnyside Beach,
b) Rouge Beach, c) Marie Curtis Beach
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