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ABSTRACT
Short-term water demand forecasts are valuable for distribution system operators controlling the
production, storage and delivery of drinking water. In certain problems, such as real-time pump
scheduling, the cycle of data acquisition, model computation, and decision-making is time-sensitive,
and requires an automatic procedure to handle the transfer of information between data source(s),
forecasting model(s), and the operator. Recent development of a composite demand-hydraulic
model integrates a demand time series model with a hydraulic network model to estimate and
forecast demands using measurements typically available to water utilities. The application to a
real-world network model with approximately 12,000 demand nodes and six flow measurements
resulted in good representation of the observed flow rates. However, the performance of the
demand-hydraulic algorithm, and subsequent analysis, has demonstrated limitations in two aspects
of the demand estimation and forecasting framework: the temporal representation of the estimated
demands, and the clustering approach needed to reduce the scale of the parameter estimation
problem. The current research will present preliminary results associated with data-driven
approaches for representing the temporal demands and application of alternative clustering
algorithms to improve the overall demand estimation process.
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BACKGROUND

Real-time modeling applications are currently being developed to assist utilities in the operation and
management of urban water infrastructure systems (e.g., [1] – [4]). In order to realize the potential
benefits of these applications, short-term water demand forecasts and the associated uncertainty
estimates are required to provide the informaiton necessary to make real-time decisions. While a
general framework has been presented for incorporating uncertainty within real-time network
modeling [5], the extension of real-time demand estimation algorithms [6, 7] to short-term
forecasting and uncertainty estimation remains a developing area.
Recent efforts have developed a composite demand-hydraulic modeling framework using a
Bayesian Dynamic Network approach capable of estimating both water demands and the parameters
of an underlying time series modeling structure [8]. While the application to a real-world network
generated good representation of the measured flow rates in the system [9], there remain
opportunities to improve the time series modeling approaches to better accommodate non-linear
dynamics as well as the general clustering approach to ensure well-behaved demand estimation
problems (recent research has demonstrated that measurement locations and clustering decisions
can result in ill-conditioned estimation problems [10]). Thus, our current research has been focused
on improved approaches to: 1) represent the time series of estimated demands, and 2) cluster
demand nodes to improve demand estimation.
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METHODS

The following presents a summary of the methods currently being evaluated to improve the overall
real-time demand network modeling framework.

2.1

Time series modeling

The current implementation of the composite demand-hydraulic model includes the capabilities for
representing the estimated demands from a family of seasonal autoregressive integrated moving
average (SARIMA) models. The initial application and investigation of a real-world case study
utilized a SARIMA model with 24-hour seasonality and three autoregressive parameters, i.e.,
SAR(3). To improve the representation of the non-linear dynamics within the demand estimation
and forecasting, a k-nearest neighbor (knn) approach has been investigated.
The knn approach identifies the k-set of previous demand estimates most similar to the current
estimates and generates forecasted demands based upon the k-set of historical data. Given a vector
of observed demands, 𝐗 𝐭 = [𝑥 𝑡 𝑥 𝑡 −
𝑥 𝑡−
… 𝑥 𝑡 − 𝑀 ]′, the knn algorithm
∗
identifies the k-sets, 𝐗 𝐭 𝒌 , most similar to 𝐗 𝐭 , where tk represents some previous time tk < t, and
M represents the length of past time demand estimates used in the knn algorithm. Using the k-set of
previous demands, the forecasted value n-steps ahead can be estimated by 𝑥 𝑡 + 𝑛 =
/𝑘 ∑ 𝑥 𝑡𝑘 + 𝑛 , ∀𝑘 − an average of the n-step ahead values from the k-sets, with the standard
deviation of these values representing the demand uncertainty. The forecasted uncertainty around
𝑥 𝑡 + 𝑛 is assumed to be normally distributed. For this study, the knn demand estimation and
forecasting was performed using the total system demand from a real-world distribution system.

2.2

Demand clustering

For many networks, the number of available hydraulic measurements is less than the number of
nodes requiring demand estimates necessitating the clustering of demand nodes. While some
systems have district metered areas that effectively separate the system into different zones, many
systems do not have such physical separations requiring alternative approaches to provide some
level of spatial aggregation. Previous research has focused on using a hydraulic path based
approach for developing clusters [11]. However, the approach may result in ill-conditioned
parameter estimation problems resulting in inaccurate or highly uncertain parameter estimates. The
current approach being evaluated uses a singular value decomposition (SVD) method [12] to cluster
demand nodes. The approach uses the SVD of the sensitivity matrix to identify the demand clusters.
Preliminary results associated with the SVD approach have been applied to a real-world network
model.

3

RESULTS

The following provide preliminary results into our investigation of improved time series modeling
and clustering for demand estimation. These results illustrate the initial development and
assessment of the individual techniques with the application to a full case study left as future
research.

3.1

Time series modeling

Figure 1 presents the results of the SAR(3) model [top], the knn model with M = 10, knn(10), and
the knn model applied to hourly differenced data with M = 5, knnD(5). The solid line represents the
observed demands, and the shaded regions represent the 95% confidence intervals for each of seven
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24-hour forecasting periods – i.e., the shaded regions show the forecasting uncertainty from 1- to
24-hours ahead. The evaluation of the three methods were focused on the sharpness – the average
size of a given prediction interval – and reliability – the percentage of forecasted estimates with in
the 95% confidence interval range. In general, the sharpness (as well as the mean average percent
error and root mean squared error), improved as the models moved from the SAR(3) [1.02] to the
knn(10) [0.89] and knnD(5) [0.68] models. However, the reliability was not significantly affected
by model selection with the reliability ranging from 82 – 86%.

Figure 1. Observed total demand data [lines] and 95% confidence intervals of the forecasted
demands for seven 24-hour periods [shaded region]; for each 24-hour interval, the uncertainties
are shown for 1- to 24-hr ahead forecasts.

3.2

Demand clustering

Figure 2 shows the resulting set of six demand node clusters using the SVD approach for a network
model with approximately 12,000 nodes and six flow measurements. The available flow
measurements used within the demand estimation algorithm are shown on the maps as arrows. The
bi-directional arrows represent two flow meters. In general, each cluster is effectively associated
with one flow measurement, and the overall clustering based on the SVD approach generally
represents the main transport dynamics within the system. The main treatment plant [center, right]
provides water to both the north and the south portions of the system with the three uppermost
clusters representing the northern region and the three lower clusters representing the southern
region. The northeast cluster (orange) represents the portion of the system influenced primarily by
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a secondary treatment plan. Future research will be performed to evaluate the impact of clustering
on the demand estimation and forecasting as well as the conditioning of the overall estimation
problem.

Figure 2. Illustration of six clusters within a large network model using SVD and six available flow
measurements.

4

SUMMARY

Real-time demand estimation and forecasting are necessary for the development of real-time
operation and management applications. While demand estimation algorithms have long been
developed, challenges are still present in ensuring adequate demand estimates in real systems and
translating those results into adequate demand forecasts. Previous research associated with the
development of a composite demand-hydraulic modeling framework has shown promise for both
demand estimation and forecasting with respect to a real-world system. However, there is still room
for improvement in many aspects, including the representation of the estimated demand time series
and the approach for clustering networks for given a set of observation locations to ensure adequate
parameter estimation. Currently, efforts are on-going to evaluate data-driven demand modeling
through k-nearest neighbors and the clustering through singular value decomposition to improve the
overall demand estimation and forecasting framework. These efforts are part of a continuum in
research activities associated with improving real-time modeling capabilities.
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