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Abstract: This work presents the application of the MCP as the integrator of two NN-type models,
to provide probabilistic forecasts of water demand within the frame of the WDSA 2024 Battle. The
proposed approach allows assessing the probability distribution of future values of water demand
conditional to the deterministic model forecasts.
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1. Introduction

Although the WDSA 2024 Battle considers only deterministic forecasts, we aim to
show that even if we limit the forecasts to the median values derived from the predictive
density, probabilistic forecasts may lead to improved estimates. To this end, we used the
MCP approach [1] to build the probability distribution of a future value conditional to two
deterministic forecasts provided by the artificial neural network (ANN) and non-linear
auto-regressive with external inputs (NARX) neural network models [2].

Probabilistic forecasts allow combining several deterministic forecasts and provide
more comprehensive information, highly improving the reliability and robustness of deci-
sions based on their information, as shown in several environmental disciplines, such as
hydrology, meteorology and climatology. Although, early attempts were made by Alvisi
and Franchini and Anele et al. [3–5], the probabilistic approaches have not yet gained
popularity and widely spread use in WDN demand forecasting applications.

2. Deterministic Model Components

The deterministic component of the proposed approach was obtained by means of two
different data-driven models, both based on artificial neural networks, the feed-forward
ANN and the NARX.

The time series were initially adjusted to overcome missing data, where this loss
affected time intervals lasting less than 8 h. For this aim, the data preprocessing involved the
determination of the average monthly patterns, which were also classified into weekdays
and holidays.

2.1. Feed-Forward ANN with Multiple Inputs and Outputs

The classical feed-forward ANN for regression was used for future daily demand
modeling. Forecasting the four weeks without data needed seven runs of the proposed
ANN model. The sketch and data in Figure 1 specify model inputs and outputs.
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Figure 1. The Feed-Forward ANN model input and output variables. 

A preliminary analysis was developed to define the best input dataset to forecast the 
demand trend in the missing data of the four weeks. This involved dividing the variables 
into two sets: 
- endogenous variables (flow demand) 
- exogenous variables (rain, temperature, humidity, wind) 

In addition, aggregating the input data for several hours in a day improved the 
deterministic forecasts. More precisely, the solution required accumulating the hourly 
data into two inputs to distinguish the night water demand (0:00–6:00) from the diurnal 
one (7:00–23:00). The aggregation in time reduced the number of the input data of each 
run: 8 statistics of the endogenous variables of day i; 8 statistics of the exogenous variables 
of day i + 1 (see Figure 1). 

A counter, determining the days of the week (1–7) and the month of the year (1–12), 
also contributed to forecasting the water demand of day i + 1. 

The final resulting neural network comprises a total of 18 input neurons, 24 output 
neurons, and 15 neurons for the hidden layer. 

2.2. NARX Neural Networks 
The second approach, the NARX neural networks, represents a type of dynamic 

recurrent ANN commonly used for time series modeling [2,6]. Therefore, hourly time 
series were used to forecast the hourly flow demand of a future week. 

This model relates the current value of the forecast variable to both previous 
endogenous values (demand) and current or previous values of exogenous data series 
(rain, temperature, humidity, wind). 

The NARX model initially uses a series-parallel architecture for forecasting one hour 
step ahead. After training, it shifts to a parallel architecture, utilizing previously calculated 
values into the following time step, thus enabling multi-step predictions. Although a 
promising approach, training results did not guarantee successful multi-step predictions; 
a preliminary analysis was then required to define the most appropriate input dataset for 
weekly demand trend forecasting. Adding additional exogenous variables to the available 
time series, such as observation time and month, proved crucial for robust forecasts at the 
weekly scale. 

The NARX model for demand forecasting is clarified in Figure 2, summarizing the 
set of all considered input variables. 

Figure 1. The Feed-Forward ANN model input and output variables.

A preliminary analysis was developed to define the best input dataset to forecast the
demand trend in the missing data of the four weeks. This involved dividing the variables
into two sets:

- endogenous variables (flow demand)
- exogenous variables (rain, temperature, humidity, wind)

In addition, aggregating the input data for several hours in a day improved the
deterministic forecasts. More precisely, the solution required accumulating the hourly data
into two inputs to distinguish the night water demand (0:00–6:00) from the diurnal one
(7:00–23:00). The aggregation in time reduced the number of the input data of each run:
8 statistics of the endogenous variables of day i; 8 statistics of the exogenous variables of
day i + 1 (see Figure 1).

A counter, determining the days of the week (1–7) and the month of the year (1–12),
also contributed to forecasting the water demand of day i + 1.

The final resulting neural network comprises a total of 18 input neurons, 24 output
neurons, and 15 neurons for the hidden layer.

2.2. NARX Neural Networks

The second approach, the NARX neural networks, represents a type of dynamic
recurrent ANN commonly used for time series modeling [2,6]. Therefore, hourly time
series were used to forecast the hourly flow demand of a future week.

This model relates the current value of the forecast variable to both previous en-
dogenous values (demand) and current or previous values of exogenous data series (rain,
temperature, humidity, wind).

The NARX model initially uses a series-parallel architecture for forecasting one hour
step ahead. After training, it shifts to a parallel architecture, utilizing previously calculated
values into the following time step, thus enabling multi-step predictions. Although a
promising approach, training results did not guarantee successful multi-step predictions; a
preliminary analysis was then required to define the most appropriate input dataset for
weekly demand trend forecasting. Adding additional exogenous variables to the available
time series, such as observation time and month, proved crucial for robust forecasts at the
weekly scale.

The NARX model for demand forecasting is clarified in Figure 2, summarizing the set
of all considered input variables.
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Figure 2. The chosen NARX model input and output variables. 

Finally, the adopted NARX parameters were five neurons for the hidden layer with 
a delay equal to 168 for the endogenous variable and equal to 0 for the exogenous 
variables. 

2.3. General Consideration on Models’ Calibration 
Neural network models vary with each training due to factors like random data 

subdivision and initial weight values; therefore, both feed-forward ANN and NARX net 
were trained multiple times. The final model was selected by minimizing a linear 
combination of the performance indexes (the mean absolute deviation (P1), the maximum 
absolute deviation (P2), both for the first day of the forecasted week, and the mean 
absolute deviation from the second to the last day (P3)). 

3. Probabilistic Forecasts Component 
The MCP approach, widely described in the hydrological literature, is mostly used 

for hydrological forecasting [1,7]. In this paper, we extend its early applications to water 
demand forecasting [3,4]. The relevance of the approach lies in its ability to combine, in 
an extremely simple manner, one or, as in this study, several deterministic forecasts into 
a single predictive probability distribution. The parameters of the MCP predictive 
distributions at hourly time steps were recalibrated every new set of observed data, and 
deterministic forecasts became available. 

4. Results and Discussion 
The median of the MCP predictive distributions was considered a deterministic 

forecast in the calculation of performance indices. Table 1 shows the average indices 
obtained over the entire simulated period for all the District Metered Areas (DMAs) 
investigated, highlighting how in almost all cases, MCP leads to an improvement in 
performance compared to the single deterministic components. In addition, Figure 3 
shows the median, 50%, and 90% confidence bands for hourly water demand probabilistic 
predictions derived from MCP, together with the deterministic forecasts provided by the 
ANN and NARX models, compared with observations from one of the analyzed districts. 
Although not discussed in this paper, operational real-time applications can highly benefit 
from forecast information provided in the form of a predictive density [4]. 

  

Figure 2. The chosen NARX model input and output variables.

Finally, the adopted NARX parameters were five neurons for the hidden layer with a
delay equal to 168 for the endogenous variable and equal to 0 for the exogenous variables.

2.3. General Consideration on Models’ Calibration

Neural network models vary with each training due to factors like random data
subdivision and initial weight values; therefore, both feed-forward ANN and NARX
net were trained multiple times. The final model was selected by minimizing a linear
combination of the performance indexes (the mean absolute deviation (P1), the maximum
absolute deviation (P2), both for the first day of the forecasted week, and the mean absolute
deviation from the second to the last day (P3)).

3. Probabilistic Forecasts Component

The MCP approach, widely described in the hydrological literature, is mostly used
for hydrological forecasting [1,7]. In this paper, we extend its early applications to water
demand forecasting [3,4]. The relevance of the approach lies in its ability to combine,
in an extremely simple manner, one or, as in this study, several deterministic forecasts
into a single predictive probability distribution. The parameters of the MCP predictive
distributions at hourly time steps were recalibrated every new set of observed data, and
deterministic forecasts became available.

4. Results and Discussion

The median of the MCP predictive distributions was considered a deterministic fore-
cast in the calculation of performance indices. Table 1 shows the average indices obtained
over the entire simulated period for all the District Metered Areas (DMAs) investigated,
highlighting how in almost all cases, MCP leads to an improvement in performance com-
pared to the single deterministic components. In addition, Figure 3 shows the median, 50%,
and 90% confidence bands for hourly water demand probabilistic predictions derived from
MCP, together with the deterministic forecasts provided by the ANN and NARX models,
compared with observations from one of the analyzed districts. Although not discussed in
this paper, operational real-time applications can highly benefit from forecast information
provided in the form of a predictive density [4].
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Table 1. Average performance indices obtained over the entire simulated period.

MCP Median ANN NARX

P1 P2 P3 P1 P2 P3 P1 P2 P3

DMAA 0.784 1 2.573 1.012 0.849 2.949 1.143 0.827 2.394 1.089
DMAB 0.298 0.967 0.377 0.305 0.958 0.419 0.356 1.114 0.486
DMAC 0.261 0.772 0.346 0.266 0.770 0.400 0.320 0.925 0.449
DMAD 1.740 4.951 1.913 1.833 5.100 2.087 1.857 5.281 2.052
DMAE 1.093 3.559 1.399 1.265 4.319 1.662 1.249 3.983 1.585
DMAF 0.658 2.053 0.725 0.697 2.189 0.806 0.698 2.130 0.773
DMAG 0.750 2.330 0.884 0.799 2.481 1.009 0.846 2.603 1.011
DMAH 0.636 1.938 0.773 0.717 2.138 0.931 0.714 2.161 0.859
DMAI 1.083 3.264 1.246 1.077 3.189 1.506 1.241 3.590 1.409
DMAJ 0.977 2.829 1.070 1.045 2.921 1.265 1.068 3.032 1.174

1 The values in bold highlight the best performance.
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Figure 3. Comparison between observed values and deterministic forecasts (ANN, NARX, MCP 
median) of water demand for the week starting on 3 January 2023 in the DMAB district. The 
predictive probability distribution bands provided by MCP are also displayed. 
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Figure 3. Comparison between observed values and deterministic forecasts (ANN, NARX, MCP
median) of water demand for the week starting on 3 January 2023 in the DMAB district. The predictive
probability distribution bands provided by MCP are also displayed.
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