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A case study on the effect of smart meter sampling
intervals and gap-ﬁlling approaches on water distribution
network simulations
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ABSTRACT
Water usage data collected from smart meters at the end user can improve the accuracy and
applicability of water distribution network models. Collecting and storing large amounts of data across
hundreds or more smart meters is costly, which makes it important to consider what constitutes a
sufﬁcient sampling interval. This paper explores the effect of varying sampling intervals in smart meter
data on model performance in regard to ﬂow, pressure and water age simulations. Furthermore, the
effect of using linear interpolation, a demand pattern or a network-inﬂow-weighted approach to ﬁll
gaps when data are sampled coarsely, is investigated. The study was based on real data from 525
smart meters in a district metered area in Denmark. The results show that smart meter data can
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improve modelling results, and if the sampling intervals are coarser than 2 h, then a weighted gap-ﬁlling
approach markedly outperforms linear interpolation and models with coarse bi-annual demand data.
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HIGHLIGHTS

•
•
•
•
•

Study on the impact of varying smart meter data sampling intervals used as input to a demanddriven EPANET model.
Finer resolution data improved ﬂow, pressure and water age simulations.
Smart meter data require gap-ﬁlling to estimate the demand at uniform intervals.
Gap-ﬁlling based on demand multiplier patterns outperformed linear interpolation.
Coarse smart meter readings may be sufﬁcient for water loss assessment.

INTRODUCTION
In recent years, utilities around the world have installed

among the most restraining factors (Savic et al. ) and

smart water meters at an increasing rate. This implementa-

the expected widespread use of smart meter data has the

tion entails a wide range of beneﬁts for utilities and

potential to improve the applicability and accuracy of the

customers, including reduced operational costs, enhanced

models (Gurung et al. , ).

demand management, efﬁcient pipe network infrastructure

The terms ‘sampling interval’, ‘frequency’ and ‘resolu-

planning, accurate billing, improved leakage detection and

tion’ describe the temporal distance between a device’s

higher customer satisfaction (Stewart et al. ; Monks

water meter readings (WMRs), which has a major inﬂuence

et al. ). In model-based water distribution systems analy-

on the usefulness of the data. Cominola et al. () showed

sis, the quantity and quality of the available data are often

that ﬁne sampling resolutions (ranging from minutes to
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seconds) increased signiﬁcantly the accuracy of end-use dis-

needed for tasks related to the planning and operation of

aggregation. Furthermore, they showed that the magnitude

water distribution systems (Boyle et al. ). With a ﬁner

and timing of the peak demand can vary by up to 62%

sampling interval, the required data storage per installed

and more than 15 h, respectively, when changing the sam-

meter grows, and there is an important trade-off between

pling resolution from 10 s to 1 day. Also, Gurung et al.

sampling interval and battery life of smart meters. The emer-

() showed how enhanced demand patterns can be gener-

gence of low-power wide-area networks (Stewart et al. )

ated based on very ﬁne sampling intervals (5 s) in smart

reduces the required energy for data transmission, but at the

meter data sets, thus reducing measured peak demand

cost of coverage/range, payload length (bytes per message)

levels and updating the time of peak occurrence. This is cru-

and maximum number of messages sent per day per

cial information, as demand patterns and associated peaks

device (Mekki et al. ). Common to most large-scale roll-

are used to design and optimise water distribution systems

outs of smart meters is the fact that the smart meters use

(Gurung et al. ; Cominola et al. ). In terms of

their own transmission channels with more focus on

water quality modelling, Blokker et al. () showed that

energy efﬁciency than transmission reliability, as opposed

the spatial aggregation and hydraulic time step play a signif-

to traditional system sensors connected to the SCADA

icant role. Time steps of 1 h can be sufﬁcient for larger

system. This makes smart meter data conceptually different

transportation networks and water quality models, including

from other types of data from water distribution systems.

advection reactions, but at ﬁner spatial aggregations, water

Where data from traditional sensors are typically trans-

quality models should also include dispersion reactions

mitted and stored at regular conﬁgured intervals, smart

with time steps below 5 min. This should be done, for exam-

meter readings can arrive at irregular intervals depending

ple, when simulating water age in parts of the networks

on the system setup, and data from even the same meter

where laminar ﬂow occurs (Blokker et al. ). However,

are likely to arrive at different intervals. This makes gap

in Blokker et al. (), a hydraulic modelling time step

ﬁlling and resampling of the data an important task before

of 15 min was determined to be sufﬁcient for accurate

the data can be used for driving a model – regardless of

residence time computations using a bottom-up demand

the simulation’s time step.

allocation approach (i.e. unique demand multiplier patterns

Our study aims to support utilities in selecting the

for each household). Creaco et al. () showed that when

sampling interval best suited to their needs, based on a

using the conventional top-down approach (i.e. allocating

district metered area (DMA) with full smart meter rollout.

strongly correlated demand multiplier patterns to nodes),

We analysed data intervals and resampled the collected

pressure head simulations require larger (1 h) time steps

ﬁne-resolution data to coarser sampling intervals and

before being deemed reliable. Also, Creaco et al. ()

investigated its impact on hydraulic modelling results.

showed that the bottom-up approach combined with

Compared with other stochastic bottom-up demand allo-

extended period simulations is capable of generating

cation approaches (e.g. Blokker et al. ; Creaco et al.

accurate pressure and ﬂow simulations at time steps larger

), this study used measured consumption data from

than 2 min. However, at shorter time steps, unsteady ﬂow

household smart meters as input to a hydraulic model.

modelling is required to reﬂect the behaviour of the water

We investigated how different approaches to ﬁll data

distribution network (WDN), but the computational

gaps in data sets with random or uniformly sampled inter-

overhead of such methods limits usability in real-time appli-

vals affect hydraulic simulations. This is conducted by

cations (Creaco et al. ).

comparing the ﬁlling of gaps between adjacent WMRs

Even though case studies have shown the beneﬁts of

by linear interpolation with interpolation based on a

ﬁner sampling intervals, the increased data volumes, origi-

demand multiplier pattern and a pattern resembling the

nating from the implementation of advanced metering

DMA inﬂow. We compare simulation results of water

infrastructure, also pose challenges for utilities. One exam-

consumption, pressure head and water age based on

ple includes data management, as utilities may struggle

data-set scenarios with varying sampling intervals and

with identifying the best type and frequency of data

gap-ﬁlling methods.
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by data concentrators on antenna towers. The exact transmission interval varies between the different smart meters

The methodology was applied to a DMA in Brønderslev,

to avoid simultaneous interfering signals which increases

Denmark, where all 525 consumers have smart meters

the reliability of the data collection. In general, time

installed. In the hydraulic model of the DMA, 111 of 128

stamps of WMRs may be inaccurate and lead to wrong mod-

nodes have smart meters assigned, averaging 4 smart

elling results, depending on the selected technology and

meters per network node (Figure 1). According to the utility,

system setup. For example, Kirstein et al. () observed

leakages are insigniﬁcant in this DMA and can thus be

drifts and off-sets in the internal clock of ﬂow meters

ignored in the case study area.

installed in WDNs. To avoid such malfunctions, the smart

Flow and pressure data at the DMA inlet were available

meter technology provider in this study timestamps the

at a uniform 5-min sampling interval. Furthermore, 2 times

WMRs centrally when the data reach the concentrators in

2 weeks of smart meter data were available for analysis

the antenna towers (or the occasional drive-by vehicle),

(Table 1). The raw smart meter data used in this study con-

which ensures accurately timestamped WMRs. Multiple sig-

sisted of timestamped cumulative volume readings.

nals from the same smart meter may be received by the same

The smart meters are Diehl’s water meter HYDRUS,

antenna over the course of an hour, but in the current setup,

based on ultrasonic technology (Diehl Stiftung & Co. KG

only the reading closest to the nearest full hour is transferred

). The meters transmit the WMR in two signals, one

to the utility’s database while the others are discarded. How-

short-range signal approximately every 20 s (the main pur-

ever, more readings from each smart meter than one per

pose being to facilitate drive-by collection) and a long-

hour may be present in the database if the smart meter

range signal approximately every 5 min, which is collected

data are collected by multiple concentrators, e.g. by two
antenna towers or by both an antenna tower and drive-by
collection. This leads to a smaller sampling interval than
1 h. Due to poor transmission signals, there may also be
sampling intervals larger than 1 h. Thus, a mixture of signals
will be collected, which implies that the overall sampling
interval of smart meter data stored in the database can
seem rather irregular or random. Figure 2 shows the frequency of the temporal distance, i.e. actual sampling
interval, between adjacent WMRs and the share of total
DMA demand that has been captured within the bins of
varying temporal distances. The sampling interval between
adjacent WMRs in the analysed periods ranges from 1 s to
more than 80 h (maximum 125 h). Figure 2 shows, however,
that close to 75% of the demand was sampled below a temporal distance of 60 min. A great proportion of adjacent

Figure 1

|

WDN model of the case study area and the number of smart meters assigned
to the model nodes. Please refer to the online version of this paper to see this
ﬁgure in colour: http://dx.doi.org/10.2166/hydro.2020.083.

Table 1

|

than 1% of the demand was sampled within this interval.

Information about the applied smart meter data in Brønderslev, Denmark

Data set

Period

Training

01–15 August 2018

Testing

01–15 January 2019

a

samples have a temporal distance below 1 min, but less

Smart meters

525 (100% coverage)

(minimum–maximum per smart meter).
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Total number of WMRs

Average sampling interval (min)

a

367,917 (1–2,403)

29 (8–20,160)a

410,395 (1–2,379)a

26 (8–20,160)a
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periods’ data (Table 1) into uniform time intervals of 1 h,
starting at 00:00. By doing so, only 294 out of the 525
smart meters have at least one WMR available for 95% of
the time. This number, however, increases to 494 meters
when the threshold is decreased to 75% of the time.

METHODOLOGY
This paper assesses the effect of three different gap-ﬁlling methods and varying sampling intervals on WDN simulations.
Figure 2

|

Distribution of temporal distances between adjacent WMRs (i.e. sampling
interval) covering the training and testing period (Table 1). Smart meters with
fewer than two samples within each period were omitted. Please refer to the
online version of this paper to see this ﬁgure in colour: http://dx.doi.org/10.

Thus, this methodology section includes information on:

•

2166/hydro.2020.083.

The histogram in Figure 3 shows at which second of the
hour samples were timestamped. The cumulative line represents the total share of samples received within this
timeframe. The ﬁgure shows that most samples in the database are sampled around the full hour and that the
remaining samples are timestamped irregularly. Samples
close to the full hour may indicate a good connectivity of
a smart meter to an antenna, whereas samples farther
from the full hour may indicate smart meters with a reduced

•
•

Gap-ﬁlling methods: Describes the investigated gap-ﬁlling methods which regularly align the data and ﬁll the
gaps between WMRs.
Sampling intervals: Describes how different average sampling intervals are synthetically obtained.
Effect on WDN modelling: Describes the assessment of
how different gap-ﬁlling approaches and sampling intervals affect the modelling results.

Gap-ﬁlling approaches
Three gap-ﬁlling approaches are tested in this article:

connectivity. For example, the 5-min transmission intervals

(1) Linear interpolation, which to the best of our knowledge is

visible in the form of recurring peaks in Figure 2 may indi-

currently used by smart meter technology providers, e.g.

cate antennas with a reduced connectivity to smart meters.

when providing data for hourly water loss assessments.

Another measure of the case study’s data collection reliabil-

(2) Application of a representative demand multiplier pat-

ity can be found by sectioning the training and testing

tern of the consumers in the case study area, which
weights the consumption depending on the hour of the
day.
(3) Another weighted approach where the demand multiplier
pattern is calculated based on the actual DMA inﬂow to
the case study DMA. In other words, the latter approach
uses the actual variation in the inﬂow to the DMA as
weights to ﬁll gaps between adjacent WMRs.
For gap-ﬁlling method 2, the demand multiplier patterns
for work and weekend days were generated based on all
WMRs during the training period (Table 1). First, the data
were resampled to the nearest uniform timestamp with an
interval of 5 min, using the measured DMA inﬂow of the

Figure 3

|

Distribution of WMR timestamps according to their occurrence within the hour
for the data from both the training and testing period (Table 1).
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5-min step t over 24 h using either all weekdays or all week-

are often available for utilities, as they are an integral part of

end days in the training period data set, resulting in two

hydraulic models for various types of consumers. Finally,

demand multiplier patterns. Each pattern was found by:

when the volume at regular time steps has been estimated
(here hourly), it is possible to compute the ﬂow over the

t n(x
t )
x
Demand muliplier(t) ¼ Ptimestamps
t¼1

t
x

(1)

period of analysis. Depending on the selection of the gapﬁlling method, the estimated ﬂow may vary considerably
(Figure 4(c)). These differences increase with coarser sam-

t ) is the total number of timestamps per 24 h,
where n(x
equalling 288 time steps of 5 min each.

pling intervals and a growing number of smart meters
bundled in the same nodes of the hydraulic model.

Figure 4 illustrates the principles behind the applied gapﬁlling approaches. In this theoretic example, four cumula-

Sampling intervals

tive volume readings (black dots) of one smart meter with
varying temporal distance (Figure 4(a)) were captured over

The sampling interval describes the average temporal dis-

the course of 1 day. The measured water demand is the dif-

tance between WMRs. The sampling interval between a

ference between adjacent cumulative volume readings

device’s individual WMRs can be uniform (e.g. every full

3

hour) or, as is the case with the presented real-world data,

have been consumed over 7 h (Figure 4(a)), corresponding

pseudorandom. Pseudorandom data may occur when data

3

to a constant ﬂow of 0.43 m /h (yellow line, Figure 4(c)).

transfer depends on water consumption triggering the trans-

Owing to this coarse sampling interval, however, the

mission of messages, when data connections are unstable, or

actual time of water consumption is unknown, as water

due to speciﬁc system setups (as described earlier).

(y-axis). For example, the two ﬁrst WMRs show that 3 m

consumption in households occurs instantaneously and

The sampling interval can be computed for the entire

may only last from seconds to minutes. In Figure 4, two

data set or each individual smart meter. The average sam-

approaches are applied to estimate the time of consumption

pling interval for the entire data set of Ndevices smart

in between WMRs and to align the irregular data to regular

meters is calculated as follows:

timestamps: one where the data are aligned by linear interpolation (yellow line, Figure 4(a)), and another where gaps
are ﬁlled with a demand multiplier pattern (blue line,

T N
average sampling interval ¼ PN devices
devices
i ¼ 1 [n(i)]

(2)

Figure 4(a)) representing gap-ﬁlling approach 2 and 3. In
this example, the demand multiplier pattern with hourly

where T is the length of the analysed period (e.g. of the test-

multipliers shown in Figure 4(b) was applied. Such patterns

ing period in Table 1) and n(i) represents the number of

Figure 4

|

(a) Four cumulative volume readings from a single smart meter with irregular and unaligned timestamps. To estimate the water consumption at regular timestamps, gaps
between adjacent samples have been ﬁlled using either linear interpolation or a demand multiplier pattern. (b) Demand multiplier pattern used for gap ﬁlling in (a). (c) Flow rates
computed based on the estimated cumulative values. Please refer to the online version of this paper to see this ﬁgure in colour: http://dx.doi.org/10.2166/hydro.2020.083.
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WMRs within T for each device i. A smart meter’s individual

head and water age simulations were assessed for a

average sampling interval can be computed for Ndevices

number of data scenarios (Table 2). The water age is an

equal to 1. For example, the average sampling interval of

important parameter since this is one of the main drivers

the data shown in Figure 4(a) is 6 h. For the case study,

for all water quality simulations. The DMA consumption

the ﬁnest average sampling interval of a smart meter is

represents the summed water usage of all users in the

around 8 min (Table 1), which is of much ﬁner resolution

DMA. All hydraulic simulations were run in EPANET

than is usually the case.

(Rossman ). Measured pressure with a sampling inter-

The small sampling interval allows us to resample the

val of 5 min at the single inlet to the DMA was used as

data to represent smart meter data with coarser resolution

the boundary condition, and the model was accordingly

to assess the effect of the sampling interval on the different

run in 5-min time steps.

gap-ﬁlling methods. Two types of sampling intervals are

We ran the simulations at time steps of 5 min in order to

created: one where the sampling intervals are uniformly

(1) align the model results with the DMA inﬂow observations

distributed, and one where the sampling intervals are

(having the same sampling interval) and (2) to reduce the loss

pseudorandom but overall provides the required average

of information in periods with small temporal distances

sampling interval:

between WMRs, as indicated in Figures 2 and 3. Therefore,

•

To create uniform sampling intervals, the gaps between

the WMR data needed to be resampled at a 5-min interval,

the WMRs available in the testing period (Table 1) for

which implies estimating values in between the sometimes

each smart meter were ﬁrst ﬁlled by using the DMA

much coarser WMRs. All model simulations were based on

inﬂow pattern as the demand multiplier pattern. Hereafter, coarser time series were created by resampling

•

the gap-ﬁlled time series at uniform intervals.

data covering the testing period (Table 1).
Our analysis included two benchmark scenarios:
(1) Benchmark model. The raw data set, containing the

Scenarios with pseudorandom sampling intervals were

ﬁnest average sampling interval available (i.e. 26 min;

created by deleting WMRs at random from the testing

Table 1), was aligned by using the DMA inﬂow during

period’s data set until the required sampling interval

the same period as weight for ﬁlling gaps in between

according to Equation (2) was achieved. The random

adjacent WMRs. This data set and the corresponding

deletion was performed by deleting one data point from

hydraulic model will represent the benchmark. It

a data set at a time, where all data points had the same

should be noted that this is only possible for the case

probability of being deleted, irrespective of the temporal

study DMA because the majority of consumers are iden-

distance to other data points.

tical, i.e. single-family houses. This benchmark model
has an average water demand of 5 m3/h and an average

Effect of gap-ﬁlling approaches and sampling intervals
on WDN modelling

sampling intervals on total DMA consumption, pressure
|

(Figure 1). The average pressure head lost from inlet to
each node was 0.2 m.

The impact of gap-ﬁlling methods, sampling methods and

Table 2

water age of 17.8 h at nodes with consumers assigned

(2) Bi-annual models. These models represent today’s best
practice. First, the average demand of each consumer
was found by taking the difference between the newest
WMR from the training period and the oldest WMR

Various data set scenarios applied to WDN simulation

Average sampling
interval (h)

0.5; 1; 2; 3; 4; 6; 8; 12; 24

Sampling methods

Uniform; Random

Gap-ﬁlling methods

Linear interpolation; Demand multiplier
pattern; DMA inﬂow
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decent modelling results when a demand multiplier pattern
or DMA multiplier pattern is used for gap ﬁlling. This will, of

The root-mean-square error (RMSE) was used to assess

course, depend on the quality of the demand multiplier pat-

the effect of the different scenarios on the WDN modelling

tern. Figure 5(a) shows the RMSE based on the measured

results. The RMSE between the modelled and measured

DMA inﬂow and the simulated consumption in the DMA

inﬂow to the DMA was computed for the data set scenarios

for the testing period. DMA inﬂow data for gap ﬁlling gave

(Table 2). Further, each scenario’s simulated pressure and

the best performing data because inﬂow data in that case

water age results were compared with the benchmark

was partly compared with itself. The DMA inﬂow did thus

model’s results. This was done by calculating the RMSE

not act as an independent reference in this speciﬁc case.

for all individual nodes having consumers assigned

The choice of the gap-ﬁlling method is more important

(Figure 1) and subsequently taking the mean of these

than the sampling method for ﬂow simulations, and ﬁner

nodal RMSEs for each data set scenario. The ﬁrst 84 h

sampling intervals of the WMR data gave better simulation

were not included to avoid any impact from the initial

results (Figure 5(a)). A demand multiplier pattern bi-annual

water age conditions on the model results. All RMSE com-

model (dashed blue line) outperformed linear interpolation

putations were based on a temporal resolution of 5 min.

at sampling intervals coarser than 2 h (Figure 5(a)). However,
at ﬁner sampling intervals, there is only a slight difference
between linear interpolation and the demand multiplier pat-

RESULTS

tern-based approach. At sampling intervals equal to or
greater than 3 h, a demand multiplier pattern approach

Measured versus simulated consumption

should be favoured over linear interpolation. Furthermore,
there is no clear trend in the difference between random

Figure 5(b) shows the variation in the simulated consump-

and uniform sampling. It is noteworthy that Figure 5(a)

tion over 2 days for two selected sampling intervals and a

does not indicate a lower limit under which a ﬁner sampling

good resemblance between the inﬂow and demand; thus,

interval will no longer improve the modelling results. If such

this conﬁrms that leakage in the DMA is insigniﬁcant. The

a limit exists, it must be ﬁner than 30 min and is not possible

ﬁgure shows that even 24-h sampling intervals can provide

to explore with the current data.

Figure 5

|

(a) RMSE between measured inﬂow to the DMA and accumulated demand in WDN simulations at various sampling intervals and gap-ﬁlling methods during the testing period
(Table 1). For the bi-annual data, the same demand multiplier pattern or DMA pattern was assigned to each node. (b) Simulated and measured DMA inﬂow. Please refer to the
online version of this paper to see this ﬁgure in colour: http://dx.doi.org/10.2166/hydro.2020.083.
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Figure 5 shows that the value of frequent smart meter

Danish WDNs. Consequently, the mean RMSE of simulated

readings in a DMA may be less than what can be gained

pressure even for coarser sampling intervals was also low

from fewer demand readings combined with DMA inﬂow

(Figure 6(a)). A maximum mean RMSE value of approxi-

data or demand multiplier patterns. The added value from

mately 0.15 m was found for a sampling interval of 24 h.

smart meters is less, where utilities have representative

This sounds an insigniﬁcant error, but relative to the gener-

and up-to-date knowledge about consumer types and

ally low head losses in the system the error is actually rather

expected demands. Utilities may struggle to achieve such

signiﬁcant. Figure 6(a) shows that DMA pattern and

knowledge without the data available from smart meters.

demand multiplier pattern-based approaches outperformed

For example, water audits from utilities without automated

linear interpolation in terms of simulating pressure head.

readings available may be delayed and inconsistent and no

Depending on the sampling interval and gap-ﬁlling

longer represent an area’s demand when available. Our

method, the mean RMSE of water age simulations varied

case study area was made up of a single consumer type,

between 16 min and 4.5 h (Figure 6(b)). As opposed to pres-

making it possible to assign the same demand multiplier pat-

sure and ﬂow results, the choice of the gap-ﬁlling method

tern to the consumers and to assume that the DMA inﬂow

had little impact on water age, especially for sampling inter-

represents the consumers’ variation in demand. In areas

vals of 4 h or less. This can be explained by the fact that the

with varying consumer types, the overall DMA inﬂow may

age of the water is a result of many hours of consumption, so

not be able to represent a consumer type’s variation in

that age is less dependent on short-term variations. How-

demand and representative demand patterns may not be

ever, at sampling intervals coarser than 4 h, the demand

available without smart meters. Future studies should thus

multiplier pattern and DMA-based gap-ﬁlling approach

include and assess the impact of, among other things, vary-

resulted in better overall results than linear interpolation.

ing consumer types, different DMA sizes and leakages.

Moreover, the water age simulations performed better with
uniform sampling. This can be explained by the fact that

Simulation of pressure head and water age

the random sampling method can have smart meters without any or only few WMRs, whereas the uniform sampling

The low head loss between the inlet and nodes with consu-

method still required data from all meters at a given sam-

mers assigned in the benchmark model (average of 0.2 m) is

pling interval. Thus, if certain areas in the network had no

due to over-dimensioned pipes owing to ﬁre safety regula-

WMRs for long periods in the random sampling method,

tions or outdated pipe-dimensioning standards typical of

the error in water quality simulation at these locations

Figure 6

|

Mean RMSE of (a) pressure head and (b) water age simulations with varying sampling methods and sampling interval based on all nodes with smart meters installed. Please refer
to the online version of this paper to see this ﬁgure in colour: http://dx.doi.org/10.2166/hydro.2020.083.
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increased. At sampling intervals ﬁner than 8 h, all sampling

ﬁlling method. Simulations of ﬂow, on the other hand,

methods reduced the mean RMSE notably compared with

were affected more by the choice of the gap-ﬁlling method.

the bi-annual models. As the water age simulation results
are theoretical, future studies should include tracer measurements in the network to validate whether the models with
smart meter data improve water age simulations.

Smart meter data can greatly improve modelling results,
and if the average sampling interval is coarser than 2 h, then
a weighted gap-ﬁlling approach should be used.

The ‘Case Study’ section showed that the antenna
tower concentrators reduced the smart meter data set to
WMRs around the full hour. In terms of water quality simulations, this procedure removes valuable WMRs containing
information about the actual time of consumption. In the
future, more advanced reduction processes should be considered that keep samples with information about the
actual time of consumption from being removed, ultimately
reducing the need for water demand models to ﬁll gaps
between readings and improving the validity of water qual-
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