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ABSTRACT

Water resource recovery facilities face challenges with increasingly stringent effluent demands, complexity and
demand for capacity increasing investments. Emerging technologies such as digital twins could alleviate these
problems but require high frequency influent data. This work presents a method for utilising measurements in
the primary clarifier effluent with a model of the processes between the influent and primary clarifier effluent to
predict influent orthophosphate load for a plant with considerable internal load. Five functions for describing
daily load variations were tested and compared for accuracy and computational time. All functions were shown
to reproduce the measured primary effluent orthophosphate concentration with high accuracy, although the
function based on four normal distributions was deemed the most suitable due to its short computational time,
realistic influent concentration variations and accurate estimated primary effluent orthophosphate concentra-
tion. Validation of the optimised influent concentrations shows that it follows similar patterns but might over-
predict the afternoon load, which could be due to deviating daily patterns by inhabitants during the COVID-19
pandemic (although this requires further investigation). The presented methodology can be extended also to

estimate influent COD-fractions, automate plant calibration and optimise plant performance.

1. Introduction

Water resource recovery facilities (WRRFs) face ongoing challenges
related to more stringent effluent demands, increasing complexity and
demand for capacity increasing investments. These challenges can be
alleviated by new technologies and digitalization, where one such
emerging technology is digital twins. With digital twins, process simu-
lation models are used with automated data transfer from the real plant
to run simulations automatically at given intervals (in near real-time)
with pre-defined objectives (Torfs et al., 2022). The use of digital
twins at WRRFs does, however, come with considerable challenges of
their own.

One challenge is obtaining high quality and high frequency (i.e.,
hourly, or higher) influent data. These are required to keep the digital
twin up to date with the latest data and to construct influent generators
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or forecasting models for scenario analysis. While influent flow rate is
usually measured at high frequency (minutes), concentrations of
chemical constituents, such as chemical oxygen demand (COD),
ammonium nitrogen and orthophosphate phosphorus, are rarely
measured with such high frequency. Rather, they are measured by daily
composite samples. These samples lack the temporal frequency required
for accurate dynamic simulation of plant process models that must be
known or estimated for use with digital twins. The required frequency
depends on the objective of the digital twin, but often time resolutions of
15 to 120 min are used to evaluate controller performance and estimate
peak values (Jeppsson et al., 2007; Alex, 2024) in activated sludge
models.

Installing new sensors or analysers to measure, e.g., ammonium or
orthophosphate, in the influent require both an investment cost and
considerable time for sensor maintenance (Rieger et al., 2010). For
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influent measurements in particular, the measurement environment is
challenging due to the characteristics of the raw sewage with many
particles and colloids that quickly clog the pre-filters of chemical ana-
lysers. Furthermore, the high organic content of the wastewater lead to
biofilm growth on sensors. Thus, methods for estimating the influent
composition with high frequency that do not require installation of new
sensors would reduce both investment and maintenance costs.

Several approaches have been suggested to estimate high time-
resolution influent data without relying on (regular) direct measure-
ments. As outlined by Martin and Vanrolleghem (2014), these ap-
proaches can be divided into three categories, which are based on: 1)
typical load patterns such as daily, weekly or yearly influent profiles.
This approach can also include correction factors for wet weather
events. 2) harmonic functions (e.g., Fourier series). These are used to
describe the periodicity of different phenomena (such as influent load
variations), but unlike approach 1, where measured data is used directly
to obtain the patterns, they are described by a mathematical function.
Both approach 1 and 2 can be used to create a higher time frequency
resolution from low resolution measurements. 3) phenomenological
models. These models aim to capture the observed influent behaviour by
describing the driving mechanisms, i.e., generation of wastewater at the
source (households/industries), transport in the sewer system, and
impact from precipitation. Phenomenological models often use a mix of
mechanistic and empirical sub-models as well as typical daily profiles.
Another category can be defined, which is not mentioned by Martin and
Vanrolleghem (2014): 4) data driven or hybrid (data driv-
en/mechanistic) methods, such as machine learning models.

An example of a Category 1 influent generator can be found in
Langeveld et al. (2017). This influent generator used measured influent
flow rate and typical dry weather concentration profiles to estimate
influent concentrations, incorporating dilution, first flush and recovery
processes during wet weather conditions (with separate processes for
different sizes of rain events). It was used by Daneshgar et al. (2024)
during development of a digital twin for the WRRF in Eindhoven, The
Netherlands, where influent data for the twin was generated with 2-hour
time-resolution. Langeveld et al. (2017) showed that this approach can
be effective to augment measurements and replace faulty sensor data,
but it still requires extensive influent measurements during dry and wet
weather events to capture the relevant dynamics.

Alex (2024) developed a Category 2 method (extending the work of
Langergraber et al. (2008)) to estimate influent concentration variations
using only high time-resolution flow measurements and typical routine
WRRF data (i.e., influent daily composite samples). The method divides
the influent wastewater into categories with different characteristics and
use Fourier series to describe periodic patterns. The method was shown
to accurately reproduce high frequency influent data by combining the
calibrated influent model with daily composite samples, for both dry
weather and wet weather events. It does, however, require daily com-
posite samples for all days where the high-resolution data should be
generated. For days where this is not available (most plants do not do
this every day), the method requires assumptions of the load.

Gernaey et al. (2011) presented a phenomenological model-based
method (Category 3) using generation of wastewater flow and
pollutant loads from households and industries and incorporating rain-
fall and sewer transport processes to generate realistic influent con-
centration variations. The model was used to generate influent data for
the Benchmark Simulation Model No 2 (Jeppsson et al., 2007) but could
also be adapted for use in a real plant. Compared to the other methods to
generate influent data, this approach potentially requires a more sub-
stantial effort due to the need to model the sewer system in greater
detail. The lack of detailed information of household and industry
wastewater discharges also limits the accuracy of the results.

For Category 4, pure data driven methods, such as different machine
learning models (e.g., long short-term memory (LSTM) models), have
also been used to generate influent data with high frequency (Li and
Vanrolleghem, 2022a, 2022b). However, they require long time-series
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of training data, which is not always required by the other mentioned
methods. To overcome this data requirement, recent publications have
showcased a hybrid modelling approach to generate influent data,
where a mechanistic model of a process is combined with measurements
of the effluent from the process. The influent concentration is then
iterated and optimised until the model output matches the measured
data. Johnson et al. (2021) used this approach to estimate high fre-
quency influent ammonium nitrogen data based on a process model of a
primary clarifier and measured data from the primary effluent. By
combining the optimised concentration data with typical ratios between
measured influent compounds, a full influent dataset could be con-
structed for a digital twin model. This concept was further developed by
Johnson et al. (2024) to include also the activated sludge reactors in the
process model and optimising the influent Total Kjeldahl Nitrogen
(TKN) concentration to fit the measured air flow rate to the process.
Other variables were calculated through typical influent ratios. The
estimated daily flow weighted average error (normalised RMSE) was
reported between 10 and 25 % for ammonium, TKN, orthophosphate,
total phosphorus and filtered and total chemical oxygen demand (COD)
for a full year of estimation for three WRRFs (note that not all the listed
parameters were reported for all plants). Zorrilla et al. (2024) used a
similar concept to estimate substrate characteristics for a (virtual)
biogas plant using the Anaerobic Digestion Model No 1, although with
much slower dynamics (daily or weekly averages) due to the slower
processes of anaerobic digestion. Zorilla et al. could not accurately
predict the complete influent characteristics, but they report that the
results were sensitive to the variables they wanted to identify.

A benefit with the presented hybrid approach, compared to the other
described categories, is that current, already available, high-frequency
measurements can be utilised without the need to install new sensors
at the influent (or through installing sensors downstream the influent at
a more favourable location). However, an important choice must be
made regarding which type of mathematical function that should be
used to describe the diurnal influent variations during the optimisation
period. Such functions have been presented in several studies. The
previously mentioned Fourier series have been used by several authors
with different types of models (Langergraber et al., 2008; Mannina et al.,
2011; Li and Vanrolleghem, 2022a; Alex, 2024). Another approach was
used by Sitzenfrei et al. (2017), who used a combination of three normal
distributions to describe the probability density function for water use in
households over the course of a day. This concept was extended to four
normal distributions by Warff et al. (2020) to accurate predict nighttime
water use. Other simple methods such as polynomials could also
potentially be used to describe the variations, or the load value at each
time step could be optimised directly. Both the number of function pa-
rameters and the resulting shape of the output will affect the flexibility
of the function to adapt to different influent profiles and the required
optimisation time.

While the presented mathematical functions are good candidates for
describing the influent load variations, the choice of which one to use
impacts both the optimisation time and prediction accuracy (both vital
components when used in an automated setting with digital twins).
There is a lack of research and understanding of the impact of different
functions on these metrics, which makes the method difficult to imple-
ment in practice. Furthermore, the previous studies by Johnson et al.
(2021) and Johnson et al. (2024) have focused on primarily predicting
nitrogen variables (ammonium and TKN), then calculating other vari-
ables such as phosphorus and COD through ratios to the predicted ni-
trogen variable. Direct prediction of other variables, such as
orthophosphate, has not yet been demonstrated in the literature. This is
important for wider validation of the methodology, as phosphorus
behave differently than nitrogen in WRRFs and are affected by both
biological and chemical processes (which makes modelling chal-
lenging). At the same time, the effluent requirements can be low, with
new permits in Sweden often requiring annual average effluent con-
centrations in the proximity of 0.20 mg P/L as total phosphorus. This
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demands accurate influent data for model-based decision-making in
digital twins.

In this study, we aim to address two research gaps for using a
Category 4 hybrid model-based software (soft) sensor as part of WRRF
influent generation: 1) Validate the methodology for direct prediction of
orthophosphate, based on primary clarifier effluent measurements and a
model of upstream processes. 2) Compare mathematical functions for
describing the daily influent variations and evaluate them on predicted
primary effluent concentration accuracy and optimisation time. We
address these questions by implementing a soft sensor at the
Oresundsverket WRRF, Helsingborg, Sweden, to find the function best
suited for use in the soft sensor.

2. Material and methods

The method section is structured as follows. The first part (2.1) is
dedicated to the question of validating the methodology for ortho-
phosphate prediction, with details of the WRRF under study, data re-
quirements and model structure, model construction and data collection
and treatment. The second part (2.2) is dedicated to the question of
comparing functions for describing the influent load variations, with
description of mathematical function tested, the optimisation algorithm
used and a description of evaluation criteria for comparing of the results.

2.1. Construction of a model-based optimisation

2.1.1. Implementation case study: Oresundsverket water resource recovery
facility

The Oresundsverket water resource recovery facility in Helsingborg,
Sweden, treats wastewater from approximately 180 000 person equiv-
alents (with a mean daily flow rate of 54 000 m3/d during 2024) before
it is discharged in the Oresund strait. The water train processes include
grit chambers, wet weather detention basin, primary clarifiers, activated
sludge process, secondary clarifiers, and sand filters for final polishing.
The sludge train consists of gravity thickeners (separate for primary and
secondary sludge), mesophilic anaerobic digestion and sludge dew-
atering. The activated sludge process is operated with enhanced bio-
logical phosphorus removal (EBPR), (occasional) dosing of ferric
chloride for simultaneous precipitation of phosphorus, and pre-
denitrification and nitrification. Ferric chloride is also dosed to the
primary sludge before thickening. The influent contains low amounts of
volatile fatty acids (VFA), so to produce such for the EBPR process,
hydrolysis and fermentation of primary sludge is performed in the
sludge pockets of the primary clarifiers. The sludge is then resuspended
through a pump and settled again, while the VFA is flushed with the
water to the activated sludge process. The primary clarifiers and the
activated sludge process consist of four parallel trains with separate
sludge settling systems. In each train, two primary clarifiers are oper-
ating in parallel. Due to the process configuration, a substantial internal
orthophosphate load is generated in the plant, (mainly) through the
anaerobic digestion process and the subsequent sludge dewatering reject
water that is led back to the inlet. Orthophosphate is also released
through the hydrolysis process in the primary clarifiers. The ortho-
phosphate concentration in the primary effluent is therefore consider-
ably higher than in the influent.

2.1.2. Structure and data requirements for model-based optimisation
When constructing a local model over the primary clarifier for esti-
mating the influent concentration, two input data streams are required:
raw influent and the sum of internal load (from recycle streams such as
sludge dewater reject). The internal streams can be either measured
directly or estimated from a model (or a combination of both). To make
the setup as readily available as possible, it is desirable to use as much
real plant data as possible. This allows setting up such a model-based
optimisation without the need of a plantwide model (PWM), i.e., a
whole-plant model including both liquid and solids processes, for
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generating data for certain streams. After initial tests, however, it was
concluded that although the sludge dewatering reject can contain most
of the internal P load in dissolved form, other internal loads and pro-
cesses (such as primary sludge hydrolysis) can still have an impact on
the primary effluent orthophosphate concentration. Therefore, it was
decided to use three influent sources for the model-based optimisation:

1. Characterised raw influent concentrations and flow rate.

2. Sludge dewatering reject flow rate and orthophosphate
concentration.

3. Model prediction of remaining internal load.

This means that a plantwide model initially calibrated with an esti-
mated influent orthophosphate concentration is required. The combined
output of the internal loads from this model can then be used as input
data for the optimisation. If measurements of the sludge dewatering
reject water flow rate and relevant concentrations are not available,
although it often is at medium to large size plants in Sweden (on the
contrary to other internal loads, which are usually not measured), model
output of those can also be used.

A daily optimisation routine was chosen, where the influent ortho-
phosphate load was optimised over 24 h at a time (between
00.00-23.59). This allowed using several previously developed mathe-
matical functions describing the shape of the diurnal variation and lines
up with the time during which daily composite samples are often
collected. The load was chosen as target variable rather than the con-
centration, due to the effect of dilution events on the shape of the diurnal
patterns. The temporal resolution was set to hourly values, although a
higher resolution can be achieved through interpolation.

For model simulations, the Sumo simulation platform (version
22.1.0, Dynamita, France) was chosen along with the Digital Twin
toolkit. Data handling and optimisation simulations were run through
Python (version 3.9.13).

2.1.3. Plantwide model construction

For the initial evaluation of the plant, a PWM was developed in
Sumo. Influent wastewater characterization was performed according to
the STOWA protocol (Roeleveld and van Loosdrecht, 2002) for raw and
filtered (1.2 um glass fiber filter) wastewater to determine influent
fractions. Respirometry was used to determine the fraction of hetero-
trophic biomass in the influent, according to the method by Wentzel
et al. (1995). Dynamic daily profiles for influent load of total chemical
oxygen demand (COD), dissolved COD and ammonium nitrogen were
established from influent sensor data (WTW CarboVis 701 IQ TS and
WTW AmmoLyt Plus SET/Comp). The model was calibrated and simu-
lated with data from 2021 to 2022 to produce values on unmeasured
internal loads.

2.1.4. Simplified model for optimisation

To increase simulation speed, a simplified model was constructed in
Sumo, using the Sumol biokinetic model (Fig. 1). It includes the primary
clarifier with a recycle flow for sludge resuspension, the processes up-
stream the primary clarifier (grit chamber and detention basin) and
inputs (raw influent, sludge dewatering reject and sum of remaining
internal loads). The primary clarifier model was based on the Sumo 3-
compartment model but modified so that no elutriation flow (which is
included in the original model to account for VFA washout from the
sludge blanket) occurs. Instead, a pumped flow for resuspending sludge
to the inlet was built into the model through pumping from the sludge
blanket to the inlet. The clear liquid zone was modified to use a plug-
flow reactor unit instead of a CSTR, allowing the user to decide on the
number of tanks in series to use to model the clear water zone. Although
this allows for describing more complex hydraulic behaviour, in the end
the number of tanks in series was chosen as one (equal to a single CSTR)
as this was deemed to produce the best results for this application. This
primary clarifier model was coded as a complex unit using the



C. Warff et al.

Metal5_1

T

Gritchamber1 CSTR19

Influent

H ped5
-

_P\:eﬂ"-
Reject_dewatering >
@c Pipel5

Inteinal_load

&C Pipe29

Tfiofvdivider1

Water Research 286 (2025) 124176

Switchcontroller

A d

Equalizationbasin1_1
1
[ o

D

Pips25 A 1 1
vV

——
(-

(C]

Metall

f-rom_detention

To_detention_1

PrimEff1

Pipesy OD

Primarytot

v

Fig. 1. Model of the primary treatment at Oresundsverket, Helsingborg, Sweden, used in the optimisation.
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2.1.5. Dewatering reject flow rate estimation

The sludge dewatering reject water flow rate is not measured directly
at the plant. The sludge flow rate to the dewatering equipment and the
measured weight of the dewatered sludge is, however, measured. Based
on this, the dewatering reject flow rate could be estimated based on a
mass balance over the dewatering equipment. For this calculation, the
dewatered sludge was assumed to have a density equal to water. In re-
ality, the density of the dewatered sludge will probably be slightly
higher due to higher density of the solids (O’Kelly, 2005), but since the
actual density was not measured and the difference on the calculated
reject flow rate is estimated to be about 1 percent, the error was
considered negligible. The full calculation is shown in the Supplemen-
tary materials.

The orthophosphate concentration in the anaerobic digester is ana-
lysed once per week at the laboratory at the plant. However, while the
concentration of a dissolved constituent in the water phase should not
change between the inlet to the dewatering equipment and the reject
water, changes in factors affecting the chemistry (such as decreasing
water temperature between the anaerobic digestor and dewatering) can
create struvite precipitation during dewatering (Achilleos et al., 2022).
Orthophosphate is not measured directly in the dewatering reject water
at the plant, so instead measurements of filtered (filter with pore size
6-10 um) total phosphorus in the reject water was assumed to equal the
orthophosphate concentration in this stream. This might cause a slight
overestimation of the internal orthophosphate load if there is colloidal
phosphorus that is not contained in the filter. It was further assumed that
this concentration changes slowly and remains constant over a given day
and that the values between the measured data points could be calcu-
lated through interpolation. From this, the calculated or measured daily
values could be combined with the estimated dewatering reject water
flow rate to obtain the orthophosphate load.

2.1.6. Primary effluent orthophosphate data and pre-treatment
Orthophosphate concentration was measured by an online analyser

(2029 process photometer, Metrohm) in the primary effluent from each

of the four parallel trains at the plant. Flow rate to the inlet of each

treatment train (before primary clarifiers) was measured by Parshall
flumes. Hourly average values over 40 days (May 1st — June 9th, 2021)
were extracted for further processing.

A single primary effluent orthophosphate time series was created
through flow proportional averaging of the different primary effluent
concentration time series. Since the primary effluent or sludge flow rate
were not measured individually for each primary clarifier, the primary
influent flow rate was used for the averaging. The primary sludge flow
rate is usually only about 0.4 percent of the primary influent and the
difference between influent and effluent flow rate is thus small.

As the measurements are grab samples, they appear noisy at times.
Initial results with the direct method (not shown) also indicated prob-
lems with noise in the optimised influent values. Therefore, the com-
bined primary effluent data were pre-treated by filtering through a
Savitzky-Golay filter (Savitzky and Golay, 1964), using the SciPy
package (Virtanen et al., 2020) and the signal.savgol filter method in
Python. A second-order filter and a time window of 7 samples were used.

2.1.7. Validation data

Validation data for the optimised influent concentrations were
collected through flow proportional sampling in the influent for three
days. For two of the days, orthophosphate was analysed (Hach LCK348)
in hourly samples. For the third day, the samples were filtered and sent
to an external accredited laboratory for analysis of orthophosphate. For
all measured concentration values, the corresponding hourly load values
[kg P/d] over 24 h were calculated and compared against the load
variations estimated through the optimisation. The validation data was
collected during 2023, but due to bad data quality from the ortho-
phosphate analyser during those days the influent estimation could not
be done with this data. Instead, the data from 2021 had to be used for the
optimisations. The validation data was therefore used to compare trends
in diurnal load variations.

2.2. Modelling the diurnal load variations

2.2.1. Methods for mathematical description of the influent load
Five different mathematical functions from the literature for
describing the daily load variations were selected for evaluation. In
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addition, a baseline method was included for comparison. Details of
each function is described below. The time t is set between 0 and 23 for
one full day, in all equations.

Function 1 — Sum of 3 normal distributions

Function 1 is based on the work from Sitzenfrei et al. (2017) and
includes 7 parameters: 3 mean values, p,,, 3 standard deviations, 6, and
1 scaling parameter, c. It is described mathematically as):

3 c (- u,zl)
e 20 (€]
; oV 21
Function 2 — Sum of 4 normal distributions
Function 2 is identical to function 1 but with the load described by a
sum of four normal distributions instead of three, based on Warff et al.
(2020). It has 9 parameters: 4 mean values, j,,, 4 standard deviations, op,
and 1 scaling parameter, c. It is described mathematically as

— on\/27

fl) =

(e (t=py)®
e R (2)

Function 3 — Direct method

Function 3 has 24 parameters, where each parameter is the load
value [g P/d] during one of the 24 h. Thus, the parameters for this
method are also the output of the function.

Function 4 - 6th order polynomial

Function 4 is a 6th order polynomial, meaning that the function has 7
parameters (a, b, c, d, e, f and g) and is described as

6 5 4 3 2

f(t):a% +b§ +c§ +d§ +e§ +f§+g 3

Function 5 — Fourier series

Function 5 is based on a Fourier series as defined by Mannina et al.
(2011). The function has 10 parameters
W, B1, w1, ¢1, Pa, W2, ¢y, P3, @3 and ¢3) and is described as (4):
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When continuous data are optimised one day at a time, there is a risk
that there is an artificial “jump” at the transition between days. This is
showcased for function 4 (although it occurs for all parametric methods
to some extent) in Figure S.2 in Supplementary materials, where the rate
of change between data points often are often 2-6 times higher than
normal at the transitions between days. One way to minimise this
“jump” is by including datapoints before and/or after the day to be
optimised in the objective function. After initial tests (data not shown)
with either including four data points before the day to be optimised,
two data points before and after, or four data points before and after, it
was concluded that using four data points before and after gave the best
results and was used for further analysis. As the four datapoints after the
day to be optimised are not known, the load during these hours was
assumed to be equal to the load during 00.00 — 04.00 the current day.
The four data point for before the day to be optimised were saved from
the final values from 20.00 - 23.59 from the last optimisation day. For
the first optimisation day of the series, the baseline load was used
together with the data from the first day in the series to be optimised.
This day was then looped for 10 days to reach a pseudo steady state
before starting the optimisation of the first day. When the optimisation
of each day was finished, the final parameter set was used to run the
simulated day once more. The simulation was paused at 20.00 and the
state variables were saved for use as initialisation for the next day of
optimisation.

For the evaluation, the simulated orthophosphate output for the 32-
hourly values of the current optimisation (24 h + 4 h before the current
day + 4 h after the current day) were extracted. The measured and pre-
treated primary effluent orthophosphate data were extracted for the
corresponding time stamps. An objective function was defined as the
root mean square error (RMSE) between the simulated and measured
primary effluent orthophosphate over the evaluation period.

The optimisation was done in the following steps (schematically
shown in Fig. 2):

ft)= /4(1 - (ﬁISID (a)l + ¢1) + p,sin (2(1)2 + ¢2) + f3sin <3(1)324 + ¢3>)) @

Baseline

A baseline method was included to compare the output when using
the optimisation with different functions and determine if and how
much they improve predictions of the primary effluent orthophosphate
concentration. The baseline scenario was defined as a fixed daily
orthophosphate load profile based on the hourly mean values from the
collected validation data, where each load value was divided by the
measured flow rate to obtain the influent concentration values. This
scenario is a simple alternative to detailed influent measurements to still
utilise realistic dynamic variations at the plant, which could be useful for
example for less detailed modelling studies. It was therefore deemed
suitable for use as a baseline case.

2.2.2. Optimisation algorithm

The Nelder-Mead (Nelder and Mead, 1965) algorithm (in Python,
using the SciPy-package) was used for optimisation. To initialise the
parameters for the mathematical load descriptions, the baseline influent
orthophosphate load profile [kg P/d] over 24 h was used. The baseline
load profile was used directly as initial parameter values for function 3.
For the other functions, the parameters for each function were optimised
to fit the calculated load profile to the averaged measured load profile.
The optimised parameters were then used as starting point parameters
for each optimisation day.

1. the Sumo model was loaded and initialised;

2. the parameters to describe the influent orthophosphate load were
chosen;

3. a simulation was run, and the objective function calculated.

The optimisation procedure repeats the steps above until conver-
gence. To assure accurate results, the maximum number of iterations
were set high enough so that the limit was never reached for any of the
methods (400 times the number of parameters). To assure that no
negative values occurred, a final check of the load profile was done, and
negative values set to 10> g P/d. For the direct method, non-negative
bounds were set for the parameters as they are also the output (for the
other methods negative values of the parameters could still produce
positive values for the output). No other constraints were set for the
parameters in the optimisation. The optimisation was run for the data
spanning 40 days of operation of the plant.

All optimisations were run on a Windows PC (AMD Ryzen 7 3800X, 8
core 3.89 GHz, 32.0 GM RAM).

2.2.3. Comparison and evaluation of results using different mathematical
functions

For a method to be useful and usable in a near real time digital twin
soft sensor, it must provide accurate results and be reasonably fast. To
determine the most suitable function for this application, we evaluated
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the results using the following criteria: 1) if the resulting concentration
variations appear realistic based on expert knowledge, i.e., with typical
diurnal variation patterns and without artificial spikes; 2) by calculating
the RMSE for each day in the time series (from the hourly values), then
comparing the median daily RMSE between the functions (the median
was selected due to the statistical methods used, see below for details);
3) by calculating the average time for the optimisation to complete
(normalised with the time for the function with lowest RMSE). Finally,
the output from the most suitable method is compared to the validation
data.

A statistical analysis was used to better be able to distinguish be-
tween the RMSE obtained using the different functions and evaluate if
the differences were statistically significant. See Supplementary mate-
rials for more details.

3. Results and discussion
3.1. Differences between mathematical functions

Fig. 3 shows the results from the optimisation of the influent
orthophosphate load, including the measured and model predicted pri-
mary clarifier effluent concentration as well as the optimised plant
influent concentration. A zoomed in version is shown in Fig. 4, to better
visualise the difference between the functions. Table 1 shows the results
from the evaluation criteria for each method, with simulation time
shown relative to function 2 since this function had the lowest median
RMSE. All functions using optimisation (Fig. 3(a)-(e)) could reproduce
the primary effluent concentration with high accuracy, as evident by the
highest median daily RMSE at 0.24 and the target primary effluent

orthophosphate concentration statistics according to Table 2.

Function 2 (4 normal distributions) resulted in the lowest median
daily RMSE, only slightly lower than function 3 (direct). Functions 1 (3
normal distributions) and 5 (Fourier series) had similar RMSE. with
slightly higher standard deviation for function 1. Function 4 (poly-
nomial) had the highest RMSE. The R? between model and data indicate
the same pattern (with a negative value for the baseline scenario,
meaning that the prediction is worse than using the mean of the data
during the period). When analysing the generated influent time series,
the results from most functions appear realistic in shape from what is
expected, i.e., a distinct diurnal pattern. All parametric functions to
some degree, but in particular function 4, exhibit occasional spikes in
the data that seem to appear mainly at the transition between days (even
with the efforts to minimise such effects). Further treatment of the data
to remove such spikes can of course be done, for example by using a
noise removing filter such as the Sovitzky-Golay filter, or through a rate
of change analysis and removal of suspected erroneous data points fol-
lowed by linear interpolation to fill the gaps. Since this system has a high
internal recycle rate, one hourly load value will affect the output during
several subsequent hours afterwards. If a high spike is removed from the
optimised dataset, the following values would probably need to be
increased to avoid too low primary effluent concentration. The same
effect can probably explain why the resulting influent data from function
3 becomes very noisy, since a too high load value in one hour can be
compensated for by a low load value in the next hour. In addition, a
higher order model as in function 3 (as many parameters as data points)
will result in less dampening of noise in the measured data. This is likely
avoidable with the parametric functions since they are forced to adhere
to a certain shape of the load profile (although the problem with
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Fig. 3. Optimised influent orthophosphate concentrations with simulated and measured primary effluent concentrations for five different functions: (a) function 1: 3
normal distributions; (b) function 2: 4 normal distributions; (c¢) function 3: direct function; (d) function 4: 6th order polynomial; (e) function 5: Fourier series; and

(f) baseline.

transition between days can remain). A way to possibly avoid the
aforementioned problems while still using the direct function is to es-
timate the load values one hour at a time sequentially. In fact, this is a
plausible scenario for use in a digital twin, where the value is updated
once per hour. However, preliminary tests (data not shown) with the
dataset in this paper showed this option to be unstable with optimised
hourly load values being very high in one timestep and in the next
timestep zero. This option requires more research to be explored in
detail. The methods in this paper can still be used to generate time series
data, which in turn can be used to fit an influent generator model for use
with higher frequency simulations.

The statistical analysis (see Supplementary materials) showed that
the RMSE medians of functions 2 and 3, as well as functions 1 and 5,

were not statistically significant. We can thus not say that function 2
performed better than function 3, or that function 1 performed better
than function 5, in terms of RMSE. The rest of the comparisons between
the functions showed statistically significant differences.

3.2. Wet weather performance

The simulated period contains several wet weather events (see
Supplementary material, Figure S.3). During many of these, the con-
centration is diluted substantially in the baseline simulations but,
counter intuitively, this is not appearing to occur to the same degree in
the observed data. This results in substantial load peaks in during several
of the rain events when using the optimisation methods. However, not in
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Fig. 4. Zoomed in version of Fig. 3 (days 10-15). Optimised influent orthophosphate concentrations with simulated and measured primary effluent concentrations
for five different functions: (a) function 1: 3 normal distributions; (b) function 2: 4 normal distributions; (c) function 3: direct function; (d) function 4: 6th order

polynomial; (e) function 5: Fourier series; and (f) baseline.

Table 1
Statistics of measured primary effluent orthophosphate concentration variations
(g P/m3), with mean, standard deviation and percentiles.

Mean Std.dev. 10th perc. 25th perc. 75th perc. 90th perc.

5.36 0.69 4.69 5.14 5.80 5.99

all, as during day 26 there is a storm event with flow peaks considerably
higher (178 000 m3/d) than the daily average flows (around 50 000 m3/
d). During this event, all optimisation functions result in load values of
zero during parts of or the whole day.

The high load peaks can possibly be explained by two mechanisms
related to a first flush effect for dissolved compounds: 1) due to the fact
that water travels as a wave in the sewer system (Krebs et al., 1999). This
means that as rainwater enters the sewer system downstream, a wave is
created in the sewer, increasing the flow rate downstream as the wave
travels. The water that is diluted by the rainwater does not travel with
the wave, but is transported with the regular water flow. Thus, as the
wastewater with increased flowrate that reaches the WRRF first will be
undiluted, creating a load peak. 2) recent discussions during a workshop
at the WRRmod 2024 conference (Copp, 2024) and subsequent webinar
presentation (Copp, 2025) displayed how deposition of particulates in
the sewer system, followed by hydrolysis, caused dissolved compounds
such as ammonium and orthophosphate to accumulate in the sediments

and be flushed out during rain events. This could explain the variable
influent load also during dry days with equal flow rates, and why the
behaviour is different when there are several rain events in a row (as for
day 24-26 in this work). This is important to follow up in future
research.

After discussion with the plant sensor technician, a likely explana-
tion for the predicted zero concentration during the storm on day 26 is
due to partial clogging of the pre-filter in the analyser due to high TSS
load. This leads to a too low sample volume being extracted, with
erroneous data as a result as the calculated concentration is too low
(which would lead to an estimated influent concentration that is too
low). The underestimated measured primary effluent concentration will
in turn lead to a too low influent concentration, as the measurement
error propagates to the influent concentration in the optimisation.
Although this remains to be confirmed, it shows the importance of
regular sensor maintenance when using the data for control or for input
in automatic calculations.

3.3. Optimisation speed

In general, the functions with fewer parameters are faster than the
ones with more. However, the type of equation that is used also appear
to affect the optimisation time. The optimisation time was similar be-
tween functions 2 and 5, while function 1 was 17 % faster and function 4
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Table 2

Evaluation of results for comparison between the different mathematical func-
tions used to describe the daily influent load variations. RMSE is the median
daily value (calculated from hourly values each day) over the 40 days of opti-
misation, with ¢ the standard deviation. Relative optimisation time is the
average time normalised to the time for the function with the lowest median
RMSE (46.7 min, for function 2).

Function Qualitative assessment of RMSE Relative R?
# produced influent time (median +  optimisation
series c) time
1 Mostly realistic. 0.12 + 0.83 0.90
Occasionally constant over ~ 0.15
a day and problems with
spikes in transition
between days. Extended
time with zero values
during heavy rainfall.
2 Mostly realistic. Extended 0.07 + 1.0 0.97
time with zero values 0.07
during heavy rainfall.
3 Extremely noisy. Some 0.08 + 4.4 0.96
zero values during heavy 0.08
rainfall.
4 Realistic but substantial 0.24 + 0.62 0.83
problem with spikes in 0.11
concentration during
transition between days.
Extended time with zero
values during heavy
rainfall.
5 Mostly realistic. Extended 0.13 + 0.99 0.91
time with zero values 0.10
during heavy rainfall.
Baseline - 0.82 + - -1.24

0.43

was 38 % faster. Function 3 took more than four times as long to run
than function 2, with similar mean RMSE and with the previously
mentioned highly noisy data. The longer optimisation time together
with the noisy output, without increase in prediction capabilities, show
that parametric optimisation functions are preferred over the direct
function for this type of data and system. For primary clarifiers without
this high internal recycle flow (about 20 % of the total dry weather
influent), the function might be less prone to this type of problem,
although the dilution effect can also affect the amount of time that an
individual load data point affects the output (depending on the hy-
draulic characteristics of the clarifier). If the time resolution is increased
from one hour to several minutes, some increase in optimisation time is
expected for all methods since producing higher frequency simulation
output usually requires the solver to take smaller time steps (i.e., each
simulation in the optimisation will take longer). However, the para-
metric methods have the advantage that the number of parameters does
not increase with higher time resolution. The direct method (Function
3), however, will increase its number of parameters according to the
new time resolution relative to the total number of minutes in a day.
Consequently, for a time resolution of 10 min the number of parameters
will be 24 x 60/10 = 144, likely resulting in a substantially longer
optimisation time.

For practical purposes, the optimisation time does not appear to be
limiting. For function 2, the mean optimisation time was 46.7 min with
the default Nelder-Mead parameters on the PC used. This can likely be
shortened by adjusting the solver tolerances of the Nelder-Mean algo-
rithm, with minor loss in accuracy. It is therefore deemed suitable to run
in a digital twin system once per day. For function 3, the mean opti-
misation time was 206.9 min (nearly four hours), which makes it less
practically useful (although this optimisation time could probably also
be shortened by adjusting the solver tolerances).
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3.4. Comparison to the baseline method

All functions showed better RMSE compared to the baseline method.
Some of the days the average output from the baseline method appears
to be close to the average of the data, but for several days the daily
average load appears to be too low in the baseline method as the primary
effluent concentration is underestimated. This indicates that there are
either daily variations in load substantial enough to create the observed
difference, or that one or several of the internal loads are overestimated
for parts of the dataset. For the optimisation functions, any such un-
certainties and errors (influent and internal load input data and model
structure) will be propagated to the optimised influent load. This
highlights the risk of using such a function, as faulty data gives faulty
influent data, but also a possibility to incorporate unknown phenomena
in the influent file to still produce correct primary effluent data. This of
course depends on the objective of the model, but one such scenario
could be to use time series data generated with the function presented in
this paper to develop an influent forecasting model. In any case, this
highlights the need to properly validate the optimised influent data
before use, to be aware of any discrepancies between model output and
data and take decisions consciously.

3.5. Validation data

Fig. 5 shows a comparison between the influent orthophosphate load
from the three measured days and optimised influent load from 26
simulated days with function 2 (weekend days and public holidays were
excluded from the load analysis since no sampling was done on week-
ends and the load pattern is usually different). The mean absolute error
between measured median hourly load values (based on three mea-
surement days) and median simulated values was 35.8 kg P/d, which
can be compared to the morning peak values near 200 kg P/d. The
median optimised influent load is similar in shape to the observed var-
iations and follows the diurnal trend, but three general observations can
be done. Firstly, the morning peak is occurring around 11 in the simu-
lated data and around 9-10 in the measured data. Secondly, the night-
time load appears to be very similar in the optimised influent and data.
Thirdly, the load values after noon appears to be higher in the optimi-
sation. When comparing the simulated load profile to the measured
data, it should also be noted that we do not expect the daily load vari-
ation to be identical every day. Both the output from the baseline
simulation, observed variations in the primary clarifier effluent and
measured hourly influent NH4—N load at the plant (with variations of
20-25 % around the median values, data not shown) supports this. An
explanation to the difference between measured and optimised data
could be due to a faulty description of the hydraulic behaviour in the
primary clarifier. However, attempts to vary the structure of the 3-
compartment model in Sumo (such as division of volume between the
compartments or increasing the number of tanks in series in the clear
water zone) did not have any meaningful impact on the results (data not
shown) due to the short hydraulic residence time in the clarifier (on
average around 4 h). Another possibility is that the high internal load
causes small changes in the measured primary effluent to have large
effects on the optimised influent, and the noise in the measured data
could cause the deviation during the afternoon. This would not explain
the good fit during nighttime and morning, though. Since this figure is
comparing general trends between optimised days during 2021 and
measurements from 2023, it is quite possible that the influent loads on
the optimised days were slightly different than during the measurement
days. In May/June 2021 the COVID-19 pandemic was still ongoing,
likely affecting the behaviour related to the pollutant loads to the plant
(i.e., people working at home and therefore waking up later and being
home in the afternoon). This could explain why the nighttime load is
comparing well to the measured load, if the nighttime routines were still
similar at both points in time, while the morning peak occurs slightly
later. Another possible explanation could be that the internal loads or
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Fig. 5. Difference between validation measurements and predicted (optimised) influent orthophosphate load for the studied methods. The model output is calculated
from 26 simulated days using function 2 (median, 25th precentile and 75th percentile values each hour), while the measured validation data are from three different
days (data d1, data d2 and data d3). From the original 40 optimised days, weekend and holiday days were excluded as the measured data only includes workdays.
The difference between simulated median hourly values and median hourly data is shown as mean absolute error, MAE.

processes contributing to primary effluent orthophosphate are under-
estimated, and that this error accumulates in the optimised influent
load. The majority of the internal load is from the sludge dewatering
reject, where the used flow rate is trusted (it is based on the digested
sludge flow, which is validated by flow measurements at several loca-
tions showing near identical values). The orthophosphate concentration,
however, is based on measurements of filtered total phosphorus and
interpolation between the values. This is one great source of uncertainty
identified in the data. Overfitting could also be a potential issue, which
could probably be a partial explanation for the observed behaviour for
function 3, but should be less of a problem with the parametric func-
tions. In the end, the exact reason for the discrepancy between optimised
output and measured data during the afternoon remains to be
confirmed.

3.6. General discussion

In generalising the results, many of the potential issues presented (i.
e., uncertainty in interval load and processes as well as time during in-
dividual load values impact effluent concentration) are probably due to
the unusual process configuration at the specific plant. A primary clar-
ifier with primary sludge hydrolysis occurring in the primary settler (i.
e., an activated primary settler) is, to the authors’ knowledge, not a
common process choice. For the majority of cases, the uncertainties
would therefore be lower compared to the presented case. For a case
with prediction of influent ammonia nitrogen based on primary effluent
measurements, without primary hydrolysis, it might be possible to set up
a model without the need for using full plant data for the internal loads
and only use measured sludge dewatering reject flow rate and ammonia
concentration, greatly simplifying the effort and not requiring a plant-
wide model. This will have to be verified on a case-by-case basis, though.
The presented optimisation functions are not expected to perform sub-
stantially different from the results presented here at other sites, as most
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functions have been used at different WRRFs.

Depending on the objectives and available data, the methodology of
using downstream measurements and a model to predict upstream
values could be extended to use more complex models and data further
downstream. For example, using effluent measurements from an acti-
vated sludge process to estimate influent data. This concept is similar to
what Johnson et al. (2024) did, where airflow rates in the activated
sludge process were used to estimate influent concentration data.
However, the more processes there are between the measurement point
and estimation point, the higher the requirements will be on the quality
of the data and the accuracy of the process model due to the accumu-
lation of measurement and model errors in the influent prediction.

Compared to other soft sensor techniques, a benefit of the presented
method is that it derives results from actual measurements of the vari-
able of interest, although at another point in the process. It therefore
already contains much of the information contained in the variable of
interest. It is, however, potentially more complex than other methods
and sensitive to errors in data and model. The work presented in this
paper shows suitable mathematical functions when using this type of
soft sensor and highlights areas of future research.

4. Conclusions

A method for constructing a soft sensor for estimating the influent
orthophosphate load based on measured concentration in the primary
clarifier effluent at a water resource recovery facility has been pre-
sented. The soft sensor considers effects of internal load and processes
upstream of the sampling location through a combination of results from
plantwide model simulation results and real plant data. The following
conclusions could be drawn:

e All mathematical functions for describing the load variations could
reproduce the primary clarifier effluent data with high accuracy and



C. Warff et al.

improved primary effluent orthophosphate concentration pre-
dictions compared to the baseline scenario of a constant daily load
profile. However, not all produced realistic influent time series.
e A combination of four normal distributions was deemed the most
suitable function for describing the daily influent load variations,
based on the low RMSE, low optimisation time and realistic influent
concentration variations.
Contrary to the baseline method, the optimisation methods predicted
“first flush” effects of soluble compounds during rain events, which
can have large effect on the process performance.
This study supports the method with functions practical usefulness
seen in other studies, and thus emphasise its transferability to other
plants. For other plants without the specific process configuration
with primary sludge hydrolysis, the implementation effort is ex-
pected to be lower.

The following future challenges remain:

For most functions, the transitions between optimisation days still
produces a “jump” in the values. Further research is required to find
other ways of handling these issues.

The validation of the model showed that the variations in optimised
influent load were similar to the measured load variations, although
slightly higher load values during the afternoon to evening requires
further investigation. A long-term validation of the soft sensor is
required for better understanding of its performance and is planned
for a future publication.

Some phenomena during wet weather that were seen in data could
not be explained by the model and requires further investigation.

The presented methods are promising alternatives for utilities to
both save on investment cost of additional sensors/analysers when
sensors are already present downstream, although dynamic validation of
the predicted influent concentration is recommended. It also allows
placement of such equipment, e.g. after a primary clarifier, to avoid the
potential problems of installing them at the plant inlet (such as clogging
of pre-filters), although this problem might still exist to a lesser extent
depending on the equipment used. Extending beyond the application
presented in this work, the optimisation method presented can also be
used for prediction of influent COD fractions or for control related tasks
in a digital twin, such as optimisation of, for example, energy use,
chemical use, greenhouse gas emissions or resource recovery.
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