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Abstract

The flow arriving at a wastewater treatment plant mixes municipal sewage, rainfall, soil moisture and
groundwater, yet is routinely interpreted as if its composition were fixed. Despite the uncertainty this
introduces to any case where the signal is used, from combined sewer overflow management to
wastewater-based epidemiology, source-resolved composition is relatively underexplored. Here we intro-
duce WWCompose, an empirical-conceptual model that recovers the dynamic contributions of rainfall,
soil moisture and groundwater to daily influent, and apply it to approximately 2,900 treatment plants
across England using open national data. Predicted flows match observations with high skill (mean
Kling—Gupta efficiency 0.68; 80% of plants above 0.6), with fitted parameters organising around hydro-
geology, permeability and urbanisation. Non-municipal water is widespread: municipal flow averages
59% nationally, and at individual works may vary between 100% in dry weather to < 5% during the
wet conditions that often dominate periods of interest.

1 Introduction

Influent arriving to a Wastewater Treatment Plant (WWTP) constitutes water from multiple sources and
pathways. It is composed of household and trade wastewater, direct storm water runoff and drainage,
rainfall-derived inflow and infiltration [1], and groundwater [2]. The composition of influent matters
because the same observed flow can create different interpretations for flooding [3], combined sewer
overflow spills [4], diffuse urban pollution [5], receiving-water exposure [6], wastewater-based epidemi-
ology [7], and the design or operation of treatment technology [8]. For example, the consequences of a
sewer spill depend strongly on whether the discharged flow is primarily rainwater or municipal effluent
[6], while interpretation of SARS-CoV-2 wastewater samples depends on the number of people contribut-
ing to the influent [9]. Both cited examples implicitly assumed a static influent composition, introducing
significant uncertainty given its known dynamic variability [10]. Rainfall-derived inflow and infiltration, and
groundwater sources are established as major influent contributors [11][12], observed to compose up to
70% of influent at some WWTPs [13][11]. However, they are difficult to estimate owing to multiple data,

scale, and conceptual limitations [14]. The mechanism for groundwater ingress is that the water table
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rises above some pipes in a sewer network and enters through cracks or gaps [15], this is categorised
as phreatic zone sewer infiltration [14]. Although this process is conceptually straightforward, variability
in pipe depths and groundwater depth make quantifying phreatic zone sewer infiltration incredibly chal-
lenging from a data perspective [16]. Rainfall-derived inflow and infiltration is referred to as vadose zone
sewer infiltration [14], which captures a diverse set of potential processes in the near-surface such as
preferential flow paths [17] and connectivity with hydrological features such as rivers [18][19]. Although
characterising each mode completely requires comprehensive data and modelling efforts [16], dynamic
variability in phreatic zone infiltration can generally be attributed to variability in groundwater level [20]
and variability in the vadose zone to soil moisture [21].

A combination of physical modelling [22], statistical data analysis and machine learning [23][24], and
conceptually based empirical methods [25] have all been demonstrated to achieve good predictive per-
formance of WWTP influent in literature. These studies are typically focussed on few WWTPs further
highlighting the data limitations in sewer infiltration. The only studies that investigate infiltration on more
than 10 WWTPs [26][27][28], do not make predictions about WWTP influent and so cannot be validated.

In this study, we identify that the open data environment in England currently supports a nationwide
assessment and validation of WWTP influent composition in 2,900 locations. We build on existing con-
ceptually based empirical methods [25] to test the hypothesis that daily influent flow contains recoverable
signatures from dynamic data on rainwater, soil moisture, and groundwater level. The outputs of such
an approach facilitate quantifying dynamic wastewater composition with applications ranging from sewer

spills to wastewater epidemiology.

2 Results

2.1 National model performance

We validate our approach by comparing predicted influent with observed daily flow at WWTPs across
England, finding high model performance in many WWTPs Fig. 1, with an average KGE = 0.68 and
80% of works having a KGFE > 0.6. The spread over cross-validation repetitions is narrow relative to the
national performance gradient, indicating that the fitted decompositions are not dominated by arbitrary
split-to-split variability. The few, < 3%, locations below KGE < 0.4 are interpretable failures rather
than random outliers: visual inspection commonly shows operational signatures in the effluent record;
primarily abrupt changes in mean flow or variance. The main medium-performance band KGFE ~ 0.4 —
0.6 constitutes 13% of WWTPs and is concentrated in the east of England, consisting of smaller plants
with more variable operational regimes and drier catchments. Drier climates and more permeable geology
are typically harder to fit, with the driest 5% of catchments having an average KGFE = 0.64 and higher

permeability catchments with KGE = 0.57, see Fig. 1 and section 2.4 for further details.
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Fig. 1 National model performance across England WWTPs. Left: full-record Kling—Gupta efficiency (K GFE) for each plant.
Right: exceedance probability (z-axis) for a given K GE value (y-axis), different coloured lines show different groups, while the grey
band shows variability over cross-validation repetitions.

2.2 Spatial structure in fitted parameters

The fitted parameters exhibit distinct spatial organisation (Fig. 2) varying from parameter to parameter.
For example, the constant scaling parameter for groundwater contributions Cqw broadly traces major
aquifers, the constant scaling parameter for municipal contributions Cyru, increases around urban areas,
and the exponent applied to precipitation contributions Ep increases in the wettest regions. Although
some common spatial structure exists across fitted parameters, it is weak: the top four components of
a principal component analysis explain only 40% of the variance across the 17 parameters, and the top
eight explain 65%. This does not support the existence of distinct wastewater catchment archetypes. The

upper precipitation gate threshold 75!

P.sate field capacity 6;, saturated water content 6, and wetting-front

suction head ¢ are omitted from Fig. 2 because they show limited variability or no distinctive national

spatial pattern.
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Fig. 2 Spatial structure in fitted model parameters. Per-WWTP average parameter values. GW stands for groundwater, 6 for
soil moisture, P for precipitation, Mun for municipal. C' refers to a linear factor applied to that model component, 7" a threshold
above which a contribution must rise to contribute to influent, and E an exponent applied to contributions above T'. K refers to
saturated conductivity. Further details are provided in Section 5.

2.3 National composition

The fitted models derive the composition fractions for a given WWTP on a given day. These daily compo-
sitions are averaged over the entire data period, 2010 — 2024, and shown in Fig. 3. At a national scale,
municipal is the largest contribution (59%), followed by soil moisture (21%), groundwater (13%), and pre-
cipitation (7%). Despite its prevalence, only 0.1% of catchments are > 95% municipal, highlighting the

rarity of a textbook fully separate sewer system. Sensible spatial groupings are evident — we see higher
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precipitation composition in the west, lower soil moisture composition upon chalk, and higher groundwater

composition above major aquifers — but compositions within these categories are still highly variable.
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Fig. 3 National wastewater composition. Per-plant average composition. Mun. stands for municipal, GW for groundwater, 6 for
soil moisture, and P for precipitation.

2.4 Parameter and composition variability

Figures 1 and 3 indicate the importance of aridity and permeability towards model behaviour. We investi-
gate these categories in greater detail with Fig. 4, showing the Kolmogorov-Smirnov test statistic, signed
by direction of Spearman rank, between parameters, compositions, and performance values in these
different categories. The results support the interpretation of model behaviour, below.

Greater permeability provides more opportunity for surface water dissipation, reducing soil moisture

and rainfall composition, 6(%) and P(%). Reductions in these sources correspondingly increases the
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composition proportion of groundwater and municipal, GW (%) and Mun(%). Municipal composition
increases by more than groundwater composition in these cases because many WWTPs do not have
pipes at the depth of the groundwater table, but nearly all have significant municipal components. We
see that some parameters contributing to soil moisture (the constant scaling parameter for soil moisture
contributions Cy, the exponent applied to soil moisture contributions Ey, saturated hydraulic conductivity
K) doincrease, but also that the soil moisture contribution threshold Ty increases, suggesting that while
overall soil moisture contributions decrease (decrease in 6(%)), contributions occur in a more peaked
manner.

WWTPs in drier areas show higher municipal composition and reduced composition from all other
sources. Reductions in T}, the lower precipitation gate threshold T};?gate, and increases in T};fgate, Eq
support more variable but weaker (decreased Cy and the constant scaling parameter for precipitation
contributions C'p) contributions from direct and indirect soil moisture. In contrast, reductions in the expo-
nent applied to groundwater contributions Eqw and Ep and increases in the groundwater contribution
threshold T¢w and the precipitation contribution threshold Tp imply decreased variability in contributions
from groundwater and precipitation. Wetter WWTPs generally reverse trends shown in drier ones, sup-

porting higher precipitation and direct soil moisture contributions, with reduced municipal, groundwater

and indirect soil moisture contributions.
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w 2.5 Case studies

1o Three exemplar sites were selected to highlight distinct behaviours and shortcomings in the approach,

11 shown in Fig. 5.
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Fig. 5 Map of exemplar case study locations. Selected WWTPs span contrasting regions. Elevation data is from Terrain Tiles,
accessed on 2026-06-01 from https://registry.opendata.aws/terrain-tiles.

112 The fitted soil moisture, borehole groundwater level, dynamic composition and predicted versus

13 simulated flow at the WWTP are shown in Fig. 6
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Westwood Brook WWTP is a high precipitation site upon mudstone, sandstone and siltstone bedrock
with no superficial deposits, classified as a low permeability site. It has a balanced composition across
sources, its model performance is in the top 1.5% of stations. Its municipal contribution varies between
20 — 100%, with some periods exhibiting an equal split between municipal, rainfall, phreatic, and vadose
zone infiltration. It exemplifies a WWTP where composition analysis is of critical importance. Despite
sewer overflows in this catchment spilling 88 times in 2025 for a total of 650 hours [29], assessment by
the private water company that operates it does not mention infiltration.

Oakley WWTP is a high preciptitation site upon clay, silt, sand and gravel superficial deposits above a
chalk bedrock, classified as a low permeability site. Oakley demonstrates ephemeral phreatic zone infil-
tration particularly well, with groundwater overtopping into the sewer network in 2014. Any other variability
is generally precipitation dominated and highlights the difficulty in achieving the highest, > 0.7 KGE,
performance values in the wetter catchments, Fig. 1, which we attribute to the dominant influence of
heterogeneous sewer infrastructure during rainfall events.

Chesham WWTP is a low precipitation site upon chalk bedrock with no superficial deposits, classified
as a high permeability site. It is also a site of special attention to the private water company that operates
the plant owing to its widespread phreatic zone infiltration confirmed by field samples. The WWTP flow
variability tracks groundwater level in contrast to soil moisture, which instead has peaks occurring 3-6
months earlier than groundwater level peaks. The significant depths recorded at the assigned borehole
(38 — 42m) are deeper than any pipe would be set, indicating that the infiltration is likely occurring in a
localised area, presumably adjacent to the rivers in the catchment, further highlighting the data limitations

for more detailed assessments.

3 Discussion and Outlook

Our central result is the high flow-prediction accuracy of WWCompose across a never before demon-
strated number of WWTPs. Such high performance indicates that source-resolved wastewater composi-
tion is possible in many locations. The performance distribution in Fig. 1 shows that dominant hydrological
controls can be recovered from effluent records even without explicit sewer-network topology. The com-
position maps, Fig. 3, reveal widespread non-municipal flow arriving at WWTPs. When disaggregated
over time, for example, as shown in Westwood Brook, Fig. 6, the importance of wastewater decompo-
sition becomes even more apparent, with non-municipal sources dominating during wetter periods. The
spatial parameter patterns in Fig. 2 and detailed parameteric assessment in Fig. 4 further indicate that
the fitted quantities organise around hydrogeology, permeability, urbanisation, and soil in broadly intuitive
relationships. Although WWTP archetypes were not apparent, the clearest catchment characteristics to
delineate behavioural differences were aridity and permeability, supporting results from [30].

We identify a variety of use cases for WWCompose, discussed below.

10
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Understanding the impact of combined sewer overflow spills is a key focus area of successive UK
governments at present, who have committed £60 billion to their remediation [31]. Existing literature
has already indicated that 80% of total monitored spill duration is likely to be driven by soil moisture or
groundwater sources [4]. Wastewater decomposition facilitates prioritising spills based on their proportion
that is municipal, and targeting investment to the sites with most concentrated sewage spills. Furthermore,
if a site has been selected for remediation, decomposition can direct appropriate solutions. For example,
Nature Based Solutions (NBS) are a commonly proposed sewer spill intervention [32], and they may
reduce spills that occur during high precipitation composition periods, however, they may worsen spills
that occur during high soil moisture composition periods and will either not impact or potentially worsen,
depending on their spatial extent, spills that occur during high groundwater composition periods.

A variety of research fields benefit from more granular detail in the influent to a WWTP. Provision of
municipal composition is directly usable for wastewater epidemiologists [9], and, if paired with sample
timings, may reduce the large uncertainty in interpretation attributable to the unknown human-waste frac-
tion [33]. In contrast, pairing composition with influent chemical samples may facilitate better quantifying
diffuse urban pollution, which also has a significant uncertainty owing to the variability in composition of a
given sample [34], and has already been demonstrated for extreme precipitation events in urban drainage
systems [35]. More widely, dynamic simulation of wastewater influent is required for analysis and design
of WWTP technology [36]. Phenomenological models, such as [37] have demonstrated the value of split-
ting influent into different processes to generate such simulations. WWCompose profiles could be further
developed to link to pollutant sources to predict water quality profiles that achieve similar dynamic water
quality which could be used for WWTW performance analysis.

Wastewater networks are the key driver of urban hydrology and are integral even at catchment scale
hydrology [38], interacting with fluvial and pluvial flooding. Identifying composition enables better quan-
tification of wastewater processes in both hydrological and hydrodynamic pipe models. The aggregated
conceptual representation may be broadly compatible with lumped hydrology models and could poten-
tially be integrated into large scale hydrology initiatives such as CAMELS-GB [39]. For more detailed
urban drainage models, results are partially transferrable. Soil moisture representation in the Stormwa-
ter Management Model (SWMM) [40], a popular and open-source model for urban drainage modelling,
includes a Green-Ampt infiltration model and power-law relationship for soil-to-pipe inflows as in WWCom-
pose. Although this behaviour is defined in SWMM as a groundwater representation, based on the
analysis presented in this work, it would more accurately be described to capture soil moisture-driven
infiltration. The prevalence of groundwater contributions in some locations highlights the importance
of enabling large scale aquifer groundwater table overtopping in SWMM-like models, which currently

requires external packages to implement [41]. As with sewer spills, the integrated picture provided by

11
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WWCompose may be used to guide flood interventions, helping to understand the interplay between

precipitation-driven, soil moisture-driven, or groundwater-driven flooding.

4 Conclusions

National-scale wastewater composition can be inferred from open data with accuracy typically >
0.6 KGE across English WWTPs, the largest such assessment demonstrated to date. The results
show that non-municipal water is widespread even where municipal flow dominates long-term aver-
ages, and that permeability, groundwater, soil wetness, precipitation, and operational controls each leave
identifiable signatures in effluent records. Aridity and permeability emerge as the clearest controls on
composition, whereas distinct catchment archetypes do not. By turning a routinely monitored but rarely
decomposed signal into a source-resolved, time-varying quantity, WWCompose provides a transferable
basis for prioritising sewer overflow interventions, sharpening wastewater-based epidemiology, and rep-
resenting wastewater within hydrological and urban drainage models. More broadly, it demonstrates that

the dynamic provenance of wastewater is recoverable wherever comparable open data exist.
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5 Methods

Our approach, called Wastewater Compose (WWCompose), extends existing empirical-conceptual stud-
ies such as the 'Triangle Method’ and 'Moving Minimum’ methods proposed by [27] and 'Quasi-linear
Model’ approach proposed by [25], which further provided dynamic estimates of dry-weather flow com-
ponents. These studies recognise the difficulty in acquiring sufficient information to fully characterise a
sewer network and instead create a conceptual model, splitting wastewater into constituent components,
with few parameters that can be fitted to existing data. WWCompose, described in full in 5.1, assumes
that the dynamic components of influent (rainfall, soil moisture, and groundwater) must exceed a spec-
ified threshold after which they contribute to influent with a linear and exponential component. We use
climate data to force the model and, where possible, constrain these parameters with geospatial data,
as described in 5.2. WWCompose is fit using best practice split-sample cross-validation and a sequential

fitting process with final re-optimization, described in 5.3.

5.1 Model structure

Simulated effluent flow is decomposed into municipal, groundwater, soil-wetness, and effective-
precipitation terms:

Qsim(t) = C’Mun + QGW (t) + QQ (t) + QP (t) (1)

Besides Cjrun, Which is assumed constant over the study period, each term is calculated by the
distance a variable is above a threshold, however, the precise formulation differs for each term, as follows.
When bounds are specified below, such as Cyr., € [0, le6], these are the bounds within which the
optimizer fits parameters, described in further detail in 5.3. Although population and municipal water use
may vary seasonally, we consider this simplification acceptable given the larger climate-driven variability

of the other sources.

5.1.1 Groundwater

Groundwater depth, d(¢) units (m), at the assigned borehole reduces groundwater contributions, and

increases when the water table is shallow:
E
ng(t) = CGW maX(TGW — d(t), 0) GW, (2)

with fitted coefficient Cqw € [0, 1e4], threshold Tw € [0, 100], and exponent Egw € [0, 2].

13
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5.1.2 Soil moisture

A scalar soil-store depth 6(¢) (mm) is forced by rainfall P(¢) and reduced by ET(¢), using a daily Green—

Ampt-style recurrence [42]. We use an explicit form to improve computational efficiency during fitting:

6*(t) = max(6(t — 1) — ETo(¢),0), (3)
Ks QZJAH—F g, 0*(t g,

J LY (t) < .
K (1+¢A0/0*(t)), 0*(t) > e,

6(t) = 6*(t) +min(P(t), f(t)). (5)

Here Af = 6, — 6, with 6, and 6; dimensionless saturated water content and field capacity respectively;
P, ETy, 6, and 8* use depth units (mm). K is saturated hydraulic conductivity, ¥ is wetting-front suction
head, f(t) is infiltration capacity, and ¢ is set to 1e — 6 to avoid division by 0. In the lower branch, 1
multiplies only the moisture deficit A8, not cumulative storage 6*. When 6*(¢) < ¢, the upper branch is
a numerical guard; infiltration is then unconstrained by capacity (f > P(t)), so all rainfall infiltrates and
0(t) = 6*(t) + P(t). We fit K, 1, 05, and 6; within the soil probability bounds within WWTP catchment,
calculated using SoilGrids (§5.2).

The soil-wetness contribution to flow is thus,
Qo(t) = Cp max(6(t) — Tp,0)", (6)

with fitted Cy € [0, 1e4], Ty € [0,500], and Ey € [0, 2.

5.1.3 Precipitation

In addition to the generic value over threshold term, for example, eq. 6, effective precipitation also uses

capped rainfall excess intended to represent the capacity of the urban drainage system,
ep(t) = min (max(P(t) — Tp,0),Tp") 7)

Furthermore, unlike the other components which cannot be meaningfully scaled, we multiply precipitation

by the impervious area, A;,,, calculated using [43][44],

Qp(t) = Cp Apmp ep(t)F7 (8)

14
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To capture the influence of semi-pervious surfaces reaching saturation and then contributing to

precipitation-driven runoff, we include an interaction with antecedent soil moisture, 6,4 ():

gp(t) = min (max(W, O) , 1) 9)
Tplgate — T gate
The precipitation term is
Qp(t) = gr(t) Qp(t). (10)
Fitted parameters are Cp € [0,1], Tp € [0,100], TE" € [0,100], Ep € [0,2], and the gate limits T, €
[0,400], T, € [0,600].

5.2 Data sources and alignment

We use daily effluent flow records for English WWTPs from 2010-2024, [30], to fit WWCompose, requir-
ing the assumption that, at a daily timescale, influent and effluent will be comparable. Diurnal variability
and stormwater storage will introduce errors here, but we consider these acceptable given that influent is
less widely monitored than effluent. The analysis only uses effluent observations certified as good quality
in the raw data.

HadUK gives catchment-mean daily rainfall [45], which drives both the soil store and the excess-
rainfall term (§5.1). ET comes from HadUK via FAO-56 Penman—Monteith [46].

SoilGrids (sand, silt, clay, bulk density) at a fixed depth supplies the values at uncertainty quantiles
(Q0.05, Q0.95) [47]. Rosetta maps each to van Genuchten parameters [48]; these yield Green—Ampt K,
1 from Ky, 05, and 6; (here at —33 kPa) [42]. The quantiles defines optimisation bounds for K, v, 0,
and 6;.

Borehole groundwater depths are retrieved from the English Environment Agency’s hydrology data
API, and assigned to WWTPs. If the associated borehole data series is absent or constant, no
groundwater term is present in Eq. 1.

Permeability class K, used to interpret results, is assigned from superficial deposits where present
and bedrock where absent, using expert knowledge informed by lithological descriptions of the British

Geological Survey’s 1 : 50,000 scale superficial and bedrock geology maps.

5.3 Calibration and validation

Calibration fits daily simulated totals to observed effluent over the aligned window at each site within the
study period 2010-2024 (§5.2). Parameters are estimated by maximising Kling—Gupta efficiency (KGE)

on raw daily flows:

KGE=1—/(r— 12+ (a—1)2+ (8- 1)2, (1)

15
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where r is correlation, « is the variability ratio, and 3 is the mean ratio between simulated and observed
flows.

Each aligned record is partitioned into ten contiguous time splits. For each repetition, one split is
withheld for validation and parameters are trained on the remaining splits. The held-out segment moves
across repetitions so that out-of-sample skill is summarised over different hydro-meteorological periods.

WW~Compose contains 17 parameters and the objective is non-convex, so we use sequential opti-
mization with joint refinement. Parameters are fit in reverse order of assumed variability of the component
that they refer to (i.e., municipal, then groundwater, then soil moisture, then precipitation). A joint refine-
ment then optimises all fitted parameters simultaneously. Trivially tied solutions (i.e., a < le — 6KGE
difference) are forced to favour the more physically explainable process; WWCompose prefers municipal
over groundwater and rainfall over soil-moisture because conventional knowledge suggests that these
are the more direct routes for influent to enter the sewer network.

Every fitting stage uses differential evolution, a population-based global search, followed by local
polishing of the best candidate (bound-constrained quasi-Newton refinement of the same objective). We
use the implementation from Python SciPy [49]. The results shown in this paper use a population size
of 250 with maximum iterations of 3, 000, which testing revealed to provide converged objectives. These
settings for WWCompose can be run for an individual WWTP on a MacBook Air M2 2022 in under
30 minutes, while the full set of experiments were performed using High-Performance Computing, see
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