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Abstract 

Emissions from urban drainage systems can have unwanted consequences for human and environmental health. 

Unfortunately, traditional water quality monitoring in sewers is expensive and not comprehensive enough to 

provide detailed data on pollution across an entire catchment. However, with the increasing digitization of society, 15 

alternative data sources such as mobile phone data offer new opportunities to assess wastewater production and 

dynamics. In this study, we investigate the relation between mobile phone data and wastewater flows in five 

catchments in Switzerland with different characteristics and sizes, using data from the largest Swiss telecom 

provider and simple multiple linear regression models. The initial results of this study are promising, although the 

degree of correlation observed between mobile phone data and wastewater production is rather low (max. R2=0.73) 20 

and varies greatly from catchment to catchment. As expected, we find non-linear effects in the data and more 

advanced modeling approaches, e.g. considering flow distances or dynamic wastewater travel times in the sewer 

network, may be needed to develop reliable predictions. In addition, we find that privacy protection issues currently 

limit the applicability in small catchments. Thus, we expect that the mobile data will benefit from domain-specific 

preprocessing for wastewater applications. The potential applications of this approach are far-reaching, including 25 

applications in urban drainage, wastewater treatment, drinking water, wastewater-based epidemiology and climate 

change adaptation. Last, but not least, wastewater flow or pollution data could even improve the data quality of 

the mobility data. 
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Highlights:  

• This study presents the first high-resolution dataset of mobile phone-based population indicators with 

hourly data and corresponding measurements of sewer flows. 

• It marks the first application in sewer hydraulics, with a comparison across several catchments of different 35 

sizes. 

• The research highlights lessons learned regarding the limitations of current mobile phone data and simple 

linear models which predict flows from mobile phone-based population indicators and discusses ways 

forward. 

• Based on our findings, we discuss broader implications of mobile phone -based population estimates for 40 

urban water management. 

 

Introduction 

Sewers are an essential component of modern urban infrastructure, designed to transport wastewater and sewage 

away from homes and businesses. However, the discharge of untreated or poorly treated wastewater into the 45 

environment can have serious consequences for human health (Brokamp et al., 2017; Li et al., 2023; McGinnis et 

al., 2022) and the environment (Pistocchi and Dorati, 2018). Sewers are a major source of environmental pollution, 

and this issue is exacerbated by several factors. 

 

One of the main challenges in quantifying the pollution loads in wastewater systems is the difficulty of accurate 50 

water quality monitoring (Lepot et al., 2016). Traditional sensors are often expensive and difficult to install, and 

grab sampling is often not adequate to capture the pollutant variability during dry and especially wet weather 

(Gruber et al., 2005, 2019). 

 

To monitor pollutant load in wastewater, it has been suggested i) to predict wastewater pollution from related data 55 

sources, such as in-line electrical conductivity and turbidity measurements (van Daal-Rombouts et al., 2013) (see 

Section 2) and ii) to use non-contact multispectral measurements (Agustsson et al., 2014; Bourgeois et al., 2001), 
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which can be measured with high temporal resolution. However, in-line measurements are often unreliable because 

of sensor failure and non-contact measurements are not yet available. 

 60 

Interestingly, another relevant data source could be mobile phone traces, which can track population size and 

mobility in certain areas in near real-time. This provides insights into the spatial and temporal patterns of urban 

activity (Atinkpahoun et al., 2018). Such data offer several advantages over traditional flow or pollutant sensors. 

They are available for an entire wastewater catchment in near real time, and a “soft sensor” developed from this 

data source would require much less maintenance, power supply, calibration efforts, etc. than traditional sensors. 65 

In recent years, mobile phone traces have been increasingly used in research projects, and the availability of this 

data has opened up new possibilities for understanding complex urban systems (Palmer et al., 2013). One of the 

areas where the potential of mobile phone data has yet to be studied in detail is the monitoring and prediction of 

wastewater generation (Thomas et al., 2017). 

 70 

It seems straightforward to use mobile phone traces to estimate the contribution of each subcatchment to the overall 

wastewater load, as an increase in population size should, on average, cause an increase in generated wastewater. 

However, using mobile phone data for this purpose poses substantial challenges. First, the coverage of the service 

providers causes unknown bias, which might even change during a day due to the mobility of the population. 

Second, the daily or hourly resolution of the mobility data may not align with the finer time granularity of 75 

wastewater generation and production, which happens on the minute scale (e.g. toilet use and household 

appliances). Third, there is an additional source of uncertainty stemming from non-stationary transport processes. 

Open channel flow in gravity sewers attenuates peak flows and other disturbances, e.g. from pumping stations 

(Ort, 2014) increase the complexity of the relationship between mobile phone data and observed flows, especially 

in large catchments. Fourth, mobile phone traces are often heavily processed due to privacy and data protection 80 

issues, which might cause systematic underestimation, especially in small or micro-catchments. Thus, the utility 

of mobile phone traces in assessing wastewater generation and predicting flows in wastewater systems remains 

uncertain. 

 

In Switzerland, the use of mobile phone data for wastewater prediction and monitoring has been explored in a very 85 

early pilot study (Troxler, 2018). The study focused on a ski race event, where the population increased 

significantly over several days, providing an opportunity to test the use of mobile phone data to predict changes in 

wastewater production. The results using data from the provider Swisscom, which has the widest coverage, showed 

a correlation coefficient of 0.95, indicating a strong relationship between population activity and wastewater 
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production (see SI Section A). However, without a detailed understanding of the pre-processing methods used in 90 

the study, it was difficult to assess the accuracy and reliability of the results. 

 

The aim of this study is therefore to predict wastewater flows from mobile phone-based population counts, as a 

first step towards predicting wastewater generation or pollution dynamics. To achieve this, we used data from the 

Swisscom Mobility Insights (SMI) platform1, which provides self-service data for municipalities and has the 95 

potential to be used for a range of urban and environmental applications. 

 

This study is novel in several ways. Firstly, it is the first time that mobile phone data has been used to model 

wastewater production across different spatio-temporal scales in Switzerland. Additionally, it is the first time that 

the SMI platform has been used for this purpose, providing near-real-time data that can be directly used in the 100 

analysis. Furthermore, the data used in this study will be openly available, including information on sewer flows 

in five (sub)catchments across different spatio-temporal scales, which can be used to provide a more 

comprehensive understanding of wastewater production dynamics. 

 

The initial results of this study are promising, with correlations observed between mobile phone data and 105 

wastewater production for small catchments. For the larger catchment, however, it is important to note that the 

population density-to-flow relationship is clearly non-linear, and that the different temporal resolutions of the data 

present challenges in understanding the underlying processes in detail and non-linear modeling approaches may 

be needed to improve flow predictions. Despite the current limitations, the potential applications of using mobile 

phone traces in urban water management are far-reaching. Based on the lessons learned in this study, we therefore 110 

provide an extended discussion on several urban water management problems from assessing industrial wastewater 

production to wastewater treatment plant (WWTP) inflow generation, real-time control of drinking water systems 

and wastewater-based epidemiology. 

 

The remainder of the paper is structured as follows: First, we describe the material and outline the methodology; 115 

second, we present the results; third, we discuss the findings; and finally, we conclude the paper with a summary 

and recommendations. 

 
1 https://mobilityinsights.scapp.swisscom.com/ 
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Material 

The catchment of AV Altenrhein and selected subcatchments 

The Altenrhein wastewater association (here: AVA) is a joint association of 17 municipalities from two cantons 120 

responsible for sewage disposal, wastewater treatment, and sludge treatment including disposal. The association 

includes eight municipalities from the canton of St. Gallen and nine municipalities from the canton of Appenzell 

Ausserrhoden. The catchment area of AVA (see Figure 1) covers 1702 hectares and is largely built-up. The 

northern St. Gallen municipalities are characterized by a predominantly flat topography, in contrast to the southern 

Appenzell municipalities with pre-alpine terrain. Drainage is carried out in a 56% combined system and 44% 125 

separate system, the latter being mainly found in the Appenzell municipalities. In 2019, 62’915 inhabitants were 

connected to the Altenrhein WWTP, with additional 20’417 population equivalents (of which 70% residential and 

30% industrial) (AVA, 2020). 

  

Figure 1: Depiction of the catchment area of AV Altenrhein. R denotes the rain gauge, while 1-7 represent specific flow 130 
monitoring sites aligned with catchments closely resembling postal code zones. 

 

Flow and rain monitoring data 

As reference data, we use high-resolution flow data in 1-minute resolution from seven monitoring sites in the 

catchment of AV Altenrhein in the period from July 15, 2019 to September 15, 2019. The sites were selected in 135 
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close collaboration with the AVA such that the catchment associated with each measurement site corresponds to 

a geographic area with a single postal code, or a group of postal codes. This was important to extract corresponding 

mobile phone data (see below). 

 

To assess the relationship between mobile phone-based population densities and observed wastewater flows, we 140 

not only included small and large sites, but also selected a period that includes a potentially large population shift: 

the start of a new school term. Around the start of school, the population increases and generates more wastewater, 

which can be used to better estimate the effect of mobile phone users on the dependent variable. Therefore, the 

monitoring period was chosen from July 15, 2019 to September 15, 2019, which comprises 27 days of holidays 

and 35 days of working days with presumably normal population activity in the catchment (school start: August 145 

11, 2019). In addition, we explicitly chose a time before the COVID-19 pandemic, which started in Switzerland 

around February 2020. The technical specifications of the flow measurements are summarized in Table 1. 

 

In our study, we accounted for factors beyond population density and industrial activities that influence wastewater 

flow in sewers. Specifically, we incorporated rainfall data to consider rainfall-runoff and rain-induced infiltration 150 

and inflow. To collect accurate and reliable rainfall data, we used a tipping bucket gauge installed at the WWTP. 

The utility staff considered this gauge to be the most reliable instrument for capturing local, high-resolution rain 

data. We ensured its precision and reliability by regularly maintaining the gauge and its tipping mechanisms. 

Furthermore, the collected data underwent periodic quality control processes to maintain data integrity. 

 155 

The observed flows (Figure 2, top) include mostly dry weather, with 13 rain events or wet periods. The cumulated 

inflow to the WWTP Altenrhein is the sum of ID 5, 6 and, to a very small degree ID 7. The other monitoring sites 

describe subcatchments which are located upstream of 5 or 6.  

  

We also observe a clear effect of the working period (to the right of the red dashed line). Before, flow frequencies 160 

are lower and peaks more dampened. After the end of holidays, we see increased flow patterns with a generally 

higher variability. While some signals show the typical shape with a flow peak in the morning and one in the 

evening, others show more random and frequent variations, which show the activity of pumping stations. Thus, 

simply through visual analysis of the flow data, we can identify a regime change. The question is whether such 

changes are also reflected in the mobility data.   165 
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Table 1: Data sources provided by AV Altenrhein for high-resolution rainfall and flow data used in this study. R 

indicates the rain gauge and the numbers correspond to flow monitoring sites where wastewater discharge is assessed 

using various Venturi installations and bubbler level sensors. 

ID Name Type of sensor 
Postal  
Code 

Static  
population [E] 

Area 
[km2] 

R Regenmesser ARA Tipping bucket rain gauge  - - 

1 Zulauf Regenbecken Eggersriet Metal flume, retrofitted 9034 2275 8.9 

2 Zulauf Pumpwerk Grub AR Concrete flume 9035 1029 4.2 

3 Messstelle Schlachthof Heiden Metal flume, retrofitted 9410 4175 7.5 

4 Messstelle Töbelibach St. Margrethen Metal flume, retrofitted 9430 5891 6.9 

5 Messstelle Ost Metal flume, fix installation  62915 108.2 

6 Messstelle West Metal flume, fix installation  62915 108.2 

7 Messstelle Altenrhein Metal flume, fix installation  62915 108.2 

 

Swisscom Mobile Phone Data 170 

Swisscom, the leading mobile service provider in Switzerland, offers anonymized and aggregated mobility data 

from smartphones through its Mobility Insights service. This data provides valuable insights for various industries, 

including tourism, advertising, retail, environment, and planning. With six million anonymized SIM cards, for a 

population of 8.575 million (2019), Swisscom claims to be a reliable source of quality movement data.  

 175 

A positioning algorithm is utilized to determine the location of SIM cards, which are aggregated into 100 x 100 

meter tiles. To ensure compliance with data protection regulations, Swisscom only reports data if 20 SIM cards or 

more are in an area. Technically, the process of automatically extracting so-called “network events” from mobile 

communication systems occurs overnight and involves replacing IMSI numbers with hashes to protect privacy2.  

 180 

Specifically, we use such population densities from 17 postal codes, which were composed of the tiles 

corresponding to the sub-catchment area upstream of the flow metering location. Technically, the data were 

processed by Swisscom using shape files of the relevant postal code areas. 

 

 
2 https://www.swisscom.ch/en/business/enterprise/offer/platforms-applications/data-driven-business/mobility-

insights-data.html 
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 185 

Figure 2: (Top) Illustration of flow monitoring data in the four subcatchments and the total catchment of the AVA. 

(Bottom) Network events/people connected in a postal code over time. A higher number of people can be detected for 

the period after the summer holidays (to the right of the red dashed line). The population count is estimated by 

automatically extracting network events from the Swisscom mobile communication systems. If there are less than 20 

SIM cards in a grid cell (100m x 100m), SMI reports 0 counts. 190 

 

Figure 2 (bottom) presents the population size in each area over time for the 17 postal codes. We see that, similar 

to the flow data, some postal codes contribute much more than others do and for some we do not get any counts. 

This is due to the privacy limit, which ensures anonymity in areas with lower population densities.  

 195 
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Methods 

Pre-processing of mobile phone and flow data 

The mobile data and flow data sets underwent several preprocessing steps. First, the flow data were resampled to 

match the temporal resolution of the mobile data. Second, the days disturbed by rainfall-runoff were identified 

through visual inspection of both the rain gauge data (R) and flow data (1-7) and subsequently removed from the 200 

dataset. Third, data collected during weekends are excluded. Next, upon visually examining the population data, 

irregularities were noticed during the midnight hours. As a result, the data recorded between 11p.m. and midnight 

were eliminated. This process yielded a total of 22 days with dry weather observations. Finally, both population 

and flow data sets were aggregated to lower temporal resolutions of three, six and twelve hours to investigate the 

impact of different temporal resolutions on the data analysis. 205 

Exploratory analysis and regression analysis 

The exploratory data analysis performed in this study involves plotting and visual analysis of the data, and 

comparing a set of performance metrics. To quantitatively describe the relation between flow and population, we 

performed a regression analysis. 

 210 

The primary objective of the regression model is to establish a predictive relationship between the dependent 

variable – flow – yt and the explanatory variable – population size – xt. We choose a simple time series regression 

framework, where we incorporate lagged values of the explanatory variable due to temporal dependencies 

originating from the travel time in the sewer. The β1 coefficient reflects the instantaneous, depending on the 

temporal aggregation, influence of the current population value. The coefficients β2 through β5 capture the effect 215 

of the respective lagged population counts. The model acknowledges the existence of unaccounted variability and 

stochastic factors by introducing the error term 𝜀. 

yt ~ β1 * xt + β2 * xt-1 + β3 * xt-2 + β4 * xt-3 + β5 * xt-4 + 𝜀 

This model formulation follows the traditional time series analysis approach, seeking to reveal underlying 

connections between variables over consecutive time periods. It facilitates an exploration of how current and past 220 

population counts (xt through xt-4) influence the progression of the flow (yt), thus enhancing a thorough 

comprehension of temporal dynamics within the examined system. 

 

The determination of the appropriate number of lagged values for inclusion in the model was guided by a 

meticulous analysis of the Autocorrelation Function (ACF) and Partial Autocorrelation Function (PACF) plots. 225 
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These analyses were conducted across various catchments and time aggregation levels to compensate for travel 

time in the pipe network. After careful examination, it was observed that a lag number of four emerges as the 

optimal choice, rendering the resultant model particularly robust. 

 

To assess the efficacy of the model in predicting the observed outcomes, the multiple linear regression model was 230 

calibrated for each (sub)catchment and temporal aggregation level on an 80% training set. The evaluation of each 

model relied on the predictive performance on a 20% test set and quantified using the performance metric 

coefficient of determination (R2). This was computed with an ordinary least-squares regression:  

 

Where SSres describes the residual sum of squares  235 

 

Where yi are the observed flow measurements and fi the predicted flows based on population density, ei are the 

residual errors. SStot describes the total sum of squares, proportional to the variance of the flow 

 

The R2 metric was calculated for all catchments and temporal aggregation levels. Note that, at this early stage of 240 

this screening analysis, we did not perform a comprehensive statistical analysis, including the holidays, weekends, 

catchment size, etc. as explanatory variables.  

 

This approach forms the basis of the data analysis performed in this study and enables the investigation of the 

relationship between different variables, such as rainfall and catchment response, over different time scales. To 245 

clean the data, e.g. to filter out disturbing factors such as rainfall, it is important to have high-resolution flow data 

with a temporal resolution of minutes. This approach allows for a more nuanced analysis of the data, as it enables 

the examination of the impact of these effects over longer time periods, while minimizing the potential for 

sampling biases that may occur at shorter temporal scales. 

 250 
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Implementation 

We used Python to analyze the flow and SMI data, mainly using common libraries such as pandas, scikit-learn, 

and matplotlib. We have made the code publicly available at the public repository of the project (see Section 

Error! Reference source not found.). 

Results 255 

We present the results for the exploratory data analysis and the numerical experiments for the total catchment of the 

WWTP (Altenrhein) and the four subcatchments (Eggersriet, Grub, Heiden, and St. Margrethen). The scatter plots in  

Figure 3 portray the relation between the population size and the flow within the total AVA catchment and the 

four investigated subcatchments, using data aggregated to one, three, six and twelve hours.  
 260 
h 
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Figure 3: Scatter plots of population vs. flow in the AVA catchment and the four investigated subcatchments for 

different temporal aggregations. 265 

 

With the exception of the subcatchments of Eggersriet and Grub, the plots exhibits an overall trend indicating a 

positive relationship between flow rates and population sizes. Note that this representation only displays the current 

(aggregated) population versus the current flow and does not include the lagged population counts. 

 270 

While positive correlations between current population sizes and wastewater flows are observable in  

Figure 3, the R2 of the test sets on the multiple linear regression models vary greatly depending on the 

(sub)catchment and temporal aggregation, see Table 2. It is initially not intuitive that there should not be high R2 

for a substantial catchment like AVA. One plausible explanation for this phenomenon could be attributed to the 

varied aggregation levels of the data. While flow is naturally "integrated" over the catchment by the travel time 275 

wastewater transport process, the SMI data is not aggregated in time and remains at a more granular or "raw" level. 

Interestingly, as the temporal aggregation increases to three hours, we see an initial improvement in the R², before 

it drops off again for higher temporal aggregations. However, it is crucial to note that this relationship is not linear, 

and caution is warranted in the execution of such adjustments, as elaborated in the subsequent discussion. 

 280 

The effect of pre-processing, particularly the implementation of a privacy cutoff in population data, where 

population size is reported only above a specific threshold, can introduce noise or even systematic bias into the 

analysis. This is especially evident in Trogen (a subcatchment not included in this study), where the limitation 

concerning the minimum population density is visibly apparent at the beginning of the new school semester (Figure 

SI 2). This approach can lead to a significant underestimation of the actual population, as it results in the exclusion 285 

of areas or regions with population sizes below the defined threshold. The severity of this underestimation depends 

on the catchment population densities and is challenging to predict a priori. 

 

Despite utilizing a straightforward methodology and limited dataset, our discoveries broadly correspond with the 

anticipated correlation between population density and discharge, even when examined on a 1-hour aggregation 290 

level. 
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Table 2: Results of OLS regression analysis. For each (sub)catchment and temporal aggregation, the performance 

metric (R²) of the test set is provided along with the five model coefficients corresponding to the population value (β1) 

and the four lagged population values (β2-β5) 295 

ID  (Sub)catchment 
temporal 

aggregation [hr]  
R² 

Model coefficients 
β1 β2 β3 β4 β5 

Total WWTP AVA 

1 0.24 0.005 0.008 0.005 0.007 -0.015 

3 0.13 0.002 0.004 0.002 -0.005 0.012 

6 0.70 -0.002 0.005 0.003 0.006 0.004 

12 0.73 0.009 0.015 -0.010 0.000 0.006 

1 Eggersriet - - - - - - - 
2 Grub - - - - - - - 

3 Heiden 

1 0.47 0.015 -0.005 0.006 -0.001 0.001 

3 0.72 0.010 0.003 -0.002 0.001 0.004 

6 0.72 0.011 0.004 0.005 -0.005 0.003 

12 0.28 0.005 0.011 0.004 0.025 -0.024 

4  St. Margrethen 

1 0.38 0.006 0.008 0.000 -0.012 0.009 

3 0.30 0.001 0.008 0.004 -0.008 0.007 

6 0.08 0.004 -0.002 0.005 0.001 0.007 

12 -1.18 0.002 0.013 0.015 -0.013 -0.005 

Discussion and Outlook 

In this study, we found relevant relations between mobile phone data and wastewater flow. However, to fully 

understand the potential of this approach for addressing real-world problems, the results of this study warrant a 

broad discussion with regard to topics such as i) data processing, ii) alternative explanatory variables and features, 

iii) chosen data analysis methods, iv) sewer applications, v) WWTP applications and industrial water use, and vi) 300 

drinking water applications. We will also discuss the implications for wastewater-based epidemiology, and 

improving population size estimates from wastewater flow data. In this section, we will briefly summarize the 

main points and present a detailed description in the supporting information. 

Characteristics and processing of the SMI mobility phone data 

The SMI mobility phone data from Swisscom played a crucial role in our study, particularly through the "Heatmap" 305 

product. Other products like "Dwell Times" or "Origin Destination" were deemed less relevant for our specific 

objectives. An interesting observation was a consistent 1-hour dip in the SMI data at the end of the day, resembling 

the nighttime decrease in wastewater production (Figure 2, bottom). Despite phones remaining active during the 

night without logging out, technical issues likely caused this dip. To enhance our analysis, we therefore opted to 

exclude night hours during data cleaning.  310 
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The temporal resolution of both data sources presents an open issue, as their simple correlation analysis does not 

capture the intricate mapping from population size and hidden wastewater generation to wastewater flows. Privacy 

protection, with a cutoff of 20 SIM cards per tile, poses a significant limitation, especially for less urbanized or 

small subcatchments. Custom processing by the telecom operator to provide specific data for urban water 315 

applications could address this, especially for small catchments. Additionally, Switzerland's mountainous 

topography may impact mobility data accuracy, with mobile devices connecting to distant antennas, leading to 

potential discrepancies in location accuracy, especially in mountainous areas. 

Considering further alternative data sources to predict wastewater flows 

In exploring alternative data sources for predicting wastewater flows, the study focused on correlating mobile 320 

phone data with wastewater dynamics. However, simple linear relationships proved insufficient, especially for 

large catchments. To enhance accuracy and understand the link between population size and wastewater dynamics, 

incorporating additional data sources is recommended. For instance, traffic data could help mitigate bias in 

population size, as those in traffic typically do not contribute to wastewater. Challenges arise with drinking water 

consumption data due to differing metering zones, and electricity consumption data include industrial production. 325 

A previous study from Norway used mobile phone data from 2016 to train models predicting population based on 

drinking water production, electricity consumption, and ammonium levels in wastewater. The ammonium model 

showed the highest accuracy (R² = 0.88). When tested with 2017 data, all models had mean absolute errors below 

10%. The ammonium model estimated Oslo's 2017 population at 645,000, 4% higher than official reports, while 

drinking water and electricity models significantly misestimated the population (Baz-Lomba et al., 2019). This 330 

suggests that future studies should explore multiple data sources, addressing challenges in comparing diverse 

datasets to refine predictive models. 

Improve the data-driven model, the statistical analysis and the approach by including prior engineering 

knowledge into the analysis 

In this feasibility study, the initial linear correlation analysis could benefit from a more advanced statistical 335 

approach, possibly incorporating factors like school holidays and catchment characteristics. Exploring non-linear 

models, such as random forest regression, could also enhance the model. Feature selection, including census and 

traffic data, offers valuable insights into the mobile phone data and wastewater production relationship. 

Determining the optimal time resolution for sub-catchments and monitoring sites will probably always be 

challenging, impacting analysis accuracy. Considering a hydrodynamic model and topography for flow time 340 
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estimation and accounting for the effects of hydraulic structures, pumping stations, and elevation on wastewater 

flow could possibly improve correlation accuracy. 

 

Outlook on the future potential of mobile device data in urban water management applications 

Operation and planning of wastewater systems 345 

Mobile data has diverse applications to improve the operation and planning of wastewater systems from water 

pollution control, to distributed estimates of generated wastewater and stormwater volumes as well as pollution 

and the control of monitoring data quality. 

Distributed flows and wastewater pollution: Mobile data aids in estimating sewage flow and water pollution, 

identifying high pollution areas, and formulating effective pollution control strategies. Mobile phone data 350 

enables the estimation of distributed wastewater pollution across various spatio-temporal scales, offering more 

accurate data than traditional sensor-based methods. This assists in pinpointing pollution sources and 

developing targeted control strategies. This is also relevant for influent data generation, where dynamic influent 

data for WWTPs could be generated, enhancing parameterization of influent generators for dynamic 

simulations and design studies. 355 

Groundwater Infiltration: Mobile data contributes to estimating groundwater infiltration and rain-induced 

inflow for more accurate wastewater production data. Establishing stable relationships across spatial scales 

aids in identifying areas where groundwater enters the sewer system, supporting strategies to reduce infiltration. 

Stormwater Pollution: Through detailed analysis of mobility patterns, especially traffic, mobile data helps 

estimate stormwater pollution, particularly from sources like tire wear. This information identifies areas with 360 

high pollution levels, enabling targeted pollution control strategies. 

Real-time Control Strategies: Mobile data facilitates the prediction and optimization of pollution-based real-time 

control in urban drainage. Analyzing mobile data allows predicting pollution levels and developing real-time 

control strategies, integrating rainfall data to determine pollution control measure cut-off levels. 

Surveying wastewater generation: Real-time monitoring of significant wastewater producers is another critical 365 

use of mobile data in WWTPs. By delineating polygons around specific sites like ski resorts or industrial areas, 

mobile data helps estimate the volume and composition of non-residential wastewater discharged into the sewer 

system. This information improves WWTP operation, triggers monitoring campaigns, identifies pollution 

sources, and informs strategies to mitigate environmental impact.  
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Population estimates: Mobile data can be used to estimate the population connected to WWTPs.  These estimates, 370 

derived from mobile phone data, aid in designing and optimizing WWTP performance. Understanding 

population density and wastewater production fluctuations allows for designing WWTPs to handle anticipated 

flow rates, enhancing treatment process efficiency. Additionally, it has billing implications for shared WWTP 

costs among municipalities. 

Drinking water applications 375 

Drinking water applications of mobile data seem very promising as well.  

Detection of drinking water leaks in distribution systems can be an important use case. Mobile data can be used 

to monitor the pressure and flow rates within the system and detect any irregularities, in comparison to a 

reference state, that may indicate a leak. By detecting leaks early, water loss and associated costs can be 

minimized. 380 

Real-time control of drinking water systems is another application of mobile data. With the help of sensors and 

mobile data, water utilities can monitor the water quality in real-time and control the treatment processes 

accordingly. For example, if there is a sudden increase in turbidity, the system can automatically adjust the 

coagulant dosing to maintain the required water quality standards. 

Drinking water demand forecasting can also be improved using mobile data, with the aim to optimize the water 385 

supply and treatment processes of a utility. By analyzing the historical data on water consumption patterns, 

utilities can forecast the demand for water in different locations and at different times of the day, and ensure 

that the water supply meets the demand. 

In addition to municipal water supply, mobile data can also be used to monitor and optimize industrial water 

use. By analyzing mobile phone data from employees or visitors to industrial sites, it is possible to estimate 390 

the water usage patterns of individual companies or facilities. Assuming that mobile phone data are available 

ahead of time than the water use occurs, This information can be used to develop strategies for reducing water 

consumption, e.g. through dashboards  and improving the overall sustainability of industrial operations. 

Wastewater-based epidemiology 

Since the onset of sanitary engineering, wastewater-based epidemiology (WBE) has proved very useful in the early 395 

detection of diseases and the tracking of the prevalence and spread of infectious diseases within a community or 

region (Sikorski and Levine, 2020; Wilson, 1928). By analyzing wastewater samples over time, researchers can 

identify trends in disease prevalence, and monitor the effectiveness of public health interventions. As it is cost-

effective and provides data in near real-time, WBE is gaining popularity, especially during the COVID-19 
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pandemic, and has been suggested as a new standard in the proposal of the revised Urban Wastewater Treatment 400 

Directive (EC, 2022).  

 

To compare WBE results accurately across time, different locations, and with additional epidemiological data, it 

is crucial to normalize WBE results to the actual population size. Today, WBE data is commonly normalized with 

de jure (residential) population numbers. This is not optimal since catchment populations are known to fluctuate 405 

(Thomas et al., 2017). The diurnal (e.g. commuters) and intra-annual (e.g. holidays) population fluctuations within 

WWTP catchment boundaries are often considered to follow a regular pattern (except for special events, e.g. 

festivals, pandemic measures). This allows the comparison of 24-h loads of respective days over time and the 

interpretation of variations as changes in consumption/excretion. The evaluation of the validity of this assumption 

is often difficult and it generally limits the use of the WBE approach to the comparison of “similar” days. The 410 

pandemic measures, such as local or regional lockdowns, or working from home, changed the population mobility 

behavior. This fundamentally challenges normalization with de jure data and emphasizes the need for novel 

approaches to normalize the de facto population, e.g. with human biomarkers (O’Brien et al., 2014) or mobile 

phone data. In addition, mobile phone data could also be accompanied by relevant socio-demographic information, 

such as proportion of males and females or the age distribution of the population. 415 

Potential of wastewater monitoring data to improve mobile phone data 

Interestingly, wastewater flow measurements can improve mobile phone data, especially in areas, where the market 

penetration of a telecom provider is incomplete. This can be through permanent adjustments in catchments with 

few clients or temporary corrections during network outages. Our case study suggests that wastewater flow data 

can improve mobile phone data by addressing biases from phone ownership, market penetration, and usage 420 

patterns. Telecom providers, by comparing estimates with foul sewage dynamics, can probably understand 

uncertainties in their data and adjust their data analytics accordingly. Wastewater flows also reveal temporal 

dynamics in population movement, especially during holidays, complementing mobile phone data limitations. In 

our view, this can also be particularly useful in small or complex catchments where privacy concerns and cut-off 

effects may compromise mobile phone data reliability (Figure SI 2), making wastewater-flow derived estimates 425 

more accurate than mobile phone data. 
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Conclusion 

With the increasing digitization of society, alternative data sources such as mobile phone data can be used to better 

assess wastewater production and dynamics than currently possible. In this case study, which includes five diverse 

catchments in Switzerland,  we investigate the relation between mobile phone data and wastewater flows using 430 

data from the largest Swiss telecom provider and simple multiple linear regression modelling. Based on our results, 

we draw the following conclusions: 

• Accurately quantifying wastewater flows and pollution loads is a central challenge to effective wastewater 

management. Current online monitoring technology is not satisfactory due to high costs and, in the case 

of pollution sensors, limited performance in raw wastewater and sewers applications. 435 

• The mobile phone data from the largest Swiss telecom provider used in this study allows for investigations 

into the effect of population mobility on wastewater generation. The data were successfully investigated 

for an entire WWTP catchment as well as for four subcatchments for different temporal aggregations. 

They were provided at the required spatial resolution and with a temporal resolution of 15min, which is 

satisfactory for many applications in urban water management. Unfortunately, we found unexpected 440 

phenomena in the data, e.g. drop of population estimates around midnight, which we could not fully 

explain. Also, unknown biases due to service provider coverage remain a challenge and privacy-related 

data processing issues inhibit the use of mobile data on small spatial and temporal scales. 

• We successfully applied a simple multivariate linear regression approach for time series which could be 

improved by incorporating past population counts to account for travel times in the sewer.  445 

• The results demonstrate the potential of using mobile phone-based population density data to predict 

wastewater flows, particularly for smaller sub-catchments, because spatio-temporal changes in population 

are averaged out stronger in larger catchments.  

• Despite promising results, it is clear that the relationship between mobile data-based population and 

wastewater flow is non-linear, which calls for corresponding modeling approaches to improve flow 450 

predictions. One possibility to enhance prediction could be to incorporating prior knowledge on the sewer 

systems, e.g. through catchment specific flow times derived from sewer system topography or even a 

rainfall-runoff model. Also, further alternative data sources (e.g. traffic data) could improve predictions. 

• Mobile phone data and the population dynamics they reflect, present significant potential not just in urban 

drainage contexts but also in other urban water management applications, including the assessment of 455 

industrial wastewater production, the optimization of drinking water networks and the population 

normalization in wastewater-based epidemiology.  
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• The research underscores the relevance of digitalization and open data for urban water management. In 

the future, further non-traditional data sources, such as mobile phone traces or traffic data, can contribute 

to predictive capabilities in urban water management applications, potentially leading to more effective 460 

and efficient wastewater generation prediction and pollution control strategies. Important aspects are data 

protection and privacy issues, which might call for domain-specific data processing and sharing. 
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