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Abstract 

On-site wastewater treatment plants (OSTs) are widely seen as a stopgap solution, mainly because of 

a lack of monitoring and the resulting unreliable treatment performance. To address this concern, low 

maintenance, but inaccurate soft sensors are emerging. However, the impact of this inaccuracy on the 

treatment performance of entire fleets of OSTs has not been quantified. We develop a stochastic model 

to estimate these performances.  

In the modelled case soft sensors with a 70% accuracy improve the treatment performance from 66% 

(percentage of time functional) to 98%. Soft sensors optimised for specificity (true negative rate) improve 

the system performance, while such optimised for sensitivity (true positive rate) quantify the treatment 

performance more accurately. Based on this new insight we suggest to build two soft sensors with the 

same data input in practical settings: one soft sensor geared towards high specificity, for maintenance 

scheduling, and one geared towards high sensitivity, for fleet performance quantification. The findings 

suggest that inaccurate sensors in combination with an appropriate alarm management have the poten-

tial to largely improve the treatment performance of a fleet of OSTs. We present a management strategy 

to reduce undetected failures drastically and thereby diminish negative impacts on environmental and 

human health. 
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1 Introduction 

Water is one of the lifelines flowing through growing cities yet dwindling water resources require a sub-

stantial increase in water efficiency. One option is by developing modular systems of on-site wastewater 

treatment plants (OST), which can have a high local reuse potential.1–3 Such a paradigm shift from 

network based wastewater management systems towards more modular systems adapted to future 

challenges is urgently needed, as called for by Larsen et al.4 Decreasing the inflexibility of highly net-

worked infrastructure and investment-intensive systems will increase planning and operating flexibility5 

and is another reason to study OST systems. Considering the approximately 700 billion USD annual 

investment needs for water and wastewater infrastructure in OECD countries,6 there is abundant poten-

tial for rethinking the current paradigm. Eggimann et al.7 estimate the European market potential of OST 

solutions around 10% to 20% of the population, as at current cost level they are predominantly cost 

effective in less densely populated areas.8–10 OSTs have a vast potential to complement centralised 

wastewater treatment plants (WWTP). However, they are still seen as a stopgap solution because of 

their unsatisfactory performance11 partly because they lack advanced performance monitoring, feed-

back control and performance quantification.12 

To guarantee environmental and human health, a fleet of OSTs needs to be able to achieve a defined 

performance level in a verifiable manner from a systems perspective. Only few measurement campaigns 

assess the performance of OSTs by analysing grab samples,13–16 even less use online sensors for close 

to continuous measurements.17–19 Thus, information to characterise performance, OST reliability and 

failure rates remain sparse, despite calls for centralised remote monitoring and control of OSTs issued 

already in 1998.20 Therefore, a decisive factor for successful implementation of OSTs is an online mon-

itoring concept.21–23 

Olsson (2013)12 states that OSTs need less accurate sensors than centralized WWTP without quantify-

ing these requirements. Hug and Maurer (2012)24 showed that a discrepancy between real and meas-

ured performance can be expected when monitoring OSTs. Schneider et al.25 suggested a soft sensor 

based on signals from unmaintained physical sensors, which solves the issue of labor-intensive mainte-

nance on the costs of measurement accuracy. Soft-sensor accuracy (all true classifications divided by 

the total) has been identified to be 0.83-0.85 based on four pH sensors, as well as 0.80 and 0.85 for two 

dissolved oxygen sensors.26 However, how the inaccuracy of this approach influences the performance 

of an entire fleet and its performance quantification is so far unknown. 

In this article, we aim to fill this gap by investigating the impact of a monitoring concept based on the 

observation of such inaccurate soft sensors on the real treatment performance of a fleet of OSTs and 

how well this real performance can be quantified despite the inaccuracy of the sensors. Therefore, we 

developed a novel stochastic model to link monitoring, intervention intensity, and OST reliability and 

tested it with synthetic data. The following questions are addressed by making use of this model: 

Q1: How do soft-sensor accuracy, reliability of OSTs, and alarm management influence treatment per-

formance and number of required interventions?  

Q2: How much can the performance of a system or fleet of OSTs be improved with online monitoring? 
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Q3: How accurately can real system performance be quantified by observation with inaccurate soft 

sensors?  

2 Methods 

2.1 Model concept 

The goal of the article is to estimate accuracy requirements on soft sensors to minimise effects on 

environmental and human health by unobserved malfunctions due to insufficient monitoring of OSTs. 

Therefore, we developed a model similar to a Petri net with aging tokens.27,28 The model quantitatively 

connects the different elements needed to operate and supervise a fleet of spatially distributed OST. 

The model output is an estimation of the effects of sensor inaccuracy on the treatment performance and 

quantification of this performance of a fleet of OSTs.  

The model consists of five modules (see Figure 1): In the failure module (I), the state of the unit is 

simulated, e.g. failure occurrence or the effect of a unit repair (e.g. fully functioning immediately after 

maintenance or not). The performance module (II) quantifies the performance based on information 

about the state of the OST from the failure module. The monitoring module (III) represents all available 

observations (by soft sensors as well as by human intervention). This information is used to quantify 

observable system performance and serves as the basis for testing different types of alarm management 

in order to improve the systems treatment performance. The alarm management module (IV) defines 

which OSTs are flagged for intervention (maintenance, service). The intervention module (V) defines 

the frequency and types of intervention to be performed.  

The presented model has two main applications. Firstly, to test monitoring strategies based on synthetic 

real performance, which provides support for system design decisions, such as balancing the costs of 

investment and maintenance for more accurate soft sensors against the costs of interventions caused 

by false alarms. Secondly, once sensors are installed in a system of OSTs, the presented model can 

help to estimate an observed performance that is as close to the real treatment performance as possible.  

The success of a strategy is measured by the relative improvement of the real performance, the number 

of interventions required (cost), and the difference between the observed and real performance.  



5 

 

 

Figure 1: Systematic representation of the treatment performance model. I. and II. represent the only 

partially observable real treatment performance, III., IV., and V. the observable parts. The arrows indi-

cate what information is transferred from one module to another. 

2.1.1 Real performance 

The real performance is described in two modules: the failure module (I) and the performance module 

(II). Together they mimic the underlying real performance of the individual OSTs, from which the real 

performance of the entire fleet of OSTs is quantified.  

The failure module (I) provides the operational state of a unit. This can range from the normal operational 

state to technical malfunctions to breakdown of the biology due to a user error. We opted for a simplified 

binary representation: The state is labelled as ‘up’ for normal operation, otherwise ‘down’ for failures. A 

failure state is the most relevant and can be categorised, for example, as reversible or irreversible. 

Reversible failures are faults from which the OST recovers without intervention (e.g. a minor toxic 

shock), while irreversible failures can only be fixed through intervention (e.g. broken aeration equip-

ment). The failure module is influenced by the intervention module and in turn influences the perfor-

mance (see Figure 1). 

Based on the OST state communicated from the failure module, the performance module (II) estimates 

the real performance of a specific unit in the fleet. Performance can be defined in different terms, but 

the real and the observed performance (derived from the monitoring module) should be compatible.  

2.1.2 Observed performance 

The observed performance characterises the operational part of an OST system and consists of three 

modules:  

The monitoring module (III) represents the available information about the real treatment performance 

and includes data transmission. The observed information might stem from soft sensors but also human 

observation, e.g. by inspectors or local operators. The module output is the observed performance of 
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the OST and builds the basis for alarm management and the observed system performance quantifica-

tion.  

The alarm management module (IV) aggregates and interprets information from the monitoring module 

on the level of individual OST’s. The output of this module is a flag on units which need an intervention.29 

The rules for flagging depend on the expected reliability of the observed performance and therefore on 

the accuracy of the soft sensor. If the soft sensor is inaccurate, for example, the observed state can be 

aggregated over time to provide enough certainty to trigger the threshold defined in this module (see 

Section 2.2 for the implementation). The alarms can be labelled, for example, with different flags for 

different levels of intervention urgency. Flags are used as a basis for the intervention module.  

The intervention module (V) defines the different types of interventions, the effort to carry out the inter-

vention, and the effect the intervention has on the state of the unit defined in the failure module. Possible 

interventions are regular servicing (decreasing the failure probability) or maintenance called for by the 

alarm management module. In the simplest case, the intervention module just issues a maintenance 

intervention whenever an OST is flagged by the alarm module. Further examples of rules, which we did 

not implement - technicians are sent out depending on the state of the surrounding OSTs by a shortest 

path algorithm, or the observed systems performance could be used as a rule for the intervention module 

(if the system is in a critical state, interventions are carried out faster). 

2.2 Model implementation 

The model is implemented in the simplest way we could think of by still addressing the questions pre-

sented in the introduction. In every time step, the model passes through all modules in Figure 1. A time 

step is defined as one sequencing batch reactor (SBR) cycle that is assumed to last one day and is the 

frequency that new information becomes available from monitoring. The model is implemented using 

Python 330 and is available under a GNU common license (Schneider31 on https://gitlab.com/Viraja/sys-

temperformance/) and is based on Hug and Maurer (2012).24 

Failure module (I): The failure module defines when the state of the OST changes. For this article, we 

have chosen a highly simplified implementation, where the OST state is characterised as a binary state. 

An ‘up’ state means that the unit is fully functioning and a ‘down’ state indicates that the unit is in a 

failure situation. ‘Fully functioning’ assumes that the unit functions per design criteria. We implemented 

a failure situation as an irreversible event having a high probability for insufficient performance and for 

resolution occurring only with an intervention (maintenance). This means that an ‘up’ state can change 

to a ‘down’ state, but not vice versa without an intervention executed by the intervention module.  

For our implementation, we used reliability theory, assuming that the failures are stochastic32 and chose 

a Weibull distributed failure rate.33 The Weibull distribution if often used in infrastructure management; 

however, other distributions could be used as well. To check if an OST which is ‘up’ fails in the current 

time step, a random number between 0 and 1 is drawn from a uniform distribution. This number is 

compared with the Weibull distributed hazard rate in eq 1. If the random number is smaller than the 

hazard rate, the OST state is changed to ‘down’. If the random number is greater than or equal to the 

hazard rate, the state stays unchanged.  

https://gitlab.com/Viraja/systemperformance/
https://gitlab.com/Viraja/systemperformance/


7 

 

ℎ𝑎𝑧𝑎𝑟𝑑 𝑟𝑎𝑡𝑒(𝑡) =
𝑓(𝑡)

1−∫ 𝑓(𝑡)𝑑𝑡
𝑡

0

 𝑜𝑟 ℎ𝑎𝑧𝑎𝑟𝑑 𝑟𝑎𝑡𝑒(𝑡, 𝑘, 𝜆) =
𝑘

𝜆
(

𝑡

𝜆
)

𝑘−1

  (1) 

Unit age is represented with t, λ is the scale factor, k the shape parameter, and f(t) is the Weibull prob-

ability density function. For our screening, we kept the shape parameter k constant at 2 (as in a previous 

study24) and varied the scale factor λ in a grid search to cover a wide range of mean unit survival times, 

as this is a parameter to which the performance is sensitive. For other failure modes – e.g. periods 

without inflow, installation or user errors – probably follow a different distribution and would need the 

implementation of additional failure probability functions.  

Performance module (II): In the current implementation an ‘up’ state of the failure module translates into 

an ‘up’ state of the performance model. Such an ‘up’ state would for example mean a complete nitrifica-

tion. Likewise, a ‘down’ state of the failure module translates into a ‘down’ performance.  

Monitoring module (III): Analog to the failure and performance module, the monitoring module also rec-

ords a binary state (‘up’ and ‘down’) based on the information from the performance module with a 

defined accuracy between 0.5 and 1.0. A soft sensor with an accuracy of 0.5 is a random soft sensor; 

one with an accuracy of 1.0 represents a perfect soft sensor. The soft-sensor accuracy might be defined 

differently for detecting an ‘up’ or ‘down’ performance. Consequently, the following sensing outcomes 

are possible: 

 True positive (TP): The soft sensor indicates ‘up’ and the real performance is ‘up’.  

 False negative (FN): The soft sensor indicates ‘down’ and the real performance is ‘up’. The 

probability for FN outcome is 1 minus the TP. The FN potentially causes false alarms. 

 True negative (TN): The soft sensor indicates ‘down’ and the real performance is ‘down’.  

 False positive (FP): The soft sensor indicates ‘up’ and the real performance is ‘down’. The 

probability for this outcome is 1 minus the TN. The FP represents undetected failures. 

The soft-sensor measurement is determined stochastically, i.e., for every time step, a random number 

between 0 and 1 is drawn from a uniform distribution. This random number is then compared with the 

sensitivity (eq 2), if the performance is ‘up’, and with the specificity (eq 3), if the performance is ‘down’. 

If the random number is smaller than the sensitivity, respectively the specificity, the prediction is true, 

otherwise false.  

 𝑠𝑒𝑛𝑠𝑖𝑡𝑖𝑣𝑖𝑡𝑦 =
𝑇𝑃

𝐹𝑁+𝑇𝑃
 (2) 

 𝑠𝑝𝑒𝑐𝑖𝑓𝑖𝑐𝑖𝑡𝑦 =
𝑇𝑁

𝑇𝑁+𝐹𝑃
  (3) 

This implementation mimics the soft sensors developed by Schneider et al.26 These soft sensors predict 

the completeness of ammonium oxidation of a biological process in an SBR based on signals of un-

maintained pH and dissolved oxygen sensors (with ‘up’ and ‘down’ defined as an effluent ammonium 

effluent concentration below and above 1 gNm-3). For the pH-based soft sensor, a specificity of 0.98 and 

a sensitivity of 0.71 were identified through experimental validation under realistic conditions. Further-

more, we assumed for this model implementation that a complete soft-sensor failure either is noticed 

immediately or doesn’t occur, based on our experience26,34 where more than ten commercial pH sensors 

were tested. 
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The alarm management module (IV) converts the information from the monitoring module into a label 

communicating an action to be taken. The simplest approach is to flag a unit as needing an intervention 

as soon as a soft sensor identifies the performance as negative. Depending on the soft-sensor accuracy, 

this might result in many false alarms. An approach to improve confidence is to wait for n consecutive 

cycles labelled negative before flagging an OST for an intervention. A more elaborate method uses 

previously identified soft-sensor accuracy to calculate the likelihood of the unit being ‘down’ based on 

the given signal. As soon as this likelihood has surpassed a threshold (we used 98% as a boundary 

close to, but lower than 100%), an intervention is periodic for the corresponding unit. To estimate the 

likelihood of the unit being ‘down’, we calculate the conditional probability based on prior information 

with a sequential probability ratio test:35  

𝑃𝑡(𝑝𝑒𝑟𝑓 = 𝑑𝑜𝑤𝑛|𝑠𝑖𝑔𝑛𝑎𝑙 = 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒) =
𝑃𝑡−1 (𝑝𝑒𝑟𝑓=𝑑𝑜𝑤𝑛)∙ 𝑇𝑁

𝑃𝑡−1(𝑝𝑒𝑟𝑓=𝑑𝑜𝑤𝑛)∙ 𝑇𝑁+(1−𝑃𝑡−1(𝑝𝑒𝑟𝑓=𝑑𝑜𝑤𝑛))∙(1−𝑇𝑃)
 (4) 

And correspondingly: 

𝑃𝑡(𝑝𝑒𝑟𝑓 = 𝑑𝑜𝑤𝑛|𝑠𝑖𝑔𝑛𝑎𝑙 = 𝑝𝑜𝑠𝑖𝑡𝑖𝑣𝑒) =
𝑃𝑡−1 (𝑝𝑒𝑟𝑓=𝑑𝑜𝑤𝑛)∙(1−𝑇𝑁)

𝑃𝑡−1(𝑝𝑒𝑟𝑓=𝑑𝑜𝑤𝑛)∙(1−𝑇𝑁)+(1−𝑃𝑡−1(𝑝𝑒𝑟𝑓=𝑑𝑜𝑤𝑛))∙𝑇𝑃
 (5) 

𝑃(𝑝𝑒𝑟𝑓𝑡𝑖𝑚𝑒 = 𝑑𝑜𝑤𝑛|𝑠𝑖𝑔𝑛𝑎𝑙𝑡𝑖𝑚𝑒 = 𝑛𝑒𝑔𝑎𝑡𝑖𝑣𝑒) reads the following way: The probability that the real perfor-

mance of an OST is ‘down’ given that the soft sensor shows a negative detection at time t based on the 

likelihood from the last time step (t-1), which is the prior. The likelihood that an OST is ‘down’, is updated 

for every time step using eq 4 and 5 and the likelihood from the previous time step. To avoid numerical 

issues and a memory effect, we limit the likelihood interval to [0.001, 0.999] with a simple stopping rule. 

Intervention module (V): The intervention is implemented in the way that every time a flag is raised in 

the alarm module an intervention is triggered. To minimise model complexity, we do not distinguish 

between different types of interventions nor consider spatial efficiencies. The assumption is that the 

intervention always repairs the OST. This means that if the unit state is ‘down’ it will be set back to ‘up’ 

(functioning) after an intervention. Via the failure module, the real performance is also set to ‘up’. Fur-

thermore, we did not implement an impact of an unnecessary (if the state was ‘up’ before the interven-

tion) intervention on the failure probability. In addition to demand-driven interventions, a periodic (time-

driven) inspection can be requested. Regular inspections act as a comparison of the real performance 

between a periodic and a demand-driven inspection and repairs a unit with ‘down’ status in the same 

manner as a demand-driven intervention. 

2.2.1 System performance 

The real system performance is calculated based on information from the performance module, and 

correspondingly, the observed system performance is based on the information from the monitoring 

module. The average real performance of the system is simply the mean of the performance of all indi-

vidual OSTs in the system. The average observed performance is estimated, by calculating the mean 

of all soft-sensor measurements in the monitoring module (III).  

2.2.2 Operational costs 

Differences in operational costs are simply represented as number of interventions. 
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3 Results and Discussion 

OSTs have a large potential to change wastewater from “waste” into a resource and enable locally 

appropriate recovery solutions.36 However, without appropriate monitoring an inferior performance in 

comparison to centralised approaches are to be expected. The results in this article obtained by sto-

chastic modelling shows that monitoring even with inaccurate sensors improves the treatment perfor-

mance significantly, but also highlights that the quantification of this performance requires accurate sen-

sors. 

3.1 Q1: How do soft-sensor accuracy, reliability of OSTs, and alarm management 

influence treatment performance and number of required interventions?  

Figure 2 shows the average fraction of time that a single OST’s performance is ’up’ (functioning) over a 

ten-year time frame. Every pixel represents an OST modelled with reliability (the mean survival time) as 

indicated on the x-axis and the soft-sensor accuracy (sensitivity and specificity are identical) as indicated 

on the y-axis. As the target is to have both high performance (Figure 2) and a low number of interven-

tions (Figure 3) these two figures need to be considered jointly. To better highlight the results, we high-

light two meaningful regions in the subplots of Figure 2: Y high performance and X low performance. 

Similarly, Figure 3 is marked by two regions: A low number of interventions (feasible) and B high number 

of interventions (infeasible). These areas are used purely to guide the reader through the results and 

discussion.  

In Figure 2a, an intervention is issued as soon as the soft sensor shows a negative signal. Not surpris-

ingly, this leads to a very high number of units in the ‘up’ state (showing the performance per design 

specification). Interestingly, even under these very intervention-intensive circumstances, the perfor-

mance is not at 100% for very low mean survival time and low sensor accuracy. Figure 3a shows the 

high number of interventions – and therefore costs – this alarm management causes. Only with very 

accurate soft sensors (>98%) and elevated OST reliability does the intervention demand decrease to a 

reasonably low level.  
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Figure 2: Fraction of time the real performance of an OST is ‘up’. Every pixel represents an OST with a 

specific sensor accuracy and a failure rate averaged over 10 years. The difference between the four 

subplots is the alarm management; an intervention is issued after the soft sensor shows negative for a) 

one day, b) four consecutive days, c) 14 consecutive days, d) conditional probability of a failure > 98%. 

The axis is from 88 to 2216 days. The subplots are schematically divided into two sections: (Y) high 

performance, (X) low performance. 
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Figure 3: The interventions needed per year for the performance shown in Figure 2. Every pixel is the 

mean number of interventions over 10 year for one individual OST. The difference between the four 

subplots is the alarm management; an intervention is issued after the soft sensor is showing negative 

for a) one cycle, b) four consecutive cycles, c) 14 consecutive cycles, d) conditional probability of a 

failure > 98%. The subplots are schematically divided by the number of interventions per year (A) fea-

sible and (B) unfeasible. 

Figure 2 show the impact of alarm management on the ‘up’ time of the unit, by simply increasing the 

number of consecutive negative signals an intervention needs in order to be triggered: a) one b) four, 

and c) 14 consecutive time steps. A small delay (four time steps) of the intervention, as in Figure 2b, 

leads to a substantial decrease of ‘up’ time for units with low reliability. But from Figure 3b, a substantial 

decrease in the number of interventions can be seen for much of the parameter domain. This trend 

continues in Figure 3c with the difference that the effect of low accuracy sensors can be clearly seen in 

Figure 2c. Soft sensors with low or intermediate accuracy have a low probability of showing a series of 

14 consecutive negative signals and therefore are prone to large intervention delays – even when the 

‘down’ performance is very clear, like in our example. The critical value for consecutive negative signals 

therefore lies somewhere between 4 and 14 days. Figure 2d shows the impact of more sophisticated 

alarm management based on the confidence in the monitoring signal. Interventions are triggered if the 

estimated likelihood (eq 4 and 5) of ‘down’ state of a unit exceeds 0.98. This approach assumes that 

the soft-sensor accuracy is known and links it with the alarm management. High ‘up’ time for units is 

achieved for all but the least reliable units and with medium or higher accuracy soft sensors.  

OSTs optimally are operated somewhere in the intersection of areas Y (Figure 2) and A (Figure 3) (Y ∩ 

A), where the treatment performance is high while the number of interventions remains low. In the fol-

lowing we refer to a), b), c), and d) and mean the management strategy behind the related subplot in 

Figure 2 and Figure 3 and discuss which factors restrict Y ∩ A.  
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Y ∩ A of a) is restricted by A. An alarm management that triggers an intervention as soon as the sensor 

indicates a negative signal will lead to many FN and therefore high costs, which a large amount of 

interventions would cause. The exception are nearly perfect sensors with more than 98% accuracy. 

Conversely, Y ∩ A for management strategy c) is only curtailed by Y, the treatment performance dis-

played in Figure 2c, suggesting that not enough interventions are triggered with this alarm management. 

In this case, the threshold used to trigger an alarm is set too high, leading to delayed inspections and 

reduced performance.  

The most successful alarm management strategies are b) and d). Interestingly, both strategies produce 

a very similar resulting Y ∩ A area, although they have different underlying causes. For b) high number 

of interventions are needed (Figure 3, area A), while the performance is high for any sensor accuracy 

between 0.5 and 1.0 (Figure 2, area Y). For d) the opposite can be observed: the number of interventions 

is low for all sensor accuracies, but for sensor accuracies below 0.6 the treatment performance drops.  

Therefore, for an individual OST, if the sensitivity and specificity are identical, a sensor accuracy of at 

least 0.7, in combination with appropriate alarm management, is required to be able to achieve treatment 

performances above 90%.  

Assuming that both b) and d) are preferable alarm strategies, we can learn that a minimal OST reliability 

is required or a replacement strategy37 needs to be set in place to avoid the high number of failures at 

the end-of-life of the unit. In b) and d), this threshold is very roughly around a one year mean survival 

time if the failure follows a Weibull distribution (eq 5). Soft sensors have no such clear threshold because 

we assume that they are replaced frequently enough to not reach the end-of-life phase.  

3.2 Q2: How much can the performance of a system or fleet of OSTs be improved 

with online monitoring?  

The goal is to quantify how much the real system performance improves due to demand-driven inter-

ventions based on online monitoring when compared to the same amount of periodic time-driven mainte-

nance interventions. This periodic maintenance schemes without online monitoring is currently the 

standard management strategy for OSTs in the real world practice.38–41 Typical intervals are in Australia 

(4 times per year39,42), Germany (2-3 times per year43–45), Japan (≥ 1 time per year40), and Switzerland 

(≥ 1 time per year38), therefore 1-4 interventions per year currently seem a feasible range of interventions 

for OSTs. To answer the question (Q2) we modelled a system with 10 000 OSTs for a period of ten 

years with reliabilities (random uniform distribution of λ between 400 and 2200). Three base scenarios 

were modelled for N numbers of interventions per year i) N=0 (without any intervention), ii) N=1, and iii) 

N=3. The output of the modelling is the mean availability (up label) of the 10 000 OSTs over a period of 

10 years. The results as mean availability are i) 0.31 of the time (31% ‘up’ time of the 10 000 OSTs out 

of 10*365 days) for N=0, ii) 0.66 for N=1, and iii) 0.83 for N=3. These results are indicated in Figure 4 

as horizontal, dashed lines.  

Figure 4 further shows the influence of different soft-sensor accuracies on the real treatment perfor-

mance as well as how accurate the real performance is observed. The modelled observed performance 

improves nearly linearly with the soft-sensor accuracy. This is the behaviour which we would expect in 

a system with a close to 100% real treatment performance, the observed performance in this special 
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case directly reflects the soft-sensor accuracy. The real performance is always above 90% even with 

inaccurate (50% as a random sensor) soft sensors. However, the high performance despite low sensor 

accuracy comes at a cost of maintenance frequency. 12 interventions cause three times as much costs 

as the maximum of 4 interventions found in the real-world. It can be read from Figure 4 that the minimal 

acceptable soft-sensor accuracy is approximately 0.7 with 3 interventions. The modelled treatment per-

formance for a 0.7 soft-sensor accuracy is 97% (with 0.12% variance, see supporting information). The 

previously developed pH-based soft sensors have an overall accuracy of 0.80 - 0.85,26 well above this 

minimum of 0.7, which is required to improve the treatment performance of a system of OSTs. This 

suggests that a wide implementation of these real-world sensors would significantly improve the treat-

ment performance. Figure 4 suggests an improved treatment performance from 66% (1 periodic inter-

vention) to 98% (with 1-2 demand-driven interventions with 0.8 soft-sensor accuracy). Therefore, when 

changing from the status quo (regular, periodic interventions), towards measurement-based, demand-

driven interventions even with inaccurate soft sensors, the system potentially shifts from a mediocre to 

a decent, real performance. 

 
Figure 4: Comparison of real and observed performance for different soft-sensor accuracies. The 

dashed lines indicate the treatment performance for one yearly periodic intervention (horizontal) and 

the accuracy of the existing real-world soft sensor (vertical). N is the number of interventions to reach 

the indicated performance. The reliability λ is between 400 and 2200. 

3.3 Q3: How accurately can real system performance be quantified by observation 

with inaccurate soft sensors? 

Figure 4 shows the average real performance for a stochastically modelled system of 10 000 OSTs, as 

well as the observed system performance derived from monitoring with inaccurate sensors, and the 

average number of interventions per unit per year. The observed performance deviates from the real 

performance depending on the sensor accuracy and is – except in the extreme case of a nearly perfect 

sensor –  substantially lower than the real performance. Table 1 shows two essential but diverging 

aspects of sensor accuracy. The modelling results imply, that an optimisation for specificity improves 
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the treatment performance of an OST, but reduces the information content on the performance. Moni-

toring with high specificity is especially relevant for the high variability such small OSTs generally en-

counter.13 Therefore, the strong deviation between real and observed performance in Figure 4 is in-

creased by the parametrisation of the soft sensor; The existing soft sensors are optimised for specific-

ity26. The benefit of this conservative approach is that it results in more reliable information for alarm 

management, which in turn improves the real treatment performance. However, this specificity-opti-

mised soft sensor contributes less information for the observed performance. 

Table 1: Influence of soft-sensor specificity and sensitivity and reliability on mean real performance, the 

mean observed performance, and mean number of interventions per unit per year for a system of 10 000 

OSTs. “as Figure 4” uses the same random uniformly distributed λ as Figure 4 (400 and 2200), ‘low’ 

(100 to 400), ‘high’ (800 to 2200).  

sensor  
accuracy 

OST reliability mean real perfor-
mance  

mean observed per-
formance  

mean number of in-
terventions 

specificity 0.98, 
sensitivity 0.7 

as Figure 4 0.99 0.69 3.5 

low 0.82 0.54 23 

high 0.99 0.71 2.5 

specificity 0.7, 
sensitivity 0.98 

As Figure 4 0.96 0.95 1.4 

low 0.64 0.71 13 

high 0.98 0.96 0.80 

 

The results of the modelling clearly suggest that the soft sensor should be used with two different sets 

of optimised parameters; one geared toward high specificity for the alarm management and one toward 

high sensitivity to quantify the system performance. Both can be done with the same calibration data as 

an input. Realising this possible double use of data to obtain different information, is an important change 

in mind-set and a strength of the soft-sensor approach.  

3.4 Alarm management 

Two alarm strategies have been identified as preferable to the other two investigated strategies. One is 

very simple, by waiting for four consecutive negative cycles; the other uses a conditional probability that 

depends on sensor accuracy. The latter is the more elaborate method. However, it has two disad-

vantages: Firstly, an error in the estimated sensor accuracy could lead to an inadequate system perfor-

mance quantification. Secondly, if the accuracy is lower than estimated, the performance is lower, but 

the number of interventions would not raise as required because of the overestimated accuracy (Figure 

2d and Figure 3d). In reality, if a low performance of an individual OST occurs due to a wrong estimation 

of sensor accuracy, the low performance would most probably not be discovered because performance 

is estimated based on this same inaccurate sensor. In contrast, for the simple approach a sensor with 

a lower accuracy would simply cause more interventions (Figure 2b and Figure 3b). A rising number of 

interventions is likely to be spotted by an operator. This shows that when choosing a preferred alarm 

management, ease of identification of an unfavourable state of the system should also be considered.  

3.5 Simplifications and assumptions 

The presented model can be extended to quantify OST systems more realistically. For further studies, 

improving the binary performance model with more differentiated failure modes (e.g. biology failure due 

to prolonged periods without influent) and effective performance distributions would give a more detailed 

quantitative estimation about the achievable performance of real OST systems.  
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Similarly, the presented alarm management implementation is highly simplified and ignores much po-

tential to analyse the monitoring data. E.g. currently, the signals from the sensors are treated as statis-

tically independent. Possible improvements include considering machine learning algorithms for anom-

aly detection in the online time series – or spatially optimising an intervention strategy that also considers 

OST locations. However, the current version of the model provides a result that indicates the minimal 

requirements that we expect for such a monitoring concept to work. 

3.6 Comparison of the system performance between centralised WWTP and OSTs 

When comparing OST and centralised systems, it is remarkable that even for centralised systems many 

unknowns about the real treatment performance remain; Firstly, losses via combined sewer overflows 

or faulty connections are only partly monitored,46 e.g. in Switzerland 2.7% of the yearly dry-weather flow 

is estimated to be discharged untreated during rain events via combined sewer overflows.46 Secondly, 

losses in sewers due to suboptimal infrastructure management are even less known. In Europe, sewer 

losses are estimated to be from 5-20 %,47 which is low compared to the large amount of 77%, for exam-

ple, estimated for Vietnam.48 Thirdly, the inflow concentrations of ammonium to OSTs can be very 

high.14,25 

We therefore argue that the focus on high treatment performance of one unit (instead of system perfor-

mance) underestimates the comparative advantage that distributed systems can have over centralised 

systems. These untreated losses indicate that centralised systems only exceed 90% elimination perfor-

mance in exceptional situations. This article shows that OST systems with adequate monitoring have 

the potential to achieve these performance levels as well. We believe that this justifies the need for more 

research into remote operation and monitoring of decentralized, modular, and unstaffed wastewater 

treatment systems.  

Lastly, we want to emphasise the importance of evaluating the environmental impact at the system 

perspective. Without professional monitoring, maintenance and repair, no technical system works 

properly.49 This applies to OST and centralised systems. Therefore, for further scale-up of OST systems, 

centralised management50 and appropriate monitoring strategies are essential. 

Abbreviations 

OST  on-site wastewater treatment plant 

SBR  sequencing batch reactor 

WWTP wastewater treatment plant 
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