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1. Motivation  

 Chemical dosing is one of the most common alternatives for sulfide control in sewer systems. 

The control of this dosage (in our case, calcium nitrate, 𝐶𝑎 (𝑁𝑂3)2 and ferrous chloride, 𝐹𝑒𝐶𝑙2) can 

lead to significant cost reductions, and to an improvement of the control performance in general. One 

problem to face for this is the prediction of sewage retention time, governed by future sewage flows 

(Chen et al., 2014) 

 A methodology for a real time future flow prediction will be developed based on 

autoregressive moving average (ARMA) models and multistep iterative prediction. The outcome 

expected is the prediction of future flow with relatively good accuracy, under different weather 

conditions (dry and wet), which can show that effectively there is a reduction in the cost of chemical 

dosage.  

 At the first stage of the development of the master thesis, a data base from a pump station 

located in Berlin Neukölln II – Sonnenallee 289 will be used. It includes flow data with a frequency of 

five minutes from January 2016 to July 2017.  

2. Background  

 Sewer systems are amongst others, the most important infrastructure elements for cities, and 

their establishment, operation and maintenance have been achieved by continuous public 

investments. The generation of 𝐻2𝑆 (Hydrogen Sulfide) is a critical problem in these systems due to 

corrosion and malodours that are produced. To mitigate this problem, the dosage of chemicals is the 

main strategy that is adopted, either to control the 𝐻2𝑆 production or the transfer of it to the sewer 

air. The most used chemicals are air or oxygen, nitrates, iron salts or magnesium hydroxide.  

 The dosing rates of chemicals are important because they do not only have a major influence 

on the effectiveness of the strategies, but also major influence in the cost. They also can affect the 

performance of the downstream wastewater treatment plant, specially the biological nutrient 

removal performance (Yuan et al., 2015).  

 Main strategies that are adopted for chemical dosing control are: 

 Constant dosing, in which the chemical is dosed at a constant rate, not considering the 

wastewater characteristics and flow.  

 Flow paced dosing, in which the amount of dosed chemical is proportional to the flow of the 

wastewater.  
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 Profiled dosing, in which the dose rate can be variable, according to a specific profile.  

 Sewer systems can be considered as dynamic entities, because they are always subject to 

dynamic conditions, regarding hydraulics and wastewater composition. The flow normally displays 

diurnal variations (for example, higher in the morning and lower, overnight), leading to a wide range 

of hydraulic retention time of wastewater. Furthermore, the composition of the wastewater is 

variable with time due to distinct reasons, like biotransformation (in sewers), rainfall, groundwater 

infiltration, discharge of industrial waters, etc. 

 Besides all the methodologies adopted for the dosing control, due to the highly dynamic 

behaviour of sewer systems, either over or underdosage can occur easily. Hence, the chemical dosing 

control has potential benefits, as mentioned in the previous section.  

 Chemical dosing normally takes place at the beginning of the pipe, and the sulfide is aimed to 

be checked at the discharge. Considering that the dosing control is independent of how the sewer 

system reacts to this dosing, feedforward loops based on the measurements of perturbations that the 

system receives need to be applied. The hydraulic retention time (HRT) is strongly correlated to 

changes in the composition of the wastewater, due to biotransformation and this is the reason why 

the HRT can be used as an input for the feedforward control. However, the wastewater is ‘pushed’ 

through the pipe by future wastewater flows (Chen et al., 2014), reason why the HRT in the 

downstream will be determined by the future, and not by the current wastewater flow rate. The 

problem here is that they cannot be measured, and they need to be predicted. To face this situation, 

typical dry weather flow profiles can be used (they can be obtained by historical data) but is important 

to consider that this can lead to biases (where the expected value of the results differs from the true 

underlying quantitative parameter being estimated), specially in wet weather situations. Hence, a 

multi-step real time flow prediction is required for an accurate HRT estimation and an optimum 

control of the chemical dosing.  

 Some research have been done to achieve future flow prediction (mainly for storm flow 

forecasting), some interesting previous research that can be mentioned are the proposal to use 

artificial neural networks for the prediction of the quantity of flow that enters to a wastewater 

treatment plant, and the use of transfer function models, such the ARMA model to achieve a one-step 

prediction of flow in sewers (Chen et al., 2014).  

 Sewage systems that receive chemical dosing have HRT of many hours, reason why the flow 

prediction must have the same timeframe. Furthermore, a one-step prediction will not be suitable for 

this. So, the final purpose is to achieve a multi-step sewage flow prediction.  

https://en.wikipedia.org/wiki/Expected_value
https://en.wikipedia.org/wiki/Parameter#Statistics_and_econometrics
https://en.wikipedia.org/wiki/Estimation_theory
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3. ARMA Model for Sewer Flow Prediction  

 The Autoregressive Moving Average (ARMA) in the statistical analysis of time series, is a model 

that can provide a description of a stochastic and stationary process, in terms of two polynomials, the 

autoregression and the moving average.  

 The Autoregression, is a model which uses the dependent relationship between an 

observation and some number of lagged (previous) observations, and the Moving Average, is a model 

that uses the dependency between an observation and the residual errors of a moving average model 

applied to lagged observations (Brownlee, 2017).  

 In other words, the Autoregression is a model of time series that uses observations from 

previous time steps as an input to predict the value at the next time step. On the other hand, the 

residual errors from a time series forecast can be used as other source of information that we can also 

model, these errors can have a temporal structure and a simple autoregression for the mentioned 

structures can be used to predict the forecast error that can be used for forecast corrections. This type 

of model is called Moving Average Model. 

General Model Formulation  

 A general equation for an ARMA model is presented in the next equation: 

𝐴(𝑧−1) 𝑦(𝑡) =  𝐶(𝑧−1) 𝑣(𝑡) 

Where: 

𝑦(𝑡) is the output variable (the sewage flow rate) 

𝑣(𝑡) is the Gaussian white noise with zero mean value 

𝑧−1 is the backshift operator, which means: 

a) (𝑧−1) 𝑦(𝑡) = 𝑦(𝑡 − 1)  

b) (𝑧−1) 𝑣(𝑡) = 𝑣(𝑡 − 1)  

 

𝐴(𝑧−1) 𝑎𝑛𝑑 𝐶(𝑧−1)  are polynomials of the backshift operator:  

 𝐴(𝑧−1) = 1 +  𝑎1𝑧−1 + ⋯ + 𝑎𝑛𝑎
𝑧−𝑛𝑎    here 𝑛𝑎 is the order of 𝐴(𝑧−1) 

 𝐶(𝑧−1) = 1 +  𝑐1𝑧−1 + ⋯ + 𝑐𝑛𝑐
𝑧−𝑛𝑐     here 𝑛𝑐  is the order of 𝐶(𝑧−1) 
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 Autoregressive (AR) and Moving Average (MA) are special cases of the ARMA Model, when 

𝐶(𝑧−1) = 1 for AR, and 𝐴(𝑧−1) = 1 for MA.  

Development 

 In order to establish a specific ARMA Model that describe a stochastic variable, 𝑦(𝑡), the next 

steps need to be followed (Chen et al., 2014): 

1) Identification of the order of differencing of the variable 𝑦(𝑡) (sewage flow rate). This will be 

made to create a new stationary variable 𝑥(𝑡) 

2) Identification of the order and parameters of the ARMA Model, describing the stationary 

variable 𝑥(𝑡) 

3) Reconstruction of 𝑦(𝑡) from 𝑥(𝑡) 

4. Methodology  

Pre-processing and preparation of the historical flow dataset  
As mentioned before, there is a flow dataset available from January 2016 to July 2017 that 

will be used for the pre-processing. The next steps will be required for the achievement of this: 

 

ARMA Model and Forecasting  

 For the development of the model and further forecasting, the initial step is to identify the 

order of differencing of the model. This is made to confirm that the process is stationary, otherwise it 

will not be applicable for the ARMA model. The equation that has a zero order differencing is shown 

as follows:  

𝑥(𝑡) = 𝑦(𝑡) − 𝜇(𝑡) 

1
•Cleaning data 

2
•Time series decomposition. Level, trend, seasonality and noise 

3
•Flow analysis: Establishment of typical flow profiles (daily, weekly, monthly, 
weekdays and weekends). Seasons separations. Dry and wet weather separation. 

4
•Calculation of the hydraulic retention time of the system based on physical 
characteristics of the pipe and flow data available
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Where 𝑦(𝑡) is the output (sewage flow rate) and 𝜇(𝑡) is the general trend of the data (typical flow 

profile of the flow in the system). 

 For the posterior determination of the differencing order, the autocorrelation function (ACF) 

and the partial autocorrelation function (PACF) need to be analysed for the flow data set. The plots of 

the ACF and the PACF are used to obtain the relationship of an observation in a time series with 

observations at previous time steps (lags). The correlation of time series observations that is 

calculated with values of the same time series at previous steps is what we call autocorrelation. 

Moreover, the partial autocorrelation is the relationship of the observation in a time series with prior 

time steps observations, but with relationships of intervening observations removed (Brownlee, 

2017).  

 For the identification of the order and parameters of the ARMA model, many strategies can 

be applied according to the literature (Chen et al., 2014), with the least-squares (LS) and prediction 

error (PE). As at the moment the identification of the order and parameters is still not made, it will be 

defined during the further development of this master thesis.  

Multi-step Future Flow Prediction  

 To make a long-term prediction, currently and historical data values have to be used as the 

first starting point for the first step in the prediction. Furthermore, these estimated values are then 

used as input for the next iterative steps.  

 The stop of the prediction will occur when the algorithm reaches a specific prediction time (1, 

3 or 6 hours ahead, in our case). 

Evaluation and Validation  

 Until now is not defined which part of the data set will be destined for calibration and 

validation of the model. There is a possibility to get new data from after July 2017 for this purpose, to 

ensure an accurate, representative and trustable model. 
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5. Outcome  

 The outcome that is expected after the finalization of this master thesis is summarized in the 

next flow chart: 

 

 

6. Schedule of Activities  

 

 

Flow Prediction 

Obtain the amount of sufide produced in the system based on exisiting 
empirical models and then make a comparison with the amount that will be 
required in case of a dosage (for both Calcium Nitrate and Ferrous Chloride).

Compare the actual values of Calcium Nitrate and Ferrous Chloride that are 
being used for the dosage in the system with the values with the amount 

that will be obtained after the multi-step prediction is made.

Provide cost estimates based on real time chemical dosing of sewer systems.
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