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Highlights
•

•
•

Three Machine Learning algorithms were implemented to predict sediment locations in
sewers.
The study was based on highly variable synthetic sewer networks with different water
saving scenarios.
In this study, Random Forest algorithm showed the highest accuracy (97%).

Introduction

In most affluent cities, centralized water and wastewater conveyance and treatment systems are widely
established. However, in many cases, such investment-intensive systems may no longer provide the best
solution (Eggimann et al., 2016). Attractive water efficient solutions to replace or complement existing
centralized systems are widely being developed and promoted (Larsen et al., 2016). Alongside their
contribution to more sustainable urban water systems, these systems can however negatively influence
existing centralised systems. Of the expected and concerning effects are the accumulation of solids in
sewers and their negative contribution to sewer blockages and formation of toxic gases (Liu et al., 2015;
Penn 2017; Murali et al., 2021). Model predictions of solids deposition locations require setting up and
simulating detailed sewer models. Many times, precise details of the networks layout and diurnal flow
patterns are not available, limiting the applicability of using models’ predictions for such hazards.
Development of a simplified model predicting sediment accumulation in sewers will spare the need to
conduct complex simulations; it may be used to analyse any existing and future systems, where
transition from its traditional centralized systems is considered; it will potentially indicate where the
most affected points in the system are expected to occur. A more detailed model can then be calibrated
only for these sensitive locations and simulated for more precise predictions of the effects.
In this study, a detailed sewer model integrating stochastic generation of domestic wastewater streams
and hydrodynamic simulations of flows was set up to investigate sewer networks characteristics that are
more prone to sediment accumulation. 117 highly variable synthetic sewer networks were generated
and simulated for various water efficient transition scenarios. Machine Learning (ML) was used to
predict shear stresses from which sediment accumulation locations were derived. Three ML models
were trained using hydrodynamic simulation results. Features used for their training included design
parameters of the network, and graph theory characteristics. Features obtained from hydraulic
simulations and detailed water usage patterns, which are usually difficult to obtain, were not used.
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Methodology

Generation of synthetic sewer networks
117 highly variable synthetic separate sewer networks were generated using DrainNetGen (Muranho et
al., 2016). These allow variability in the networks geometry, affecting solids accumulations. The
networks comprise 50 - 150 nodes, slopes in the range of 3 – 10%, and a population density of 4,000,
15,000 and 23,000 residents/km2. The wastewater discharged into the sewer was generated using a
stochastic domestic wastewater generator (Penn et al., 2017). Then, the EPA Storm Water Management
Model (SWMM) software (Rossman 2004) was used for the simulation of the sewer network hydraulics.
Detailed properties of sewer flows allowed diurnal patterns of shear stress to be calculated and
locations of sediment accumulations to be derived. Ten transition scenarios were simulated (Table 1);
scenarios 2 to 6 correspond to a uniform reduction of wastewater flows through the day of 10, 30, 50,
70, and 90%. Scenarios 7 – 11 correspond to reduction of flow peaks to mimic a reduction mostly in
these hours, resulting, for example, from greywater reuse (Penn et al., 2012). In these scenarios, a
similar reduction in daily flows (12.9, 34.3, 54.5, 73.7, 91.6%) was targeted. These general scenarios
enable the assessment of the performance of the system without considering specific transition
technologies. Scenario 1 (baseline scenario) served as the scenario for comparison.
Table 1. Scenarios simulated.
Transition
scenario
0
1
2
3
4
5
6
7
8
9
10

Flow remaining
after reduction
Q
0.9Q
0.7Q
0.5Q
0.3Q
0.1Q
0.9Q
0.7Q
0.5Q
0.3Q
0.1Q

Table 2. Features and target for ML models

Flow reduction type Feature
Pipe diameter
Pipe slope
[Baseline]
Uniform reduction Aspect ratio
Uniform reduction Flow remaining after
reduction
Uniform reduction
Flow reduction type
Uniform reduction
Uniform reduction Stream order
Peak reduction
Density
Contributing residents
Peak reduction
Node degree
Peak reduction
Centrality features
Peak reduction
Y = maximum shear
Peak reduction
stress
(Target parameter)

Units
m
m/m
[-]
Fraction of baseline
flow (Q)
1 = Uniform reduce
0 = Peak reduce
[-]
1000 residents/km2
[-]
[-]
[-]

Values range
0.188 - 0.593
0.003 - 0.1
0.133 – 7.5
0.1 - 1

Pa

0 - 100

Binary
1-75
4, 15, 23
9-62,146
1-5
0 - 4,790

Machine Learning
In this study, supervised ML regression algorithms, specifically Linear Regression (LR), Random Forest
(RF), and Neural Network (NN), were applied for developing models with different characteristics to
predict sediment accumulation locations. The objective function of the algorithms was the root mean
square error (RMSE). The correlation between the algorithms complexity and prediction accuracy was
examined. The ML algorithms were trained to learn to predict the maximum diurnal shear stress in each
sewer pipe, from which sewer pipes were identified as prone to accumulate solids or not. This
identification was based on a typical critical bed shear stress of 2 Pa, which ensures self-cleansing of the
pipes (Vongvisessomjai et al. 2010). The models sensitivity to this value was analysed. The models were
tested on unseen test data in order to evaluate their performance. The simulated data was a 196,878 x
16 matrix, which constitutes of 196,878 data examples, i.e., the pipes from all the networks and
scenarios, and 16 columns, i.e., the feature values (Table 2). The target parameter was the maximum
diurnal shear stress. In order to build the models, the data were split in two sub-sets: 80% used for
training and 20% for testing. The regression algorithms accuracy was evaluated based on R-squared (R2)
and mean absolute error (MAE). Classification metric as F1-score and accuracy were used to evaluate
the algorithms’ capability of identifying pipes prone to solids accumulation.
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Results and discussion

The relatively simple LR algorithm showed a poor performance with R2 of 0.77 and MAE of 3.2 Pa, when
validated using the test data set. R2 of 0.96 and MAE of 1.25 Pa were observed for the RF. The NN
regressor, which is the most complex algorithm, presented a very similar prediction accuracy of R2 of
0.96 and MAE of 1.25 Pa. Most of the data points, i.e., simulated and predicted shear stresses, fell within
the range of up to 10 Pa. A closer observation around this range showed that the RF algorithm provided
the best predictions and lowest scattering around the expected value, making the RF slightly more
accurate (Figure 1). The predictive accuracies, were of 92%, 97%, 95%, and F1-score of 0.84, 0.93, and 0.91
for the LR, RF, and NN algorithms, respectively.

Figure 1. Results of the ML regression algorithms for the shear stress in the range of 0 – 10 Pa (a) linear regression (b) random
forest (c) neural networks. The colours indicate the number of data points.

Conclusions and future work

In this work, highly variable synthetic sewer networks were generated and simulated for various water
saving scenarios. Three ML models to predict sediment accumulation in sewers were developed using
three algorithms: (i) Linear regression (LR), (ii) Random Forest (RF), and (iii) Neural Network (NN). The RF
and NN models performed better than the LR model. The developed approach can be implemented on
more sophisticated models of solids transport in sewers. Such models are currently under development
by co-author Penn.
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