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Abstract. Hydraulic simulation represents a powerful tool for studying wastewater networks. In order to achieve this
target, hydraulic software require a set of parameters such as pipe slopes, roughness, diameters, etc. However, these
pieces of information are rarely known for each and every pipe. Moreover, underground networks are frequently
expanded, repaired and improved and these changes are not always reported in databases. The task of completing the
required data represents the most time-consuming part of model implementation. In this context, we present
algorithms that complete missing data required by hydraulic software. We automated this data insertion and
transformation in SWMM®O format to make it quicker and easier for the user. This automated solution was compared
with manually estimated inputs. The simulation results show a coherent hydraulic behavior.
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1. Introduction

Urban stormwater and wastewater networks play an environmental role in many ways. The former,
draining rainwater, constitute a protection against floods whereas the latter are intended to route
wastewater to treatment systems, when they exist, or directly into the receiving bodies. In the framework
of flood and pollution risk management, the hydrodynamic modelling of such networks is essential.
However, getting accurate and updated information on the underground wastewater networks is a
cumbersome task, especially in cities undergoing urban expansion. Data related to wastewater networks
can be divided into two categories: spatial data representing the geo-referenced position of the objects
such as pipes or manholes, and attribute data associated to each object such as the diameter of a pipe.

The most common challenge when managing environmental systems is missing data [1-3]. For
wastewater networks, incomplete databases have various consequences such as delays in repair and
collateral damage on the networks thus reducing the quality of the services provided to the citizens and
increasing expenses.

To help managers acquire precise information about the position of the buried objects, diverse solutions
have been published. In [4], the authors propose a Bayesian mapping model to integrate information
collected using Ground Penetrating Radar, surveyed manholes and available statutory records. A
methodology has been developed in a previous project for an automatic mapping procedure in data scarce
settings [5,6] using manhole covers detection in aerial images [7].

Even if the networks’ maps obtained through these procedures are in good agreement with the actual
networks in terms of topology, they cannot be used directly by hydraulic modelling software. Indeed, no or
very little information is available on the main attributes of the network: pipe shapes and dimensions,



roughness, slopes, etc. To address the challenge of missing attributes related to wastewater networks, in
[8], the authors use Missing Value Imputation techniques to estimate missing values of pipe diameters and
the number of valves. Although the results were encouraging for some methods, this study was conducted
on a small percentage of missing values (between 2% and 12%), which is not always the case in real life
situations.

The present work aims at automatically completing the database associated to the mapped network,
using the little data available and rules based on classical guidelines for the construction of such networks.
This paper is organized as follows: Section 2 present the methodology and the materials used in this study.
The results are described and discussed in Section 3. Section 4 concludes this paper.

2. Materials and methods

We assume that the map of a wastewater network is available in the form of a polyline shapefile which may
be obtained either from the local stakeholder or from the previously developed mapping process. In this
work, we use the wastewater network of Prades-le-Lez, a small town located in Southern France, produced
in [5]. We already know that no or little data is available in the attribute table associated to the
underground network. Moreover, other information may be available from national or open access
geographical databases. In France, they correspond to commercial products developed by the French
Geographical Institute IGN: Bd-Topo® for roads and buildings and RGE-alti 1m® for elevation.

The minimum information required to run a hydraulic software are: inlet positions, depth and
associated input discharges, pipe geometries, slopes and roughness. Inlet positions are assumed to be
known from the map. In a first approximation, pipe roughness can be assumed uniform given the most
probable material used in the city. Pipe geometry can also be assumed circular with little impact on the
results leaving one parameter to be estimated: their diameters. Finally, if the absolute depth of inlet is not
mandatory, the corresponding pipes slope is a parameter of great importance, as classical hydraulic models
cannot compute gravity fed flow on counter-slopes, unless pumping stations are installed.

We thus present the methodology used to automatically assign diameter and slope values to each pipe
of the network and to assess input discharges.

2.1. Diameter estimation

Using minimal and maximal value bounds chosen by the user, the algorithm allocates the pipe diameters
according to Strahler’s order [9], thus ensuring the general increase of the diameters from upstream to
downstream. When a minimum of 20% of the attributes are available, one may use a semi-supervised
learning method to predict the missing values as described in [10].

2.2. Slope estimation
The developed algorithm first allocates to pipes nodes the ground elevation value minus the minimum
burying depth of pipes, i.e. 0.8m in France. Starting from the outfall, it associates an upstream and
downstream point, and thus a direction to each pipe, assuming gravity fed flow. However, even if ground
elevation has proven to be well related to manhole depths, the precision of this simple estimation is not
sufficient and requires modifications to ensure the conveyance of flow in the correct direction. The
algorithm proposed here can be summed up as follows:
e Separate the network into “branches” where all the points can have one upstream and one
downstream point at most;
e For each branch starting from the general outfall:
o Check the coherence of the elevations and correct if needed to ensure a general
decrease from upstream to downstream.
o If several corrections are to be carried out on a same point, choose the one with
minimum elevation.
Figure 1 describes the main steps of the slope estimation.
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Figure 1: Slope estimation steps.

2.3. Input discharges
At each node, input discharge is estimated from the following pieces of information: the average number of
inhabitants in the surrounding houses and their mean daily sewage discharge assessed from drinking water
consumption. We assume that each construction is more likely to be connected to the closest pipe in terms
of Euclidean distance. Figure 2 presents an illustration of the process based on the IGN building database
(BD-Topo®©). Each Polygon is linked to the closest node and an input discharge is estimated for each node.
SWMMO [11] is a Windows-based desktop program, used for planning, analysis, and design related to
stormwater runoff, combined and sanitary sewers, and other drainage systems. We use SWMM®O to run
the hydraulic simulation. The proposed process should result in the automatic creation of all the attributes
required by this software. This will ensure considerable gain in preparation time for the user. Tests were
carried on the wastewater network of Prades-le-Lez. The database contains approximately 800 pipes and
almost no associated characteristics, namely no elevation.



Figure 2. Linking each building to the closest network node.

3. Results and discussion

The procedure succeeded in completing the database and running hydraulic simulations without any errors.
As no validation dataset is presently available for a better hydraulic validation, the attributes’ values
automatically estimated by the above-mentioned algorithms are compared with those manually estimated
by a hydraulic engineer. For the elevation estimation the correlation is almost equal to 1 (Figure 3).
Moreover, the simulation run on the entire dataset shows coherent hydraulic behavior (Figure 4).
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Figure 3. Automatic elevations (x-axis) and manual elevations (y-axis).

Figure 5 shows an example of the hydraulic simulation using SWMM®©, where the various colors indicate
water flow in each pipe and manhole.

It should be reminded that the network used in this study is the result of the map created in [5], where
mapping errors may occur and that our propositions to compute the missing values are carried out under
the worst conditions i.e. where no attributes values are provided in advance. By running the hydraulic
simulation, we were able to detect some mapping errors during this process, precisely on the slope
estimation step.

We noticed that assigning a slope value based on the elevation and the structure of the network may
produce abnormal values such as a too big difference of altitude between two nodes of the same pipe.
Such error impacts directly the entire network, thus the simulation directly. We put forward a tracing
algorithm to identify the pipes where the errors are initiated. After comparing the reconstructed map with
the map provided by the operator, we noticed that all the pipes where the errors are identified are not part



of the ground truth network and are due to detection or mapping errors. Figure 6 shows an example of
such a situation, where the difference between the node identified by “657” and “738” is of almost 15
meters. The pipes from the reconstructed network (in blue) having the endpoints (“657”,”738”) and
(“738”,”688”) do not exist in the actual network (in red).
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Figure 4. Comparison between outputs hydrographs from automatic and manual inputs.
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Figure 5: Simulation example using the SWMMO®O software with the proposed estimation process.
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Figure 6: Identification of mapping errors.

4. Conclusions and perspectives

In this study we proposed a process to estimate the missing data needed to run hydraulic simulations
using a different approach for each required parameter. We based our algorithms on information that are
often available: the ground elevation, the average number of inhabitants per house and the mean daily
discharge. In addition to being quicker and easier to use, the results accomplished by the automated
solution indicate a coherent hydraulic behavior when comparing to manually estimated inputs.

The estimated data are not accurate and do not systematically reflect the reality on the ground.
Consequently, the simulation results are inevitably uncertain and imprecise, and they can lead to wrong
conclusion despite running without errors. In addition, estimation approaches are used when official
recorded data are unavailable, and they are not intended to substitute for good quality field data. Thus,
currently we are working on improving our process with the aim to account for the accuracy of the data
that the user may define in the input map. Indeed, when the values of several pipe characteristics are
known with certainty, they should be maintained by the algorithm and propagated to the surrounding
pipes. For example, if a pipe’s diameter is known, the algorithm should be able to modify other diameters
to ensure the general increase of pipe conveyance from upstream to downstream. Furthermore, since
information about the networks can be collected from different sources, using various techniques such as
Radars and images, a data fusion framework, which includes all the available data, could help the managers
surpass the problem of missing data and thus improve the accuracy of the simulations.
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