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Abstract

The goal of object matching is to identify objects representing
the same real entity across multiple spatial datasets. This involves
comparing and linking data from different sources using similarity
measures, with the final matching decision made by combining these
measures. Object matching is especially valuable for creating accu-
rate and complete spatial datasets for underground networks, where
data often come from various sources and may have imperfections
like imprecision or incompleteness. The Dempster-Shafer (DS) the-
ory, which uses mass functions to model data imperfections, is con-
sidered the best method for combining imperfect data. However, pre-
vious DS-based approaches produced highly conflicting results when
many potential candidates for an object existed. In this work, we
present an improved DS-based line matching approach for wastewater
networks. Our key contributions include introducing candidate rank-
ing, bidirectional measure combination, and mixed models to convert
similarity measures into masses. We validated our approach through
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experiments on both synthetic and real-world datasets. The results
demonstrate that our contributions significantly reduce conflict and
improve the accuracy and correctness of the matching decision.
Kewords: Object Matching; Dempster-Shafer theory; Similarity mea-
sure; Data integration; Data imperfections

1 Introduction

Wastewater underground systems are mandatory in our modern society.
They are used daily to collect and transport effluents to a treatment plant.
The choice of burying the networks underground is mainly to minimize acci-
dental or intentional damage to the infrastructure and to ensure the safety of
the citizens. Beyond the safety concerns, with a limited surface space, using
underground space helps cities meet the increasing demands while remaining
compact [1]. Various examples highlight the intensive use of the underground
space. For example, France counts more than 2.7 million kilometers of buried
and underwater infrastructure [2] while in the USA, the drinking water in-
frastructure system alone is composed of 3.5 million kilometers of pipes, most
of which are underground [3].

To ensure continuous services and proper functioning of treatment plants,
wastewater networks often undergo repair and expansion operations. Regard-
less of the type of network (water, gas, electricity, etc.), being buried makes
the inspection and detection of damage difficult. Indeed, the impacts of the
incidents undeniably cause budget overruns and affect our communities via
traffic congestion, service interruption, or compromising the safety of the in-
dividuals, especially the contractors working in the field [4]. On average, 12
deaths and 60 injuries are caused annually by gas pipeline incidents in the
USA [5]. In the UK, utilities’ street works have a direct impact on traffic
congestion [6]. In France, every year, 100,000 network damages occur during
intervention [7].

Given that the lifespan of the network is several decades, managers and
operators may change over time. Reparation and extension operations may
not be properly tracked and reported. Thus, data recording the position of
the network’s objects and the history of interventions may be collected from
different sources with disparate contents and formats, such as digital maps,
images, or textual documents.

Precise data about buried utilities are essential for the different actors
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working on the networks for distinct purposes. For excavators, it is to avoid
damaging underground infrastructures or interrupting traffic while execut-
ing interventions [6]. For the entity in charge of the network, it is to reduce
management costs by planning and efficiently anticipating the replacement of
the network’s elements, since urgent and unexpected operation costs are far
higher than anticipated ones [8]. For public health and environmental spe-
cialists, it is to protect water resources against pollution by using hydraulic
simulation software to detect anomalies in existing networks, or to size future
ones.

In addition to the heterogeneity of collected data, imperfections may ap-
pear, namely inconsistency (such as out-of-use pipelines which still appear
on the maps), missing attribute values for some objects, or uncertain and
sometimes contradictory values. All of these aspects generate complexity in
terms of data control and analysis, and highlight the need for merging multi-
source data to obtain more precise and complete digital maps of wastewater
networks.

In the literature, combining multiple spatial data sources is referred to as
data integration or data conflation. Data integration is defined as the process
of unifying existing data sources into a single framework, where the output
is a unified description of the sources’ schemas, allowing access to the input
databases’ instances [9]. Data conflation is defined as the process of creating
a new dataset based on multiple datasets that cover the same spatial area
[10]. Whether the goal is to create a schema to query input instances or
to create a new dataset from available sources, object matching is identified
as the most difficult and challenging step in both data integration [11] and
conflation [12].

Multiple approaches have been proposed for object matching. They all
use similarity measures to discriminate between the possible candidates to
match. Therefore, what differentiates them is how they define, use and com-
bine these measures. The most widely-used approaches range from tradi-
tional methods that rely on thresholds and weighted measures [11], prob-
abilistic approaches [10], to optimization-based techniques that frame the
problem as an optimization task and apply off the shelf algorithms to deter-
mine the best solution [13]. Although these approaches, particularly opti-
misation ones, can produce efficient matching results, they do not take into
consideration the imperfect aspect of input data, which has a direct impact
on the final matching decision.

Several theoretical frameworks for representing and processing uncer-
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tain/imprecise information exist. Probability theory has long been consid-
ered as the only way to measure and take into account uncertainty. The
new theories of uncertainty, developed in the second half of the 20th century,
including fuzzy sets, possibilities, and belief functions through the classic
Dempster-Shafer (DS) theory, make it possible to better take into account
vague, uncertain, imprecise, and paradoxical information collected from dif-
ferent sources. Indeed, while the fuzzy set theory is intended to represent
imprecision or vagueness, the Dempster-Shafer theory is considered more
powerful, due to its ability to represent both data uncertainty and impreci-
sion.

In the last three decades, significant effort has been deployed to address
the problem of fusing or combining data collected from different sources.
Data fusion techniques combine data from multiple sensors, and related infor-
mation from associated databases, to achieve improved accuracies and more
specific inferences than could be achieved by the use of a single sensor alone
[14]. Data fusion techniques have been used in several applications. First,
the focus was on the military domain, such as target tracking [15], then it
was extended to multiple fields, such as urban water modelling [16], Artificial
Intelligence (AI) [17], and many others.

The DS theory is widely used to perform data fusion by combining evi-
dence collected from different sources. It has been used in various applica-
tions such as pedestrian detection [18], data annotation [19], natural disaster
management [20] and optical coordinate metrology [21]. To generate high-
quality, large-scale data essential for AI systems, the authors in [17] applied
DS theory to integrate information from multiple sources. As for object
matching, the DS theory has been adopted as a general framework where the
mass functions model the imperfections related to the similarity measures.
Indeed, the step of mass initialization plays a key role in the process of
matching and directly influences the final decision. In this context, two main
existing models, proposed in [22] and [23], have been used to initialize the
masses in [24], [25], [26], resulting in highly conflicting output values when
the number of candidates is large. This is particularly relevant in wastewa-
ter networks, where the number of potential candidates for each object can
exceed 10. In such cases, a matching decision can not be made, and the
previous approaches should not be directly applied. The aim of our work
is to propose an enhanced DS-based process to achieve object matching of
wastewater spatial data, taking into account data imperfections.

The main contributions of our work are: i) a deep analysis of the na-
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ture of data imperfections related to the domain of wastewater networks, ii)
proposition of a generic approach for line matching in the context of spatial
data, iii) significantly reducing the conflict by introducing candidates’ rank-
ing, bidirectional measure combination and mixed models to transform the
similarity measures to masses in the combination step, and iv) experimental
validation of the effectiveness of the proposed approach.

This paper is organized as follows: Section 2 presents data imperfections
in the wastewater networks as well as related works in the field of object
matching in general, and under imperfection constraints in particular. Sec-
tion 3 presents background on DS theory and its use in object matching. Our
approach is introduced in Section 4. Experiments and results are presented
and discussed in Section 5. Section 6 concludes this work.

2 Research background

2.1 Wastewater data representation

A wastewater network is composed of different objects. It is represented by a
graph composed of nodes and edges. Nodes represent manholes, equipment,
repairs, etc., and the edges represent pipes. Each of the nodes and edges has
a set of properties in the form of attributes such as diameters of the pipes,
types of materials, and positions.

Wastewater data are usually stored, visualised, and exploited through
Geographic Information Systems (GIS) software such as QGIS and ArcGIS.
Shapefile and GeoJSON are among the most popular formats to store geospa-
tial data, particularly wastewater network data. Currently, hydraulic simu-
lation software such as SWMM can manipulate wastewater data in their GIS
format for purposes as diverse as the sizing of new networks, the simulation
of treatment plant hydraulics, flood prevention, and so on.

Although the applications are various, the digital representation of the
data remains almost identical and can be divided into two categories:

• Spatial data indicating the position and the geometry (point, line, poly-
gon) of the network objects (junctions, manholes, and pipes). Figure 1
shows an example of a wastewater network stored in a Shapefile format
and visualized in QGIS software.

• Attributes characterizing the network objects, such as pipes’ diameters
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Figure 1: Example of the spatial representation of wastewater network in
QGIS.

or materials. They are usually stored in alphanumeric attribute tables,
where each record is associated with a network object. Table 1 shows
the attribute table associated with the Shapefile of Figure 1.

OBJECTID COMMUNE DATE POSE DIMENSIONS MATERIAU ECOUL

100 JACOU 2999-12-31 200 PVC GRAVITAIRE

101 JACOU 2999-12-31 200 PVC GRAVITAIRE

102 GRABELS 2999-12-31 200 AMIANTE CIM. GRAVITAIRE

104 GRABELS 2999-12-31 300 FONTE GRAVITAIRE

106 CLAPIERS 2999-12-31 150 AMIANTE CIM. GRAVITAIRE

111 CLAPIERS 2999-12-31 160 PVC GRAVITAIRE

112 GRABELS 2999-12-31 200 AMIANTE CIM. GRAVITAIRE

Table 1: Example of the spatial representation of wastewater network.

2.2 Data imperfections

Despite the standardization of geospatial data representation, imperfections
still appear among wastewater datasets. There is no rigid definition of data
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imperfections. Depending on the domain of study or the application, imper-
fection could represent different forms of issues related to the data: vague-
ness, uncertainty, ambiguity, confusion, etc. In the literature, various clas-
sifications of imperfect data have been proposed [?], [27]. For wastewater
networks, three types of imperfections are considered:

• Incompleteness: indicates missing information.

• Imprecision: the doubt about multiple possible values.

• Uncertainty: related to the veracity of an assertion, the information
can be precise and complete, but false.

One of the most important and frequent cases of data imperfection in
wastewater network data concerns incompleteness, more precisely, missing
nodes in a branch of the network, which can result from several scenarios. In
some junctions (the part that connects two pipes is called a junction), equip-
ment is installed for different purposes. For instance, a manhole is built to
inspect the pipes. The junctions with no equipment (manhole, valve, etc.) or
ramification of the network are often partially recorded by data providers. As
a first scenario, data could have been lost or not recorded when the network
was first installed. As a second scenario, some users are more interested in the
global structure of the network rather than the details about the networks’
components. Finally, in an attempt to complete the data, signal-based in-
spection methods, which are the most popular techniques to collect missing
data of buried assets, can be used. When no equipment is installed on a
junction, it is difficult for these techniques to identify the transition between
two pipes. Consequently, nodes representing the junctions can be missing
from the wastewater network’s graph, as illustrated in Figure 2.

The issue of missing junctions is not specific to wastewater networks and
can be noticed in multiple networks, such as gas [28]. In addition, the junc-
tions of some geographical objects, such as rivers [29] or roads [30], may not
be explicitly represented in spatial databases. To cope with missing nodes
and make networks more structurally comparable when conducting spatial
data matching, researchers often rely on the concept of strokes, as in [31].

Indeed, underground networks are all characterized by their specific topol-
ogy since the main branches are connected to each other and ramified into
several sub-branches. These hierarchical relationships are important to han-
dle the issue of missing nodes. A stroke is defined as a “good continuity”
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Figure 2: Example of missing junction nodes.

between edges that do not exceed a degree of deviation [28], [32]. Different
criteria can be added to the angle of deviation to define the “good continu-
ity”, such as the best deviation angle when multiple choices are available [33]
or using semantic and toponymic information [32]. Therefore, when nodes
are available in one dataset and absent in the others, using the stroke concept
will capture the overall structure of the networks and help achieve matching
regardless of missing nodes. Figure 3 shows an example of strokes created
from a graph.

2.3 Object matching

Several works on object matching have been performed in numerous domains
such as buildings [34], [35], road networks [11], [30], hydrographic networks
[31], underground networks [28], and many others. Since matching opera-
tions are motivated by different goals, the proposed methods are diverse and
cannot be listed exhaustively. To navigate through the available ones in the
literature, we can differentiate between unidirectional matching, from one
dataset (generally called reference) to another dataset (called target) [36],
and bidirectional matching, where the datasets are used simultaneously as
reference and target [35]. We can also categorize the available solutions ac-
cording to: i) the supported objects’ representation: nodes (e.g. [34]), lines
(e.g. [28]) or polygons (e.g. [36]), some propositions support all three rep-
resentations as in [10]; ii) the supported representation scale: some studies
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(a) Before stroke generation. (b) After stroke generation.

Figure 3: Example of strokes created from a graph.

address datasets with identical spatial scales [30] and others with different
scales [9], [35], [36]; iii) the supported cardinalities: in general we distinguish
between the methods that accept only (1:1) and (1,0) cardinalities, i.e. one
object can match at most with one object in the other dataset, and the meth-
ods where the (1:N),(M:N) and (M:1) cardinalities are also supported such
as in [35] and [36]; iv) the number of datasets that can be matched: methods
can support either 2 (e.g. [36]) or N> 2 (e.g. [37]) datasets.

Object matching is conducted following different approaches and methods
which, generally, share two main components: i) identifying similarity mea-
sures between the network objects, and ii) defining a matching process/steps
that uses these measures to match the objects.

2.3.1 Distances vs. similarity measures

To assess whether two or more spatial objects from distinct databases repre-
sent the same real entity, comparison criteria, referred to as similarity mea-
sures, are required and form an essential part of any matching approach.
Similarity measures and distances are complementary concepts. A distance
is what is measured directly between two objects, such as the Euclidean
distance. Generally, a distance is not directly used by matching methods,
instead, it is converted to a similarity measure by normalizing its value [37].
The main objective of this transformation is to have a common scale for
the different distances and to simplify computation. Hence, two objects are
more likely to correspond when the similarity between them is high. In the
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literature, similarity measures in object matching concern the three essential
characteristics of the network and the objects to be matched: the geometric,
topological, and attribute aspects.

• Geometric similarity measures are based on geometric criteria,
such as the position, the form, or the angle:

– The Euclidean distance is the most popular position criterion for
node matching [34].

– The Hausdorff and the Fréchet distances both allow to measure
the distance between multi-point geometries. They are the main
geometric distances for line matching [11], [30], [38]. Given two
point sets A and B, the Hausdorff distance is computed as the
maximum distance selected from the minimum distances between
each point a of A to point b of B. Unlike the Hausdorff distance,
the Fréchet distance considers the ordering of the points along the
shapes, which makes it suitable for comparing curves, but harder
to compute [39]. A small outlying point from one point set leads
to an important increase in the Hausdorff distance. To minimize
the impact of outlying geometry, an extension of the Hausdorff
distance based on the median Hausdorff distance was proposed in
[40].

– To compare the form of the geometry, the length is used for lines
as in [11], and the area for polygons as in [37].

– The angle is usually used to measure the orientation of lines, as
in [25]. It is computed by the differences in angles or directions of
two or more objects compared to a fixed axis [10], [37].

In addition to these popular geometric distances, others can be devel-
oped and used, such as the perimeter of a triangulation as proposed in
[36].

• Topological measures capture the relationships between an object
and its neighbours. The node degree measure, i.e., the number of edges
connected to a node, is one of the common topological measures. The
node degree is used to check whether two or more geometries have
the same neighbourhood structure. It is often used for road matching
[11], [12], [41]. Several other topology-based measures were proposed.
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For example, in [37], assuming that the geographical context of the
objects to match is invariant, a proximity graph is drawn for each
object, and a comparison between these graphs is established to achieve
building matching. In [28], a spatial scene composed of the neighbours
of the objects is used as a topological measure to match underground
networks.

• Attribute metrics compare the attribute values of the objects to be
matched, such as addresses or names. The Levenshtein distance is one
of the common distances in this category [31], [37]. It is defined as the
minimum number of insertions, deletions, and substitutions needed to
transform one character string to another. In addition to the value
of the attributes, their semantics is often used when it is necessary.
For example, in [25], a conceptual similarity between object types is
analysed to minimize aberrant matching, such as matching a valley
with a summit. In [42], a semantic-similarity step, based on word
embedding, is used to achieve instance matching and is applied on real-
world benchmark datasets from the Ontology Alignment Evaluation
Initiative (OAEI) for restaurants, health, and drugs.

2.3.2 Object matching process

Historically, the US Census Bureau was one of the first organizations to ini-
tiate matching objects in order to achieve map conflation of separate digital
maps of metropolitan areas [41]. Since then, several studies have been pub-
lished, and significant progress has been made.

The same real-world spatial data can be stored and represented in mul-
tiple datasets. Updating and propagating changes manually, between multi-
representation datasets, often leads to inconsistency and is time and money-
consuming. To address this issue, researchers in [35] proposed an object
matching process that identifies identical features to automatically propagate
changes. Their method was applied to building maps from China, where each
building is represented by a polygon. Distance, area, direction, and length
were used to assess the similarity between the polygons.

To analyse and to understand the relation between the topography of the
French territory and the evolution of its population distribution, authors in
[31] compared old and new hydrographic maps. Given significant discrep-
ancies between networks, varying levels of detail, and the inaccuracy of old

11



data, a line matching process was developed to identify homologous parts.
To make the networks more structurally comparable, lines were transformed
into strokes. Frechet distance, toponymic distance, and orientation were
considered as criteria to judge whether two strokes are similar.

A similar approach was developed in [28] to identify the pipes of a gas
network. The objective was to capture the overall structure of the network
and ease data sharing between multiple providers.

When it comes to matching entities represented by points, authors in
[34] indicate that the location of objects is the only property that is always
available. Using only the Euclidean distance between the objects as a simi-
larity measure, the method is applied to find corresponding hotels and tourist
attractions, represented by points, from different maps.

Matching methods are usually influenced by the dataset at hand and the
purpose of the matching, hence the diversity of the propositions. However,
most of the propositions have three main steps in common: candidates’ se-
lection, similarity measures’ combination, and decision.

• Candidates’ selection: consists in selecting the closest objects, since
corresponding ones are usually spatially close, and therefore, reducing
the number of potential candidates for the matching. This is achieved
by using a buffer (threshold on Euclidean distance), and/or a set of
filters (thresholds applied to any other measures) usually defined by an
expert. For each object in the reference dataset, the candidates are then
defined as the set of objects from the target dataset that fall within the
buffer/filters. Buffer selection is widely used in object matching [11],
[30], [31], [36], [37]. As for filters, the candidates are generally those
having a measure value lower than a fixed threshold [30], [34], [35], [37].

• Similarity measures’ combination: for each candidate of a refer-
ence object, the set of used measures must be combined to allow the
matching decision. The most popular combination scheme is a weighted
average [10], [35], [37], [43]. The weights associated to each measure
indicate the capacity of the measure to discriminate between the can-
didates. These weights are usually defined by domain experts, but can
also be learned from samples of data, as in [35], where the weights
are learned using an Artificial Neural Network (ANN). Another com-
mon combination scheme consists in decreasing the filters’ thresholds
iteratively until only one candidate at most remains [43]. Other more
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advanced methods to compute the combination can be found in the
literature, such as defining an average value based on a compatibility
value in [12], or defining a score named the global priority value in [31].

• Decision: the result of the matching relies directly on the decision
method, as two decision methods can provide two different outcomes,
despite using the same similarity measures. At this step of the match-
ing process, for each object that has one or more possible candidates
left, the goal is to use computed scores in the previous steps to decide
which candidate(s) is likely to be the corresponding object(s). This
includes cases where the object has no corresponding entity(ies). The
most direct method to decide consists in choosing the ‘maximal’ or
the ‘minimal’ value from the combination step [31], [43]. Optimization
methods are popular in this field. In [37], the authors reformulated the
problem in graph theoretical terms, precisely the well-known problem
of finding the maximal cliques of a graph. The nodes of the graph rep-
resent the objects to match, an edge between two nodes represents a
possible corresponding object, and the values of the edges correspond
to a weighted similarity between the objects. To find the maximal
clicks, the authors used shelf methods from graph theory. In [30], after
defining a set of similarity measures, the matching is transformed to
an optimization problem, where the goal is to maximise an objective
function based on a set of defined constraints.

2.4 Object matching under imperfection constraints

Object matching is challenging not only because of the differences in terms of
resolution, schemas, temporalities, and representations between the sources
to be matched, but especially because of data imperfections such as incom-
pleteness, distortion, and imprecision. Managing imperfections comes down
to answering two questions: i) How to model the imperfections? ii) How to
reflect these imperfections on the matching results?

To perform object matching, objects from different datasets are compared
using different criteria such as the position or the form. The matching is
decided by combining them. Depending on the imperfection of the data
at hand, the contribution of each criterion may vary. For example, when
the datasets suffer from important distortion, the contribution of a distance-
based criterion is less important than the one based on the topology.
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As described in the previous paragraph, although available optimization
approaches can produce efficient matching results in many cases, they were
not designed to handle data imperfections. However, several theoretical
frameworks for representing and processing uncertain/imprecise information
and making decisions in a context of uncertainty exist. Probability theory
constitutes the classic and historical framework for representing and pro-
cessing uncertain information. It has long been considered as the only way
to measure and take into account uncertainty. The new theories of uncer-
tainty, developed in the second half of the 20th century, including fuzzy sets,
possibilities, and belief functions through the classic Dempster-Shafer the-
ory, make it possible to better take into account vague, uncertain, imprecise,
and paradoxical information collected from different sources. Indeed, while
the fuzzy set theory is intended to represent imprecision or vagueness, the
Dempster-Shafer theory is considered more powerful, due to its ability to
represent both data uncertainty and imprecision.

In the framework of the DS theory, degrees of confidence (or masses of
belief) are associated with the validity of information based on the lower and
upper limits of a family of probability distributions. These masses no longer
apply to singletons only, but also to subsets. In addition, several ready-to-use
operators are available to conduct the combination of multisource data.

All these arguments make the DS theory very suitable for application in
object matching under imperfection constraints. In the following paragraph,
we present the basic concepts of this theory as well as some examples of its
application in the field of object matching.

3 Dempster-Shafer’s theory

3.1 Main conecpts

Combining information within the framework of DS theory requires the defi-
nition of a common fusion space or a frame of discernment Ω = {H1,H2 . . .HN},
that denotes the set of discrete, mutually exclusive and exhaustive possible
N hypotheses or events. The likelihood associated to a subset of Ω is defined
by the mass function m(.):

m : 2Ω 7→ [0, 1] with
∑
A⊆Ω

m(A) = 1 (1)
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m(A) represents the degree of belief attributed to the proposition A which
could not, given the available knowledge, be assigned to a subset more specific
than A. A is called focal element when m(A) > 0. In addition, since A is
a subset of Ω, m(A) represents the imprecision when the cardinality of A is
greater than one. The mass value of a subset A = {H1,H2,H3} is not equally
distributed between the singletons H1,H2 and H3, contrary to the probability
theory. Hence, the value associated to m(Ω) represents the ignorance and
not an equiprobability.

The reasoning mechanisms are grouped into two levels: credal and pig-
nistic. At the credal level, two functions are defined to measure the total
belief delivered by a source of evidence:

• The belief function Bel(.) defines the minimum likelihood associated to
A as:

Bel(∅) = 0, Bel(Ω) = 1 and Bel(A) =
∑
B⊆A

m(B) (2)

It represents the mass of all the information provided by a source that
supports A.

• The plausibility function Pl(.) defines the maximum likelihood associ-
ated to a subset A of Ω as:

Pl(A) =
∑

A∩B ̸=∅

m(B) (3)

It represents the mass of all the information that does not contradict A,
or the mass that could be transferred to A if the information available
was less uncertain.

At the pignistic level, the pignistic probability related to a hypothesis Hi is
defined in [44] as follows:

BetP(Hi) =
∑

A⊆Ω,Hi∈A

m(A)

|A|
(4)

where |A| is the cardinal of A. It represents a measure of subjective proba-
bility that respects the property:

∀A ⊆ Ω,Bel(A) ≤ BetP(A) ≤ Pl(A) (5)
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Once the information collected from different sources is represented by
mass functions, DS theory offers several operators to combine them. Here
we describe three popular operators:

• Conjunctive rule of combination: let m1(.) and m2(.) be two mass
functions representing information about two independent and reliable
sources. The conjunctive operator is defined by:

(m1 ∩m2)(A) =
∑

B∩C=A

m1(B)×m2(C), A ⊆ Ω (6)

The conjunctive rule of combination is generally used when the sources
are independent and reliable.

• Normalized conjunctive rule of combination:

m1 ⊕m2 =

{
1

1−K

∑
B∩C=A m1(B)×m2(C) if A ̸= ∅

0 if A = ∅
(7)

Where K is the mass associated to the conflict between the two masses
m1 and m2, defined by:

K = m(∅) =
∑

B∩C=∅

m1(B)m2(C) (8)

The normalized rule is generally used to distribute the conflict on the
hypotheses according to their masses.

• Disjunctive rule of combination: despite not generating conflict, this
rule is less precise than the conjunctive one, since the resulting com-
bination sets are larger than the initial sources. This rule is defined
by:

m1 ∪m2(A) =
∑

B∪C=A

m1(B)×m2(C), A ⊆ Ω (9)

The disjunctive rule is used when the sources are unreliable. It enlarges
the focal elements and therefore loses specificity, which can render the
final decision difficult.

To transfer information from one frame of discernment to another, one
can use the refinement operation R, which associates to each hypothesis
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of a frame of discernment Ω1 = {A1
1, A

1
2 . . . A

1
k} a subset R(Hi) of another

frame of discernment Ω2 = {A2
1, A

2
2 . . . A

2
p} such as {R(A1

1), . . . R(A1
k)} form

a partition of Ω2, with:

∀A ⊆ Ω1 m2(R(A)) = m1(A) (10)

In the context of DS theory, when information about the reliability of
a source is available, a discounting operation can be applied to the mass
function to integrate this information. For a degree of reliability r ∈ [0, 1] a
discounting rate of value α = 1− r, modify m(.) as follows:

mα(A) = (1− α)m(A) (11a)

mα(Ω) = (1− α)m(Ω) + α (11b)

Finally, the DS theory offers several rules of decision, such as selecting
the hypothesis with the highest belief, plausibility, or pignistic probability
value.

3.2 Dempster-Shafer theory in object matching

In the context of object matching, the DS theory has been previously ap-
plied in [24], [25], [26]. The mass functions are used as a tool to model
the imperfections related to the similarity measures, such as the imprecision
of objects’ positions. In order to identify corresponding objects, a multi-
criteria data matching approach guided by a formal representation and fu-
sion of sources using the DS theory is proposed in [25]. After extracting
candidates for each reference object from the comparison dataset; assuming
that Hi is the hypothesis i that the reference object corresponds to a candi-
date n ∈ {1, 2 . . . N} where N is the number of objects in the comparison
dataset, and that Ω = {H1,H2 . . .HN} is the set of all possible hypotheses,
a set of distances are computed and transformed into mass functions using
the following model:

m =


m({Hi}) = v1

m(¬{Hi}) = v2

m(Ω) = v3

(12)

where v1, v2 and v3 are initialized based on subjective knowledge about the
considered distances. For example, the closer two features are in terms of
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Hausdorff distance, the more important the mass v1 should be, with v1+v2+
v3 = 1. Inspired by the work of A. Appriou in [45], a two-level fusion step is
carried out to decide which couples to match:

• For each potential couple, the initialised mass functions based on the
similarity distances are combined using the normalised combination
rule where Ωi = {Hi,¬Hi} is the local frame of discernment related
to the hypothesis i. This combination results in affecting new mass
values to Hi and ¬Hi based on the information given by all of the
elementary similarity measures between the reference object and its
candidate objects.

• For each reference object and based on the refinement operation, the
mass functions of all the potential couples resulting from the first
step are combined based on the global frame of discernment Ω =
{H1,H2 . . .HN}. This second combination allows to affect new mass
values to all of the possible hypotheses. Then, a decision is made
based on the highest pignistic probability

To accurately estimate the position of a moving vehicle on a road, the
authors in [26] combine three different mass functions. Two of them are
defined directly based on formulas derived from hypotheses about the domain
knowledge. The third mass function is intended to combine GPS, sensor, and
digital map data and is computed based on a similarity criterion. Assuming
that Hi is the hypothesis of being on a road i, that Ω = {H1,H2 . . .HN} is
the set of the hypotheses related to all N possible roads and that {¬Hi} is
the complement of {Hi} in Ω, a likelihood value Li of the vehicle being on
road i ∈ {1, 2 . . . N} is determined based on the intersection between the
current vehicle position and the road i. The likelihood is transformed into
mass functions using the following model:

mi =


mi({Hi}) = 0

mi(¬{Hi}) = ri(1− Li)

mi(Ω) = 1− ri(1− Li)

(13)

where ri is a discounting coefficient associated to a road i. A three-level
fusion step is then carried out to decide which road to match:

• The mass values related to each road i are initialized with Ωi = {Hi,¬Hi}
as a local frame of discernment and then, transferred to the global frame
of discernment Ω.
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• The mass functions of the candidates of Ω are combined using the
normalized combination rule. This results in affecting masses values to
all the hypotheses of Ω, which defines the 3rd mass function.

• The three mass functions are combined, using also the normalized con-
junctive rule. The decision is taken based on the highest pignistic
probability.

Similarly to the previous work, the authors in [24] combined multiple
criteria using DS theory to match spatial objects (Points of Interest). In this
study, four similarity measures were considered: spatial similarity based on
the Euclidean distance, name similarity based on the Levenshtein distance,
address similarity, and the category of the point of interest. Contrary to the
previous proposition, where the mass functions initialization was related to
the local frame of discernment Ωi = {Hi,¬Hi} sets the value of Hi to 0, in
this study the model applied to transform the likelihood into mass values is
the following:

mi =


mi({Hi}) = ri(Li)

mi(¬{Hi}) = ri(1− Li)

mi(Ω) = 1− ri

(14)

where Li is the likelihood (based on one of the four similarity measures)
related to the hypothesis Hi that the candidate n ∈ {1, 2 . . . N} corresponds
to the reference object and N is the number of objects in the comparison
dataset.

Although each of these studies has its own specificity, the overall steps
of applying a DS-based process in object matching are quite similar. We
summarize them in Figure 4. First, global/local frames of discernment are
defined to identify the global/local fusion spaces according to the context
of the domain application. After setting the distances between the reference
object and the candidates, the goal of the transformation step is to transform
these distances into similarity measures or likelihood values that are used to
initialize the mass functions.

The local combination step allows to combine the mass functions locally
for each couple formed by a reference object and each one of its potential
candidates, based on the information given by all the considered similarity
measures. The resulting mass values, combined within the global frame of
discernment that contains all possible matching assumptions, make it possi-
ble to combine the information of all potentially corresponding objects. We
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Figure 4: Main steps for applying a DS-based process in object matching
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called this step global combination. Finally, a matching decision is made
based on various decision tools such as the plausibility or the pignistic prob-
ability.

4 Materials and methods

4.1 General approach

Our process of matching lines representing wastewater networks is illustrated
in Figure 5. As a first step, we propose to use strokes as a matching unit
to overcome the constraint of missing nodes (section. 2.2). Later on, we use
pipes as a matching unit for the remaining lines that do not belong to any
matched stroke. The stroke detection algorithm is presented in section. 4.3.

In the second step, the purpose is to select the potential candidates for
each reference object by considering two units: strokes and pipes. First, the
stroke candidates are selected for each line in the reference dataset. The
pipe candidates’ selection only applies to lines of strokes that could not find
a match during step 3. The stroke/line selection is based on a set of distances
that we introduce in the section. 4.2.

In the third step, we propose an enhanced DS-based process to combine
the similarity measures for stroke/line matching.

As for the partial matching, and since wastewater networks are often
expanded and repaired, the remaining unmatched lines include not only the
pipes that don’t have a corresponding candidate, but also misrepresented and
newly laid pipes. We propose to handle situations like the one illustrated in
Figure 2, where a line can partially match with another line, by adding a set
of uniform fictitious nodes to achieve a partial matching. However, since we
cannot identify the origin of the differences in lengths, which could be due
to missing nodes, replaced pipes, or errors of representation, we also increase
the uncertainty of the matching when these fictitious nodes are added.

4.2 Applied Distances

In order to assess the similarity between objects of different datasets, we
adopt four geographical and topological distances that are relevant to the
context of the wastewater application. From each distance, a similarity mea-
sure is derived. We use:
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Figure 5: The proposed process for matching wastewater network pipes
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• The Hausdorff distance [46]. It is a straightforward distance between
two subsets of a metric space (the lines in our case), which is widely
applied to linear object matching. We did not use the Fréchet distance
since it is more suited for curves than lines. In addition, an outlying
part of a line may be due to an extension or a replacement of the
pipe. To avoid ignoring the outlying parts, we did not use the extended
Hausdorff distance. Like for the Euclidean distance, the assumption is
that two lines are a potential match if the Hausdorff distance between
them is small. For two lines L1 and L2, the Hausdorff distance is defined
as:

dHausdorff(L1, L2) = max{ min
a∈L1,b∈L2

dEuclidean(a, b), min
a∈L1,b∈L2

dEuclidean(b, a)}
(15)

• The Length-based distance. It is computed as the ratio of the dif-
ferences in lengths, since the corresponding pipes must have similar
lengths:

dlength(L1, L2) =
|length(L1)− length(L2)|

max(length(L1), length(L2))
(16)

• The Orientation-based distance. The corresponding pipes should also
have similar orientations, and a strong deviation between lines may
indicate that they are unlikely to correspond. The orientation of a line
La,b, where a and b are the end nodes of L, is defined as the angle
between La,b and the x axis.

• The Node Degree-based distance. Node degree is a topological distance,
defined for a node N as the number of lines connected to N . We
use this distance to check whether the nodes to match have the same
neighbourhood structure. The degree distance in terms of the node
degree between two nodes n1 and n2 is computed as follows:

ddegree(n1, n2) = 1− |degree(n1)− degree(n2)|
max(degree(n1), degree(n2))

(17)

For lines, the degree-based distance between the closest end nodes of
the two lines La,b and Lc,d, is first computed separately. The mean of
the degree-based distance of the two couples is retained as the node
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degree-based distance between the two lines:

ddegree(La,b, Lc,d) =
ddegree(a, c) + ddegree(b, d)

2
,where dEuclidean(a, c) <= dEuclidean(a, d)

(18)

The Hausdorff, the length, and the orientation are transformed into sim-
ilarity measures following the process described in the next section (4.4.1).
The node degree is used as it is defined below as a similarity measure.

4.3 Stroke detection algorithm

In the stroke detection algorithm (see algorithm 1), we consider two con-
nected pipes as part of the same stroke when their angles differ by less than
a certain threshold, which represents the level of imperfections that we tol-
erate. According to a domain expert, the value of 20 degrees seems to be
a good compromise. Indeed, a lower value will result in very few identified
strokes (a very small set of pipes is considered as part of a stroke), whereas
too high a value will lead to complex shapes unlikely to be matched. We
repeat this operation until all the lines are processed. The line neighbours
are the lines that have a common node.

4.4 The enhanced DS-based process

Our object matching is performed according to a DS-based process, allowing
us to combine the distances in order to decide whether two or more objects
match. Considering two independent sources including N and M objects
respectively, we define the frames of discernment for the local measures’
combination as Ωl = {Hi,j,¬Hi,j}, where Hi,j is the hypothesis that the object
i ∈ {1 . . . N} from source 1 matches with the object j ∈ {1 . . .M} from
source 2. Ω = {H1,1 . . .HN,M} is the global frame of discernment of the
candidates’ combination step. We propose to enhance the DS based process
of Figure 4 according to three main contributions: introducing i) candidates’
ranking and ii) a mixed model in the transformation step as well as, iii)
adding an intermediate combination step after the mass initialisation that
we call bidirectional measure combination (Figure 6)
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Figure 6: Proposed steps of the enhanced DS process for object matching

25



Algorithm 1 Stroke detection

1: Initialise strokeDict = {}
2: i← 0
3: for each line ∈ Source do
4: if line ̸∈ strokeDict then
5: strokeDict[line]← i
6: i← i + 1
7: end if
8: for each neighbor ∈ line.neighbours do
9: if neighbor ̸∈ strokeDict then

10: θ ← angle(line, neighbor)
11: if |θ| ≤ 20 then
12: strokeDict[neighbor]← strokeDict[line]
13: end if
14: end if
15: end for
16: end for

4.4.1 Candidates’ ranking

The first phase of the transformation step consists in transforming distances
into similarity measures. Buffers/filters are used to reduce the number of
potential candidates (section. 2.3.2), but using them may not be sufficient
when the distances are almost equal, since the similarity measures will be
as well. In this case, candidates’ ranking is important, where the closest
candidate should be emphasised over the next closest one. This piece of
information is relevant and should be exploited in the matching process to
highlight the closest candidates and to avoid that similar distances become
contradictory masses and generate an important conflict after the combina-
tion step. To our knowledge, candidates’ ranking has never been considered
in DS-based object matching. Nevertheless, ranking of candidates has been
proposed in [34] for node matching, where a probability value is derived from
the Euclidean distance by defining a parameter that decreases the similarity
measure when the distance to the reference object increases. From the same
perspective, we propose to rank the candidates in the first transformation
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step using the following equation:

Similaritymetric(Hi,j) =
dmetric(Hi,j)

−β∑Nc

k=1 dmetric(Hi,k)−β
(19)

where Nc is the number of candidates, dmetric is a distance such as Hausdorff,
Hi,j is the hypothesis that the object i from source 1 matches with object j
from source 2, β is a penalty factor and candidate k ∈ 1 . . . |candidates|. The
more β increases, the more the gap between the closest and the remaining
candidates increases. The choice of β is subjective and can vary between
measures. We set β = 2 for the Hausdorff distance, and β = 1 for the other
distances, as we wish to emphasize more the order of the candidates in terms
of Hausdorff distance.

4.4.2 Mixed models

The second phase of the transformation step aims to transform the similarity
measures into masses. As described in section 3.2, [22] proposed two different
models to directly assign masses from measures to each focal element (Fig-
ure 7). Given a computed likelihood Li, between a reference object and a
potential candidate i, and a discounting factor ri related to the reliability of
the source or the measure (set to 1 when reliable), the first model initializes
the mass value of the hypothesis Hi that the candidate i corresponds to the
reference object to 0, regardless of the value of Li. In addition, when the
two objects are close (Li is close to 1), this model also assigns a mass close
to 0 to ¬Hi. We consider it “the cautious model” since it assumes that the
measure at disposal represents only a single part of the reality, and it prefers
not to support one hypothesis over another. On the other side, the second
model is more incautious and assigns the likelihood value to the mass of Hi.
This model is suitable for the distances that have important and decisive
information for the matching process.

The models associated with the distances used in this work are sum-
marised in Table 2. We separate them into 2 categories, as the cautious model
is suitable for the first category, including Hausdorff, length, and orientation
distances, and the incautious model is suitable for the node degree. Indeed,
even if corresponding pipes from two sources are generally close and have
similar lengths and orientations, they do not correspond when data sources
have significant and non-uniform discrepancies and distortions. When the
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Figure 7: Models to initialise the mass function proposed in [22]

value of a measure is null (the objects are far), we are sure that the candi-
dates do not correspond. However, when the value is equal to 1 for one of
these metrics, we cannot conclude in a peremptory manner that the couples
in question are a match, as the metric provides only an indication among
others. That is to say that these 3 distances, considered together, do not
have sufficiently important and decisive information for the matching.

The incautious model is appropriate for the node degree-based distance
since the line connectivity, when similar, provides important evidence that
the candidates match. It then has important and decisive information for
the matching. In addition, the values of the derived similarity measure from
the node degrees that are close to 1 indicate potential matches, while the
low values (which may be due to data incompleteness) cannot confirm the
non-matching. This is particularly true when strokes are considered as corre-
sponding units since having different candidates with the same node degrees
is not frequent.

Consequently, unlike the previous studies [24], [25], [26], where only one
of the models is applied, we propose to use both models (mixed models)
depending on the measure to be transformed into mass.

4.4.3 Bidirectional measure combination

Initialization of the mass functions is carried out based on the computed dis-
tances from a reference set to a comparison set. We propose to also compute
the distances from the comparison set to the reference set and use this addi-
tional information to update the initialized masses. The values of a two-way
distance for a measure may not be equal when the measure is context-aware.
In our case, the ranking of candidates applies a penalty to the similarity
measure, and thus, the measure values in the two directions would not be
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Table 2: The models associated with the applied similarity measures
Distance Hausdorff Length Orientation Node Degree

Transformation model Cautious Model Incautious model

necessarily equal. In addition, with imperfections (in particular, incomplete-
ness), the difference between the 2 way calculated measure between 2 objects
is of great impact on increasing the mass value of the relevant hypothesis.

5 Experiments and results

5.1 Methodology

Like any matching proposition, our goal is to achieve the most accurate and
complete set of corresponding objects. In addition, due to data imperfections,
we would like to show that our approach offers the tools to model and take
into account these imperfections properly. We also aim to provide a clear
evaluation of the uncertainty related to the matched objects.

The objective of the experiments is to show the impact of our contribu-
tions:

1. Reducing the conflict by selecting a suitable model when transforming
similarity measures to mass functions.

2. Enhancing the matching accuracy by:

• Using strokes as matching units.

• Considering the candidates’ ranking when transforming the dis-
tances into measures.

• Applying bidirectional combination.

• Performing partial matching.

We first conducted tests on synthetic data, then on real-world datasets. In-
deed, synthetic data allow to focus on very specific scenarios to show the im-
pact of each of our contributions individually, before assessing them against
real-world datasets.

Five configurations (summarized in table 3) were defined for 3 experi-
ments:
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Table 3: Summary of the configurations.

Config.1 Config.2 Config.3 Config.4
Config.5

(our approach)
Ranking X X X

Cautious model
(model 1)

X X X

Incautious model
(model 2)

X X X

Bidirectional X

• Configurations 1 and 2 use, respectively, the cautious and the incau-
tious models in transforming the similarity measures to mass functions.

• Configurations 3 and 4 additionally support the candidates’ ranking.

• Configuration 5 supports the 3 contributions: candidates’ ranking, the
mixed model, and the bidirectional measure combination. It corre-
sponds to our proposed approach.

The 3 experiments summarized in Table 4 are as follows:

• The 1st experiment is applied to the synthetic data for the Hausdorff
distance only, in one direction of matching, without considering the
bidirectional measure combination and the local measures’ combination
steps. The aim is to evaluate the impact of the cautious/incautious
models on the conflict and the result of the combination step.

• The 2nd experiment is applied to the synthetic data for the Hausdorff,
length, orientation, and the node degree-based measures, along with the
bidirectional measure combination step. In addition, we consider that
the data sources are not always reliable and apply a discount based on
the source’s reliability. The aim is to assess the impact of the bidirec-
tional combination on the correctness of the matching decision. In this
experiment, we compare the results of configuration 5 to configuration
4.

• The 3rd experiment is applied to the real-world datasets. The results
are described and discussed based on our approach only (configuration
5).
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Table 4: Summary of the three experiments.

Dataset Distances Reliability
Measures

Combination
Bidirectional

measure
Configurations

Experiment 1 Synthetic Hausdorff 1 No No
Conf1, Conf2,

Conf3 and Conf4

Experiment 2 Synthetic
Hausdorff, Length,

Orientation and
Node degree

0.8 Yes Yes Conf4 and Conf5

Experiment 3 Real-world
Hausdorff, Length,

Orientation and
Node degree

0.8 Yes Yes Conf5

(a) Use case 1. (b) Use case 2.

Figure 8: Synthetic use cases.

5.2 Datasets

5.2.1 Synthetic data

Figure 8 shows lines delimited by their associated nodes from two sources
(source 1 in blue and source 2 in red). We consider two use cases in Figures
8(a) and 8(b). Table 5 shows the corresponding Hausdorff distance in meters
between the lines of the two sources.

The two use cases differ by the presence of the object identified by ’19’

Table 5: Hausdorff distance between lines of sources 1 and 2
Lines 10000 10001 10004

13 26.85 33.16 22.33
19 46.92 19.17 8.34
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in source 1 in the second use case. After creating a buffer and applying
a Hausdorff distance filter, we consider the reference objects identified as
’13’ and ’19’ as having three different candidates from source 2, identified
respectively as ’10000’, ’10001’ and ’10004’. Based on Figure 8(a), taking
into consideration the Hausdorff distance (table 5) and the node degrees of
the end nodes of the lines, the corresponding objects should, theoretically,
be the couples (’13’,’10004’) and (’19’,’10001’).

5.2.2 Real-world datasets

We consider two real-world datasets from Prades-le-Lez (Figure 9), a small
city of 5,908 inhabitants [47] located in the south of France. We obtained
two different datasets of the wastewater network, created by distinct organ-
isations at different times (2014 and 2017), both provided by the managers
of the network. They contain 804 and 883 pipes, representing respectively
23 km and 25.5 km of pipes. First, discrepancies in representation can be
noticed in Figure 10. Second, although the 2017 network is more recent
and contains more pipes, we can see that both datasets have missing pipes.
Third, the nodes that represent the position of the junction of two or more
pipes are indicated in detail in the 2017 dataset (1088 nodes) compared to
the 2014 dataset (834 nodes).

5.3 Reducing the conflict

5.3.1 Experiment 1, Use case 1

In use case 1, the reference object is identified as ’13’ in source 1, and the
candidates are ’10000’, ’10001’, and ’10004’ in source 2. The mass values
for the 4 configurations are based on the Hausdorff distance between lines of
sources 1 and 2 (reported in table 5). The Hausdorff measure is considered to
be totally reliable (i.e., ri = 1). As illustrated in Figure 11, the mass values
are initialized according to the incautious model for configurations 1 and 2
and according to the cautious model for configurations 3 and 4.
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Figure 9: Maps of Prades le Lez’s wastewater network in 2014 and 2017.

(a) Example of missing pipes in source 1. (b) Example of missing pipes in source 2.

Figure 10: Examples of data imperfections in Prades-Le-Lez’s datsets.
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(a) Configuration 1. (b) Configuration 2.

(c) Configuration 3. (d) Configuration 4.

Figure 11: Initial mass values of the four configurations for the reference
object ’13’.

To evaluate the effect of the models on the conflict K generated by the
combination of the masses, we used the conjunctive rule (equation 6), i.e.,
without normalizing by the conflict value. The mass values of the subsets
generated after the combination steps are not displayed for the sake of clarity.
Figure 12 shows the mass values after the candidates’ combination step.
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Figure 12: Experiment 1, Use case 1: The mass values obtained after the
combination process.

We notice that for configurations 1 and 3, where the incautious model
is applied, the values of the generated conflict are almost twice those of
configurations 2 and 4. The four configurations predict the correct couple
(’13’, ’10004’) to be matched based on the plausibility measure (Figure 13),
which is often used as a decision criterion. However, the plausibility values
are substantially lower for configurations 1 and 3 compared to configurations
2 and 4. In use case 1, these differences are important while having a frame of
discernment Ω = (’13’,’10000’), (’13’,’10001’), (’13’,’10004’) with 3 possible
couples in total.
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Figure 13: Experiment 1, Use case 1: The plausibility of the corresponding
couples after the combination process.

5.3.2 Experiment 1, Use case 2

Use case 2 (Figure 8(b)), is based on use case 1 with an additional object
identified as ’19’ in source 1. The frame of discernment is then defined by Ω =
{(′13′,′ 10000′), (′13′,′ 10001′), (′13′,′ 10004′), (′19′,′ 10000′),′ 19′,′ 10001′), (′19′,′ 10004′)}.
Figure 14 shows the mass values’ initialization for the reference object ’19’
in the four configurations.
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(a) Configuration 1. (b) Configuration 2.

(c) Configuration 3. (d) Configuration 4.

Figure 14: Initial mass values of the four configurations for the reference
object ’19’.

The masses obtained after the combination step are illustrated in Fig-
ure 15.
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Figure 15: Experiment 1, Use case 2: The mass values obtained after the
combination process.

In use case 2, the generated conflict is considerably higher than in use
case 1 for configurations 1 and 3 compared to configurations 2 and 4. Also,
when taking into consideration the candidates’ ranking, the mass value of the
closest candidate for configurations 3 and 4 is almost twice that of configu-
rations 1 and 2 (Figure 15). In addition, the plausibility values (Figure 16)
are all almost equal to zero for configurations 1 and 3, in clear contrast to
configurations 2 and 4.
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Figure 16: Experiment 1, Use case 2: The plausibility of the corresponding
couples after the combination process.

These results show that the model used to transform distances to mass
functions plays a key role in the final result of the combination. An impor-
tant conflict is generated using a frame of discernment of small size. In real
use cases where the frame of discernment may include more than 10 couples,
the use of Model 2 generally results in total conflict (value equal to 1). Even
if normalizing the combination will increase the mass and the plausibility
values, decisions should not be made when such conflict is encountered and
plausibility values are so close to 0, as shown in Figure 16. Using the Haus-
dorff distance only, the couples designated to match based on the plausibility
values (Figure 16) are (’19’,’10004’) and (’13’,’10000’). This incorrect match-
ing is to be expected since, at this stage, only one measure is applied. In
the following, we consider all the measures and compare configuration 4 to
configuration 5.

5.4 Matching accuracy

5.4.1 Experiment 2, Use case 2

Table 5 shows that the closest object to the pipe identified as ’13’ is the one
identified as ’10004’. However, when the direction of the matching is reversed
by considering source 2 as reference, object ’13’ is not the closest object to
pipe ’10004’. This important piece of information can be accounted for in
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(a) Mass values of the reference object
identified as ’13’ in source 1.

(b) Mass values of the reference object
identified as ’10004’ in source 2.

Figure 17: Initial mass values in both directions of the matching for the
objects ’13’ and ’10004’.

the matching process in the bidirectional measure combination step.
Figure 17 shows the mass values’ initialization for the couple (’13’,’10004’)

in both directions of the matching. Figure 18, shows the mass values after
combination of both directions (Figures 17(a) and 17(b)), where the mass
m(¬13 10004) is no longer equal to 0.53, as it was considered above (Fig-
ure 17(a)), but equal to 0.94, thus impacting the output values of the match-
ing.

Figure 18: Experiment 2, Use case 2: Bidirectional combination step of the
Hausdorff-based mass values for the couple (’13’,’10004’).
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Figure 19, shows the plausibility values when using our matching process
based on the normalized conjunctive rule of combination and a reliability
value of 0.8 for all the measures. By using the mixed models and the bidirec-
tional combination, we obtain the correct corresponding couples (′13′, 10004′)
and (′19′, 10001′). Hence, the use of bidirectional matching can impact the
final results greatly. In this case, it leads to the correct corresponding couples
while choosing the suitable model yields a reasonable conflict.

Figure 19: Experiment 2, Use case 2: The plausibility values after applying
our matching process for Configurations 4 and 5 (mixed).

5.4.2 Experiment 3 (Real-world datasets)

We applied our proposed approach (configuration 5) to automatically find
corresponding objects between the two datasets of Prades-Le-Lez. We refer
to the 2014 and 2017 datasets, respectively as source 1 and source 2. The
stroke construction step resulted in 398 and 421 strokes, respectively. After
extracting the strokes and identifying potential candidates for each stroke,
our enhanced DS-based combination process (Figure 6) was carried out. Due
to the imperfections of the sources, we combined the four similarity measures
with a reliability of 0.8 for each, thus leaving room for ignorance.

At this stage, 277 strokes were matched (Table 6). They represent 576
pipes (71.6%) of source 1 with a total length of 17.296 km and 580 pipes
(65.7% and 17.301 km) of source 2. Among them, 14 strokes were falsely
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Table 6: The matching results for each step using our proposition on real-
world data.

Enhanced DS-based
matching

Matched
strokes

Matched pipes
(Source 1-2014)

Matched pipes
(Source 2-2017)

Stroke matching 277 576 (17.296km) 580 (17.301km)
+ Line matching 277 647 (20km) 651 (20km)

+ Partial matching 277 695 697

matched, which yields a precision of 94.95%. No further operations were
applied to the strokes that matched. However, an optional step of identifying
corresponding lines within the matched strokes can be conducted, depending
on the application (e.g., when the task is to complete missing attributes from
one dataset using the other).

The enhanced DS-based process is then applied directly on the remaining
pipes, which did not match using strokes as a matching unit. Considering
missing nodes, we decreased the reliability of the node degree measure from
0.8 to 0.7. This results in matching 71 pipes from both sources, all being true
positives. This relatively small number of matched pipes is due to missing
nodes, which affect the lines’ length. After this step, the total number of
pipes that can be considered as corresponding is 647 for source 1 and 651 for
source 2, representing almost 20 km of pipes for both sources (Table 6).

To address the length constraint due to missing nodes, we conduct a
partial matching. In this step, we split the pipes into smaller sub-lines by
adding new fictitious nodes. We applied the partial matching by adding
nodes with a maximum spacing of 16 metres, since a high value would yield
few matching couples, and a low value would generate a great number of
subsets for the combination process. Figure 20, shows an example of partial
matching by adding fictitious nodes. As we can see in Figure 20(a), pipes
from source 1 identified as ’10025’ and ’10097’ can partially match with the
pipe identified as ’353’ from source 2. This cannot be achieved in the previous
steps, since nodes are missing. Figure 20(b), shows that no fictitious nodes
were added to the pipe identified as ’10025’ since its length is smaller than
16 meters, whereas several nodes were added to pipes ’353’ and ’10097’.
Figure 20(c) shows the matched parts of each pipe. For the entire datasets
of Prades-Le-Lez this step resulted in 48 pipes from source 1 being partially
matched with 46 pipes from source 2 (Table 6).
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(a) Before adding fictitious nodes (b) After adding fictitious nodes 2.

(c) Partial matching results

Figure 20: Example of partial matching by adding fictitious nodes.

A manual matching of the two datasets has been conducted. It resulted
in 731 pipes from source 1 that should have a corresponding pipe in source 2.
Comparing our results to the manual matching, we found 685 true positives
in the fully and partially matched pipes from source 1. We counted 16 false
positive matching and 57 false negatives, that is a precision value equal to
97.7% and a recall of 92.3%. To keep track of the uncertainty related to the
matched couples, the pignistic probability and the plausibility values were
preserved for each matching.

These results show that both stroke transformation and partial matching
help surpass the issue of missing nodes in real-world datasets. In addition,
the use of DS-theory guarantees the traceability of matching uncertainties
related to the matched couples.
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5.5 Discussion

In this work, we aimed to use DS theory to enhance the end user’s knowl-
edge of the network structure, enabling more informed and effective decision-
making. This enhanced knowledge empowers stakeholders to optimize oper-
ations, prioritize maintenance, and make proactive decisions to ensure the
network’s efficiency and sustainability. For instance, a clear assessment of
the uncertainties in the network map makes it possible to pinpoint the areas
or sections with the greatest inaccuracies or lack of information. This allows
for prioritizing excavation and detection investments in these specific zones.
In this section, we examine our results and the impact of our solution from
the perspectives of both daily management and methodology .

From methodological and technical perspectives , the previous ex-
periments were set to: i) manage/reduce the conflict, ii) enhance the match-
ing accuracy. Indeed, we showed in the first experiment that using the in-
appropriate model to transform the similarity measures to mass values can
lead to high conflict. The latter was almost equal to 1 in use case 2, which
had only a frame of discernment of 6 hypotheses. Given the high number of
candidates in real use cases, the conflict can easily get close to 1, thus ren-
dering the model unsuitable for decisions about the corresponding objects.
Mixing the models based on the semantics of each similarity measure turned
out to be efficient in reducing the conflict drastically. Indeed, we have shown
the impact of adopting a transformation model according to the importance
of the information carried by the corresponding similarity measure, for the
target application domain. The incautious model is suitable for the measures
that have important and decisive information for the matching process, while
the cautious model is more appropriate for lightweight measures that do not
significantly influence the matching decision.

To enhance the matching accuracy, we first applied the stroke concept to
address the challenge of missing nodes while conducting a matching process
on lines. Indeed, when the stroke step is not taken into consideration for
experiment 3, only 55% of the pipes from source 1 are directly matched before
the partial process, compared to 80% of the pipes when the strokes are used.
When lines are directly used as matching units, the number of candidates can
be high, and several candidates for the same reference object may have similar
geographic and topological structures, rendering the matching decision more
difficult. The results showed that the use of candidates’ ranking and the
bidirectional combination succeeded in highlighting the closest candidates
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and in avoiding that similar distances become contradictory masses that may
generate an important conflict. Nevertheless, it is important to note that
when conducting the partial matching, the distance between the fictitious
nodes should be reasonable and take into consideration information from the
domain knowledge, such as the minimum length of a pipe. Otherwise, it
would lead to partial matching, which is practically useless for real-world
purposes such as the excavation of underground networks.

We managed dataset imperfections by using the DS theory. The matching
uncertainty may be measured by the mass function, the plausibility, and the
pignistic probability. In addition, when the uncertainty about a matching
couple is greater than a chosen threshold, one may use subsets with lower
uncertainty values to indicate imprecision about the decision. For example,
for experiment 1, use case 1, one may set the rule that no couple should have
a plausibility value less than 0.6 (Figure 13), which can be considered as an
acceptable threshold. In this case, no hypothesis can be retained as they all
have values under 0.6, thus, the subset of cardinally 2 with the highest value
and superior to 0.6 is {′13 10000′,′ 13 10004′} and should be considered as
imprecise matching. Moreover, if newly acquired information designates a
subset of the frame of discernment as the only possible couples, one may use
the conditioning operation of the DS theory to propagate this information.
The incompleteness is supported through the combination of local measures.
That is, if both a reference and a candidate object have an attribute that is
not available for the other candidates, a measure based on this attribute can
be combined locally with the rest of the similarity measures. For example,
given that the objects identified as ’13’ and ’10000’ respectively from source 1
and source 2 have the attribute ’diameter of pipe’, a distance, then a mass
function can be computed from both values and combined with the other
similarity measures.

From the perspective of the stakeholders , our solution can be viewed
as a general monitoring tool for the management of wastewater networks
where the main challenges are addressed, such as sources’ heterogeneity, at-
tribute imperfections, and missing spatial data. Our results significantly
shape the daily management practices, driving improvements in three criti-
cal areas:

• Object matching: there is no longer a need to manually analyse and
identify matching objects from different sources. Shape, attributes,
and context are taken into account. Missing nodes are addressed using
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strokes and partial matching techniques, thereby enhancing accuracy
and accelerating the matching process.

• Imperfections quantification: uncertainty and imprecision are quanti-
fied and provided for each matching object, offering the end-user a clear
understanding of the current available knowledge about the network.
This enables budgets to be strategically allocated to reduce uncertain-
ties in critical areas through targeted inspections. In contrast, this
cannot be achieved by traditional or optimisation methods [9], [11],
[12], [13].

• Data update: given the hierarchical structure of the network, manu-
ally updating it with a new available piece of data is highly complex
and may require propagation across a significant number of pipes. Our
DS-based solution provides the necessary tools to revise matching re-
sults when new information becomes available, enabling updates to the
current knowledge accurately and efficiently.

6 Conclusion

In this work, we proposed a novel process for matching spatial objects,
namely wastewater network elements. After describing the imperfections
related to wastewater databases and their consequences, we presented our
proposition that relies on three concepts: strokes, partial matching, and DS
theory. Strokes have been applied to capture the overall structure of the
networks, while partial matching has been proposed to resolve the problem
of missing nodes. We adopted the DS theory to combine the similarity mea-
sures, allowing to support the uncertainty, unreliability, and imprecision in
the input and output of the matching process. The particularity of our pro-
cess lies in using different and suitable models to transform distances to mass
functions depending on the type of information available. This resulted in
reasonable conflict values after information combination, in comparison to
other approaches presented in the literature review.

Although this matching process is intended for linear objects of wastew-
ater networks, it may be used for a broader range of linear networks such
as roads, rivers, and other underground networks. The DS theory process is
generic and can be adopted for matching nodes or polygons, provided that
suitable distances are defined. In future works, we aim to use the wide range
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of operators offered by the DS theory, such as refinement and conditioning,
to increase the level of detail after the matching operation by identifying the
type of pipes. In addition, and after using only geographical and topologi-
cal distances, we aim to exploit the semantics of the domain and regulatory
rules related to the construction of wastewater networks, such as the mini-
mum length of a pipe, to enhance the results and reduce the uncertainty of
the matching.
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[31] Benôıt Costes. Matching Old Hydrographic Vector Data from Cassini’s
Maps. e-Perimetron, 9(2):51–65, 2014.

50



[32] Meng Zhang and Liqiu Meng. An iterative road-matching approach for
the integration of postal data. Computers, Environment and Urban
Systems, 31(5):597–615, 2007.

[33] Bin Jiang, Sijian Zhao, and Junjun Yin. Self-organized natural roads
for predicting traffic flow: a sensitivity study. Journal of statistical
mechanics: Theory and experiment, 2008(07):P07008, 2008.

[34] Catriel Beeri, Yaron Kanza, Eliyahu Safra, and Yehoshua Sagiv. Ob-
ject fusion in geographic information systems. In Proceedings of the
Thirtieth international conference on Very large data bases-Volume 30,
pages 816–827, 2004.

[35] Yanxia Wang, Deng Chen, Zhiyuan Zhao, Fu Ren, and Qingyun
Du. A back-propagation neural network-based approach for multi-
represented feature matching in update propagation. Transactions in
GIS, 19(6):964–993, 2015.

[36] Jung Ok Kim, Kiyun Yu, Joon Heo, and Won Hee Lee. A new method
for matching objects in two different geospatial datasets based on the
geographic context. Computers & Geosciences, 36(9):1115–1122, 2010.

[37] Ashok Samal, Sharad Seth, and Kevin Cueto 1. A feature-based ap-
proach to conflation of geospatial sources. International Journal of
Geographical Information Science, 18(5):459–489, 2004.

[38] Emerson MA Xavier, Francisco J Ariza-López, and Manuel A Urena-
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