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Abstract: In Telecommunications, core and metro network infrastructure provide high-speed,
low-latency internet service to national-level areas. Their optimal operation and management
are essential for today’s increasing internet service demand. The usual representation of such
infrastructure as a complex network considers router stations and other main internet sites as
network nodes, connected by links that represent fibre-optic cables. However, this representation
comes with important simplifications. One of them is that two nodes are connected by one single
link when in reality there are involved multiple links in that connection. This paper explores
bipartite networks to model the detail of multiple links connecting two network nodes, zooming-
in process. To avoid dimensional complexities, the cable disentangles will only be in place at
local sub-networks where the analysis may have a particular focus of interest. For instance,
this process will support the decision-making associated to re-routing operations after a traffic
anomaly has been detected. To show the efficiency of this multi-resolution network approach,
the paper uses the case study of the core and metro infrastructure of one of the major UK
internet service providers.

Keywords: Intelligent maintenance systems, Networked systems, Complex systems
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1. INTRODUCTION

Core and metro networks (or backbone networks) are the
main large-scale communications infrastructure providing
internet services at a regional and national scale. Their
resilience is essential not only for telecommunications but
for the functioning of other infrastructure systems such
as transport, energy and water (Herrera et al., 2020).
The elements of core and metro networks are router sta-
tions, switches and hubs of one or several internet service
providers (ISPs). This paper will refer to all of these
elements as points of presence (PoPs). PoPs are connected
by cable conduits composed of multiple, individual fibre-
optic cables. Over the years, the backbone network has
been often modelled as a complex network (Schintler et al.,
2005; Sergiou et al., 2020), where PoPs are represented as
nodes connected by links (cable-conduits). This represen-
tation has shown to be useful for the overall monitoring
and control of the infrastructure (Sahhaf et al., 2017; Li
et al., 2022). However, as with any model, it uses many
simplifications of the actual infrastructure. One of them is
collapsing all the cables at each cable-conduit to be mod-
elled as a single network link. Being able to model more
detailed information about single cables will bring more
network visibility that enhances decision-making support
and automation of the operation and management of the
communications system.

This paper proposes a multiresolution network model of
the backbone network as a way to work with detailed
information about fibre-optic cables. The aim is to support

efficiency in automated network operations and manage-
ment. A straightforward approach is to consider a multi-
graph network representation, ready to model multiple
links connecting two nodes. For instance, Miletic et al.
(2022) introduces multigraphs for accurate traffic simula-
tion of a communication network. Chatterjee et al. (2021)
use multigraphs for the resilience assessment in cyber-
physical networks. From a network analysis point of view,
Shafie and Schoch (2021) applies a multigraph network
representation to investigate the statistical properties of
vertexes of multiplex networks. Despite the advantages of
multigraph networks, they have the drawback of increased
dimension compared to traditional network representa-
tion. Multigraphs can actually be considered as the com-
bination of multiple simple graphs (Fröhlich et al., 2020).
Such complexity is also associated with the modelling and
analysis of the combinations of links; a larger number than
in the case of simple graphs (Smirnov, 2018). To tackle this
issue, this paper works with a simple network representa-
tion to monitor the data traffic; adopting a multigraph
network only when necessary. This would be the case of
detecting an anomaly on a network node. In that case,
the paper proposes a multigraph network representation
of the sub-network made by the targeted node and its
nearest neighbours of distance one, disaggregating the sub-
network links that were collapsed in the simple network.
After the sub-network identification, a bipartite model will
support the analysis and decision-making.



2. MULTIRESOLUTION NETWORK MODEL

This section investigates how a simple network model
will be sampled to a sub-graph level to convert it into
a local multigraph network; in case the network links are
an aggregation of single links. Without losing generality,
the section will present the communications network as an
illustration and instance of a multigraph network.

2.1 Multigraphs and bipartite networks

Multigraphs are graphs that have multi-edges (multiple
edges or multiple links) between vertices (or nodes) which
results in cycles of length 1 or 2 (Tabatabaei Shafiei,
2015). While this work does not consider self-links (links
connecting a node to itself) some literature has looked
at modelling them within the networks as pseudographs
(Vamsi and Elia, 2015). In the following, multigraphs are
presented for undirected networks, allowing each individ-
ual link to have both flow directions.

A multigraph definition should consider a graph, G =
(V, E ,K) of n vertices (also called nodes if referring to a
network) andm edges (links), having each a multiplicity, k.
A vertex (node) set is defined as V = {v1, v2, . . . , vn}, and
the edges (links) between them as E = {e1, e2, . . . , em},
with a multiplicity K = {k1, k2, . . . , km}. Similarly to
a simple graph, a multigraph can be represented by an
adjacency matrix. The first approach is to use the link-
multiplicity connecting nodes as an adjacency matrix
weight. This representation will help to track the number
of individual links connecting to neighbour nodes. A multi-
graph, then, is normally defined by its adjacency matrix,
A = [aij ]. Here aij ∈ Z, such that when (i, j) ∈ E , that is,
i and j share a multi-edge, aij = kij , otherwise aij = 0;
where kij is the number of simple edges connecting the
nodes i and j.

The use of the above-defined adjacency matrix is successful
when working with a collapsed version of the multigraph.
However, it falls short when providing detailed information
about each link; i.e. each individual link has its own weight
related to its capacity or use. It is necessary to deal with
multidimensional information to preserve such details of
individual links. A solution is the use of the outer product
between each element of the adjacency matrix of the simple
graph, aij , and the vector of individual link weights. The
latter should be of a size equal to the maximum of the
link multiplicity found in the entire graph to keep it at
a constant size along the matrix. In the case of multi-
edges of a lower dimension than the max. multiplicity,
the empty spaces will be filled up by 0 entries. That is,
eij = {eij(1), . . . , eij(kij), 0, . . . , 0}. This approach is able
to work with a fully detailed network representation. How-
ever, it is not computationally efficient in its operation.
Even more considering that the operations usually require
local or path-wise information. A first solution is to reduce
the representation dimension by sampling the multigraph
(Eisinger and Chen, 2018; Smirnov, 2022). The solution
proposed herein lies in the use of local information and
the possibility to model its detail on-demand, only when
it is required by any graph/network analysis.

2.2 Zooming-in process via bipartite networks

Network representations of communication systems nor-
mally assume that the cable is a unique asset when, in
reality, it is a conduit containing multiple cables. Such
a coarser description of the network infrastructure works
well from a whole-system perspective. However, from a
cable management view, it is necessary to work with
the decomposition of the cable-conduit into single cables.
Figure 1 shows how a bipartite network representation
can model this cable decomposition. Particularly, Figure 1
shows the case of Cable(i) that decomposed into multiple
cable-conglomerates, Cable(i1), . . ., Cable(ik), that actu-
ally form the cable-conduit Cable(i). This decomposition
naturally comes with a more accurate representation of the
communication system than the regular simple network as
it enables one to go into the detail of each of the cables
connecting two PoPs.

Fig. 1. Bipartite network representation considering break-
down into sub-elements (multiple cables and/or cable
aggregations)

The bipartite network representation has two main advan-
tages. First, it equals the importance of original nodes and
links for further analysis. It is of particular importance
in case of the connections between nodes have physical
meaning (e.g. cables, pipes) and should also be considered
for an accurate decision-making process. In addition, a
bipartite network is able to fully model the multigraph
features associated with the local network. Algorithm 1
shows how to convert a simple network representation into
its corresponding bipartite network at a given network
node.

The overall process is depicted in Figure 2. The network
is monitored at a simple model representation scale. An
alarm can be triggered for any circumstance: link (cable-
conduit) failure or overload. Then, the process continues
with the steps described in the flowchart: zooming-in on
the node/s involved in the alarm and dealing with the
corresponding network operations to restore a regular flow.

The zooming-in process comprises 2 phases:

(1) Location of the target node where an alarm has been
triggered. This phase is modelled still by a simple
network (links collapsing individual link information).

(2) Awareness of the individual fibre-optic cables con-
necting the node and consequent location of the
neighbour nodes connected by such cables. This phase
is modelled by a multigraph network, as there are
multiple edges connecting two nodes.

The process distinguishes links connecting two nodes,
coming associated with direct benefits. In the case of



Algorithm 1: Zooming-in process for network high-
resolution model
input : Network layout, network traffic, target node
output: Zooming in bipartite sub-network and

associated time series

/* Target node and local sub-network */
1 Let tgt← i
2 N(tgt)← 1-NN(tgt)
/* Disentangle of multiple cables per conduit

*/
3 Cables = [ ]; TS = [ ]
4 for conduit in N(tgt) do
5 for cable in conduit do
6 Cables ← append(cable)
7 TS ← append(traffic(cable))

8 return Zooming-in bipartite sub-network: {Cables,
TS}

Fig. 2. Flowchart of the zooming-in strategy for network
operation.

communication networks, it highlights the use of traffic-
informed rerouting and load balancing. Given a traffic
load, Dij , coming from node i to its 1-link distance
neighbour j, the simple awareness of havingm simple links
connecting these two nodes will help the straightforward
traffic balance between the links. Hence, the total Dij can
be, in principle, equally distributed between the m links.
This approach can still be modelled by a simple network,
weighted by the sum of the traffic distributed from one
node to another or just by the number of individual,
parallel links directly connecting two nodes. However, this
solution does not explore in depth the benefits of using
the disentangled cable information for traffic balance. Two
general examples are described in the following points.

• Single cable failure: Failure of a single cable, mk,
while the rest kij − 1 cables continue working. For
anomaly detection purposes, the disentangled infor-
mation gets the benefit of ascertaining which cable/s

of all the cables connected to the PoP present/s such
an anomaly. We consider kij cables in the multigraph
connection between two nodes i and j, and a random
split of the data traffic between them makes Dij/kij
of data traffic assigned to each cable. After having
the information detail of a cable fault, the data split
becomes Dij/(kij − 1); leaving the fault cable with
zero traffic. In other words, thatDij/kij of data traffic
that would be assigned to the fault cable is now safely
rerouted to the other kij − 1 available cables as it is
shown at Equation (1).

RF (ij) =


Dij(ml)

kij
ml ̸= mk

0 otherwise
(1)

• Single cable (risk of) congestion: High usage (risk of
congestion) of a single cable, while the rest kij − 1
cables continue working. For optimal rerouting and
traffic balance, the disentangled information gets the
benefit of which cable/s of all the cables connected to
the PoP present/s high usage. We consider a certain
threshold, h, for the data traffic over which a single
cable is considered at risk of congestion. If the traffic
at cable mk is over such a threshold, Dij(mk) > h,
then the zooming-in approach will automatically rec-
ommend splitting such a traffic overload of Dij(mk)−
h among the rest of cables. Hence, the kij − 1 cables
with no issues will carry now a traffic load of ROij)
of Equation (2); while the cable at risk of congestion
will return to carry Dij/kij .

RO(ij) =
Dij

kij
+

Dij(mk)− h

kij − 1
(2)

3. CASE-STUDY

The zooming-in proposed in this paper has been tested in
the backbone network of one of the major UK internet
service providers. The network encompasses 103 nodes,
representing the points of services; that is, router stations
and internet exchange servers (PoPs). The nodes are con-
nected by a total of 309 links (fibre-optic cable-conduits).
Figure 3 shows the simple network representation of the
case-study infrastructure.

Fig. 3. Simple network representation of the core and
metro networks of the case study.

We are given the layout information about the backbone
network as well as the data traffic on a typical weekday.
The traffic information on this weekday is taken every 2



minutes at each of the nodes of the network. Geographic
coordinates are purposely withheld to preserve anonymity.
Figure 4 shows the data traffic on the network classified
by the router station type.

Fig. 4. Data traffic at network nodes classified by type of
router station.

Zooming-in processes on cables endow the analysis with
the possibility of working with a control process of po-
tential network anomalies. We will illustrate the process
focusing on just one of the network PoPs of the case study,
which has shown to be of interest in Herrera et al. (2021).

The zooming-in process will start once an anomaly was
detected (alarm triggered) at the network PoP with the
code name “Smart-ladybug”. Figure 5 shows its associated
traffic data having an anomaly as signal instability during
a period of time.

Fig. 5. Data traffic having an anomaly at the PoP named
Smart-ladybug.

Figure 6 shows an initial zooming-in process to the sub-
network made by the neighbours of up to 2-links distance
from the target PoP, that is Smart-ladybug router station.

Once the target node and neighbourhood area have been
identified, the process continues by the disentangling of
the cable conduits into single cables and the consequent
multigraph network modelling. Figure 7 shows how the
multigraph network can be represented, in practice, via
bipartite network modelling as indicated at Algorithm 1.
Since the single cables are now nodes of the bipartite
model, it would be possible to register on them any
cable characteristic of interest. For instance, actual traffic
passing (congestion) or cable availability status, among
others.

Fig. 6. First zooming-in process: Nearest neighbours
of 2-links distance of Smart-ladybug router station
(marked in red).

Fig. 7. Second zooming-in process: Bipartite network
of Smart-ladybug decomposed into single cable-
aggregation.

The case-study benefits of the above bipartite representa-
tion, described by Figure 7, to visualise and analyse the
data traffic coming to Smart-ladybug from every single
cable (rather than the using aggregate information as is
showed Figure 5). Hence, Figure 8 shows the data traffic
per single cable.

Fig. 8. Anomaly at cables connecting the PoP named
Smart-ladybug.

Figure 8 enables anomaly detection at a single cable (or
single cable-conglomerate) level. Compared to Figure 5, it
is noticeable how the signal anomaly is clearer after the
second zooming-in and the extraction of the time series
of data traffic at individual fibre-optic cables. In addition,
we can see from Figure 8 that ’Cable Aggregation 5’ is
the particular cable where the anomaly occurred. ’Cable
Aggregation 1’ was almost unaffected in the regular traffic;



while ’Cable Aggregation 50’ carried a low data traffic level
during the time in which the system was monitored. A
possible maintenance solution is a traffic rerouting through
’Cable Agg. 50’, while fixing the issues at ’Cable Agg. 1’.
This would avoid ’Cable Agg. 5’ the need to carry extra
traffic and a consequent higher likelihood of cable overload
and packet loss.

4. CONCLUSIONS

The paper introduces the backbone network modelling
complexity by considering the details of the multiple cables
connecting two points of presence (PoPs)in such a model.
Avoiding the high dimensional problem of fully modelling
a multigraph network, the proposal focuses on a zooming-
in process that targets any node, PoP, in the network.
It is, then, when a multigraph network model is actually
considered to analyse further the node and the data traffic
through each individual cable. A bipartite model for the
local multigraph has also shown to be useful for model and
monitoring PoPs and their connected cables at a similar
importance level. This overall process can be considered
as a novel framework for decision-making support in a
communication network infrastructure.

There are a number of expected benefits associated with
a zooming-in plus bipartite modelling of a multigraph
network for infrastructure management.

• Overall network management and straightforward
adaptation to any number of multiple, simple links
in a local area after a zooming-in to the target node.
• Increase network controllability, as the process gains
detailed information in any network area.
· Root-cause analysis of failures will also be ben-
eficial as it is possible to ascertain if the exact
failure comes from any particular connection.
· Traffic rerouting operations avoid unreliable sin-
gle cables and balance the traffic load on the rest
of the available cables.

• Supporting information about link traffic congestion,
quantity and quality of flow or traffic passing by each
link, and more detailed link degradation information.
In addition, there is a gain in accuracy for the
anomaly detection method since the signals are not
mixed at the PoP’s management system but are
monitored separately.
• Decentralised framework for network management,
which boost its computational efficiency and accuracy
on operations such as anomaly detection and traffic
rerouting.

As future research, there is an interest in working with
an edge-centred bipartite projection (line graph) of the
zooming-in network area. This will allow us to better
model and identify the dependencies between single cable
connections, as well as support the decision-making pro-
cess on the traffic balance in the core and metro network.
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