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Abstract - This paper presents an exploratory analysis of the 
correlation between different network metrics and safety events. 
The objective is to develop analysis methods and indicators that 
relate the network structure with safety events. In particular by 
using  data  gathered  with  an  automatic  tool  developed  by 
EUROCONTROL and a database of traffic data,  we measured 
the  correlations  between  the  classical  metrics  of  the  airspace 
network,  especially  the  network  of  navigation  points,  and  the 
occurrence of Short Term Conflicts Alerts (STCA). The results 
obtained are not univocal; correlation between STCA occurrences 
and  classical  network  metrics  are  present  but  the  correlation 
coefficient is around 0.7. This indicates that correlation between 
STCA  occurrences  and  the  airspace  characteristics  can  be 
established but further analyses with more data are necessary to 
confirm  this  result.  Moreover  it  could  be  useful  to  look  for 
non-classical metrics that can better describe the relationship we 
are looking for.

       Index Terms : Safety Events, STCA, Aircraft Trajectories, 
Complex Networks

I.  INTRODUCTION

One of the most important requirements for the Air Traffic 
Management (ATM) system is safety. The continuing increase 
in  the  number  of  air  transport  users  is  making increasingly 
necessary  to  enhance  the  resources  dedicated  to  safety 
management  systems,  including  safety  occurrence  reporting 
and  analysis.  This  is  mandatory to  ensure  the possibility of 
keeping  the  current  level  of  safety  standards  in  a  growing 
traffic scenario. As described in the Complex World position 
paper [1] it is important to develop the capability of analysing 
the vast amount of safety data available and relate them to the 
other  elements  of  the  ATM system.  Methods  derived  from 
complexity science are a good candidate for such a task, as 
they can provide means to extract  the relationships between 
the various parts of the system and their operational impact. 
There  are  various safety events  that  can be used,  from real 
losses of separation, or safety nets alerts. This paper focuses 
on  those  events  that  triggered  a  Short  Term Conflict  Alert 
(STCA). STCA are automatic warnings generated in order to 
help the controllers to prevent collisions between aircraft. Lillo 
et al. [2] already applied complexity science methods to the 
analysis of STCA. The authors analysed a set of STCA events 
and identified how many of them were propagating across the 
airspace  in a  network structure.  The presence  of  networked 
STCA was considered an indication of safety problems which 
were  solved  only  locally,  causing  them  to  re-appear  in 
downstream sectors. In this paper we extend their analysis by 

looking for interrelations between STCA and relevant metrics 
of  the  ATM  system  network.  Here  we  show  correlations 
between STCA and classical metrics of the network theory like 
strength and betweenness centrality. Nonetheless we envisage 
that some non-classical metrics as those described in [1] can 
give a better description of the interrelations we found.
These analyses have been carried out in the framework of the 
SESAR  WPE  project  ELSA.  ELSA project  is  aiming  to 
analyze and model the ATM system using methodologies and 
tools coming from the Complex Systems/Complex Networks 
and agent based models framework, in order to identify and 
measure  disturbances  that  may  affect  the  system.  In  this 
context the analysis of safety events and their correlation with 
the airspace intrinsic structure plays a crucial role.

II.  DATASETS

The data used in the present analysis are of three types:
• one concerning the flights (Demand Data Repository 

(DDR) [3]), involving the last filed flight plan (file 
type named M1) and the updated one (file type named 
M3);

• one concerning the structure of the Italian airspace, 
involving airports, sectors, airspaces used to build the 
network and compute its relevant metrics

• Safety  data  collected  by  the  Automatic  Safety 
Monitoring Tool (ASMT) in Rome FIR airspace.

The  aircraft  trajectories  and  the  information  about  the 
European  airspace  structure  are  provided  by  Eurocontrol 
Central  Flow  Management  Unit  (CFMU)  under  a  special 
agreement within the ELSA project. The safety data that were 
integrated in the ELSA database has been collected by ENAV 
(the  Italian  ATC  service  provider)  as  part  of  a  Safety 
Monitoring activity from  April to  August  2011 in a  limited 
airspace over central Italy, namely the airspace controlled by 
the Rome Flight Information Region (FIR).  More details on 
the datasets follow.

The  Demand  Data  Repository  is  a  tool  developed  by 
EUROCONTROL  within  the  DMEAN  programme,  which 
provides  access  to  historical  and  forecasted  traffic  demand 
data.  The  historical  data  can  be  extracted  in  the  form  of 
4-dimensional trajectories, both in the case of last filed flight 
plans and the radar updated trajectories.
In  the  past  15  year,  EUROCONTROL has  developed  the 
Automatic Safety Monitoring Tool ( ASMT), one of the most 
advanced tools for Automatic Safety Data Gathering (ASDG) 



of the ATM system. ASMT can be connected to the operational 
ATM system in an  on-line  or  off-line mode to  elaborate  in 
quasi real-time data on radar tracks, flight plans and system 
alerts.  It  automatically  detects  operational  and  technical 
occurrences  according  to  user-defined  parameters.  ASMT 
detects events through the computation of the current air track 
situation, continuously updated from the tracks and flight plan 
inputs. In the ELSA project, ASMT was used to provide data 
on two types of safety events, i.e. losses of separation (named 
Proximity  in  ASMT)  and  STCA alerts.  For  each  detected 
occurrence,  ASMT stores  the  relevant  data  (shortly  before, 
during and shortly after the event), which can be later queried 
to extract the data or to review the occurrence in a dedicated 
replay window. The unique opportunity offered by ASMT is to 
have an objective and comprehensive safety data collection, 
which  would  not  be  feasible  just  by  relying  on  manual 
voluntary report (which is currently the largest source of safety 
data in the ECAC states).

III.  AIM OF THE STUDY

The  future  implementation  of  the  ASMT  tool  in  other 
ECAC states will provide a powerful tool to conduct extensive 
data  gathering  with  a  reasonable  amount  of  resources. 
Currently safety analysis is mostly based on the investigation 
of single accidents.  The state-of-the-art advancement we are 
proposing here is to relate safety occurrences with the intrinsic 
characteristics  of  the  airspace  network.  A strong correlation 
between STCA occurrences and some topological metrics of 
the  airspace  network  could  be  an  important  indicator  of 
airspace  design criticalities.  Moreover  it  could  also  drive  a 
proper redesign of the airspace topology to reduce the risk of 
STCA events. 
However the classical network metrics may not be adequate to 
describe the interrelation between the airspace structure and 
the  STCA occurrences.  Therefore  the  use  of  non-classical 
metrics is foreseen in order to give a better description of the 
system.

IV.  BACKGROUND

In order to represent a complex system in the framework 
of complex networks, there is usually more than one available 
choice of network to be used [4-5-6]. The ATM system with 
its highly-multi-layered structure is not an exception. One of 
the most common representations of this system is to consider 
airports as nodes and to add a link between a couple of them if 
there is at least a flight going from one airport  to the other. 
Moreover  the  links  can  be  weighted  using  the  number  of 
flights  between airports  [5].  Although the  studies  regarding 
this  network  have  provided  useful  information  about  the 
system,  other  representations  are  possible.  As  it  has  been 
shown in [6], it is possible to consider the network of sectors 
(i.e.  3-dimensional  parts  of  the  airspace  under  the 
responsibility of Air Traffic Controllers) and the network of 
Navigation  Points.  Since  the  aircraft  are  supposed  to  fly 
according to a defined sequence of geographical fixed points, 
called “Navigation Points” in the following, such points can be 
used as nodes of a network, linked if at least one aircraft has 
flown from one point to the other (Navigation Point Network). 
Like the Airport  Network, it  is possible to weight each link 

with the number of aircraft that has flown between two nodes. 
The Navigation Point Network is, in our opinion, the network 
that  is  more useful  if  one wants to study how the traffic  is 
deployed in space  and  to  spot  where the criticalities  of  the 
ATM system arise during the Flight Operations. An analysis of 
this  network  in  the  case  of  the  Chinese  Airspace  has  been 
presented in [7].
It is important to notice that aircraft usually do not follow the 
planned route over the navpoints. It is possible that they are 
instructed by the controllers to change their trajectory in order 
to smooth traffic flow or ensure safety. Thus it is possible to 
build an  “a posteriori”  Navigation Poins  Network,  with the 
effective  trajectories  of  the aircraft  (which will  include  any 
route change). Nevertheless we will focus our attention on the 
network built with planned trajectories (i.e. built with the last 
filed flight plans).

V.  DATA FILTERING

Being an automatic tool, ASMT does not only collect 
relevant safety events, but it can also record some nuisance 
events that need to be filtered out “a posteriori”. Thus three 
types of filtering were applied to the data set:

•  ASMT  filtering:  events  are  filtered  out  using  ASMT 
parameters  and  filters.  For  instance,  they  may be  activated 
because  of  the  low  track  quality  (the  event  shows 
characteristics connected to a false radar message), or because 
the  event  happened  in  a  permanent  military  area,  or  under 
visual control close to an airport. 

• logical filtering: it applies if− >then rules to the collected 
events.  The  event  is  filtered  out  if  it  matches  one  of  the 
if−>then condition. 

•  operational  filtering:  it  involves  ENAV safety experts 
and it is a case by case analysis of the  events.  Events  are 
discarded if they are considered nuisance or non-relevant from 
the safety point of view.

Using the real trajectories in the same days of occurrence of 
the STCAs, we have been able to apply another filtering to the 
safety events and to assign to each couple of aircraft involved 
in each event a unique couple of trajectories in the dataset

VI.  NETWORK METRICS

Since  we  intend  to  see  whether  the  topology  of  the 
Navigation  Point  Network  is  linked  to  the  occurrences  of 
safety  events,  we  will  focus  our  attention  over  some 
well-known “centrality measures” as well as classical metrics 
measured over weighted complex networks [7]. Such measures 
were  first  introduced  within  the  context  of  social  network 
[9-10],  with  the  aim  of  determining  the  most  “important” 
nodes  in  the  network,  but  in  recent  times  they  have  been 
applied to transportation networks with the aim of predicting 
the most critical or trafficked areas of the network [10-11].
Below, we give a brief description of the metrics used:



Degree 

Given a graph G= (V,E ) , where V={v i
;i=1. .n} is the set of 

the nodes and E= {ei
;i=1. .m} is the set of the links, one can 

define the Adjacency Matrix A
ij  such that an element a

ij is 

equal  to  1  if  the  nodes  v
i and  v

j are  connected  and  is  0 

otherwise.  The  degree  k
i  of  a  node  v

i is  the  number  of 

nodes that are connected to it, so

k i=∑ Aij .(1)

Strength

If the network is weighted it is possible to extend the definition 
of degree in order to take into account the weights of the links. 
This quantity is usually called the “strength” of a node and 
denoted as 

si=∑ij
A ij wij ,(2)

where w
ij is the weight of the link connecting the nodes v

i

and v
j .

Closeness Centrality

Closeness centrality measures the extent to which a node is 
close to all other nodes along the shortest path and reflects its 
accessibility in a given network. The closeness of node i is 
written as:

C i=(n−1 )/∑ij
d ij ,(3)

where d
ij is the shortest-paths connecting the nodes v

i and 

v
j [9]. The closeness is the inverse of the average 

shortest-path length from the node v
i to all the other nodes, so 

the largest the value of closeness is the more convenient it is to 
reach that node. 

Betweenness Centrality

Betweenness Centrality is one of the most studied and applied 
measure of centrality [9]. According to this measure a node is 
more central if it is in position to mediate the interaction 
between other couples of nodes in the network, i.e. it lies on 
many shortest-paths connecting those nodes. The betweenness 
of a node v

i is defined as:

B i=∑ j≠k≠i
σ kj (i )/σ kj ,(4)

where σ
kj is the total number of shortest paths connecting the 

nodes v
k and v

j and σ
kj

(i ) is the number of shortest paths 

connecting v k and v
j passing through the node v

i .

Origin-Destination Betweenness Centrality

In transportation networks it is possible to modify the 
definition of betweenness centrality taking into account the 
fact that not every node is the origin or the destination of an 
actual path taking place on the network. If the information 
about the actual starting and ending points of paths on the 
network is available, it is possible to build a 
Origin-Destination matrix OD

ij whose elements are equal to 1 

if there are real paths going from v
i  to v

j  and equal to 0 

otherwise. Using this matrix we can define the 
Origin-Destination Betweenness Centrality as

B i
OD

=∑j≠k≠i
σkj (i )/σkj ODkj .(5)

In this way not all the shortest paths are considered in the 
calculation of betweenness centrality, but just those connecting 
the origin-destination nodes.

Random-Walks  Betweenness Centrality

In [12] Newmann proposed a new measure of centrality based 
on random walks over the network. The idea was to generalize 
the usual betwenness centrality taking into account the fact that 
other paths beside the shortest ones could be relevant in order 
to rank the nodes of a network. This new betweenness 
centrality is defined as:

B i
RW

=∑ j≠k≠i
r jk (i ) ,(6)

where r
jk

(i ) is the probability that a random-walk originated 

in v
k and absorbed in v

j will pass through the node v
i .

V.  DEPENDENCE MEASURES

When looking for correlations between measured variables, 
the most useful and used tool is the Pearson's Correlation 
Coefficient, that can assume values from −1 (the variables 
are linearly anti-correlated) to +1 (the variables are linearly 
correlated). While that coefficient is well-suited to identify 
linear correlations between variables, in some particular cases 
of non linear correlation it is likely to give wrong information. 
In those cases it is possible to use Mutual Information to 
measure the mutual dependence of two variables. For two 
continuous random variables X and Y with distributions 
p ( x ) and p ( y ) respectively, Mutual Information is defined as

I ( X,Y )=∫ dx∫ dy p ( x,y ) log
p (x,y )

p (x ) p ( y ) . (7)

In our analysis we are trying to study which network metric is 
the best in order to predict critical nodes (i.e. nodes with the 
highest numbers of safety events associated). For this reason 
we will use another measure that can be derived from Mutual 
Information if the Entropy of one of the two random variables 



is known, the Conditional Entropy. Given two random 
variables X and Y , defined as before, the conditional 
entropy H (Y∣X ) measure the quantity of information needed 
to describe the outcome of the variable Y given that the 

variable X is known. Its definition is

H (Y ∣X )=∫ dx∫ dy p ( x,y ) log
p ( x )

p ( x,y )
.(8)

This measure has the property of being equal to 0 if knowing 
the variable X completely determines the value of Y and is 
equal to the entropy of the variable Y if the two variables are 
independent. From the Mutual Information (7) and the Entropy 
of the variable H (Y ) it is straightforward to compute the 
conditional entropy using:

H (Y ∣X ) =H (Y )−I ( X,Y ) . (9)

VI.  THE NAVIGATION POINT NETWORK

Using the  traffic  data  it  is  possible  to  build  a  network 
using the navigation points crossed in each trajectory. Since 
we  intend  to  study  the  link  between  the  topology  of  such 
network and the occurrence of STCAs over the Rome FIR, we 
have  built  the  network  using  the  traffic  data  of  the 
corresponding  days  in  which  the  safety  events  have  been 
gathered.  Moreover  since  we  do  not  have  safety  events 
recorded outside the Rome FIR, we will restrict  to just  this 
airspace when looking for correlations between the events and 
the  features  of  the  network.  Even  though  the  analysis  is 
performed on a limited part of the European Airspace and on a 
limited timeframe, it can be easily extended to the larger parts 
of airspace.
In the following paragraphs we will present a study regarding 
the  Navigation  Point  Network  and  the  metrics  that  we are 
considering.  Note  that  since  the  network  is  embedded  in  a 
metric  space,  the  shortest  paths  are  computed  taking  into 
account  the  geographical  distance  between  the  nodes. 
Moreover  when  computing  the  random-walks  betweeness 
centrality,  the  weights  of  the  links  are  considered  for  the 
random walks so that the probability of jumping from a node 
to  another  one  is  proportional  to  the  weight  of  the  link 
connecting them. 
It is therefore possible to distinguish between metrics related 
to traffic,  i.e.  for  the computation of  which the information 
about how the traffic is deployed over the network is used, and 
metrics related just to the topology of the network, meaning 
that  no  information  about  the  traffic  over  the  network  is 
needed  to  compute  them.  Strength  and  Random-Walks 
Betweenness Centrality belong to the first class, while all the 
other metrics belong to the second one.
All the airports in the Italian airspace present in our traffic data 
have  been  used  for  the  computation  of  all  the  centrality 
measures based on shortest paths or random walks. Since the 
ASMT does not gather STCA events at low altitudes, airports 
will be discarded in the analysis for correlations.

VI.  NETWORK TOPOLOGY

The  Italian  Navigation  Point  Network  (in  Fig  1  there  is  a 
representation of this network over the Italian airspace)  is a 
spatially  embedded  and  low density  directed  network,  with 
792 nodes (including airports) and  2242 edges. About  16

% of the edges have been travelled in both directions by the 
flights present in our dataset, so the network can be considered 
directed. The spatial embedding of a network usually affects 
the topology and thus the distribution of the degree. In fact it 
does  not  present  a  scale-free  distribution,  but  a  rather 
exponential  distribution  (Fig.2a)  with  an  average  values 
〈k〉=5.87  and  the  average  shortest  path  length  (withouth 

considering the length of the links) is 3.98.  Considering the 
distribution of length of the links (Fig. 2b),  it  is shown that 
such distribution has a peak around a value of about 20 NM
(Nautical  Miles)  and  a  power-law  decay  after  the  peak, 
indicating that a large number of links are connecting nearby 
nodes even though it is possibile to have very distant nodes 
connected.  Since we weighted the links with the number of 
aircraft  that  have  travelled  from a  node  to  another   in  the 
considered time of our dataset,  strength is a measure of the 
traffic over a node in the network and it could be relevant to 
spot highly congested areas. In directed networks it is possible 
to define strength considering just links pointing to a node or 
links coming out of a node, in a similar way as it can be done 
with  the  degree  (defining  the  so  called  in-degree  and 
out-degree). We decided to measure strength according to eq. 
(1), i.e. considering every edge pointing to or coming out of 
each node, but the following results will be qualitatively the 
same with any other choice. The distribution of the strength is 
presented  in  Fig.  3.   This  distribution  has  an  exponential 
shape.  The  degree  and  the  strength have  been  found to  be 
highly correlated variables in many weighted networks. This 
network seems to does not  deviate from this rule since these 
two quantities are correlated, with a correlation coefficient of 
about  0.65  (TABLE 1), meaning that it is possible to have 
low degree nodes with a high traffic load and vice versa.

Fig. 1 Picture of the Italian Navigation Point Network, built using the traffic 
of the days of gathering of STCAs. The dimension of the nodes is 

proportional to their value of strength.



Fig 2a. Distribution of the degree of the nodes in semi-logarithmic scale . 

Fig 2b. Distribution of the length of the links measured in Nautical Miles, in 
the inset the tail of the distribution in logarithmic scale is presented.

Fig. 3 Distribution of the strength of the nodes in the Italian Nevigation 
Point Network. The ordinate axis is in logarithmic scale.

VII.  CENTRALITY METRICS

Fig.4  presents  the  distributions of  the centrality metrics 
considered in this paper, measured for the Italian Navigation 
Point Network. In each case, except for closeness centrality, 
the distributions show the same exponential  behavior  as the 
strength  distribution.  Closeness  centrality  instead  has  a 
completely  different  distribution:  it  appears  to  be  quite 
constant in a certain range of values, while outside such range 
it decays rapidly to zero. Moreover while the other centrality 
measures seem to be well correlated with one another and with 
the  other  canonical  metrics  (see  TABLE  1),  closeness 
centrality shows a definitely lower degree of correlation with 
them.

Fig. 4a Distributions of the Betweenness Centralityfor the Italian Navigation 
Point Network.

Fig. 4b Distributions of the Closeness Centrality for the Italian Navigation 
Point Network.



Fig. 4c. Distributions of the Origin-Destination Betweenness Centrality for 
the Italian Navigation Point Network.

Fig. 4d. Distributions of the -Random-Walks Betweenness Centrality for the 
Italian Navigation Point Network.

VIII.  EVENTS CORRELATIONS

Using  the  data  filtering  process  we  have  been  able  to 
assign  to  each  STCA  event  a  couple  of  aircraft  from  the 
database. Both the 3-dimensional position of both the aircraft 
involved and the time of occurrence of the event are stored by 
ASMT and thus are present in our dataset. Thus considering 
one STCA and one of the aircraft involved in the events, we 
can check if there  are  trajectories  compatible with it,  i.e.  if 
there are  aircraft  whose trajectory was not too far  from the 
point of occurrence at the time of occurrence. The trajectories 
stored by DDR have a temporal resolution of about 2 minutes 
and the typycal duration of an STCA is less than  1  minute. 
This means that in order to see if an aircraft is far or close to 
the  point  of  occurrence,  we have  to  linearly  interpolate  its 
position. 

TABLE 1. Correlation coefficients of various metrics measured on the 
Italian Navigation Point Network.

Degree Strength Between
ness

OD 
Between
ness

Closenes
s

RW 
Between
nes

Degree 1.0 0.65 0.73 0.80 0.20 0.70

Strength 0.65 1.0 0.60 0.75 0.31 0.80

Between
ness

0.73 0.60 1.0 0.67 0.40 0.74

OD 
Between
ness

0.80 0.75 0.67 1.0 0.25 0.66

Closenes
s

0.20 0.31 0.40 0.25 1.0 0.38

RW 
Between
ness

0.70 0.80 0.74 0.66 0.38 1.0

Considering the distance between the interpolated points and 
the point of occurrence of the event, we are able to rule out all 
the trajectories that are not compatible with it (the criteria used 
to rule out trajectories has been tested over a small dataset of 
STCAs for which the matching trajectories were known). If no 
compatible trajectories are found, the event is filtered out and 
considered  as  a  false  positive.  If  there  are  compatible 
trajectories, we choose among them the one with the smallest 
distance to the events.  At the end of the procedure we have 
been  able  to  match  750  STCAs  with  1307  distinct 
trajectories. Since we have matched a couple of trajectories to 
every  STCAs (those  that  have  not  been  filtered  out  in  the 
process), we are able to know where each aircraft of the couple 
was heading at the time the event occurred, i.e. we know from 
and  to  which  nodes  the  aircraft  was  going.  We  used  this 
information to  assign each event  to  a  node of  the network. 
Considering  one  of  the  aircraft  involved  in  a  STCA,  we 
measured the distance from the occurrence point of the event 
to the node where it was heading and to the node where it was 
coming from and we assign the event to the closest of these 
nodes. We repeat this procedure for all the aircraft involved in 
an STCA, thus we have defined a new metric for the nodes in 
the network that we will call the number of assigned STCAs, 
n

STCA .  In Fig. 5 the distribution of the distances from the 

assigned node of each aircraft is presented. This distribution is 
peaked around a value of about 20 NM , but after the peak it 
is slowly-dacaying as a consequence of the fact that sometimes 
aircraft are flying between two napoints very distant from each 
other.  Note  that  with this  procedure  we are  assigning  each 
STCA twice. The procedure could be repeated just considering 
one aircraft per STCA, but the results will be qualitatively the 
same as those presented. Since the events are gathered within 
the Rome FIR, we restricted the Navigation Point Network to 
this  airspace.  Since  the  network  is  rather  homogenous,  this 
restriction does not change qualitatively the distributions and 
correlations  of  metrics  presented  before,  even  though  the 
number of nodes and edges are reduced to  525  and  1393  
respectively.The  correlation  coefficents  between  the  same 
metrics  measured  for  the  Italian  Navigation  Point  Network, 



computed for the case of the Rome FIR network are shown in 
TABLE 2

Fig. 5 Distribution of the distances between the point of occurrence of an 
aircraft involved in an STCA and the node to which the event is assigned.

Fig.  6a presents  the  distribution  of  the  number  of  assigned 
STCAs for the nodes in the network. The distribution seems to 
have an exponential shape with average 〈n

STCA
〉≃ 2.55 . 

This exponential-like distribution implies that we have a large 
number of nodes that have no events assigned to them (about 
52 .8 % of the nodes within the Rome FIR). This fact could 

be the results of the paucity of the gathered data, due to the 
fact that the occurrence of a real STCA is a rare event.
While  the  assigned  number  of  STCAs is  a  measure  of  the 
frequence of occurrence of STCAs over a node in the network, 
we  can  rescale  the  same  quantity  with  the  strength  of  the 
corresponding node. In this way we obtain a new metric that is 
an  estimate  of  the  probability that  an aircraft  flying over  a 
certain  node  will  have  an  STCA with another  aircraft.  The 
distribution  of  this  metric,  that  we will  call  the  fraction  of 
conflicted aircraft over a node, is presented in Fig. 6b. Again 
the  shape  of  the  distribution  is  exponential-like,  with  an 
average value of 0.0013 .

Table 2 Correlation coefficiens between the metrics measured over the 
Rome FIR Navpoints Network.

#STCA Degree Strength Between
ness

OD 
Between
ness

Closeness

Degree 0.45 1.0 0.64 0.60 0.68 0.25

Strength 0.64 0.64 1.0 0.61 0.74 0.40

Betweenn
ess

0.58 0.60 0.62 1.0 0.91 0.41

OD 
Betweenn
ess

0.65 0.68 0.74 0.91 1.0 0.40

Closeness 0.37 0.25 0.40 0.41 0.40 1.0

RW 
Betweenn
ess

0.68 0.63 0.78 0.70 0.72 0.46

Fig. 6a Distribution of the assigned number of STCAs for the Rome FIR 
Navigation Point Network in semi-logarithmic scale.

Fig. 6b Distribution of the fraction of conflicted aircraft per node for the 
Rome FIR Navigation Point Network in semi-logarithmic scale.

In  TABLE  3  the  correlation  coefficients  between  all  the 
previously  presented  network  metrics  and  the  number  of 
assigned STCAs are shown. According to these measures, the 
number of assigned events it is correlated with all the metrics 
used, while  the  highest  correlations are  observed  for  the 
betweenness centrality  measures  and  strength.  All  the 
correlations  with  n

STCA where  tested  reassigning  randomly 

the events to the nodes in the network and verifying that the 
correlation  coeffcients  obtained  where  different  from  the 
normal  case.  For  each  metric  we  performed  1000  
reshufflings  and  measured  the  correlations  for  each 
reshuffling. In all the cases we found an average value for the 
correlation coefficient close to 0 and a standard deviation of 
about  0.046,  implying  that  all  the  correlations  previously 
observed are real. Moreover the p-value test has been made for 
all  the  correlations  presented.  All  the  values  found  were 
extremely close to 0.



In order to verify these results, we used the conditional entropy 
defined in (8). We chose to measure H (nstca∣x ) , where x is 

one of  the metrics, divided by the absolute entropy of n
STCA , 

so that this measure will be equal to 0 if knowing the metric 
x of a node completely defines the n

STCA of that node and 

equal to 1 if these two quantities are uncorrelated.

Table 3 Conditional entropy and correlation coefficents between the 
assigned number of STCAs and the metrics measured over the Rome FIR 
Navigation Point Network.

Degree Strength Between
ness

OD 
Between
ness

Closeness RW 
Between
ness

Corr. 
Coeff.

0.45 0.64 0.58 0.65 0.37 0.68

Cond. 
Entropy

0.78 +/- 
0.04

0.67 +/- 
0.04

0.79+/-
0.03

0.76 +/- 
0.04

0.80 +/- 
0.07

0.69 +/- 
0.04

In TABLE 3 are presented the measures of conditional entropy 
for all the metrics presented before. These measures confirms 
that strength and random-walks betweenness centrality are the 
most correlated  metrics  with  n

STCA ,  while  degree  and 

closeness centrality are the worst. In TABLE 4 the correlation 
between  the  fraction  of  conflicted  aircraft  and  all  the 
previously presented  metrics  are  shown. In  this case all  the 
metrics related to the traffic over the network are uncorrelated 
with this quantity (all the values of the correlation coefficient 
in TABLE 4 that  are  smaller  than  0.1 corresponds to high 
p-values), while a slight correlation can still be observed with 
quantities related just with the topology. This indicates that an 
high traffic load in a certain node of the network is correlated 
to a high frequency of STCAs, but the probability that a single 
aircraft incurs in an STCA is independent from the traffic load. 
On the other hand the slight correlation with the topological 
metrics (excluding the degree) indicates that this probability is 
influenced by the topology of the network.

Table 4 Conditional entropy and correlation coefficents between the fraction 
of conflicted aircraft and the metrics measured over the Rome FIR 
Navigation Point Network.

Degree Strength Between
ness

OD 
Between
ness

Closeness RW 
Between
ness

Corr. 
Coeff.

0.07 0.04 0.16 0.18 0.17 0.09

Cond. 
Entropy

0.88 +/- 
0.04

0.89 +/- 
0.04

0.86+/-
0.03

0.85 +/- 
0.04

0.83 +/- 
0.08

0.83 +/- 
0.04

IX.  CONCLUSIONS AND FINAL REMARKS

In this  paper  we have  presented  a  preliminary study of  the 
correlations  between  network  metrics,  measured  over  the 
Rome FIR Navigation Point Network and the occurrences of 
Short-Term Conflict  alerts  within the FIR.  The events have 
been associated to the nodes of the network using a filtering 
procedure and the correlations between the number of STCAs 
associated and some metrics associated to the nodes. The study 
showed  that  metrics  linked  to  the  basic  topology  of  the 

network (the degree of the nodes and their closeness centrality) 
were  the  less  correlated  metrics,  while  centrality  measures 
linked to the traffic and the strength of the nodes where more 
correlated. Metrics strongly correlated with STCAs could be 
relevant in the redesign of a safer airspace, being capable of 
indicating its critical spots.
We  found  that  a  good  correlation  between  the  classical 
network  metrics  and  the  safety  occurrences  have  been 
observed.  The  analysis  so  far  pointed  out  that  the  metrics 
linked to the deployment of the traffic load over the network 
seems to be  the most correlated  with the number of  events 
occurrend  on  a  node,  but  also  Betweenness  Centrality  and 
Origin-Destination Betwenneess Centrality (for the calculation 
of which less information about traffic is required) were well 
correlated  with  the  number  of  STCAs.  This  latter  fact  is 
probably a consequence of the correlation between these two 
measures of centrality and the strength of nodes, meaning that 
they are good indicators of the traffic load of nodes. According 
to this fact, the traffic load seems to be a crucial component of 
any future metric designed to identify the nodes of the network 
in which STCAs are more frequent. 
While the presented metrics are correlated with the number of 
assigned STCAs, the correlation with the fraction of conflicted 
aircraft, i.e. the number of STCAs divided by the strength of a 
node, are definetly lower. This indicates that an the probability 
that an aircraft travelling trhough a node in the  network incurs 
in a STCA is not depending on the traffic load of that node, 
but  our  measures  seem  to  indicate  that  other  topological 
properties might be relevant,  such as the way the main routes 
intersects each other over the navigation points.. It is probable 
that new and more sutied metrics are required to predict this 
quantity.
It is important to notice that our analysis presents two major 
limitations: it has been performed in a very limited part of the 
European  Airspace  and the number of  recorded  events  was 
small. In our opinion, a more global analysis performed in a 
larger  timeframe (in  order  to  increase  the number of  safety 
occurrences)  could help  to  clarify which are  the best-suited 
metrics to predict the critical areas of the airspace. Moreover 
we are just considering one of the multiple layers of the ATM 
system. We believe that similar studies about the criticalities 
extended  to  other  layers  of  the  ATM  system  could  be 
performed.
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