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Abstract—Software-defined systems revolutionized the man-
agement of hardware devices but introduced quality assurance
challenges that remain to be tackled. For example, software
defined networks (SDNs) became a key technology for the
prompt reconfigurations of network services in many sectors
including telecommunications, data centers, financial services,
cloud providers, and manufacturing industry. Unfortunately,
reconfigurations may lead to mistakes that compromise the
dependability of the provided services. In this paper, we focus on
the reconfigurations of network services in the satellite commu-
nication sector, and target security requirements, which are often
hard to verify; for example, although connectivity may function
properly, confidentiality may be broken by packets forwarded to
a wrong destination. We propose an approach for FIeld-based
Security Testing of SDN Configurations Updates (FISTS). First,
it probes the network before and after configuration updates.
Then, using the collected data, it relies on unsupervised machine
learning algorithms to prioritize the inspection of suspicious
node responses, after identifying the network nodes that likely
match across the two configurations. Our empirical evaluation
has been conducted with network data from simulated and real
SDN configuration updates for our industry partner, a world-
leading satellite operator. Our results show that, when combined
with K-Nearest Neighbour, FISTS leads to best results (up to
0.95 precision and 1.00 recall). Further, we demonstrated its
scalability.

Index Terms—Field-based testing, Security Testing, SDN, Up-
grades Testing

I. INTRODUCTION

Communication sectors, including satellite communication
(SATCOM [1]) and terrestrial telecommunication (TELCO),
are critical for our daily life and thus need to continuously
evolve to enable new services for demanding customers while
containing costs. Example SATCOM services include fast
internet for aviation [2], navy [3], and land [4], disaster
recovery [5], connection of remote communities [6], DTH
broadcasting [7], IoT connectivity [8].

What enables the delivery of high-quality (e.g., high speed,
low delay) services over an infrastructure that is costly to
grow (e.g., because of costs related to satellite deployment) is
the quick reconfiguration of the infrastructure, which enables
reusing components (e.g., satellites) for different purposes. In
the communication sector, a key technology to achieve such
reconfiguration capabilities are Software Defined Networks
(SDNs). This is the case for our industry partner SES, one
of the world leading satellite operators.
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SDNs enable dynamic and programmatic network config-
uration. They disassociate the delivery of network packets
(data plane) from the routing process (control plane). Specifi-
cally, SATCOM companies rely on software-defined wide area
networks (SD-WAN), which means that SDN concepts are
adopted to reconfigure a Wide Area Network (WAN).

In SDN-WANs, re-configurations are frequent; they may
concern both the control and the application plane [9], [10].
Unfortunately, the presence of multiple applications (e.g., fire-
wall, router) interacting with the data packets flowing through
the SDN may lead to inconsistent or conflicting configurations,
as reported in empirical studies [11], [12]. We refer to such
situations with the generic term of SDN misconfigurations.
Although misconfigurations may break several types of system
requirements (e.g., functional, security, robustness), in this
paper we focus on non-functional requirements, specifically,
security requirements, because they are subtle to detect. In-
deed, while violations of functional requirements might be
easily discovered (e.g., the service is not delivered), violations
of security requirements may not have any visible effect.
For example, a packet might be routed through an unsecure
component before correctly reaching the final destination thus
violating confidentiality requirements without triggering any
alarm.

Other sectors embraced the transition to software-defined
systems only recently (e.g., software-defined vehicles [13]),
and thus may be affected by the challenges introduced by
simplified reconfigurations in the coming future.

Ensuring that SDN configurations match service require-
ments is a well-known engineering problem. According to
a recent survey, most of the approaches targeting such ob-
jective rely on model-based verification [14]. They either
rely on model-checking strategies to identify conflicts (e.g.,
NICE [15]) or derive inputs from an SDN configuration model
to test if the SDN leads to the expected outcomes (e.g.,
TASTE [16], ATPG [17], and BUZZ [18]). The main limitation
of such approaches is that they rely on a model of the intended
SDN configuration, which should be either manually produced
by an engineer or derived from the configurations provided
to the SDN management software. Both these two cases are
expensive, indeed the first implies that engineers manually pro-
duce a model, which is time consuming, the second implies the
development of a tool that is tightly integrated with the SDN
management software (e.g., OpenDaylight [19]), which is hard
to achieve because, in industry, SDN management software
is often proprietary (e.g., Versa Secure SD-WAN [20]) and
not developed by the company delivering services. Further,
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companies often change software supplier based on business
decisions thus making in-house development of such tools
financially unviable as it requires R&D expertise, often off-
loaded to other stakeholders.

Testing approaches not relying on SDN models might
be more applicable, in practice. Such approaches are often
referred in the literature as fuzz testing approaches or fuzzers.
Known SDN fuzzers are DELTA [21] and BEADS [22], but
they aim at identifying faults in SDN applications or SDN
control plane components, not detecting misconfigurations.
Testing SDN components, is typically out of the interests of
service providers who rely on third party suppliers that provide
contractual guarantees about the security of the SDN com-
ponents in use. Alternatively, field-based testing approaches
enable testing systems deployed in the production environ-
ment [23] and, therefore, enable configuration testing. How-
ever, the number of field-based testing techniques targeting
software security is limited, seven out of 80 papers appearing
in a recent survey [23]. Further, they test the security of a
single service, not the whole SDN system. To summarize, the
automated identification of SDN misconfigurations leading to
security issues remains an open problem.

We propose FIeld-based Security Testing of SDN Config-
urations Updates (FISTS), a field-based testing approach that
works in four steps. In the first step, we scan the SDN network,
before and after a configuration change, with a predefined
set of data packets (e.g., the ones generated by the NMAP
security scanner [24]) and collect response data to determine
the state (e.g., open ports) of the reachable hosts1. In the
second step, we automatically match the hosts identified with
the two network scans (e.g., a same host changed IP) to
determine changes in their state. In the third step, we prioritize
the inspection of the scanned hosts by leveraging the results
of anomaly detection algorithms. Specifically, our approach
can leverage well known anomaly detection algorithms such
as isolation forest [25] and local outlier factor [26]; further,
we propose two solutions for the prioritization of anomalies
that are based on KNN [27], HAC [28] and k-means [29]. As
a result, the prioritized list includes items likely affected by
vulnerabilities on top; note that in this context, a vulnerability
is a specific host state (e.g., port 8080 is reachable) due to an
SDN misconfiguration (e.g., a stateful firewall SDN applica-
tion had not been set up). In the fourth step, engineers inspect
the prioritized list of hosts and stops when the list does not
present any more vulnerabilities; we empirically determined a
threshold for the number of consecutive false positives to be
observed before stopping. Alternatively, engineers can inspect
all the hosts in the prioritized order, to avoid missing any
vulnerability, but prioritizing the inspection of vulnerable ones.

We conducted an empirical assessment with different
datasets of network updates to determine the best configuration
for FISTS by comparing results achieved with and without
pruning, along with different anomaly detection algorithms.

1We use the term host to refer to a generic machine on the network, whether
it is a server, router, switch, or end-user terminal.

Further, we demonstrate the accuracy of our host matching
component. Last, we report on the scalability of our net-
work scanning method, and the selected anomaly detection
algorithms, by reporting on the time required to monitor and
process 400 network nodes.

To summarize, our contributions are:
• FISTS, the first approach for field-based testing of se-

curity properties that combines network scanning and
anomaly detection; the approach presents two modalities,
one to support the inspection of a subset of hosts only,
one to inspect all the hosts.

• SKNN, an approach for the prioritization of anomalies
based on the KNN algorithm;

• An approach for the prioritization of anomalies based on
clustering algorithms, which has been applied to HAC
(hereafter, SHAC) and K-means (hereafter, SKM);

• An extensive empirical evaluation conducted on 220
datasets with synthetic and real data.

This paper proceeds as follows: Section II introduces back-
ground and related work. Section III describes the proposed
approach. Section IV reports on the results of our empirical
assessment. Section V concludes the paper.

II. BACKGROUND AND RELATED WORK

By identifying anomalies in network data, we aim at
detecting configuration updates that are faulty and, conse-
quently, introduce vulnerabilities. In this section, we present
related (verification of SDN configuration) and background
approaches (network scanning with NMAP, data clustering,
and anomaly detection).

A. Verification of SDN configurations

Approaches for the verification of SDN configurations rely
on either model analysis or testing [14], as explained below.

Model-based approaches can be used to verify that SDN
systems implement the provided configuration either by re-
lying on model-checking strategies to identify conflicts [14].
For example, Saied et al. automatically detect and correct
misconfigurations in SDN switches [30]. Initially, they collect
configuration data to construct formal models representing
both intended and actual network behaviors using network
switch flows. Then, they rely on model checking to identify
discrepancies between these models, assess their impact, and
align actual operations with intended configurations. Sadauoi
et al., detect misconfiguration in OpenFlow flow rules utilizing
a flow table decision diagram (FtDD) created from the flow
rules of all the switches on the network [31]. They parse all
possible paths that a packet could take in the given network
topology to detect conflicting rules. Another approach relies
on flow rules to create a binary decision diagram (BDD) that
is processed by relying on Computational Tree Logic (CTL)
queries to detect intra-rule misconfigurations [32]. Pan et al.,
instead, present a dedicated algorithm that relies on intervals
derived from flow rules to check for redundant rules and
minimize the total number of rules [33]. Le Brun et al., instead,
automatically derive inputs (e.g., network packets) from the



configuration itself (e.g., to request a whitelisted URL) to test
if the SDN leads to the expected outcomes (e.g., URL can be
accessed) [16].

The main limitation of the approaches above is that they rely
on a model of the system, which should be either manually
produced by the engineer or derived from the configurations
provided to the SDN software. Both cases are expensive,
indeed, the former directly requires engineers to produce a
model, the latter requires the tool to be tightly integrated with
the SDN software (e.g., it should process the proprietary for-
mat of commercial tools such as Versa [20]); such integration
might be expensive to maintain. In addition to that, a problem
that may affect model-based verification approaches relying on
model checking is that they require detailed modelling of the
system (what is not modelled is not tested) and furthermore,
may not detect problems visible only when the system is
executed (e.g., because of delays during transmission).

Because of the above, automated testing approaches not
relying on SDN modelling might be more adequate to address
our problem. In the context of SDN testing, researchers
have explored the use of fuzz testing [34], which led to the
development of DELTA [21], BEADS [35], FragScapy [36],
and AFLNET [37]. Although such fuzzers do not directly
address the problem of testing SDN misconfigurations, they
might be leveraged to generate traffic in place of NMAP.
DELTA generates anomalous traffic by altering valid data
packets. Most of the vulnerabilities detected by DELTA result
from the modification of control flow messages, which is out of
scope for our project; however, DELTA includes a Host agent
that is useful for launching some attacks initiated by hosts (it
generates network flows by creating new TCP connections or
by using existing utilities, such as Tcpreplay). BEADS aims at
discovering failures that may be triggered by the presence of
malicious SDN components (applications or controllers) and
therefore its applicability is out of scope since, as mentioned in
the Introduction section, SATCOM providers assume that all
the components installed on a SATCOM SDNs can be trusted
and they are not interested in testing them. For the same rea-
son, approaches for the identification of adversarial data planes
are out of scope as well [38]. FragScapy is a command-line
tool that can be used to generate ’fragroute-like’ tests using
Scapy [39]. FragScapy is useful to collect network data that
can’t be collected by NMAP in the presence of firewalls, but,
alone, does not enable detecting misconfigurations. AFLNet
targets implementations of network protocols thus targeting a
problem different than ours.

In addition to FragScapy, other tools can generate test
traffic and might be considered in the future to comple-
ment NMAP in FISTS; we describe them in the following.
ATPG [40] generates packets to test network availability and
verify packet latency along with the consistency of the data
plane with respect to configuration specifications; BUZZ [41]
focuses on policy implementations; Monocle [42] checks
inconsistencies in the data plane; sPing [43] relies on packet
injection to discover network loops, black holes, and link
layer information; RuleScope [44] inspects SDN forwarding;

TABLE I: Port states determined by Nmap.

Port State Scan Type Description
Open All An application is actively accepting TCP con-

nections, UDP datagrams, or SCTP associa-
tions on this port.

Closed All The port is accessible (it receives and re-
sponds to Nmap), but there is no application
listening on it.

Filtered All NMAP cannot determine whether the port is
open because packet filtering (e.g., firewall)
prevents responses to reach NMAP.

Unfiltered ACK The port is accessible, but Nmap is unable to
determine whether it is open or closed

Open|Filtered UDP, IP,
FIN, NULL,
Xmas

NMAP is unable to determine whether a port
is open or filtered because the selected scan
type does not enable getting any response
from the port.

Closed|Filtered IP ID idle NMAP is unable to determine whether the
port is closed or filtered.

SDN traceroute [45] is a packet-tracing tool for measuring
paths in SDN networks; sTrace [46] is a packet-tracing tool
for large, multi-domain SDN networks; FLOWGUARD [47]
detects firewall policy violations; Libra [48] detects loops,
black holes, and other reachability failures; HSA (Header
Space Analysis) [49] is a protocol-agnostic framework to
identify reachability failures, forwarding loops, and traffic
isolation; FlowTest and GraphPlan [50] tackle stateful and
dynamic data plane functions (DPFs), and policy requirements.
To conclude, testing approaches aim to detect problems that
are complementary to our (e.g., high latency, network loops);
however, some of them might be leveraged to collect additional
data to extend FISTS in the future. Feasible options include
FragScapy to complement NMAP limitations, and collect
latency data for anomaly detection; however, NMAP remains
the best choice for monitoring available ports.

B. Network Scanning with NMAP

Network Mapper (NMAP) is an open-source network scan-
ning tool, which is the industry-wide standard for explor-
ing networks. NMAP offers various scanning techniques and
strategies which enable professionals to discover network hosts
and identify running services. For every scanned host, NMAP
reports the state of the probed ports; the possible cases are
shown in Table I.

Since service providers (e.g., SATCOM companies) may
rely on proprietary SDN protocols that may change over time,
we test the SDN in a black-box manner. Specifically, we do not
rely on the NMAP options for OpenFlow (e.g., openflow-info
script).

C. Data clustering

Data clustering involves the partitioning of a dataset into
groups, or clusters, based on the similarity among the data
points within each group [51]–[53]. Clustering algorithms
differ for the strategy adopted to partition the dataset; their
performance depends on the characteristics of the dataset [52].
Among traditional clustering algorithms [54], hierarchical al-
gorithms (e.g., HAC [28] and BIRCH [55]) perform well when
clusters have a tree-shaped form, partition-based algorithms
(e.g., K-means [29] and PAM [56]) assume that clusters have



the form of hyper-spheres, density-based algorithms (e.g.,
DBSCAN [57], OPTICS [58], and Mean Shift [59]) do not
make assumptions on the clustering shape but assume that
points belonging to a same dense region belong to the same
cluster. Below, we detail the approaches considered in this
paper (i.e., HAC and K-means).

Hierarchical agglomerative clustering (HAC) is a bottom
up approach in which each data point starts in its own
cluster; it iteratively merges pairs of clusters thus producing
a dendrogram. The input of HAC is a matrix capturing the
distance between every pair of data point. Grouping aims at
minimizing one objective function; in our work we rely on
the ward linkage method, which minimizes the variance of
the clusters being merged [60].

K-means is the most popular clustering algorithm; it works
by iteratively assigning data points to the nearest cluster
centroid and recalculating the centroids until convergence. The
objective is to minimize the within-cluster sum of squares,
making data points within the same cluster as similar as
possible while maximizing dissimilarity between clusters.

Both HAC and K-means do not automatically determine
how many clusters should be generated. To determine the
number of clusters that best separate our dataset we rely
on Silhouette analysis [61], which is a state-of-the-practice
solution for this purpose. Precisely, we execute our clustering
algorithms multiple times, with a number of clusters ranging
from 2 to N (in our experiments we set N to 50). According
to Silhouette analysis we select the clustering output having
the largest number of clusters with a max Silhouette coeffi-
cient above the Silhouette score. The Silhouette coefficient is
computed for every data point in a cluster as the difference
between the average distance from the data points within a
cluster and the data points in the closest cluster normalized
by the largest of the two. The Silhouette score is the average
Silhouette index across all the datapoints in a cluster.

D. Anomaly detection

Anomaly detection refers to the process of identifying
and flagging data points that significantly differ from the
expected or normal behavior within a given dataset [62],
[63]. Specifically, we aim to identify outliers within tabular
data. A recent survey classifies fundamental outlier detection
approaches into nearest-neighbor-based, projection-based, and
clustering-based [63]. In this paper, we consider one repre-
sentative for each category, which are Local Outlier Factor
(LOF) [26] and Isolation Forest (IF) [64], for the first two
categories. We selected these two algorithms because they are
accurate (as reported in the survey) and largely adopted by data
analysts (e.g., included in well-known libraries). Clustering-
based methods, instead, rely on popular clustering algorithms
(e.g., k-means, see Section II-C) but differ for their rationales,
which are: (a) anomalies do not belong to any cluster, (b)
anomalies are away from the cluster centroids, (c) anomalies
belong to small or sparse clusters [62], [63]. In Section III-D,
we introduce two approaches (SKM and SHAC) that rely on
(c).

Below, we describe the state-of-the-art anomaly detection
approaches that we selected for FISTS.

IF is a powerful method for anomaly detection in high-
dimensional datasets. It is based on the intuition that anomalies
are often isolated from the majority of data points and can,
therefore, be identified quicker. The IF algorithm constructs
a binary tree-like structure known as an Isolation Tree by
randomly selecting features and splitting the data at random
values within those features. This partitioning process is re-
peated recursively until each data point is isolated within a leaf
or all the data points in a leaf have the same values. Anomalies
are then identified as those data points that require fewer
splits to isolate, making IF particularly effective at detecting
outliers or anomalies within complex and high-dimensional
datasets. This algorithm has gained popularity for its speed
and accuracy in anomaly detection tasks, making it a valuable
tool in various domains, including fraud detection, network
security, and quality control.

K-Nearest Neighbor (KNN) is a machine learning algorithm
used for both classification and anomaly detection; it is the
building block for LOF. In KNN, the K represents the number
of nearest neighbors to consider when making a prediction for
a new data point. The fundamental idea behind KNN is that
data points are similar to those in their proximity. The appli-
cation of KNN principles to anomaly detection led to different
approaches. One approach, for example, consists of identifying
as anomalous those data points with a Kth neighbour having a
distance above a threshold d [65]; another approach identifies
as anomalous the N points having the largest distance from the
Kth neighbour [27]. However, the former approach requires
the identification of an ideal threshold, which might be difficult
to achieve; the latter, does not take into account the local
density of the neighbourhood (e.g., Kth neighbour might be far
away but the others not). LOF, instead, adopts a density-based
approach, considering the local neighborhood density of each
data point. It leverages the concept of KNN to assess local
density but, different from the approaches described above,
computes an anomaly score as the average of the distances of
a point from its K nearest neighbours. The anomaly score
computed by the LOF algorithm quantifies how isolated a
point is within its immediate surroundings. Low anomaly score
values indicate that a data point is similar in density to its
neighbors, while high LOF values signify that a point belongs
to a less dense neighbourhood and, likely, is an outlier. In its
default configuration, LOF reports as anomalous those data
points with an anomaly score above 1.5.

Future work includes extending FISTS with additional algo-
rithms such as One-Class Support Vector Machines (OCSVM)
[66], or Cluster-Based Local Outlier Factor (CBLOF) [67].
Additionally, semi-supervised algorithms might be considered
to take advantage of long-term deployments or feedback-based
detection [63].

III. PROPOSED APPROACH: FISTS

FISTS relies on the intuition that security vulnerabilities
induced by an SDN configuration change (hereafter, SDN



reconfiguration) might be detected by identifying port state
changes that look anomalous if compared to the other port state
changes. FISTS implements a field-based testing approach that
probes the network before and after an SDN reconfiguration
to determine port states, and then, after identifying port state
changes, even in the presence of re-assigned IP and MAC
addresses, executes anomaly detection algorithms to determine
the vulnerable changes that affect specific hosts.

FISTS can detect reconfigurations leading to security vul-
nerabilities due to erroneous port states including the one
exemplified in Fig. 1 (see Section IV-A for other cases). The
original SDN configuration shows a Server Message Block
(SMB) server (operates on port 445) connected to switch 3
and a high-priority flow rule on switch 2 that, to increase
confidentiality by reaching only the subnet with the SMB
server, forwards all traffic for port 445 to switch 3. In an
update, the engineers move the SMB server to a dedicated
switch (i.e., switch 6) but forget to update the rule on switch 2
to forward SMB traffic to the new destination switch 6 instead
of switch 3. Consequently, all the traffic for the SMB server is
routed to the wrong subnet, which poses serious confidentiality
issues even if packets may be re-routed to reach switch 6 (not
shown in the picture). Note that Fig. 1 assumes proactive SDN
flows (i.e., packets flow is preconfigured); although reactive
SDN flows (i.e., rules are created as packets come into the
switch) may prevent such mistakes, they cannot be used in
several context (e.g., because of confidentiality requirements
preventing the free routing of packets).

FISTS works in four steps, depicted in Fig.1 and described
below. Note that both Step 1 and Step 2 are performed twice,
before and after an SDN reconfiguration.

A. FISTS Steps 1 and 2: Traffic Generation and Response
Monitoring

In Step 1, FISTS generates network traffic for reconnais-
sance purposes, the responses generated by the hosts in the
network are collected in Step 2 and processed to produce
information about the port states of each host in the network.
Our current implementation of FISTS relies on NMAP for
both Step 1 and Step 2 because NMAP can generate data
for network reconnaissance (i.e., FISTS Step 1) and produces
scan result files in XML format (i.e., FISTS Step 2). We rely
on NMAP TCP SYN and UDP scans. However, other tools
might be integrated in the future to extend our capabilities; for
example, we may rely on FragScapy [36] to collect additional
information masked by stateful firewalls. At a high-level, the
result of Step 2 is a dataset where each data entry provides
the following information for one host in the network:
• MAC address
• IP address
• for all the ports,

– whether they are UDP or TCP
– if they are in one of the following states: Open, Closed,

Filtered, Open|Filtered
Tables II and III provide examples of data entries collected

for the two configurations appearing in Fig. 1. To enable

anomaly detection, features should be consistent across entries;
hence, for every port, we capture information for both the TCP
and the UDP protocol as separate features (i.e., columns).

B. FISTS Step 3: Host Matching and Comparison

In Step 3, the Host Matching and Comparison (HMC)
module processes the data collected before (by Step 2’) and
after (by Step 2”) a reconfiguration to (1) determine what data
entries belong to a same host in the two configurations and
(2) determine what are the port state changes for each host.

Determining what data entries belong to a same host is
necessary because SDN reconfigurations may change the IP
or MAC address of one host (e.g., a server) without changing
anything else. Not noticing hosts with addresses being changed
may lead to incorrect identification of port state changes. For
example, in Fig. 1, the IP of the SMB server may change
from 10.0.1.12 to 10.0.2.10 (MAC address remains the same);
without noticing that the SMB sever has been simply moved
to another IP address, FISTS may interpret all the open ports
(e.g., 445) of IP 10.0.1.12 as becoming closed and port 445
of IP 10.0.2.10 as becoming filtered, which may misguide the
FISTS anomaly detection algorithm used in Step 5 or the end-
user processing FISTS results. Similarly, a host with a Web
server has been moved from IP 10.0.1.11 to IP 10.0.1.111,
without noticing that the host is likely the same, we may
interpret all the ports of IP 10.0.1.11 as becoming closed and
port 8080 of IP 10.0.1.111 as becoming open, which may lead
to false positives (e.g., such bulk changes of port states may
be reported as anomalous by an anomaly detection algorithm).

Since hosts with a change in their IP or MAC address may
also present changes in their port states (e.g., the SMB server
in our running example); it is not possible to simply look
at matching port states to identify the hosts assigned to a
different IP or MAC address. Therefore, we have developed a
dedicated greedy algorithm; its pseudo-code appears in Fig. 2.
Our matching algorithm performs n×m comparisons between
the n data entries from the initial configuration and the m
data entries from the updated configuration (Lines 41 and 3 in
Fig. 2). For each data entry pair, it determines if the IP, MAC
address, and state of each port match (Lines 4 to 17). Such
information is used to assign a matching score to each pair,
as follows:
matching score = score ip+ score mac+ score ports

The value of score ip is set to 0.2 when two IPs match,
otherwise it is set to 0. The value of score mac is set to
0.2 when MAC addresses match, otherwise it is set to 0. The
value of score ports is computed by considering all the ports
reported as not closed in at least one the two entries, and
by multiplying the proportion of matching port states by 0.6.
The algorithm then sorts all the pairs based on their matching
score (Line 23) and stores the matched pairs till all the IPs in
the two datasets had been considered (Lines 25 to 35). Our
choice for the values assigned to score ip, score mac, and
score ports enables ensuring that a host that, in the updated
configuration, changes IP or MAC and a limited subset of
its ports is still matched with the correct entry in the initial
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Fig. 1: Overview of FISTS. It shows FISTS steps along with example outputs. The left side shows a network being tested by
FISTS before and after reconfiguration. The NSCR output is exemplified by the provided table.

TABLE II: Example execution data collected by NMAP for an initial configuration (O: open, C: closed)

IP MAC tcp Port 22 udp Port 22 tcp Port 123 udp Port 123 tcp Port 445 ... tcp Port 8080 udp Port 8080
10.0.1.56 00:1A:2B:3C:4D:5E C C C O C ... C C
10.0.1.12 08:15:23:42:67:94 C C C C O ... C C
10.0.1.11 2A:9F:C7:0E:3D:81 C C C C C ... O C
10.0.3.10 5C:73:2F:A1:6E:B0 O C C C C ... C C

TABLE III: Example execution data collected by NMAP for an updated configuration

IP MAC tcp Port 22 udp Port 22 tcp Port 123 udp Port 123 tcp Port 445 ... tcp Port 8080 udp Port 8080
10.0.1.56 00:1A:2B:3C:4D:5E C C C C C ... C C
10.0.2.10 08:15:23:42:67:94 C C C C F ... C C
10.0.1.111 2A:9F:C7:0E:3D:81 C C C C C ... O C
10.0.3.10 5C:73:2F:A1:6E:B0 O C C C C ... C C

TABLE IV: Example of NSCR state changes

Initial Updated Label
Closed Open ClosedToOpen
Open Closed OpenToClosed

Open|Filtered Closed OpenFilteredToClosed

configuration. Unmatched IPs correspond to hosts being added
or removed from the network and are thus matched with a
generated entry having null IP (Lines 36 to 45).

Our matching algorithm leads to pairs of IPs, each modeling
a single host. They are used by FISTS to construct, using the
execution data collected by Step 3, a table, called Network
State Change Report (NSCR), that reports, for each host, its
port state changes. In the NSCR, each port state change is
captured by a label that joins the name of the port state in
the initial and the updated configuration for the selected port;
Table IV shows a few examples of how port state change
labels are generated from specific port states in the initial and
updated configuration. In total, we have 16 different label (i.e.,
4 labels for the initial state times 4 labels for the updated

state). An example NSCR is shown in Fig.1, each column
contains information about the state change observed for one
port working with a specific protocol (UDP or TCP). Please
note that we also track ports that do not change their state
(e.g., tcp Port 445 in the first row of Fig.1’s table, labeled as
ClosedToClosed).

In the presence of firewalls, port scanning with NMAP
will lead to most or all ports being shown as filtered (see
Table I). However, this behavior does not compromise the
applicability of FISTS. Indeed, service providers testing their
own infrastructure can configure scanning nodes appropriately,
if needed. For example, in the presence of firewalls that prevent
responses from subnets, if the scanning node is on the WAN,
NMAP will report that all the subnet nodes have filtered ports;
however, if after a configuration change, a subnet provides
access from WAN to an SMB server on 8080, FISTS will
report FilteredToOpen, which is a state change (note that with-
out a firewall we would observe ClosedToOpen), which may
still enable anomaly detection. If access to some services of a
given private subnet is provided only to other private subnets,



Require: DS initial , data set collected from the initial SDN configuration
Require: DSupdated , data set collected from the updated SDN configuration
Ensure: MATCH , a table whose rows contain the values of two matching entries

from DS initial and DSupdated , plus a match score
▷Compute a matching score for all the possible pairs of entries

1: scored ← empty list
2: for en in initial configuration set do
3: for em in updated configuration set do
4: if IP address of en and em match then
5: score ip ← 0.2
6: end if
7: if MAC address of en and em match then
8: score mac ← 0.2
9: end if

▷Compute score ports
10: matches ← 0
11: ports ← 0
12: for any port p being not closed in either en and em do
13: ports ← ports + 1
14: if state of port p in en and em match then
15: matches ← matches + 1
16: end if
17: end for
18: score ports ← matches

ports ∗ 0.6
▷Score of the entry pair

19: matching score ← score ip + score mac + score port
20: scored ← scored ∪ ⟨en.IP, em.IP,matching score⟩
21: end for
22: end for
23: sort scored based on score
24: MATCH ← empty set
25: for ⟨en.IP, em.IP,matching score⟩ in scored do

▷Check if en is not already matching another entry
26: if en.IP in assigned initial then
27: continue
28: end if

▷Check if em is not already matching another entry
29: if em.IP in assigned updated then
30: continue
31: end if

▷Add the matching pair to MATCH
32: MATCH ← MATCH ∪ ⟨en.IP, em.IP,matching score⟩

▷Update the list of processed IPs
33: assigned initial ← assigned initial ∪ en.IP
34: assigned updated ← assigned updated ∪ em.IP
35: end for
36: for en in initial configuration set do
37: if en.IP not in assigned initial then
38: MATCH ← MATCH ∪ ⟨en.IP, null IP, 1.0⟩
39: end if
40: end for
41: for em in updated configuration set do
42: if em.IP not in assigned updated then
43: MATCH ← MATCH ∪ ⟨null IP, en.IP, 1.0⟩
44: end if
45: end for

Fig. 2: FISTS’s host matching algorithm.

multiple scanning nodes might be used (e.g., one per subnet).
Further, approaches relying on packet fragmentation such as
hping [68], FragScapy [36], and some NMAP extensions [69]
enable port scanning in the presence of firewalls and can be
integrated into FISTS.

C. FISTS Step 4: Preprocessing

In Step 4, the NSCR is preprocessed to enable the applica-
tion of anomaly detection algorithms. Indeed, such algorithms
usually work with numerical data while NSCR entries contain
textual categorical data. To transform our data, we cannot
apply integer encoding (i.e., replace each unique category
label with an integer) because it would introduce an arbitrary
ordering across labels (e.g., ’OpenToClosed’ being closer to
’OpenToFiltered’ than to ’ClosedToOpen)’, which is a bad

practice [70]; therefore, we apply one-hot encoding. Since one-
hot encoding replaces each column with a number of boolean
columns matching the number of distinct possible values, we
derive 16 columns for each TCP and UDP port column.

In Step 4, FISTS may also perform an additional, optional,
task, which consists of pruning entries that do not present
any change in their state. Our intuition is that reconfigurations
not introducing any change in the port states of a host unlikely
introduce a vulnerability affecting such host because the set of
open, filtered, and closed ports remains the same, and thus the
host works as in the previous configuration. Instead, keeping
such entries may increase the likelihood of false positives; for
example, in the presence of several hosts without port state
changes, Isolation Forest may create several trees where all
the sampled data entries match, have a minimal distance from
the root, and are thus erroneously reported as anomalous.

D. FISTS Step 5: Vulnerability Prioritization

In Step 5, FISTS sort all the entries in the NSCR according
to their likelihood of being affected by a vulnerable con-
figuration, such likelihood is captured by an anomaly score
generated by an anomaly detection algorithm. An example
output is shown in Table V.

Our key intuition is that the prioritization of all the hosts
enables the definition of a human-in-the-loop process that
overcomes the limitations of existing anomaly detection ap-
proaches relying on predefined thresholds. Indeed, existing
anomaly detection approaches select a subset of data entries
as anomalous based on some arbitrary thresholds, which are
defined either for the distance between dataset features [27] or
for the generated anomaly scores [26], [64]. However, since
features may change from context to context (e.g., different
SATCOM providers may change different sets of ports in
different SDN reconfigurations), thresholds that are successful
in one case study may not work with others. Instead, it would
be better to enable the end-user stop inspecting anomalous
hosts when there is evidence that what reported by FISTS does
not help discovering vulnerabilities; we achieve such objective
by using as stopping condition (SC) the number of consecutive
false positives (CFP) observed, if FP ≥ SC the engineer can
stop inspecting hosts.

By relying on the number of consecutive false positives as a
stopping condition, unlike related work, we do not assume that
anomalies might be identified with the same distance thresh-
olds in different case study subjects, but we look for evidence
that hosts with an anomaly score below a certain value aren’t
vulnerable, which is achieved by verifying that there are SC
consecutive false positives. In our empirical evaluation, we
assess the performance of different configurations of FISTS,
with different SCs.

We call the approach above FISTS hosts selection and it has
the objective of reducing SDN maintenance costs by enabling
engineers to inspect only a subset of the potentially vulnerable
hosts. However, companies delivering critical services may
require their engineers to inspect all the hosts, to ensure the
absence of any vulnerability. In such case, engineers should



TABLE V: Prioritized NCSR report example

IP’ IP” tcp Port 22 udp Port 22 tcp Port 445 udp Port 445 tcp Port 8080 ... udp Port 5674 Anomaly Score
10.0.1.12 10.0.2.10 ClosedToClosed ClosedToClosed OpenToFiltered ClosedToClosed ClosedToClosed ... ClosedToClosed 0.97
10.0.1.22 10.0.1.22 ClosedToClosed ClosedToClosed ClosedToClosed ClosedToClosed ClosedToClosed ... OpenToFiltered 0.93
10.0.1.56 10.0.1.56 ClosedToClosed ClosedToClosed ClosedToClosed ClosedToClosed ClosedToClosed ... ClosedToClosed 0.82
10.0.3.10 10.0.3.10 ClosedToClosed ClosedToClosed ClosedToClosed ClosedToClosed ClosedToClosed ... ClosedToClosed 0.77

... ... ... ... ... ... ... ... ... ...
10.0.1.11 10.0.1.111 ClosedToClosed ClosedToClosed ClosedToClosed ClosedToClosed OpenToOpen ... ClosedToClosed 0.39

inspect all the hosts in the order provided by FISTS, we call
such approach hosts prioritization. When applied for hosts
prioritization, FISTS should enable engineers identify all the
vulnerable hosts at the beginning of their investigation, thus
minimizing the time required to discover and fix vulnerabili-
ties.

To sort NSCR hosts, FISTS should rely on anomaly de-
tection algorithms producing an anomaly score that can be
used for prioritization. Unfortunately, well-known algorithms
for anomaly detection (i.e., IF and LOF) select a subset of
dataset entries as anomalous instead of sorting dataset entries
according to their likelihood of being anomalous. However,
internally, they rely on an anomaly score to sort dataset
entries and then select the ones with the highest anomaly
score; therefore, we defined two approaches that rely on such
internal information. We call Sorted Isolation Forest (SIF) our
approach relying on the anomaly score generated by the IF
algorithm. We call Sorted KNN (SKNN), the algorithm that
sorts dataset entries based on the anomaly score computed
by LOF, which consists of the average pairwise distance
computed using a KNN approach.

Although effective, IF and LOF aren’t the only approaches
capable of extracting anomaly information from a dataset. Pre-
cisely, since some vulnerabilities may present similar effects
(i.e., they lead to the same port changes), we believe that clus-
tering algorithms can detect hosts with similar changes, and
thus enable the detection of hosts with similar vulnerabilities.
However, clustering algorithms do not sort data entries; but
vulnerable configurations tend to affect a small subset of the
hosts (e.g., because they are introduced by corner cases), and
thus we can prioritize the inspection of hosts based on the size
of the cluster they belong to. Precisely, clusters with few items
are more likely due to a vulnerable configuration and should
thus be inspected first. Within a cluster, entries are inspected
in a random order.

To perform clustering, we rely on K-means and HAC (see
Section II). We selected K-means because it is a standard
baseline clustering approach. We selected HAC because our
preprocessed dataset results from the application of one-hot
encoding, and thus the distance between two data entries
would capture the number of port state changes that do not
match between two entries; in other words, hosts with the
same port state changes will be very close. Since we assume
that a vulnerable configuration affects hosts in a same way
(i.e., port states change similarly), a hierarchical clustering
algorithm that builds clusters by joining hosts that are close
to each other, seems an appropriate fit for the identification
of clusters with vulnerable hosts. We refer to our strategy to

prioritize hosts based on clustering algorithms as sorted K-
means (SKM) and sorted HAC (SHAC).

E. FISTS usage
The FISTS approach is implemented as a pipeline; a FISTS

pipeline consists of all the components automating Steps 1
to 5. A pipeline configuration is set by (1) enabling/disabling
the pruning component, (2) selecting the anomaly detection
algorithm to be used (i.e., SIF, SKNN, SKM, SHAC), and,
if needed, setting its hyper-parameters (i.e., K for SKNN)
(3) selecting the stopping condition (i.e., the number of false
positives after which engineers should stop inspecting results,
if engineers aim to apply FISTS for hosts selection).

IV. EMPIRICAL EVALUATION

We performed an empirical evaluation that aims at address-
ing the following research questions (RQs):

RQ1. Does pruning improve FISTS results? The pruning
tasks in FISTS preprocessing step (i.e., ignoring hosts not
affected by any state change) may influence the execution of
anomaly detection algorithms. For example, without pruning,
a density-based algorithm like LOF or SKNN may end-up
computing anomaly scores that are very similar for non-
vulnerable hosts with no state changes and for hosts with
one (vulnerable) state change (same density), thus leading
to prioritized hosts where several false positives may appear
before a true positive. Further, as discussed in Section III-C,
the absence of pruning may affect IF as well. Therefore, we
aim to determine if, overall, the best results are observed with
or without pruning.

RQ2. What FISTS pipeline leads to the best results? The
performance of a FISTS pipeline may depend on the char-
acteristics of the SDN under test; for example, the total
number of hosts with valid and invalid state changes and the
number of ports with valid/invalid state changes may lead to
different performance results for the FISTS anomaly detection
algorithms and, consequently, may affect what would be the
best stopping condition. We aim to assess what is the FISTS
pipeline leading to the best results with different datasets.

RQ3. How does the host matching component impact on
FISTS results? We aim to assess the accuracy of the host
matching component and its impact on FISTS results (e.g., the
proportion of false alarms due to inaccurate host matching).

RQ4. How does FISTS scale? We aim to report on the scala-
bility of the approach for a network having the characteristics
(e.g., configured ports) of our industry partner’s, which we
expect to be representative of SATCOM organizations. We
aim to assess both network probing and the anomaly detection
component.



A. Experiment Setup

We target SATCOM providers that rely on SDNs for net-
work communications, like our industry partner SES [71].
To perform experiments that reflect production conditions
and, at the same time, share our datasets without breaking
confidentiality agreements, we considered public data about
SES networks. Although SES cannot disclose the nature (e.g.,
SDN or traditional) of the networks monitored by Shodan,
SES engineers been confirmed that they share similar char-
acteristics (number of nodes, open ports) with SES-managed
SDN networks.

In our context, a dataset is a file with the same data included
in a Network State Change Report (NSCR); in practice, a
dataset simulates the result of executing FISTS Steps 1 to 3
and enables assessing FISTS anomaly detection performance.
We created three groups of datasets (called real, synthetic,
and realistic) following the process depicted in Fig 3a and
described below.

To create our datasets, we collected from Shodan, a public
database with information about public Internet IPs (e.g.,
open ports, network provider name), the history of port state
changes for IPs belonging to SES. Shodan periodically scans
all the IPs on the Internet and keeps track of the open ports;
because of such characteristic, Shodan data can be used to
simulate the data produced by the NMAP component in FISTS
and enable a large-scale assessment of FISTS.

We analyzed Shodan data collected in the period between
April 2021 and May 2023; it concerns 405 SES hosts (we
assume each IP belongs to a distinct host). We determine port
state changes by comparing port states collected in subsequent
scans. We ended up with a change dataset indicating, for every
day scanned by Shodan, state change information for every
monitored IP. The max number of hosts with port state changes
in a day is 13, the min, max, and average number of ports with
a modified state are 0, 13, and 1.61, respectively.

Since Shodan does not monitor all the networks managed by
SES or competing companies (e.g., private corporate networks)
it does not enable assessing FISTS with data capturing the
characteristics of all the possible contexts in which it could
be applied, such as a larger number of host with port state
changes, or a type of port change different than the one
observed in the Shodan dataset. Further, Shodan does not
distinguish between vulnerable and valid port changes.

To address the limitations above, to build our datasets, we
extended the data collected by Shodan with additional data,
as described below.

Synthetic datasets. We aim at ensuring that four scenarios
considered relevant by our industry partner SES are detected
by FISTS. Three scenarios are similar to the one depicted in
Fig. 1, where a flow rule is not deleted in a reconfiguration;
these three scenarios differ for the port targeted by the flow
rule (one for NTP port 123, one for SMB port 445, and one
for HTTP port 8080). For clarity, Fig. 3b shows what would
be the correct updated configuration in this case, and what
is, instead, the vulnerable updated configuration. The fourth

scenario (Fig. 3c) captures a situation where, in the updated
configuration, a subnet is connected to a switch but a stateful
firewall that should enable only the WebServer in the subnet
to be accessed from the outside is not configured.

We created 100 datasets including configuration changes
belonging to the four reference scenarios. To this end, we
first relied on virtual machines to create the four reference
scenarios. For all of them, we used FISTS (Steps 1 and
2) to test both the vulnerable reconfiguration and a valid
reconfiguration; then we generated the NSCR (Step 3).

We populated 100 datasets as follows. First, we simulated,
in each dataset, 72 hosts with a correct reconfiguration, by
copying entries randomly selected from the NSRCs belonging
to valid reconfigurations; the number 72 results from duplicat-
ing 12 times the 6 valid changes in the monitored scenarios.
Please note that, to simulate different hosts, we replace the
IP address of the copied entries with an IP not appearing
yet in the dataset2. Then, we introduced into the datset a
number of vulnerable hosts by duplicating entries for hosts
with vulnerable changes (we took them from the the NSCRs
belonging to vulnerable reconfigurations). Since the number
of vulnerable hosts in a system may vary, we constructed 100
datasets, each having between 5 and 50 vulnerable hosts (we
generated 10 datasets for each number of vulnerable hosts in
the range, in steps of five). Finally, in each dataset, we reached
a total of 405 entries by duplicating entries without state
changes from the NSCRs belonging to correct reconfigurations
(we updated the IP addresses to match SES hosts).

Real datasets. To assess FISTS with real data, we generated
20 datasets using the data collected by Shodan; we considered
the first available date for each IP. Based on Shodan’s data,
these datasets include 10 entries with correct configuration
changes (the number of modified ports range from 5 to 50) and
395 entries without any change. Then, to obtain datasets with
diverse vulnerable entries, we introduced, in each of the 20
dataset, a number of entries with vulnerable configurations by
replicating the process adopted for the synthetic datasets (i.e.,
copying the vulnerable entries from the synthetic NSCRs) but
considering a number of violations that varies between 5 and
10; we limit the number of vulnerable entries to 10 because it
is very unlikely to observe a higher proportion of vulnerable
state changes (with 10 correct changes, 10 vulnerable changes
account for 50%).

Realistic datasets. We created 100 datasets to assess FISTS
using NSCRs with a number of valid state changes that is
larger than what reported in daily Shodan scans, to simulate
what happens in private corporate networks not monitored by
Shodan.

We constructed each dataset by copying 100 randomly
selected entries with changes from the Shodan change dataset.

2We repeat such procedure every time we copy an entry, also for building
the other datasets; for brevity, we will not report such clarification further.
Whenever we indicate that we copy an entry, we mean that we copy the entry
and update the IP address appropriately.
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Then, we copy N entries with vulnerable changes from
the NSCRs belonging to synthetic scenarios with vulnerable
changes. We considered a number of N vulnerable entries
between 5 and 50, and created 10 dataset files for each, thus
ending up with 100 datasets, in total.

Finally, for each dataset, we sampled and copied additional
entries with no state change from the Shodan dataset, till we
reached a total of 405 entries in each file.

B. RQ1: Pruning effectiveness

1) Experiment Design: RQ1 concerns the effectiveness of
FISTS’s pruning solution (i.e., removal of entries with no state
changes). To address RQ1, we compared the results obtained
by FISTS pipelines with pruning enabled and FISTS pipelines
without pruning. Precisely, since our datasets simulate the
results of FISTS Steps 1 to 3, the evaluated pipelines consist
of FISTS Steps 4 and 5.

We considered all the four different anomaly detection
approaches integrated into FISTS: SIF, SHAC, SKM, SKNN;
for SKNN, we considered different configurations for K (i.e.,
10, 15, 20, and 25). In total, we selected seven FISTS
algorithm configurations. We executed the selected FISTS
anomaly detection algorithm configurations, with and without
pruning, ending up with 14 FISTS anomaly detection algo-
rithm executions. Finally, to assess FISTS hosts selection, as
stopping condition (SC), we considered a number of false
positives ranging from 1 to 10, in steps of 1, and the case in
which 20 false positives should be observed before stopping
the inspection; in total, we have 11 configurations for SC. It
leads to 154 (14× 11) FISTS pipelines being assessed.

Further, as baseline, we considered also cases in which the
datasets are processed by the state-of-the art algorithms IF

and LOF; for LOF we considered the same values for K
considered for SKNN (i.e., 10, 15, 20, and 25). This leads
to 5 additional pipelines, for a total of 159 anomaly detection
pipelines assessed in our experiments.

To deal with randomness, we executed each anomaly de-
tection pipeline 40 times on each dataset. Since, in total,
we have 220 datasets, it leads to a total of 1.399.200 runs
(159× 40× 220).

FISTS produces as output a prioritized NSCR, with hosts
being prioritized according to their anomaly score (highest
first). Since, for each dataset, we know what are the vulnerable
hosts, we can determine false positives (i.e., hosts inspected
before reaching the stopping condition that are not vulnerable)
and true positives (i.e., hosts inspected before reaching the
stopping condition that are vulnerable).

To assess FISTS hosts selection, given a FISTS’s prioritized
NSCR, we can determine the number of false and true positive
observed. False and true positives enable us to compute
precision, recall, and F1 score according to standard formula.

To assess FISTS hosts prioritization, we count the number
of hosts to inspect before identifying all the true positives,
which enables determining how quickly a configuration helps
engineers detect all the faults. We refer to such metric as
debugging cost (DC). By definition, FISTS pipelines differing
only for SC, will lead to the same debugging cost.

To perform our assessment, we consider each dataset sepa-
rately because different FISTS pipelines may perform differ-
ently with different datasets.

To determine if, overall, pruning is beneficial for FISTS, we
compare the best result obtained with any FISTS pipeline, in
each dataset, with and without pruning. Pruning is beneficial



if it enables achieving better metrics in all the datasets.
2) Results: Tables VI report results obtained by the FISTS

pipelines having the highest precision, recall, and F1 score, for
each FISTS algorithm. Precisely, for each anomaly detection
algorithm, we report on the SC leading to the highest precision,
recall, and F1 score (best values are bold, algorithms where
SC is not applicable have all the values bold). We underline
the best performance value obtained in each dataset. We also
report the debugging cost (DC) of each algorithm (best dataset
value in bold).

For hosts selection, the best results observed with the
synthetic dataset without pruning are 1.00 (precision), 0.96
(recall), 0.93 (F1 score); with pruning, we observe, 1.00
(precision), 0.96 (recall), 0.94 (F1 score). Pruning slightly
improves F1 score (0.93 VS 0.94), the other metrics are the
same. The best results for the real dataset without pruning are
0.38 (precision), 1.00 (recall), 0.48 (F1 score); with pruning,
we observe, 0.59 (precision), 1.00 (recall), 0.59 (F1 score).
Pruning improves precision (0.38 VS 0.59) and F1 score
(0.48 VS 0.59), recall is maximal in both. The best results
for the realistic dataset without pruning are 0.37 (precision),
0.96 (recall), 0.53 (F1 score); with pruning, we observe, 1.00
(precision), 1.00 (recall), 0.88 (F1 score). Pruning improves
precision (0.37 VS 1.00), recall (0.96 VS 1.00) and F1 score
(0.53 VS 0.88). Concluding, we can affirm that pruning
improves FISTS hosts selection results.

For hosts prioritization, we focus on DC. The best result
(i.e., lowest average number of hosts to be inspected) for
the synthetic dataset without pruning is 34.91, with pruning
is 35.48; it shows that without pruning, engineers inspect
0.57 anomalies less, on average. For the real dataset, the
best result without pruning is 9.99, with pruning is 14.49; it
shows that without pruning, engineers inspect 4.5 anomalies
less, on average. For the realistic dataset, the best result
without pruning is 46.52, with pruning is 30.65; it shows a
trend that differs from the other two datasets, indeed, without
pruning, engineers inspect 15.96 anomalies more, on average.
Although in two datasets the lack of pruning slightly reduced
the number of anomalies to be inspected, overall, because
of what observed in the realistic dataset, pruning leads to a
higher reduction of debugging cost. Indeed, considering all
the datasets, FISTS without pruning leads to 25.23 DC, while
FISTS with pruning leads to 18.47 DC.

Concluding, we suggest relying on pruning to perform
anomaly detection with FISTS.

C. RQ2: Best FISTS pipeline

1) Experiment Design: We rely on the same data collected
for RQ1. But, since RQ1 shows that pruning leads to best
results, we focus on anomaly detection pipelines with pruning.

For hosts selection, the best pipelines for a dataset are the
ones that maximize recall (and significantly differ from other
pipelines) and, among the ones with highest recall, maxi-
mize precision (and significantly differ from other pipelines).
Alternatively, F1 score can be considered to identify the
best pipelines. Since hosts selection leads to the inspection

of a subset of hosts, potentially overlooking vulnerabilities,
maximizing recall (i.e., the proportion of faulty configurations
detected) is a necessity because engineers aim at detecting all
the vulnerabilities, to have a secure system. Since precision is
the proportion of inspected hosts that are faulty, maximizing
precision implies that engineers minimize the inspection of
hosts that are valid. Consequently, once recall is maximized,
the approach that maximizes precision is the one that enable
using engineers time most effectively.

For hosts prioritization, the best pipelines for a dataset are
the ones minimizing DC (i.e., they help identifying all the
vulnerabilities with the minimal number of anomalies to be
inspected) and showing significant difference from the others.

Ideally, the best pipelines (i.e., the ones that we suggest
for their use with FISTS) are the ones belonging to the
intersection of the sets of best pipelines observed with the
different datasets.

We compute the significance of the difference between
results observed with datasets having the same number of
anomalies by computing p-values with the Mann–Whitney U
test [72], a non parametric method; we report a significant
difference when p-values are below 0.05.

2) Results: We aim to identify the subset of pipelines that
perform best in all the datasets.

For hosts selection, with the synthetic dataset, the best
performing approach is SKNN-10 with SC=20 (recall is 0.96);
however, it does not significantly differ from SKNN-15 with
SC=20 (recall is 0.95) and SKNN-20 with SC=20 (recall is
0.92). Further, SKNN-15 with SC=20 and SKNN-20 with
SC=20 have a significantly higher precision. Other approaches
whose recall does not significantly differ from SKNN-10 with
SC=20 are SIF SC=20 (recall is 0.94), LOF 20 (recall is
0.91), and LOF 25 (recall is 0.93). For the real dataset, all
the pipelines except the ones based on LOF and IF reach
maximum recall. The poorer performance observed for LOF
and IF (recall is zero for LOF and below 1 for IF) is likely
due to the fact that, since the real dataset includes only few
changes (vulnerable and correct), what happens is that all
the changes (correct and vulnerable) may look similar (i.e.,
are very close if we apply a distance metric). Consequently,
approaches that simply select a subset of ports based on a
threshold on the anomaly score (e.g., LOF) perform much
worse than approaches that sort all the anomalies (i.e., SIF,
SHAC, SKM, SKNN) and provide some tolerance for clas-
sification mistakes (i.e., they use SC=20). Indeed, SC equal
to 20 enables FISTS pipelines to include the vulnerable hosts
in their selection, instead, lower SC values doesn’t (please
note that other values for SC do not appear in the table
because SC ≤ 10 does not enable selecting any vulnerable
host). The IF result is nevertheless interesting because, despite
not being able to achieve max recall, it has a better precision
than other pipelines. However, the pipelines performing best
in both the synthetic and the real dataset are SKNN-10 with
SC=20, SKNN-15 with SC=20, SKNN-20 with SC=20, and
SIF with SC=20. Finally, in the realistic dataset, among SIF
and SKNN-based pipelines, the best recall results (0.86 and



TABLE VI: Results for synthetic, real, and realistic dataset with and without pruning
Synthetic Real Realistic

Without Pruning With Pruning Without Pruning With Pruning Without Pruning With Pruning
Algorithm SC Prec. Rec. DC SC Prec. Rec. DC SC Prec. Rec. DC SC Prec. Rec. DC SC Prec. Rec. DC SC Prec. Rec. DC
SIF 1 0,94 0,88 41,11 1 0,94 0,90 35,48 20 0,32 1,00 9,99 20 0,42 1,00 14,49 20 0,37 0,96 46,52 20 0,39 0,93 53,91
SIF 20 0,50 0,94 41,11 20 0,50 0,94 35,48 20 0,32 1,00 9,99 20 0,42 1,00 14,49 20 0,37 0,96 46,52 20 0,39 0,93 53,91
IF N/A 0,00 0,00 N/A N/A 0,06 0,17 N/A N/A 0,00 0,34 N/A N/A 0,59 0,97 N/A N/A 0,00 0,00 N/A N/A 0,53 0,51 N/A
SHAC 1 0,92 0,75 247,88 1 0,92 0,77 50,00 1 0,38 0,50 10,40 20 0,42 1,00 15,00 20 0,00 0,00 353,53 1 0,94 0,84 47,80
SHAC 20 0,46 0,76 247,88 20 0,46 0,80 50,00 20 0,32 1,00 10,40 20 0,42 1,00 15,00 20 0,00 0,00 353,53 20 0,48 0,87 47,80
SKM 1 0,92 0,76 298,66 1 0,92 0,69 60,79 1 0,34 0,45 10,01 20 0,42 1,00 15,12 20 0,00 0,00 365,52 1 0,94 0,83 49,81
SKM 20 0,47 0,78 298,66 20 0,43 0,75 60,79 20 0,32 1,00 10,01 20 0,42 1,00 15,12 20 0,00 0,00 365,52 7 0,70 0,84 49,81
LOF-10 N/A 1,00 0,83 N/A N/A 1,00 0,83 N/A N/A 0,32 0,67 N/A N/A 0,00 0,00 N/A N/A 0,11 0,10 N/A N/A 1,00 0.75 N/A
LOF-15 N/A 0,75 0.88 N/A N/A 0,79 0,88 N/A N/A 0,32 0,67 N/A N/A 0,00 0,00 N/A N/A 0,07 0,15 N/A N/A 1,00 0.70 N/A
LOF-20 N/A 0,62 0,91 N/A N/A 0,65 0,91 N/A N/A 0,32 0,67 N/A N/A 0,00 0,00 N/A N/A 0,07 0,20 N/A N/A 1,00 0.78 N/A
LOF-25 N/A 0,55 0,93 N/A N/A 0,58 0,93 N/A N/A 0,32 0,67 N/A N/A 0,00 0,00 N/A N/A 0,07 0,25 N/A N/A 1,00 0.72 N/A
SKNN-10 1 0,94 0,87 156,25 1 0,94 0,88 59,18 20 0,32 1,00 11,25 20 0,42 1,00 17,50 1 0,00 0,00 363,27 1 0,89 0,65 36,31
SKNN-10 20 0,47 0,88 156,25 20 0,43 0,96 59,18 20 0,32 1,00 11,25 20 0,42 1,00 17,50 1 0,00 0,00 363,27 20 0,48 0,98 36,31
SKNN-15 1 0,94 0,92 56,01 1 0,95 0,93 36,44 20 0,32 1,00 10,85 20 0,42 1,00 15,50 1 0,00 0,00 363,26 1 0,90 0,66 30,92
SKNN-15 20 0,50 0,96 56,01 20 0,51 0,95 36,44 20 0,32 1,00 10,85 20 0,42 1,00 15,50 1 0,00 0,00 363,26 20 0,51 1,00 30,92
SKNN-20 1 0,94 0,92 37,85 1 0,94 0,89 37,98 20 0,32 1,00 10,85 20 0,42 1,00 15,50 1 0,00 0,00 361,53 1 0,91 0,66 30,65
SKNN-20 20 0,50 0,96 37,85 20 0,50 0,92 37,98 20 0,32 1,00 10,85 20 0,42 1,00 15,50 1 0,00 0,00 361,53 20 0,51 1,00 30,65
SKNN-25 1 0,94 0,92 34,91 1 0,94 0,86 41,19 20 0,32 1,00 10,85 20 0,42 1,00 15,50 1 0,00 0,00 361,63 1 0,91 0,66 31,19
SKNN-25 20 0,50 0,96 34,91 20 0,49 0,88 41,19 20 0,32 1,00 10,85 20 0,42 1,00 15,50 1 0,00 0,00 361,63 20 0,50 1,00 31,19

0.87) are those obtained by SKNN-based pipelines, with the
best precision (0.51) achieved by SKNN-15 with SC=20 and
SKNN-20 with SC=20. Concluding the best FISTS pipelines
are SKNN-15 with SC=20 and SKNN-20 with SC=20, with
SKNN-15 with SC=20 to be favoured since it had slightly
better results in the synthetic dataset.

For hosts prioritization, recall that we ignore the configura-
tion value assigned to SC because all hosts are inspected and
we aim at determining how quickly all the vulnerabilities are
found. With the synthetic dataset, the best result is achieved
by SIF with 35.48 hosts to be inspected on average. However,
such result does not significantly differ from that of SKNN-
15 (36.44) and SKNN-20 (37.98). For the real dataset, SIF
still performs the best (14.49), with SKNN-15 and SKNN-
20 performing similarly (15.50); also, as observed for hosts
selection, clustering algorithms perform well (SHAC’s DC
is 15, SKM’s is 15.12), which indicates that they perform
well when only a few state changes are observed. Finally,
for the realistic dataset, the best results are observed with
SKNN-15 (30.92) and SKNN-20 (30.65), they both perform
significantly better than SIF (53.91). Concluding, also for hosts
prioritization we suggest relying on SKNN-15 and SKNN-20.

Concluding, our results show that the approach proposed in
this paper (i.e., sorting KNN results and relying on thresholds
over false positives) outperform state-of-the-art approaches
(i.e., IF and LOF). Also, relying on SKNN-15 and SKNN-
20 enables achieving best results for both hosts selection and
prioritization. Since our datasets include vulnerabilities affect-
ing reachability (Scenarios 1, 2, and 3) and confidentiality
(Scenarios 1, 2, 3, and 4), the high recall achieved by the best
pipeline enables us to conclude that FISTS empower engineers
in effectively assessing both security properties.

D. RQ3 - Accuracy of host matching module

1) Experiment Design: We aim to assess the accuracy of
the host matching component and its impact on FISTS results.
Since Shodan does not provide information about what hosts
have changed their IP or MAC address from one scan to
the other, we created additional datasets where we introduced
changes in the IP and MAC addresses of hosts and verify
if FISTS properly process them. Precisely, we followed the

process described in Section IV-A to create 100 real datasets
with 5 to 50 vulnerable hosts (10 datasets for each different
number of vulnerable hosts). From these 100 datasets, we con-
ducted two experiments (namely EXP1 and EXP2), deriving
100 original NSCR realistic datasets in each, as follows. In
EXP1, for each real dataset, we randomly sampled 40 hosts
and changed their IP address for the updated configuration, we
also sampled 40 other hosts and changed their MAC address.
In EXP2, we randomly sampled 40 hosts and changed both
their IP and MAC address. For each experiment, we thus
obtained modified NSCR realistic datasets. Finally, for each
modified NSCR realistic dataset, we derived execution data
files for the initial and updated configuration, to be processed
by our host matching and comparison component.

Since we know what the expected NSCR is, we can count
true and false positives. A true positive is an NSCR entry
generated by our algorithm that matches what in the corre-
sponding modified NSCR realistic dataset. A false positive is
an NSCR entry not present in the corresponding dataset. We
assess our approach in terms of accuracy.

2) Results: The execution of our algorithm on the 100 data
file pairs led to perfect accuracy. Further, the distribution of
entries having changes in both port state and IP or MAC
address, in EXP1, ranges within 0 and 35 for each modified
NSCR realistic dataset file (median is 12.5), in EXP2, it
ranges between 22 and 44 (median is 38.5). Given our 100%
accuracy, it demonstrates FISTS HMC algorithm effectiveness
with different numbers of port state changes, even in the
presence of simultaneous changes of IP and MAC (i.e., EXP2).

E. RQ4 - Scalability of approach

1) Experiment Design: Three are the steps that mainly
affect the scalability of the approach: Step 1 - Traffic Gen-
eration, Step 2 - Response Monitoring, Step 5 - Vulnerability
Prioritization. Executing Step 3 and Step 4 on execution data
collected from 405 IPs takes less than two seconds, therefore,
we exclude them from our investigation for RQ4.

Since Steps 1 and 2 are coupled (i.e., implemented with
NMAP), we assess them together. Given that, for security
reasons, we cannot scan the SES network directly, we sim-
ulated multiple scans of a network with 405 IPs and re-



port on execution time. Precisely, we executed NMAP to
independently scan 1000 ports of three hosts in the updated
configuration in Fig 3b; we rely on a simulation with VMs.
We repeated the execution 400 times, to collect enough data
points (each data point captures the execution time to scan 3
IPs). To simulate multiple scans of a network with 405 IPs,
we randomly sampled 135 data points (135 × 3 = 405), and
repeated the sampling 100 times. We discuss the distribution of
execution time, to demonstrate the scalability of FISTS Steps
1 and 2 in the context of SATCOM providers. Specifically,
although SDNs can be quickly reconfigured every few seconds,
in our reference context, they are modified based on customer
requirements (e.g., companies buying satellite communication
channels), which happens few times in a week, during dedi-
cated management windows of 15 to 30 minutes.

For Step 5, what affects the scalability of the approach is the
time taken by the anomaly detection algorithms. We compare
the different algorithms by reporting the time taken to process
the different datasets considered for RQ1 and RQ2.

2) Results: The time taken by NMAP to scan 1000 ports
in 405 IPs ranges between 1816.7 and 1821.6 with a median
of 1819.54 seconds (30.32 minutes), which is acceptable
since it fits in a typical maintenance window for networks
(our industry partner requires monitoring to be performed
in such maintenance windows). Further, the scan can be
parallelized thus reducing the total time required; however,
although we suggest relying on parallel scanning, what may
limit its adoption is the network bandwidth dedicated to
maintenance operations, which vary across companies. Last,
the time required to scan different sets of IPs is very similar
(mix and max are 1816.73s and 1821.62s, respectively), thus
suggesting results might be confirmed by repetitions of the
experiment in other contexts.

Figs. 4a to 4e show the execution time taken by SHAC,
SKM, LOF, IF/SIF, and SKNN on all the datasets. SIF and
IF take the same execution time because SIF relies on IF, but
simply selects all the sorted datapoints instead of a subset.

Our plots show that the use of pruning reduces execution
time; indeed, the median execution time observed with pruning
(see with P in the figures) is lower than what observed without
pruning (see no P in the figures) in all the cases except
the synthetic dataset for SKNN. In the synthetic dataset for
SKNN, the execution time is so low (between 0.005 and 0.010
seconds), that the better result obtained without pruning may
be due to a slight change in the background tasks running
on the machine used for experiments. Concluding, the results
observed for execution time provide an additional argument
in favor of the adoption of pruning, as we already suggested
when addressing RQ1.

All the approaches, except SKM, process each dataset in
less than 1.4 seconds, thus showing that they scale well.
SKM, instead, takes up to 47 seconds in the case of the
realistic dataset with pruning. However, one minute to process
one NSCR dataset is an acceptable time since it’s an order
of magnitude less than what required to collect the data by
scanning the network. SKNN, which is the approach selected

in RQ2 takes less than 0.3 seconds, thus showing that it is
also among the quickest ones.

F. Threats to validity

For internal validity, we manually inspected the results (i.e.,
labeled datapoints) for a subset of the datasets. For construct
validity, we relied on metrics (precision, recall) commonly
adopted to assess machine learning algorithms, and a metric
(debugging cost) that is an indirect measure of effort. For
conclusion validity, we relied on non-parametric statistical
tests. For generalizability, we constructed datasets that have
characteristics (number of hosts, port numbers) similar to those
of large SATCOM providers, as confirmed by our industry
partners. However, the results (precision, recall) obtained with
unsupervised machine learning algorithms may vary across
network environments. To address this threat, we considered
datasets presenting a varying proportion of hosts with port
or IP changes. For vulnerabilities, we constructed scenarios
that shall be considered invalid in any context (i.e., messages
forwarded to the wrong subnet) but we also considered a
scenario that is likely vulnerable (i.e., a whole subnet with
only one server becomes fully reachable), based on feedback
from SATCOM experts, although it might be considered valid
in some peculiar contexts. Concluding, although we expect
replicability in SATCOM networks similar to ours, repeatabil-
ity in different contexts can’t be granted.

V. CONCLUSION

In this paper, we addressed the problem of automatically
detecting configuration updates for software defined networks
(SDNs) that introduce vulnerabilities. Model-based approaches
that process configuration files of SDN software are unlikely
applicable in industry because commercial software with pro-
prietary formats is used. Therefore, we propose FIeld-based
Security Testing of SDN Configurations Updates (FISTS), a
black-box, field-based testing approach that collects data about
the port states of hosts on the network before and after a
configuration update, and then relies on an anomaly detection
algorithm to sort hosts based on the probability of being vul-
nerable. Also, we propose a strategy to stop inspecting hosts
when there is evidence that not inspected hosts are unlikely
vulnerable. Further, we integrated a solution to determine if a
host present in the initial configuration changed IP or MAC
address as a result of the configuration update. Finally, we also
suggest an anomaly detection approach (SKNN) that relies
on sorting the results produced by the K-Nearest Neighbour
algorithm to identify anomalous hosts.

Our empirical assessment of FISTS shows that best results
are obtained with SKNN and pruning, with precision, recall,
and F1 score reaching peaks of 0.95, 1.00, and 0.94, respec-
tively. Also, they enable detecting all the anomalies injected
in our datasets (up to 50) by inspecting up to 37.98 hosts on
average. Further, we demonstrated the accuracy of the host
matching algorithm, and the scalability of FISTS, which can
scan 405 IPs in 30 minutes (parallelizable), and processes the



Fig. 4: Execution time of FISTS algorithms
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(b) SKM.
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(c) LOF.
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(d) IF/SIF.
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(e) SKNN.

collected data in less than a minute. Our replication package
and results are available online [73].
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