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ABSTRACT
This paper presents a statistical ON-OFF link modeling approach
for underwater acoustic networks (UANs) based on sea trial data.
It aims to enable computationally efficient UAN simulation models
that capture the complex temporal characteristics of underwater
acoustic links. The main idea of the proposed method is to synthe-
size realistic link availability and outage patterns from empirical
cumulative distribution functions (CDFs) derived from sea trial data.
The Werbellin lake experiment dataset from ASUNA is used as a
case study, representative of short range shallow water environ-
ments. In this dataset, weak correlation between link quality and
distance and weak cross-correlation between different links allows
us to model each link as an independent random process. How-
ever, we also propose a way of extending this method to generate
multiple CDFs representing different link types, distances, node
depths etc., all exhibiting different link statistics. The proposed
statistical approach provides UAN researchers with a valuable tool
for more realistic and efficient network simulation, supporting the
development and evaluation of UAN protocols and systems. Addi-
tionally, it offers the potential to generate reproducible benchmark
test environments for standardized protocol design evaluation.
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1 INTRODUCTION
Underwater acoustic networks (UANs) have a wide range of ap-
plications: water quality monitoring (e.g. in fish farms) [8], seis-
mic monitoring [13], marine animal tracking [4], off-shore asset
monitoring [1], coastal defense [17], etc. UAN protocol design is a
challenging task due to the characteristics of the underwater acous-
tic (UWA) communication medium, such as slow propagation, low
bandwidth and highly variable bit error and frame error rates often
encountered at sea.

The development, testing and validation of UAN protocols in-
volve two principal steps: simulations and sea experiments. In ad-
dition to circumventing the high cost and logistical challenges
involved in performing sea experiments, the major advantage of
simulation-based studies is that they enable researchers to test
their network protocols under controlled, reproducible conditions,
and obtain more comprehensive, statistically valid results, e.g. via
parameter sweeps, Monte Carlo simulations etc. In contrast, imple-
menting and testing the network protocols at sea is more suitable
as a validation step to demonstrate that they work in a real de-
ployment. It is usually not logistically feasible at sea to perform
parameter sweeps, benchmark comparisons, and obtain large statis-
tical samples of the network protocol performance. Instead, a UAN
sea experiment is usually a demonstration of the network operating
in a specific environment. Therefore, simulation is of particular
importance in performing a thorough empirical evaluation.
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One of the key challenges in developing a credible network simu-
lationmodel is a realistic representation of the UWA channel. There-
fore, significant efforts have beenmade to replicate in simulation the
channels observed at sea. For example, detailed measurement cam-
paigns have taken place to record the data on bathymetry, seabed
composition and sound speed profile (SSP) [5, 20] and subsequently
use BELLHOP beam tracing [19] to replicate the channels from such
sea experiments. Alternatively, channel impulse responses (CIRs)
recorded in sea trials, e.g. such as those included in the Watermark
benchmark [22], can be directly used in UWA signal processing
simulation experiments. However, this approach limits the simula-
tion studies to only using the exact transmitter/receiver locations
from the sea trials. In either case, fully modelling the interaction
between the CIR and the transmit/receive signal processing chains
is prohibitively computationally expensive in network simulation
research, where potentially hundreds of time-varying UWA links
need to be modelled.

An alternative, much more computationally efficient approach
for UAN modelling is to directly import the data on packet success
rates (PSRs) from UAN sea deployments, such as the MISSION
2012 [11] and MISSION 2013 [10] experiments carried out by Chitre
et al. More recently, Casari et al. [9] published the ASUNA database
of UAN sea experiments that includes several metrics, including
the link connectivity matrices among the network nodes, based
on the transmitted and received packet logs at every node. The
key advantage of this approach is that the complex interaction
between the UWA channel and the receiver signal processing chain
is implicitly included in this data, i.e. the data provides the output of
this process. In both of these examples [9, 10], the authors propose
a method of using this sea trial data to derive a time-varying PSR
for every link, which can then be used to randomly generate packet
errors in network simulations. The same procedure has been applied
for underwater network simulations in the EDA SALSA project, as
explained in [6].

The approach proposed in this paper focuses on the temporal
characteristics of random packet loss observed in real sea environ-
ments. For example, if the measured PSR on a communication link
within a given time window is 70%, do 30% of packets get lost as
independent random events, or is there significant time correlation,
e.g. for a period of time (e,g. 1 minute) most/all packets get through,
and then for a another period of time no packets get through, and
so on? The typical behaviour observed in our previous lake and sea
trials [16] and the data recorded in ASUNA [9] strongly suggest the
latter. For example, this effect can be modelled analytically using
a two-state Markov model proposed by Zorzi et al. [23], where
a UWA link can be in two states: 1) “ON" – packets get received
successfully, and 2) “OFF" – packets fail to be detected/decoded
successfully. This model results in a link behaviour, where the du-
ration for which the link stays in an ON or OFF state is random
and exponentially distributed. Campagnaro et al. [7] extend this
approach to a three-state Markov model, where a link can be in a
“good", “medium" and “bad" state, each characterised by a PSR or bit
error rate (BER) range. The transition probabilities are computed
to fit the real sea experiment data from the ASUNA dataset, and
the paper shows a close match between the PSR in simulation and
the PSR observed at sea.

The purpose of this paper is to propose a method of deriving
a statistical model for the link ON/OFF state switching directly
from sea trial data. As such, it follows the same philosophy as the
Markov Model model approach [7] described above. The key differ-
ence of the methodology proposed in this paper is that it does not
attempt to fit any distribution to the data, e.g. exponential as re-
quired in Markov models, but instead uses the empirical cumulative
distribution function (CDF) of the sea trial data to generate UWA
link behaviour. We use the data from the Werbellin lake trials in
Northern Germany in June 2016, publicly available in the ASUNA
database [9], as a case study in this paper.

The structure of the paper is as follows: Section 2 describes the
performance of UWA links typically observed in practice, using the
data from Werbellin lake trials as an example; Section 3 shows how
we use this data to derive a statistical channel model for network
simulations; in Section 4 we validate our approach and show exam-
ple link realisations obtained from it; finally, Section 5 concludes
the paper.

2 UWA LINK PERFORMANCE AT SEA
UWA communication channels are typically highly time-varying
due to several factors: significant changes in the channel multipath
structure and Doppler distortion caused by transmitter/receiver
movement and random sea surface motion, spatial and temporal
changes in acoustic noise, sound speed profile, changes in the ori-
entation of acoustic modems with a non-uniform beam pattern,
etc. [21]. As a result, the typical performance of a UWA communi-
cation link can be characterized by sporadic and often very high
packet loss. Detailed modeling of the physical properties of a UWA
channel described above is not feasible for large-scale network
simulation studies, which are crucial for the design and verifica-
tion of network protocols. Furthermore, we argue that modeling
the channel alone is insufficient to obtain accurate and realistic
estimates of link-level performance; the receiver signal processing
chain also needs to be modeled, as different modulation, coding,
channel estimation, equalization, etc., algorithms will perform very
differently in a given UWA channel.

To circumvent the need to model all the physical (PHY) layer
properties discussed above, this paper investigates using link-level
sea trial data to derive statistical models of link performance that
provide realistic temporal packet loss patterns, in line with those
often observed at sea. In this way, practical PHY layer performance
is implicitly modelled within these link statistics, albeit specific to
the modems used in these sea trials.

We use an ASUNA [9] dataset from the Werbellin lake trials,
which took place in June 2016 in Northern Germany, as an example
case study in this paper. It involved five Evologics S2C 18-34 (“LF" –
low frequency), three S2C 48-78 ((“MF" – medium frequency)), and
two S2CM HS (“HF" – high frequency) acoustic modems deployed
in topologies shown in Figure 1. There was a total of six nodes, some
of which were equipped with more than one modem (operating in
different bands). The majority of the modems were deployed at 10 m
depth, except Node 5 in Topologies 1 and 3 (5 m depth); and Node 3
(3 m depth in all topologies). Each topology was deployed for 10
minutes, with every modem logging received packets at 1-second
resolution.



Figure 1: Network topologies deployed in the Werbellin lake trials, Northern Germany, Jun 2016. (Figure reproduced from [9]).
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Figure 2: Examples of link ON-OFF state data recorded in the
Werbellin lake trials. PSR – packet success rate.

The resulting data from the modem logs can be visualised as
shown in Figure 2. For every pair of transmitter/receiver locations,
a timeline of the link being in the "ON" and "OFF" state – i.e., when
a packet gets through and when a packet gets lost, respectively
– can be plotted for the duration that this topology is deployed.
This provides a realistic picture of UWA link-level performance
that implicitly includes the impact of all environmental factors
present in that environment and their effect on signal processing
performance.

For example, such data enables UAN protocol developers to exer-
cise their protocols in a direct “replay" of the link-level performance
observed in a real environment. However, a significant limitation
of the replay approach is that such tests are limited to the exact
number of nodes, topologies, and duration that were used in the
trials. For example, in the Werbellin lake dataset, the topologies
under test would be limited to five nodes, as this was the number
of S2C 18-34 modems deployed in this trial. A much more powerful
approach is to generalize this data to a statistical model that can



then be used to simulate networks of arbitrary size, topology, and
duration of deployment. In the next section, we propose a method
of doing this.

3 STATISTICAL LINK MODELING
Figure 2 shows three examples of link ON/OFF state timelines from
the the ASUNA Werbellin lake dataset. In the rest of this section,
we firstly examine whether there are any significant correlations
that need to be taken into account, and then propose a methodology
for processing such ON/OFF link state data to derive statistical link
models for the purpose of network simulation.

3.1 Correlation between link quality and
distance

The packet success rate (PSR) can be estimated from the ON/OFF
state data for link 𝑖 as follows:

𝑃𝑆𝑅i =
𝑁 i
samples: on

𝑁 i
samples

(1)

where 𝑁 i
samples: on is the number of state samples where link 𝑖 was

ON, and 𝑁 i
samples is the total number of link state samples (e.g. in

our case: 600) for this link. PSR provides an estimate of the link
quality, i.e. the proportion of time this link can support a successful
transmission.

Figure 3 plots the PSR for every link in the 18–34 kHz band from
the ASUNA Werbellin lake trial dataset against the transmitter-
receiver distance. Interestingly, it shows that there is very little
correlation between the link distance and quality. This is in line
with our observations from past trials [16], especially in shallow,
relatively short-range environments, where a key factor for the
physical layer performance is strong multipath self-interference,
rather than attenuation of the main path with distance. This is an
especially important consideration for routing protocol design; the
data clearly shows that any routing strategies based on node loca-
tions and link distances are not preferable in such environments.

The key conclusion from the point of view of modelling this
communication environment is that the link distance does not need
to be considered as a key parameter to synthesise link ON/OFF state
patterns in a simulation model, e.g. the same underlying statistical
distribution can be used to simulate both shorter and longer range
links. However, it may not be the case in other environments. For
example, if a similar experiment was repeated in open deep sea,
there would likely be some correlation between the link distance
and PSR. In this case, multiple different statistical distributions can
be derived for different communication ranges.

3.2 Spatial and temporal correlation
Next, we examine if it is a reasonable approximation to model
every UWA link as an independent random process. Figure 4 plots
the explained variance – the square of the correlation coefficient –
between every pair of links in every deployed topology. Each point
is plotted against the distance between the receivers for the given
pair of links, and grouped by: a) whether the two links have the
same receiver, b) the same transmitter, c) they are reverse links
(i.e., the links between the same two nodes), d) these links involve
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Figure 3: Packet success rates against link distance observed
in the Werbellin lake trials, using three types of Evologics
modem operating in the: 18–34 kHz band, 48–78 kHz band,
and 120–180 kHz band.
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Figure 4: Weak correlation was found among different link
ON/OFF state patterns over time, suggesting that each link
can be modelled using an independent random process.

four different nodes. The data shows generally very low correlation
between most pairs of links. There are a few data points with
stronger correlation between some links with the same transmitter,
but this is not sufficiently consistent to draw significant conclusions
from them. This data suggests that the main source of the link
ON/OFF state variability is likely the time varying channel structure,
which is unique for every link. Therefore, it is reasonable to model
this environment using an independent random process for every
link.



3.3 Statistical Link Model Derivation
The main objective of the model proposed in this paper is to simu-
late link ON/OFF state behaviour with the same statistics as that
observed in sea trials, e.g. depicted in Figure 2. For that purpose,
we first derive empirical cumulative distribution functions (CDFs)
of the ON state and OFF state duration as follows.

Let 𝒔i be the vector of link state observations for a given link 𝑖
in the sea trial data, where 𝑠i [𝑛] = 1 if the 𝑛th link state sample is
ON, and 𝑠i [𝑛] = 0 if it is OFF.

First, a vector of changes in the link state can be computed as:

𝑐i [𝑛] = 𝑠i [𝑛 + 1] − 𝑠i [𝑛], for 𝑛 = 1, 2, .., 𝑁 i
samples − 1, (2)

where 𝑐i [𝑛] = 0 if there is no change of link state, 𝑐i [𝑛] = 1 if the
state changed from OFF to ON, and 𝑐i [𝑛] = −1 if the state changed
fromON to OFF. Note that all the non-zero elements in 𝒄i are strictly
alternating between −1 and 1, i.e. if the previous transition between
states was ON→OFF, then the following one can only be OFF→ON.

Next, the times at which those link state changes occur can be
computed as:

𝝉i =
{
𝑛𝑇s

��� 𝑐i [𝑛] ≠ 0, for 𝑛 = 1, 2, .., 𝑁 i
samples − 1

}
, (3)

where 𝝉i is a vector containing the times at which the state of link
𝑖 changed (in seconds), and 𝑇s is the link state sample period.

Now, a vector 𝒕 ion that contains the duration of every ON state
for link 𝑖 can be computed as:

𝒕 ion =


{
𝜏i [2𝑘] − 𝜏i [2𝑘 − 1]

��� 𝑘 = 1, 2, ..,
⌊
𝐾
2
⌋}
, 𝑠i [1] = 0{

𝜏i [2𝑘 + 1] − 𝜏i [2𝑘]
��� 𝑘 = 1, 2, ..,

⌊
𝐾−1
2

⌋ }
, 𝑠i [1] = 1

(4)
where 𝐾 is the number of elements in vector 𝝉i. Similarly, a vector
𝒕 ioff of OFF state durations for link 𝑖 can be computed as:

𝒕 ioff =


{
𝜏i [2𝑘 + 1] − 𝜏i [2𝑘]

��� 𝑘 = 1, 2, ..,
⌊
𝐾−1
2

⌋ }
, 𝑠i [1] = 0{

𝜏i [2𝑘] − 𝜏i [2𝑘 − 1]
��� 𝑘 = 1, 2, ..,

⌊
𝐾
2
⌋}
, 𝑠i [1] = 1

(5)
Having calculated the vectors of ON and OFF state durations for

every link in the dataset as described above, we can now derive
an empirical CDF for the ON state duration as follows. First, we
combine and sort the ON state duration data for all links in the data
set:

𝒕allon = sort
({
𝑡 ion [𝑚]

�� ∀𝑖,𝑚})
(6)

where 𝒕allon is a sorted vector of ON state durations for all links. We
also generate a vector of percentiles 𝒑on:

𝒑on =

{ 𝑗

𝑁t:on

�� for 𝑗 = 1, 2, .., 𝑁t:on
}
, (7)

such that 𝑡allon [ 𝑗] is the 𝑝on [ 𝑗]’th percentile of the CDF; 𝑁t:on is the
number of elements in 𝒕allon.

Similarly, we derive the sorted vector of all OFF state durations
and their corresponding percentile values:

𝒕alloff = sort
({
𝑡 ioff [𝑚]

�� ∀𝑖,𝑚})
(8)
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Figure 5: Cumulative distribution functions (CDFs) of the
link ON/OFF state duration.

𝒑off =

{ 𝑗

𝑁t:off

�� for 𝑗 = 1, 2, .., 𝑁t:off
}
, (9)

where 𝑁t:off is the number of elements in 𝒕alloff.
Figure 5 plots the resulting empirical CDFs, computed using the

method described above using the ASUNA Werbellin lake dataset.
As expected, both of these CDFs follow a long-tailed distribution.
We found that these CDFs fit a Pareto distribution significantly
better than the negative exponential distribution (e.g. as assumed
in theoretical Markov models [23]), but the general shape is similar.
Furthermore, one of the key features of the approach proposed here
is that it is not necessary to fit any particular distribution, instead
the empirical CDFs computed from sea trial data are used directly
to synthesize link ON/OFF state behaviour.

3.4 Modeling multiple types of link
In Subsections 3.1 and 3.2, we established that there was little cor-
relation between the link quality and distance, and little spatial or
temporal correlation between different links. Therefore, in the con-
text of the Werbellin lake environment (i.e. relatively short range
and shallow water), it is a reasonable approximation to model the
ON/OFF state switching on every link as an independent random
process, regardless of the distance between transmitter and receiver.
However, for other environments, e.g. open deep sea, there is likely
to be some correlation between the link distance and quality. In
those cases, the approach described above can be extended to derive
empirical CDF models for multiple distance ranges, thus reflect-
ing different link statistics observed at different communication
distances. Similarly, this approach can be extended to derive multi-
ple CDF models classified by different parameters, e.g. node depth,
packet duration etc.

In this section, we provide a different example; we filter the
links from the Werbellin lake dataset into three categories: “poor",
“average" and “good" – with PSR below 0.4, between 0.4 and 0.7,
and above 0.7, respectively. Each of these link types follows their
own statistical distribution derived from sea trial data.

Instead of a single duration vector for all links in the dataset, the
ON state duration data is placed into three vectors, 𝒕pooron , 𝒕avgon and
𝒕
good
on , containing filtered data for the “poor", “average" and “good"



0 20 40 60 80 100

Link state duration, sec

0

0.2

0.4

0.6

0.8

1

C
D

F

ON state

OFF state

(a) “Good" links: PSR ≥ 0.7
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(b) “Average" links: PSR ∈ [0.4, 0.7)
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Figure 6: CDFs of the link ON/OFF state duration, grouped by the link quality – “good", “average" and “poor" – based on the
packet success rates (PSR).

links, respectively:

𝒕
poor
on = sort

({
𝑡 ion [𝑚]

�� ∀𝑖,𝑚 , 𝑃𝑆𝑅i < 0.4
})

(10)

𝒕
avg
on = sort

({
𝑡 ion [𝑚]

�� ∀𝑖,𝑚 , 0.4 ≤ 𝑃𝑆𝑅i < 0.7
})

(11)

𝒕
good
on = sort

({
𝑡 ion [𝑚]

�� ∀𝑖,𝑚 , 𝑃𝑆𝑅i ≥ 0.7
})

(12)

The boundaries between what constitutes a “poor", “average" or
“good" link here were based in reasonable practical expectations,
as an example. The data can also be split in the same way using
different threshold values, into more categories, or using other
criteria.

The OFF state duration data is split into three vectors in the
same way as the ON data, and the percentile value vectors for all
six sorted ON/OFF duration vectors are calculated using the method
in (9). The resulting empirical CDFs for these three types of link
are depicted in Figure 6.

3.5 Dequantization
The last step in our proposed method is to dequantize the empirical
CDFs which, in their discrete form, have a step size of 𝑇s. Figure 7
shows an example of this, where linear interpolation is applied
between the centre points of the steps in the discrete CDFs from
Figure 6a to yield continuous CDFs interpolated, in this case, at
0.1 percentile resolution. Note that the state duration data was not
extrapolated below the link state sampling period of 𝑇s = 1 second,
as this would involve an assumption on the statistics that were not
captured in the data (due to the sampling period limitation).

Finally, these continuous CDFs for every type of link 𝑞 can be
stored as a quadruple

(
𝒕
q
on,𝒑

q
on, 𝒕

q
off,𝒑

q
off
)
, e.g. containing the value

of the CDF at every 0.1 percentile point. These can then be used
to generate random link realisations in network simulations. An
example of how it can be done is given in the next section.

4 EXAMPLE USE AND MODEL VALIDATION
The CDF models of link ON/OFF state duration derived in the
previous section can be used to simulate UWA communication
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Figure 7: The discrete CDF of the sea trial data can be interpo-
lated to provide a continuous CDF model of the link ON/OFF
state duration.

links as shown in Algorithm 1. It iterates over every link in the
network and synthesizes a list of ON/OFF state switch events for
each of them according to the CDF derived from the sea trial data.

Figure 8 shows examples of synthesized link timelines using this
approach. The random realizations of "good" links are characterized
by long periods of ON state, i.e., when packets can be successfully
transmitted across them, with link outages (OFF state) occurring
at random times and for random durations. In comparison, the
"average" link realizations are characterized by much more frequent
switching between the ON and OFF states, which is consistent with
the CDF model shown in Figure 6b, where the mean ON state
duration is much shorter than for "good" links (Figure 6a). Lastly,
the "poor" link realizations are characterized by longer periods of
OFF time with even shorter bursts of ON time, again consistent
with the CDF model in Figure 6c.

Finally, to verify that the link ON/OFF state patterns synthesized
using this method are consistent with the empirical CDF model
derived from sea trial data, Figure 9 shows a very close match



Algorithm 1 Generating random link realisations from the pro-
posed statistical ON/OFF link model.
1: Set maximum duration of the simulation 𝜏sim
2: Initialise list of link state switching events 𝐿
3: for every node in the network 𝑖 do
4: for every node in the network 𝑗 do
5: if 𝑖 ≠ 𝑗 then
6: Select statistical model to use for this link
7: Set initial state 𝑠ij of link 𝑖 → 𝑗 at random
8: Initialise previous event time 𝑡prev = 0
9: while 𝑡prev ≤ 𝜏sim do
10: Draw 𝑟 from uniform rand. distr. between 0 and 1
11: if 𝑠ij = 0 then
12: Fetch CDF for the OFF state duration
13: else
14: Fetch CDF for the ON state duration
15: end if
16: Calculate the 𝑟 th percentile of the CDF: 𝜏dur
17: Next state switch event time is 𝑡 = 𝑡prev + 𝜏dur
18: Add state switch event at 𝑡 for link 𝑖 → 𝑗 to list
19: 𝑡prev = 𝑡

20: end while
21: end if
22: end for
23: end for
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Figure 8: Examples of random link realisations of different
qualities (“good", “average", “poor") that follow the ON/OFF
state duration distributions derived from lake trial data.

0 5 10 15 20 25 30 35 40

Link state duration, sec

0

0.2

0.4

0.6

0.8

1

C
D

F

ON state: generated data

OFF state: generated data

ON state: model

OFF state: model

Figure 9: Comparison the synthetic link ON/OFF state dura-
tion data with the underlying statistical model shows a close
match between the desired and the obtained CDF.

between the CDFs of 10,000 randomly generated ON/OFF state
durations and their underlying CDFmodels. A similarly close match
was observed when testing other types of links and CDF models.

4.1 Discussion
The key consideration for the statistical model proposed in this
paper is to replicate the temporal link level behaviour observed in
real UAN deployments. It can have a significant impact on protocol
performance in simulation, and is crucial in identifying and fixing
bugs and vulnerabilities in protocol logic. For example, for UANs
that employ Automatic Repeat Request (ARQ) [2] at the Link Layer,
i.e. acknowledgements (ACKs) and retransmissions, this model will
provide significantly different (and more realistic) results than more
simplistic models that treat packet loss as independent random
events. In the latter case, allowing the source node to retransmit
the packet multiple times will lead to successful packet delivery
a vast majority of the time: with a probability 𝑃 (𝑠𝑢𝑐𝑐𝑒𝑠𝑠) = 1 −
(1 − 𝑃𝑆𝑅)𝑁tries , to be precise, where 𝑁tries is the maximum number
of ARQ tries. Whereas in a real environment random link outage
occurs for a time period, that may potentially last longer than the
time it takes to retransmit a packet multiple times. For example, if
a link is in the OFF state for 20 seconds, retransmitting the same
packet five times will not yield a successful packet delivery.

The effect described above can have a profound impact on higher
layer protocols, e.g. routing [14] or network discovery [18], as learnt
by us in our previous lake and sea trials [15, 16]. Temporary link
outage can lead to failures in multi-hop routing or unsuccessful
network setup procedures, e.g. if a node needs to be assigned an
address, a time slot for transmission, or a master node for routing,
etc. In those cases, it is crucial to design protocols that can adapt
to such link outage, and the proposed statistical link model can
facilitate this.



A key phenomenon that this model does not address is inter-
node interference in networks, i.e. what happens if transmissions
from two or more nodes overlap at the receiver. This will require
the implementation of additional logic in the network simulation
model. In the simplest (pessimistic) case, if any transmissions over-
lap in time at the receiver, all packets in question are dropped.
Alternatively, if the receiver has successive interference cancella-
tion capabilities [12] or spread spectrum processing gain [3], the
network simulation model can pass through at least one of the
packets in question, e.g. the first one arriving at the receiver or the
one with the stronger received signal strength.

5 CONCLUSIONS AND FURTHERWORK
We presented a novel approach to statistical ON-OFF link model-
ing for UANs based on sea trial data, that enables computationally
efficient UAN simulation modelling that captures the complex tem-
poral characteristics of UWA links. The main idea of this method
is to synthesize realistic link availability and outage patterns from
empirical CDFs of ON and OFF state durations obtained directly
from sea trial data, avoiding the need to fit analytical distributions
to the data. We provided a detailed description of how sea trial data
from acoustic modem logs can be converted to empirical CDFs of
the ON and OFF state durations, and how those CDFs can be used
to synthesize realistic link behaviour in network simulations.

The Werbellin lake experiment dataset available in ASUNA was
used as a case study in this paper. In this dataset, we found a weak
correlation between link quality and distance, and weak cross-
correlation between different links. This is representative of shorter
range, shallow water environments, and allowed us to model each
link as an independent random process. However, in future work on
other sea trial datasets, there may be stronger correlation between
the link ON/OFF state statistics and environmental factors such
as link distance, node depths, etc. In those cases, our proposed
model can be extended to generate any required number of CDFs,
each representing the statistics of different links. The example we
presented in the paper is to filter the data for "good", "average", and
"poor" links based on their PSR.

In conclusion, this statistical ON-OFF link modeling approach
provides a valuable tool for UAN researchers, enabling more re-
alistic and efficient simulations to support the development and
evaluation of UAN protocols and systems. It also has the potential
to generate easily reproducible benchmark test environments, thus
enabling standardized test cases for new protocol design.
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