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Abstract—In this paper, we report on the evaluation method-
ology developed to support the experimental plan to assess the
big data prototype developed under the umbrella of the datAcron
project. The datAcron prototype was decomposed along several
semantic levels of functionality: Maritime data, datAcron com-
ponents, Maritime Situational Indicators (MSIs), and Maritime
scenarios. Different experimental features have been selected for
delivering representative results at all levels of system integration.
The results were captured in an evaluation framework unifying
the different evaluation criteria and measures into the following
groups: (1) timeliness and scalability, (2) compression ratio, (3)
classification quality and (4) clarity and effectiveness. By the
three dimensions of system decomposition, big data variations
and evaluation criteria an experimental space is opened, with
respect to which all experiments are referenced. Major findings
on the performance of the components of datAcron prototype
are reported, together with other findings regarding the user
assessment of the effectiveness and the clarity of the datAcron
prototype.

Index Terms—Maritime big data, collision prevention, fishing
use case, maritime use case, Maritime Situational Awareness

I. INTRODUCTION

The project Big Data Analytics for Time Critical Mobility
Forecasting (datAcron) was funded by the European Union
Horizon 2020 programme and run from 2016 to 2018. dat-
Acron aimed at developing novel methods to detect threats
and abnormal activities in streams of large numbers of moving
objects in wide maritime and aerial areas. It involved eight
(8) partners who jointly developed algorithms to address the
big data challenges in both aerial and maritime environment,
along the different topics of mobility pattern detection and
forecasting [1], complex event recognition and forecasting [2],

This work was supported by project datAcron, which has received funding
from the European Union’s Horizon 2020 research and innovation programme
under grant agreement No. 687591.

visual analytics [3], system prototype and data management
[4], as well as a maritime and aviation use case based
validation of the components developed in the different work
packages [5], [6].

The user-centric assessment of maritime situation awareness
solutions, presented in this paper, is performed on the example
of the big data prototype implemented for datAcron project.
Other examples of analytic applications of AIS data can be
found in [7] or from a big data perspective in [8] while an
interesting example for the use of AIS data for evaluation
purposes is proposed in [9].

The article is structured as follows: Firstly in Section II,
a description of the datAcron prototype is provided in the
evaluation scope. Secondly, the methods of experimentation
are presented in Section III followed by the main results in
Section IV and the method evaluation in Section V. Finally, a
discussion and a conclusion complete the contribution.

II. EVALUATION SCOPE

The evaluation scope includes the different components of
the datAcron system, shown in Figure 1 from a maritime
perspective. These are the Low Level Event Detection (LED)
for in-situ processing of data from different sources and the
detection of spatio-temporal events with low complexity, the
Synopses Generator (SG) for the compression of trajectory
data with minimal loss of semantics, the Semantic Integrator
(SI) for the linking of data from different sources in RDF, the
Complex Event Recognition (CER) for the detection of events
on single or between multiple vessels that build up on the
results of the priorly described components, the Complex Event
Forecasting (CEF) for the use with incomplete data, the Future
Location Predictor (FLP) for the use with complete data and
the Interactive Visual Analytics (IVA) for making the analytical
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results explorable by domain experts and data scientists. Each
component or a combination of multiple components calculate
the so called Maritime Situational Indicators (MSI) around
which the assessment is pivoting. These MSIs correspond to
“anomalies” and “behaviours or events of interest” in which
one or more vessels are involved and which are to be detected,
predicted or forecast [10].

Besides of the components that are evaluated, Figure 1
depicts the two building blocks of the presented work. Firstly,
the workflow between the components of datAcron system and
the processed datasets is shown. Starting from a specifically
prepared reference dataset based on Automatic Identification
System (AIS) data, LED, SG and SI output a first set of MSIs
and other enriched synopses which compress the reference
dataset. These MSIs serve as input to CER, CEF and FLP
components for the calculation of composed and complex
MSIs. Secondly, Figure 1 depicts the relationship between
the performed experiments on the MSI level and on the
scenario level. Depending on these levels of experiments,
the different maritime domain expert-users occupy different
roles. To make them easily distinguishable in the following
the domain experts are referred to as expert on the MSI level
and as operator on the scenario level. On the MSI level, the
expert is evaluating the computed MSIs by taking into account
all data available and giving feedback for the improvement
of datAcron components. On the scenario level, an operator
is part of the experiment and enables the assessment of the
complete datAcron system in simulated “operational context”.

III. METHODS OF EXPERIMENTATION

We followed a human-centric approach with the Maritime
Situational Indicators (MSIs) playing a pivotal role; the eval-
uation space is defined to capture the evaluation results in a
unified framework and partition the space for reducing the
number of necessary experiments; two type of assessments
have been designed, either purely computational without in-
volvement of maritime surveillance experts and independent
assessments of the components involving experts. Practically,
Three complementary experiments have been performed: One
on the MSI level and two on the scenario level, as detailed in
[5].

On the MSI level, the accuracy of the MSIs detected by
the different components was assessed by a domain expert,
through their true or false positive or negative.

On the scenario level the datAcron system is tested sim-
ulating an operational context on the exemplary mission of
collision avoidance, processing a specially prepared dataset.
For decoupling the impact of MSI accuracy and the visuali-
sation quality on the evaluated performance, two experiments
are performed.

The first scenario-level experiment aims at measuring the
impact of MSIs on the operators’ awareness of collision situa-
tions along the dimensions described in [11]. The performance
of different experts in predicting and detecting collisions and
near-distance situations with and without MSIs are compared1.

1In both cases AIS data and contextual data was available

Here, the MSIs are the outcome of a manual labelling process.
The setup of the second scenario-level experiment resembles

the first scenario-level experimental setup with the difference
that the MSIs are computed by the datAcron prototype. Here,
the performance of different experts relying on calculated
MSIs displayed on the screen is compared to their perfor-
mance on manually labelled MSIs. In the following the three
experiments are described in detail.

A. MSI-level experiment

The expert is given the reference AIS dataset in which MSIs
detections are included, especially:
1) Stop, where a vessel stops (MSI #6);
2) Underway, which describes a vessel which is moving, or

sailing (MSI #19);
3) High speed, describing a vessel which speed is above the

cruise speed, i.e. above a threshold in a given area (MSI
#7-11).

These events are priorly detected by either the SG, CER
components or both. The experts’ task is to evaluate the
accuracy of the outputs of these components. To accomplish
the task, the expert has at his disposal the raw AIS dataset, plus
many geographical features (e.g. electronic nautical charts),
environmental data (e.g., sea state) and contextual information
(e.g., vessel register). Furthermore, the expert knows the
maritime region and the typical ships behaviours in the given
area.

The expert used an ad-hoc combination of different software
to support his analysis2:

• A database enhanced with spatial capabilities enabling
basic analytics and spatial operations (e.g., the object-
relational database PostgreSQL, including its spatial ex-
tension PostGIS);

• A Geographical Information System (GIS) for data vi-
sualisation and spatial analysis and filtering (e.g., the
desktop GIS QGIS);

• Scripting languages for data analysis (e.g., Python and
Matlab).

In the approach used by the expert, the support for data
visualisation, in this case provided by the GIS software, is
fundamental. The expert performed the following steps:

1) Import raw surveillance data (AIS), processed data (AIS
data annotated with events), and supporting datasets,
including AIS status codes for vessel types, vessel list,
fishing vessel list, protected areas datasets, port database,
weather conditions in the database;

2) Develop scripts to elaborate surveillance raw data and
produce a baseline dataset, for comparison, and import it
in the database;

3) Convert the data in the database in order to enable
the spatial representation of the spatial features (AIS
coordinates, vessel trajectories);

2We report this software here as an exemplification of the approach rather
than as an expert recommendation.
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Figure 1: Maritime data workflow and user-driven assessment principle

4) Use the integrated database spatial capabilities to query
relevant subsamples of the baseline and processed
datasets;

5) Visualise the baseline and processed datasets in the GIS
software. Use GIS analysis capabilities (filtering, spatial
overlay) to compare the two datasets and highlight incon-
sistencies;

6) Eventually, develop ad-hoc scripting to calculate statistics
on relevant features of the two datasets (e.g., speed), to
be analysed and compared.

B. Scenario-level experiments

On the scenario level two experiments are prepared, one
with manually labelled MSIs and one with calculated MSIs.
Both experiments are performed in a live fashion with an
operator in front of a screen and the following commonalities.

For testing the research hypotheses, 3 scenarios are dis-
played to different operators. Each corresponding dataset
includes two near-distance situations, i.e. collision, near-
collision or rendezvous each between two vessels plus addi-
tional vessels. The task of the operator is to avoid collisions
if possible or to detect collisions after they took place. For
this, the operator is asked to think aloud and to describe the
visualised situations. All statements are recorded on paper
by a data collector with the point in time and a confidence
value. After a short structured brief explaining the task, the
interaction with the operator is reduced to a minimum which is
asking confidence values for the stated situational assessments.

Figure 2 proposes a taxonomy for near-distance situations.
While rendezvous is an intrinsically intentional manoeuvre of
two or more vessels, close quarter situations are unintended,
dangerous and can result either in a near-collision/near-miss

Figure 2: Near-distance situation taxonomy

or in an actual collision. For a functional representation of
close-quarter situations see [12].

1) Experimental Design: Three scenario datasets are pre-
pared each including two near-distance situations between
two vessels plus additional vessels. Scenario 1 includes one
collision and one rendezvous. Scenario 2 includes one collision
and one near-collision, and scenario 3 includes one near-
collision and one rendezvous.

The situations are described by AIS data and MSIs as
specified in the following:

• Scenario 1 without MSI: Collision1 vs. rendezvous1
• Scenario 2 with MSI: Near-collision1 vs. rendezvous2
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• Scenario 3 with MSI: Collision2 vs. near-collision2
For evaluating the effect of MSIs, the scenarios with and

without MSIs are compared. For evaluating the effect of
datAcron generated MSIs, scenario 2 is shown to the operator
once with manually labelled MSIs and once with MSIs cal-
culated by datAcron components. For evaluating the impact
of the dataset creation method, the two near-collisions are
compared. The near-collision is chosen as it is supposed to
lie between Collision and rendezvous.

Each situation, e.g. Collision1 occurs once, so that the
operator is shown different events in order to avoid learning
effects. Each type of event occurs twice, so that conclusions
are drawn both on the level of a specific situation and on the
level of the type of situation.

2) Results interpretation: The qualitative interpretation of
verbal comments by the operators is performed in two steps.
Firstly, in the classification step, the their verbal description of
the situation is mapped to one of the situation types of near-
distance situations depicted in Figure 2, to ensure thecompa-
rability of the situation descriptions between different experts.
Secondly, in the comparison step, the generalised situation
types are compared to the situation type of the reference
dataset. This step is performed both for the prediction phase
and for the detection phase.

In the comparison step the the situation type assessed by
the operator during the classification step is compared to the
reference dataset and rated as true positive, true negative, false
positive or false negative according to the following rules:

• True positive (TP): The description of the situation given
by the operator coincides with or includes the situation
type of the reference data with respect to the near-distance
taxonomy in Table 2. For the inclusion, a distinction is
made between prediction and detection. E.g. if a close-
quarter situation is predicted by the operator (CQSop)
and the reference data includes a situation labelled as
collision (Clab), the prediction is rated as a true posi-
tive. Other events are near-collision (NC), near-distance
situation (NDS), rendezvous (RDV ) and no-collision
(NOC = RDV uNC):

– Prediction: CQSop u Clab->TP, CQSop u NClab-
>TP, NDSop u RDVlab->TP.

– Detection: NOCop u NClab->TP, NOCop u
RDVlab->TP.

• True negative (TN): No negative statements are asked
the operator, thus no true negatives are recorded. If the
absence of positive statement is interpreted as a negative
statement, a list of true negative detections can be com-
puted for all pairs of vessels included in the respective
dataset.

• False positive (FP): The description of the situation made
by the operator is very specific, i.e. collision, near-
collision, rendezvous or other events that are not included
in the reference data, e.g. tugging, and does not coincide
with the situation type of the reference data with respect

to the near-distance taxonomy in Figure 2, e.g. a tugging
is described where no tugging takes place.

• False negative (FN): A situation in the reference data is
not described as such, e.g. a collision is not described at
all.

3) Criteria and Measures: The following criteria and as-
sociates measures were used:

• Timeliness: Time between cognition of a possible colli-
sion situation and hailing the vessel and the actual time
of collision.

• Accuracy: number of TP, TN, FP, FN verdicts of the
operator with respect to the situation and computed on
both MSI and scenario level.

• Clarity: Self-confidence in the situational assessment be-
tween low (1) and high (5).

C. Scenario-level assessment with manually annotated MSIs

In the first scenario-level experiment situations with and
without MSIs are compared. The MSIs are the result of a
manual labelling process of domain experts and are assumed
to be correct in the following.

In order to assess only the impact of the MSIs information
on the operator situation awareness, regardless the detection
quality of the datAcron components, the dataset has been
labelled by 2 experts, ensuring an MSI detection quality that is
assumed to be “perfect”. By this, the dataset is thus enriched
by true MSI detections. The labelling process is based on the
thresholds depicted in Table I. The annotation was performed
for each AIS message and for all MSIs of interest. The MSIs
are chosen for the labelling process in such a way that each
component is represented by at least one MSI and each of these
MSIs is detected by the datAcron components for at least one
of the three scenarios. This selection process is of importance,
as the results of this first scenario-level experiment represent
the reference for the second scenario-level experiment.

Table I: Thresholds for MSI manual labelling

# MSI Threshold
2 Within a given area (TSS) -
3 On a maritime route -
4 Proximity to other vessels 100m
6 Null speed < 0.5 knts
7 Change of speed >25%
12 Change of course 4 degrees
15 No AIS reception -
16 AIS reception interrupted >1800s
19 Under way -
23 Engaged in fishing -
28 Rendezvous -

D. Scenario-level experiment with calculated MSIs

For the second scenario experiment situations with manually
labeled MSIs are compared to situations with MSIs detected
by datAcron components. Therefore, the reference dataset
is processed by the datAcron components and the resulting
detections are displayed to the operator.
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IV. RESULTS

The results are presented firstly for the MSI-level
assessment, secondly for the assessment of the impact of
MSIs on the situation awareness of experts and thirdly for
the assessment of the impact of MSIs calculated by datAcron
components.

A. Results of MSI-level assessment

In this experiment, the objective was to reproduce a “live”
assessment at the MSI level. To this end, the expert gathered
all the results produced the datAcron components during the
other experiments. The expert then applied the methodology
described in Section III-A. The assessment focused on the
MSIs #2, #6, #7, #12, #19, #28 involved in the scenario
and computed by SG, SI, CER. Detections of datAcron
components were compared with raw, enriched and manually
annotated data. Results of this comparison are reported in
Table 3 and commented below.

MSI #2 (Within an area)
“The result is good, all events are detected. It appears that
SI component limited the computation of within an area
of the TSS to the polygons corresponding to the separation
zones. However from a maritime situation perspective, I was
expecting a kind of bounding box around these polygons in
order to include the channels of the traffic separation scheme”.

MSI #6 (Null speed)
“While the SG component gives some rather consistent results,
we see that the CER does not return the same thing. The big
difference I think is the fact that the CER has rejected all the
detections that are in the port of Brest. As for the rest, none
of the CER detections correspond to the annotations. But they
are not so inconsistent. The thresholds chosen are probably
not unrelated to this difference. Note that after the collision,
the CER does not see the boats stopped, unlike the annotators”.

MSI #7 / #12 (Change of speed/course)
“We can notice a big difference between the detected events
and the annotations, particularly for the change speed event.
Indeed, the change speed mainly corresponds to false alarms.
We don’t have any explanation for this difference”.

MSI #19 (Underway)
“We notice that the detection of the underway event is done
with a very few false alarms. But compared to the annotated
dataset, the detection probability is only 20%”.

MSI #28 (RDV)
“The choice was made by the CER developers to consider
the “rendezvous” as a punctual event, contrary to the experts
who annotated more data in case of proximity between the
involved vessels. The conclusion is that the two rendezvous
situations in the annotated dataset were correctly detected,

while the apparent missed detection is very high”.

B. Scenario experiment on the impact of MSIs

1) Effect of MSIs on prediction and detection:
Table II summarises the True Positie, False Positive and False
Negative Rates for collisions, near-collisions and rendezous.
The result indicates both a positive effect of MSIs on the
task fulfilment of collision prediction and detection and on
near-distance prediction and detection where both the true
positive rate increases and the false positive and negative
rates decrease.

2) Effect of MSIs on the prediction time:

Table III resumes the average time span between the TP
prediction of a collision and near-distance situation and its
occurrence. All observed effects indicate an extension of
the prediction time for scenarios without MSIs, both for
collisions and near-distance situations. Again, the sample size
does not allow for the conclusion of significant correlations.

3) Effect of MSIs on the confidence of predictions and
detections:

The range of possible confidence values is limited by low
(1) and high (5) confidence. All stated confidence values are
in the upper half of possible values, irrespectively of the
veracity of the situational description that is specified with
the confidence value. Comparing true and false detections with
and without MSIs a slight increase of confidence in TP and
a reduction in FP is visible for collisions. With a sample size
of 21 observations, the difference in confidence between near-
distance situations with and without MSIs for TP predictions
and events is not significant.

C. Results of scenario-level assessment with MSIs calculated
by datAcron prototype

The goal of this second scenario experiment is to compare
the impact of MSIs labelled by experts and MSIs calculated
by datAcron on the experts assessment of the situation.
For this the MSIs displayed to the operator are once the
results of the labelling process of domain experts, referred
to as "labelled" situations, and once the detection results of
datAcron components, referred to as "detected" situations.
In contrast, prediction and detection are performed by the
operator. While for the prediction the event didn’t occur in
the reference dataset, yet, the detection requires the event
happening or already having happened.

1) Effect of MSIs on prediction and detection:

With labelled data, the same situation is misclassified three
times less than with detected events, cf. FNR in Table V.
Table V also indicates lower true positive rates and higher
false negative rates of operator assessments for situations
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Figure 3: Expert-based Comparison of datAcron Results vs. Enriched and Annotated Data

Table II: Summary - True Positive, False Positive and False Negative Rates

Prediction Detection
Situation TPR FPR FNR TPR FPR FNR
Collision without MSIs 0.33 0 0.67 0.33 0 0.67
Collision with MSI 1 0 0 0.67 0 0.33
Rendezvous without MSI 0.33 0.67 0 0.67 0.33 0
Rendezvous with MSI 0.67 0.33 0 0.67 0.33 0
Near-collision with MSI 1 0 0 0.83 0.17 0

Table III: Average time between TP prediction and event
occurrence.

Prediction
Situation av. time (min)
Collision without MSIs 3
Collision with MSI 0.5
Near-distance situations without MSIs 4
Near-distance situations with MSI 2

with MSIs detected by datAcron components compared to
situations with MSIs labelled by domain experts. This finding
is observable both for the prediction and for the detection of
near-distance situations.

2) Effect of MSIs on the prediction time:

Table VI describes the average time span between the
TP prediction of a near-distance situation and its actual
occurrence. The time span is larger for near-distance
situations enriched with MSIs labelled by domain experts. As
the situational datasets are shown to the operators accelerated
by factor 3, the 1 minute difference between the average
prediction time spans correspond to 3 minutes real time.
Concluding, the detected MSIs reduce the time span between
prediction and occurrence of the respective near-distance
event.

3) Effect of MSIs on the confidence of predictions and
detections:

Given that only positive assertions are counted, table VII
does not allow a comparison of prediction confidence due to
the lack of stated values. For all stated values the findings
of the first scenario experiment are confirmed in the sense
that for both positive true and false rated events the operators
state a relatively high confidence value. For true positive
detections, the labelled situations receive marginally higher
confidence levels, which are not significant, given the small
number of confidence values.

4) Effect of MSIs on the situational awareness:

Table VIII summarizes the differences in the situational
awareness between manually labelled and detected MSIs. The
availability of interactive functionalities and MSIs detected by
datAcron components has a positive effect on the maritime
situational awareness of operators. Especially, the information
quantity is assessed to be larger, the situations are perceived to
be less unstable, less complex and less variable. The operators
feel less in the status of arousal, need to concentrate less
and their attention is less divided. Further, the experts users
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Table IV: Average confidence in prediction and detection.

Prediction Detection
Situation TP FP FN TP FP FN

Collision without MSIs - - - 3 4.5 5
Collision with MSI 4 - - 4.5 3 5

Near-distance situation without MSIs 4 5 - 5 4.3 5
Near-distance situation with MSI 4.5 - - 4.85 4.3 5

Table V: Difference in the operators accuracy between manually labelled and datArcon detected MSIs

Prediction Detection
Situation TPR FPR FNR TPR FPR FNR

Near-distance situation labelled 0.83 - 0.17 0.57 0.14 0.29
Near-distance situation detected 0.5 - 0.5 0.33 - 0.66

Table VI: Average time between TP prediction and event
occurrence.

Prediction
Situation Average time (min)
Near-distance situations labelled 2.3
Near-collision situations detected 1.3

Table VII: Average confidence in prediction and detection
from low (1) to high (5) confidence.

Prediction Detection
Situation TP FP FN TP FP FN

Near-distance
situations labelled 5 - - 5 5 -

Near-distance
situation detected - - - 4 - -

estimate in average to have more spare mental capacity, even
though experiment 3 is conducted consecutively to experiment
2 which would let assume that the spare mental capacity
decreases. Thus, the proposed hypothesis can be rejected and
replaced by the alternative hypothesis stating that interactive
functionalities and MSIs detected by datAcron components
increase the situational awareness. As discussed before, the
average ratings are not representative for all operators. In
comparison to experiment 2, the answers of the operators
diverge more importantly.

Table VIII: Average Situational awareness self assessment
for manually labelled MSIs and MSIs detected by datAcron
prototype. Situational awareness rating cp. [11]: 1-Low, 7-
High.

Dimension of situational
awareness

labelled datAcron
detected

Instability of Situation 5.2 4.5
Complexity of Situation 4.2 3.2
Variability of Situation 4.5 3.8
Arousal 5.2 4.8
Concentration of Attention 4.2 3.5
Division of Attention 4.2 3.8
Spare Mental Capacity 5 5.2
Information Quantity 4.5 5.2
Familiarity with Situation 5.8 6.2

V. METHOD EVALUATION

For estimating the impact of the dataset design and the data
labelling process on the obtained results, the results on two
near-collision situations both enriched with MSIs are com-
pared. In the following, the two near-collision situations are
referred to as control situations. The choice of near-collision
situations as control situation is justified by its similarity to
collisions in the prediction phase, since both situations are
perceived as close-quarter situations and by its similarity to
rendezvous in the detection phase, since both situations allow
the vessels the continuation of their route. The two control
situations are included in different scenario datasets and occur
in different locations with different vessels, different AIS
trajectories and at different seconds of the scenario dataset.
The effect of the AIS trajectory construction methodology and
the subsequent labelling process are assumed to be negligible,
if the difference between the two control situations is small
compared to the differences between situations with and
without MSIs. In order to estimate if the difference between
the control situations is small, the same measures are used as
for the comparison between scenarios with and without MSIs.

Table IX describes the similarly rated operator assessment of
the two control datasets. The variance of the operators assess-
ment due to the different design of the same maritime situation
is smaller than the variance introduced by the addition of MSIs
shown in Table II for the case of collision and rendezvous.

Table XI shows very similar average time spans between the
two different control datasets. The difference of 0.5 minutes is
small compared to the differences of 2.5 minutes for collisions
and 2 minutes for near-distance situations in Table III.

Table X shows again very similar results on the confidence
of differently rated predictions and detections of the control
situations. Only one false negative detection of a near-distance
situation exists, which is due to the classification of the first
near-distance situation detection as a rendezvous. Despite
this false classification the absolute difference in the average
confidence of the rated situational assessments is smaller
between the control situations than between situations with
and without MSIs.

Concluding, the effect of the dataset design and labelling
process, measured by the difference between two near-distance
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Table IX: Control situations - True Positive, False Positive and False Negative Rates

Prediction Detection
Situation TP FP FN TP FP FN

Near-collision with MSI 1 0 0 0.67 0.33 0
Near-collision2 with MSI 1 0 0 1 0 0

Table X: Control situations - Average confidence in prediction and detection.

Prediction Detection
Situation TP FP FN TP FP FN

Near-distance situation 1 with MSIs 5 - - 5 - 5
Near-distance situation 2 with MSI 5 - - 5 - -

Table XI: Control situations - Average time between TP
prediction and event occurrence.

Prediction
Situation Average time (min)

Near-collision situations 1 with MSIs 2.5
Near-collision situations 2 with MSI 3

situations as control situations, is small compared to the
differences found between situations with and without MSIs.
This results appears to be valid especially for the prediction
and assessment of the situations, for the confidence assigned
to those predictions and assessments, as well as the remaining
time between situation prediction and situation occurrence. As
these findings support the assumption that the effect of the
dataset design and labelling processes is small, the applied
method is supposed to be suitable also for modelling and
labelling the complementary situations and yielding situational
datasets whose analysis with respect to an effect of MSIs on
the given measures is well-founded.

A. Discussion

The above-presented results depict a consistent picture
and emphasise its applicability of the methodology for the
evaluation of big data systems in general. Specifically on the
datAcron prototype, the summary of the results of the three
experiments open three points for discussion:

• On the MSI level, the results of the accuracy assessment
of the MSIs show a heterogeneous picture of datAcron
component performances reaching from very good results
with high true positive rates and low false negative and
positive rates to very bad results with very low true
positive rates and very high false positive and negative
rates. The expert reported that the components outputs
are sometimes very divergent from the annotations, which
may rise some doubt on the subjective definition of event
concepts.

• On the scenario level, the results of the first experiment
are indicating that the MSIs improve the prediction and
the detection of both collision and near-distance situ-
ations. MSIs are not extending the time between the
correct prediction of a near-distance situation and its
occurrence. MSIs are not changing the confidence of
experts users in their predictions and detections of near-
distance situations. Furthermore, MSIs are changing the

situational awareness of operators in two ways. Firstly
and beneficially, MSIs increase the perceived information
quantity of situations and operators state to be more
concentrated on situations where MSIs are displayed.
Especially MSI icons that correspond to COLREGs day
and night shapes are easily recognised [13]. Secondly and
adversely, MSIs increase also the perceived complexity
and variability of situations and tend to reduce the spare
mental capacity of operators.

• In the second scenario experiment the prediction accu-
racy, the prediction time span and the detection accuracy
of the operators indicate to be better for situations en-
riched with MSIs labelled by domain experts than with
MSIs detected by datAcron components. No difference in
the confidence level of operators situational assessment,
both because of the rough granularity of the confidence
scale and because of the small difference of the recorded
values. For the maritime situational awareness, the avail-
ability of interactive functionalities and MSIs detected by
datAcron components have a positive effect. Especially,
the information quantity is assessed to be larger, the
situations are perceived to be less unstable, less complex
and less variable.

VI. CONCLUSIONS

Concluding the proposition for a contribution on the user-
centric assessment of maritime situation awareness solutions,
the described methodology is valuable for two reasons. Firstly,
the results captured by the proposed methodology are both
plausible and consistent between the MSI- and scenario-level
of the assessment. This result favours the possibility of a
decomposition of big data solutions to maritime situational
awareness both for the simultaneous development and evalua-
tion in time critical development phases and for the deductive
identification of components with potential for improvement.
Secondly, the method for creating and labelling the reference
dataset is evaluated in the experimental scope and is found
to introduce much less variance than the effect of MSIs
on the operator’s situational awareness in terms of accuracy
and prediction time. Although the findings obtained are not
statistically significant, the results gathered during the different
experiments delineate trends which are sound and suggest the
applicability of the method for the evaluation of other big data
solutions.
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