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EXECUTIVE SUMMARY

ThedatAcronAviation final validation report, D6.6, contains a detailed description of the developed
activities to validate the output datasets froalatAcronproject, as well as results and conclusions
from the point of view if the aviation domain.

This deliverablaims to be areference forfurther research in big data projects within the aviation
domain, taking into account thalatAcronhas paved the way of these new investigations.

In this document, the reader witllsofind a deepanalysis of the results obtaidgrom dedatAcron
project within the aviation domairwhich was split into two different subdomains: Flow Management
and Flight Planning. These subdongiin turn, are divided intthree scenarios for flow management,
and into ten scenarios for flight gning. DatAcronAviation final validation report D6.6, provides
detailed results and lessons learnt for the thirteen scenarios aforementioned.

Finally, as a wrap up deliverable, this document provides woticlusions for both subdomains (flow
management and flight planning) and several recommendations for further investigation, taking into
account the great knowledge that has been achieved @i@tAcronproject.
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1.1 Purpose and Scope

Experiments validéon is the last step of the WP6 development, after the definition of theta
provided, the description of the scenarios and the experiments developnTdns. documentntends

to be used by aflatAcronpartners, and not only for subject matter experts.

Once the basis of the different ATM scenarios has been understood by all parimeécsraprehensive
description of the experimenthas beenperformed by the different work packagethis deliverable
specifiss the steps to perform the validation of the results per each aviation scenario. The document
specifiesall the details needed to perform thalidationin a rigorous and repeatable wayhat exactly

has beemmeasured and howandthresholds defining goodr bad resultdhave beerincluded

This document also aims at clarifying #@nclusions and recommendations and the description of the
datAcronglobal ATM results

1.2  Approach for the Workpackage and Relation to other Deliverables

The technological developments @latAcronhave been validated and evaluated in usefined
challenges that aim at increasing the safety, efficiency and economy of operations concerning moving
entities in the AifTraffic Management and Maritime domaindieToverall objective of work package 6
(WP6) is to validate the research results by means of experiments relevant to an Aviation Industry
(ATM) use case. It relates directly to proposal objectivé Boh ®p 8 =+ f ARFGA2Yy | YR
datAcronsystem and individual components on the surveillance of moving entities in the ATM and
YENAYS R2YFAYyaoé

This document constitutes the explanation of the validation processes carried out during the last phase
of datAcron. Thus, this deliverable is the one that assthe work of WP6, collecting and
complementing the information that has been developed by WP6 along the duration of the project,
which has been presented in the following deliverabl@§:1 [5]Aviation use case detailed definition,
D6.2 [6]Aviation dah preparation and curatior)6.3 [7]Aviation experiments specificatiod6.4 [8]
Aviation data preparation and curatiand D6.5 [9]Aviation prototype seup.

1.3 Methodology and Structure of the Deliverable

This document has been developed by operatiomeal andustry experts and provides a detailed
description of the validation processes carried out in each validation scenario.

For each scenario the same structure has been followed:

91 Detailed esults per scenario.
1 Confidence in validation results.

In addition to thisdetaileddescription, this deliverable provides with two sectionglatAcron
global ATM results and conclusions and recommendations.

Page9 of 47
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2.1 datAcrondescription

The main objective alatAcronis to improve the management and the exploitation of big amounts
of dataand from different sources datasets in order to have a better understanding cAith&raffic
Management (ATM) domairThis better understanding will aim @dvancethe capacities bsystems

to promote safety and effectiveness of critical operations for large numbers of moving entities in large
geographical areas.

In this way datAcronaims to enhance the decision making process for floanagement and flight
planning, taking into amunt the predictions based on big data procedutiest provides an improve
information dataset.

2.2 Summary of the validation

The validation has been performed after the integration of the different elements of the architecture
of datAcronand the setup of the prototype. The system was trained withta from one month and

the validation has been carried out wittata from three weeks from May, June and R0y 6; of course,
the training and the validation dataset were completely different.

The validation has been performed comparing the prediction obtained byd@EAcronprototype

and the real dataand taking into account the metrics that were described in D6.3, Aviation Experiments
specification7]. Thus, in every scenario that is described in the next section, the docishens the

steps followed to assess the metrics aforementioned, such as usability and responsivenessyaccurac
completeness, etc.
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3.1Summary of the results per scenario

FMO1

The objective of scenario FMO01 is to reproduce Flow Management Behaviour by predicting regulations

Ay GKS 3ISYySNIt dAddd A2y 6KSNB (KS Rpediofiditia 2 3SNI

is possible to obtain patterns that allow a bettenderstanding on how regulations are séthese
patterns are temporal, spatitemporal or dependant.

Regulation prediction is performed for three validation weeks in the year 2016, based on a training data
on one month of the same year (April 2016). Thésee weeks for which validation results are
obtained are01¢ 07 May 2016,12¢ 18 June 201and 10¢ 16 July 2016The egulation prediction is
obtained as an outcome of a machine learning problem stated in deliverable[I}3 Bhis machine
learning is performed on two types of classifiers: Random Forests (RF) and Conditional Random Fields
(CRF). For a detailed description and justification of the use of Badisifiers, please referrer to the
referenced deliverable.

For validation purposes, several metric are developed and explained accordingly in delilspra:
1 Usability and responsiveness
1 Performance
1 Completeness
1 Accuracy

However, before explaining the results of validation activitiess important to note that the main
outcome of scenario FM01, which is régfions, is obtained followingector configuration predicted

by datAcronalgorithm.Neverthelessthese predictecconfigurations do noaccuratelymatch reality

and therefore, this has implications in regulation prediction that should be taken into account.
Regulations are predictechdhe sectors opened at each time, so if sectors are not accurately predicted
the demandcapacity problems are identified in sector not open in the reality but in the prediction and
at the end the result is not the desired one: not accurate regulation iptiEsh. For this reasonatgets

for each of the validation metricare lowered in accordance to take into account the side effect of
inaccurags in configuration prediction, as we understand the complexity of the problem.

Features used for regulation gdiction include, among others, the number of flights passing through a
sector, the mean number and standard deviation of flights for the past 20 minutes, and the average
feature vectors of neighbouring active sectors. Based on this features, the reksttsrario FMO1 are
presented below.

Usability and responsivenesvaluates the HMI for regulation predictiofhe toolhas been developed

to showconfigurationsand play with theivisualisation as shown ifrigurel . It alsoshow regulations
predicted as represented ifrigure2. The tool is easy to use and understia, with a wide range of
visualisation options available and a uf$eendly interface so it could be said that this metric is
accomplishedHowever, the tool should be further refined in order to account for specific requirements
set by the operator whds going to use to tool in support of its task.

Performanceindicates thedegreeof achievement obtained by the algorithm in terms of regulation
prediction. This indicator has changed with regards to the one described in deliv&&l8g7]so as

to measure tle achievement of the algorithm and better reflect this area.

Performance of the algorithm is interpreted from the combination of three metgicscision, recall

and F1 score. Precision accounts for the ratio of correctly predictediy@msbservations to the total

of predicted positive observations; recall measures the ratio of correctly predicted positive
observations to all observations; and F1 score is a weighted average of precision and recall values.
These metrics are calculatedin the confusion matrix that indicates the number of true positives (tp),

true negatives (tn), false positives (fp) and false negatives in each class of the prediicBoanario
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i



dafAcron D6.6 Aviation Final Validation Report H2020ICF2015 28/12/18

FMO01,only two classes are considered when dealing wéguation predicions: regulationand no
regulationand resulting confusion matricese presented irrablel (a)¢ (d).

2990, 9990 [T 288.0 9990

2016-03-31 00 2016-04-01 00 2016-04-02 00 2016-04-03 00

LECMCTAS: configurations by time steps of 1 minutes
Time: 2016-04-22 14:58:00

Whole time span: from  2016-03-31 02:00:00 to  2016-04-28 01:59:00
[ Arrange each time series in rows by time intervals Re-arrange
Interval length: 7 days » stating from 2016-03-28 00:00:00

Figurel: Top part shows the 3Disualization of sectors in the tool, and bottom part the changes in configuration
as seen in the tool.
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Figure2: Left image shows aggregated unregulated flights and right image the aggregated flight delayed due to
ATC capacitymbalances. In both the pie chart represents the number and proportion of flight arriving and

departing, and the curved lines the aggregated movements between each origin and destination.
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Predicted Class Predicted Class
Class: Class: Class: Class:
REG No REG REG No REG
Class: Class:
Actual REG 1148 15635 Actual REG 2832 31303
Class Class: Class Class:
No REG 48899 2925 No REG 66314 2303
(@ (b)
Predicted Class Predicted Class
Class: Class: Class: Class:
REG No REG REG No REG
Class: Class:
Actual REG 8265 71437 Actual REG 12245 118375
Class Class: Class Class:
No REG 58018 2064 No REG 173231 7292
(©) (d)

Tablel: Confusion matrices for edcof the three validation weeks: (a) 607 May 2016, (b) 1218 June 2016,
(c) 1016 July 2016 and (d) global value of the validation.

From the confusion matrices, precision, aicand f1_score are calculated, as reflectedTable 2.
Precision is calculated ags=tp/tp+fp; while recall is calculated as r=tp/tp+fp and fl score as
f1=2*(recall*pecision)/ (recall+precision).

precision recall F1_score
May 2016 0,0229 0,0684 0,0344
June 2016 0,0410 0,0830 0,0548
July 2016 0,1247 0,1037 0,1132
Total 0,0660 0,0937 0,0775

Table2: Values of precision, recall and F1 score for the three validation wdeksegulation prediction as well
as theglobal value.

The overall values of the three metrics are below 10%, sdatget performance of the algorithm is
not achieved.

Completenesseflects the percentage of information which is lohis metric is the result of the ratio
of regulation predited to real regulations. A total of 721 regulat®{in absolute numbers, not refer to
tp, tn, fp and fn values as they are refer to 20 minatep decomposition of regulations)ere predicted
by datAcronalgorithm whereas 954 regulatisrtook place in rekity during the three validation

weeks. The 721 regulations predicted jatAcronalgorithm, however, are not all correct: only a
small percentage of them is correct. Completeness of the metric is therefore considered as not
achieved, since the precisiorecall, and f1 scores are so low that information is being lost due to the
inaccurate regulation prediction.

DatAcronalgorithm misses regulations in several airspaces, while tends to remain in the conservative
side not assigning too many regulations, Bewn inFigure3.
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REGULATIONS PER NATIONAL AIRSPACES
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Figure 3: Distribution of regulations predicted bydatAcron algorithm and real regulations per national
airspaces.National airspaces are as follows: EB, Belgium; ED, Germany; EE, Estonia; EG, Great Britain; EH,
Netherlands; EN, Norway; EP, Poland; GC, Canary; LC, Cyprus; LD, Croatia; LE, Spain; LF, France; LG, Greece; LH,
Hungary; LJ, Slovenia; LO, Austria; LP, Portudal;Switzerland; and LZ, Slovakia.

Accuracyis the ratio of correctly predicted regulations to the total of observations. Accuracy is
calculated as follows: a=(tp+tn)/(tp+fp+fn+tn). Accuracy is a value that should not be evaluated on its
own, since it works better in symmetric datasets where thieigaf true positives is similar to the value

of true negatives. In the case of scenario FMO1, it works best for two of the three validation weeks (01
07 May 2016 and 128 June 2016while for the otherit does not,due to the large discrepancy in tp
andtn. Values of accuracy are shownTiable3.

precision
May 2016 0,0229
June 2016 0,0410
July 2016 0,1247
Total 0,0660

Table3: Valuesof accuracy for the three validation weekKsr regulation prediction together with the global
value.

The overall values of accuracy is below 10%, so the target accuracy of the algorithm is not achieved.

Confidence in Validation Results:

As an overall aaclusion of the scenario FMO1, regulations preidietshould be improvedAt the
moment, accuracy and precision values are so low that are not acceptable. A first step on improving
prediction it is suggested to carry out aeper investigation on factordfacting regulation settingo
as to be able to replicate flow management behavior and obtain a better performing machine learning.
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FMO02

The objective of scenario FMO02 is to predict imbalances between demand and capacity values. These

imbalances are calculated based on the configuration predictedayAcronalgorithm and on entry
counts (entries to the sector)mbalance prediction analysallows the identification of propagation of
consequences of regulations as well as depenaenen window length.

Imbalance prediction is performed for the same three weeks as regulation predictiog:001May
2016, 12¢ 18 June 2018 and 19016 July R16.As in scenario FMO01, the machine learning performed
to obtained results in this scenario is explained in detailed in deliverable[ID3.5

The metrics usgtto validate results are explained in deliveral}é.3[7], although they have subtle
differencescompared tathe definitions given in that deliverable that are déximed in the remainder of
this section

1 Usability and responsiveness

1 Performance

1 Completeness

1 Accuracy

As in the case of scenario FMO01, scenario FM02 is dependent on configuration prediction, so expected
targets for each metrics indicated in deliverabl6.3 [7]are loweredaccordinglydue to the complexity

of the problem of configuration prediction, as explained in previous seclibare are averalpossible
configurations available per AC&@\d for each timeperiod, asetof parameters is given. Based this,

the configuration set on reality should be decided. To make it work, and accurately identify the correct
configuration among all possibilities, decision parameters should be refined.

This scenario has a substantial link with configuration prediction and therefore a performance analysis
of the configuration prediction is done. To carry out the analysis, the same performance metrics as in
FMO1 are used: precision, recall and f1 score.vidlees of each metric are shownTable4.

precision recall F1_score
May 2016 0.5855 0.5785 0.5801
June 2016 0.4952 0.4982 0.4941
July 2016 0.5247 0.5290 0.5247
Total 0.5352 0.5352 0.5330

Table4: Values of precision, recall and F1 score for the three validation weeksonfiguration prediction as

well as the global value.

Results on precision, recall, and f1 scores for eadpade with at least 2 different configurations are

shown inFigure4 to Figure6 (a) ¢ (d), correspondingly
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Figure4: Precision values for configuration prediction for each of the 108 airspaces with at least 2 different
configurations in (a) 007 May 2016, (b) 128 June 2016, (c) 106 July 2016 and (d) global.
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Figure5: Recall values for configuration prediction for each of the 108 airspaces with at least 2 different
configurations in (a) 007 May 2016, (b) 128 June 2016, (c) 106 July 2016 and (d) global.
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Figure6: Flscore values for configuration prediction for each of the 108 airspaces with at least 2 different
configurations in (a) 007 May 2016, (b) 128 June 2016, (c) 106 July 2016 and (d) global.

In an overall view, corguration prediction is around 50%, which indicates that configuration prediction
should be refined in order to improve results on prediction on other aspects such as regulation and
imbalance prediction.

Given the need on improvements on configuration gotidn, imbalance prediction is evaluated in only

certain airspaces. These airspaces have been chosen based on a clustering analysis that classifies ACC
in 3 groups according to theirgcision, recall and f1 scores, where the group 1 corresponds ta low
performance scoring ACCs, groups 2 to medium performance ACCs and group 3 to high performing
ACCs, as seenliigure7. ACCs in loyperforming group, share a commoharacteristic, they all have

a large number of possible configuration, with a maximum of 345 possible configuration and a mean of
101. On the contrary, groups 2 and 3 have a similar number of possible configuration, with a mean of

19 and 21, corresponding!
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Figure7: Clustering analysis fkneans) of configuration prediction based on performance results in 3 groups.

Imbalance analysis is based on these 3 groOpe representative ACC of each group has been chosen
based on theaverage characteristics (number of configuration, primarily) of each of the three groups
to conduct the validation activities, being the selected:

A GCCCAEGroup 1

A ESOSCTANGroup 2

A  EDWWCTASGroup 3
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Usability and responsivenessevaluates the reliabilityof presented window length to detect
imbalancesln FM02 datAcrontool uses similar visualisation techniques as in scenario FM01, since
data is of the same structure. The offline visual analytics component offers sundry filtering tool to
display and comg@re demand and capacity events in space (Sigarre8), time and a combination (see
Figure9) in both.As already said, it is a uskerendly interface, which needs some refinemdaatadapt

it to operator needshbut it could be said that this metric is accomplished.

Eventvalue

Circle area is proportional to
value

— 1200

- 1.00

Eventtype
excess (original): 29 objer
excass (CFMU): 31 object
Total: 60 objects

23 Sectors with

exceeded
capacities

£ Representation method,
Unclassified choropleth
map
Sectors with excesded

Capacity excesses (CFMU),
max

0.00

Table fiter: records witn =
missing values fitered out.
0.00<=Capacity excesses
(CFMU), max<=12.00,

Total: 19 objects

Figure8: Spatial distribution of demand:apacity imbalances in Spanigtirspace. The color code represent the
severity of the imbalance from lowest (yellow) to highest (red).
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Figure9: Spatio temporal distribution of imbalances in Spash airspace

Performanceindicates the degree of achievement obtained by the algorithm in terms of regulation
prediction and its calculated based in three metrics: precision, recall and f1 score, as in scenario FMO1.
Results of these three metrics are somarised inTableb.

precision | recall | f1 score

wil 0,1818| 0,8333| 0,2985

w2 0,0909 | 0,1765 0,12
EDWWCTAS w3 0,0896 | 0,3529 | 0,1429
mean 0,1208 | 0,4542| 0,1871

wl 0,0238| 0,1667 | 0,0417

| w2 0 0 0
ESOSCTAI W3 o o o
mean 0,0079| 0,0556| 0,0139

wl 0,1641 | 0,0879| 0,1145

w2 0,1462 | 0,0831 0,106

GCCCACC w3 0,1765 | 0,1041 0,131
mean 0,1623 | 0,0917| 0,1172
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Table5: Summary of results oprecision, recall and f1 score for the 3 validated ACC in the 3 validation weeks.

Performance of scenario FMO02 is calculated following the same methodology as in FM01 performance
calculations: predicted and real imbalances are calculated in 20 minutevéée The overall values of
the three metrics are below 10%, so the target performance of the algorithm is not achieved.

Completenessvaluated the percentage of information which is lost. This is evaluated based on the
number of true positives and negags, as well as in the amount of false positives and negatives. These
values are summarized Feble6:

tp | tn fp fn

wl | 10 | 457 | 45 2
EDWWCTAY w2 3| 458 | 30 14
w3 | 6|448| 61| 11
wl| 1]462| 41 5
ESOSCTAN w2 0 | 483 17 4
w3 0| 463 | 42 2
wl | 32| 239 | 163 | 332
GCCCACC| w2 | 31| 221 | 181 | 342
w3 | 48 | 188 | 224 | 413
Table6: Summary of true positives and negatives, as well as false positives and negatitee BIACCs.

DatAcronalgorithm misses imbalances (fn) in the three airspaces, particularly in GCCCACC, while
tendsto detect false imbalances (fp). In view of these, the completeness target is not achieved.

Accuracyis the ratio of correctly predicted redptions to the total of observations. Results are
summarized in

wl|0,9086
EDWWCTA| w2 | 0,9129
w3 0,8631
wl|0,9096
ESOSCTAI w2 | 0,9583
w3(0,9132
wl|0,3538
GCCCACQ w2 | 0,3252
w3 0,2703
Table7: Accuracy values for the ACC during the 3 validation weeks.

The overall values of accuracg@d for ACC EDWWCTAS and ESOSCTAN, but remains btdogethe
set in D6.3 009%so0 the target accuracy of the algorithm is not achievddreover, these are single
results of 3 represntative ACCs of each group, so it could not be extrapolated to the rest of ACCs.

Confidence in Validation Results:

As an overall conclusion of the scenario RVithbalancerediction should be improved to obtain more
reliable values of accuracgrecision, recall and f1 score. Additionally, it should be further examined if
results are applicable to all ACC in each group.

FMO3

The objective of scenario FMO03 is to assess the resilience and prediction capability of the machine
learning performed todentify whether regulations are required or not under certain imbalances
situations. For this reasorsM03 requires both the input of FMO1 and FMO02, that is, imbalances
predicted (FM02)and situations in which these imbalances led to a regulation (FM®@nGhis and

the low percentage of accuracy achieved in both scenarios required to conduct analysis of this scenario,
FMO03scenario has been discarded and left for future research.
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FPO1

According toD6.3 [7]the FP01 scenariobjective was to demonstratéow datAcrontrajectory
reconstruction capability is useful for building the real trajectories of aircraft bothiredfand real
time.
FinaldatAcronarchitecture made unnecessary to differentiate-bife (stored) and redime in the
validation sincehe system uses exactly the same components for both settings.
The validation criteria defined iD6.3 [7]are:

Usability.

Responsiveness

Performance

Realism

Compression

Completeness

Accuracy

Regarding usability, the user is able to retrieve reconstructed trajectories by the activities of FPO1 by
querying the datAcron distributed RDF store. Since the reconstructed trajectories have been

transformed in RDF, in accordance with tlatAcronontology, and queries based on SPARQL are
supported on top of the distributed RDF store, reconstructed trajectories can be retrieved in different
ways.

For instance, the user can specify different criteria for retrieving reconstructed trajectories, including:
starting or destination airport/saircraft information (e.g., aircraft type/s, callsign, airline/s, crossed
airblocks), or time. In addition, trajectory retrieval based on more complex criteria is also possible due
to underlying data being linked and remented in RDF. Indicative examples of more complex data
retrieval are provided below:

1 Retrieval of trajectories starting in Spain, when no airport is provided.

1 Retrieval of pairs of airports connected by trajectories crossing a specific airblock.

1 Retrievalof the reconstructed trajectory for a given flight plan.

Retrieval of reconstructed trajectories has been evaluated on different surveillance data sources (IFS,
ADSB, Flightaware) and is supported based on the description above.

In summary, the systers flexible to use when querying reconstructed trajectories, due to: (a) the
linking of surveillance data with operational context information (airports and aircrafts database) at
data acquisition time, and (b) the use of a declarative query languag&k(@BAhat supports flexible
querying of the reconstructed trajectories that have been transformed to RDF.

Regarding theresponsivenessof the system while reconstructing trajectories, this is considered

acceptable and in accordance with the requiremergparted in D6.3 [7] since the reconstruction

process is performed in an online manner, it is parallelizable (by aircraft ID), and incurs minimal
processing overhead.

The second aspect of responsiveness concerns querying the reconstructed trajectteiethegf have

been transformed to RDF and stored in the system, using different specific criteria (filters) related to
FANLER2NIA yR FANONIFTGad ¢2 (Sad -EduSeillandedatSsétQa NBa L2
referring to the entire space of Eope for a week of April 2016, which contains approximagsgy

million records in RDF format. Provided with an aircraft manufacturer name (e.g Boeing), the system

Oy NBGNAS@GS | ff NBO2yailiNHzOGSR (NI 2SOlinmpdhdda 2F GKS
time, by querying the RDF data in parallel. More specifically, based on the aforementioned data set,

the system can retrieve, in less than 6 seconds, approximately 2 million trajectory points that belong to

Boeing aircrafts. This amount of time densidered to be acceptable in most cases of offline data

analysis tasks.
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Regardingperformance the trajectory reconstruction process is performed in an online way by
identifying successive positions of the same moving object from the stream of alhignobjects. This

is performed very efficiently by partitioning based on object identifier without major computational
overhead.

Besides the reconstruction of individual positions, the trajectory data is linked with aircraft and airport
information. Againthis step is efficiently performed because (a) the size of these databases is fairly
small and fit in main memory, and (b) linking is based either on exact matching of identifiers or on
simple distance computation.

The reconstruction time for the IFS dagat (1 week of data, 17 April 2016, 1,689,540 records) is
~2,300 sec when processed a single nodewhich corresponds to a throughput rate of ~735 records
per second. As already mentioned, the process is parallelizable in a straightforward manner whe
partitioning by object identifier.

RegardingRealism the validation has been focused on the reconstruction of trajectories of the IFS
system, which is a better option for build the ground truth for compari®ince the ground truth need
to be built tatally independently otlatAcronprototype, IFS allows the engser to know exactly the
right departure and destination of each flight, this will not be possible for other surveillance sources

while the method used iflatAcronis independent of the sourcsp the validation is fair using IFS.
The dataset used for validation correspand a set of controlled flights for the period April.2016

to April 17" 2016, it contains positions for 8652 trajectories whicltvéaa unique callsign, departure
and desination. In datAcronreconstructed trajectories (resulseh datAcronfile store path/

datAcron/"wWP1/FP01_201806Qwe found 17Qrajectorieswith a departure or destination assigned

with a deviation greater than 700 meters from the right departurelestination; so the right enriched
trajectories are 8473 (8652 179) which represents a 98% of right reconstructed trajectories and an
error rate of 2%.

We observed most errors are for flights of small aircrafts of little interest to dataAcron sceravi@, s
focus on a set of 3250 trajectories corresponding to big aircrafts (airliners) and we found just 27 with a
departure or destination assigned with a deviation greater than 700 meters, so the right enriched
trajectories are 3223 which represents a 99.@Ptight reconstructed trajectories and an error rate of
0.8%.

In both cases the ratios are in the thresholds defineB@3 [7]

RegardingCompressionthe validation is based on the results publishedi8]. The details of the
O2YLINB&a&aA2y | OKASOSR SD2RB [1€redsdtrdamiggSreatinvieydetetiBri f S NI 6f S
moving object trajectories (finalé¢ ® wS&dzf G & | NB &dzYYl NRAA rétie overy ySEG T
2NRAIAYLFE REFEGF&SGa¢

Regarding Completeness, the validation has focused on the reconstruction of the IFS trajectories as

these are the only ones that have a minimum guaranteed integrity and that have already been labelled

per individual flightkg (i.e. flight leg). These two characteristics follow from the fact that the

trajectories originate from an ANSP, which owns a broad network of radardfARSeivers and

manages the flight plans in its airspace. In particular, we have focused on aligts bccurring

between 1tAPR2016 and 17APR2016 that have either takeff or landing included in the original

dataset, thus eliminating overflights. This means that frira 37372 initial trajectories occurring

during those daysgdatAcronhas reconstructed 8652 trajectories having either taiteor landing

within the airspacedomain of the ANSPowever the use of high quality dataset is needed in order to

R2 LINPLISNJ @t ARFGAZ2Y a2dzi 2F (KS 3aiddthedatdsss. 6 dzi R2Say
A first look into the reconstructed trajectories showed that only 6594 trajectories (i.e. 76.21%)
univocally correspond to a single flightkey. This means that in some cases the reconstructed trajectories
blend information from differenflight legs, and in other cases multiple reconstructed trajectories refer

to the very same flight leg. For the purpose of validating Completeness and Accuracy we only focused
on the resulting 6594 trajectories as these are the only trajectories that ek comparable to a

real flight track from IFS.

When looking at Completeness we find that the reconstruction algorithm is time driven, which basically
means that any position between the initial and final synopses timestamps could be retrieved.
Followirg thiscriterion, and based on the 6594 resulting trajectories that univocally correspond to a
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single flightkey, we find thadatAcronis able to retrieve 4111127 of the 4187711 track positions, that
is, 98.17% of the positions of the IFS flight tracks.
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Figure10: Compression ratio over original datasets

RegardingAccuracythe validation is based on the resultsillished in[18]. The validation included
ADSBHub, FlightAware and IFS flight tracks. In addition, a synthetic version of IFS tracks was also
considered. The validation assessed how accurately the original track positions could be recovered from
the trajectory synopsis, anevaluated both horizontal and vertical accuracy. Accuracy was measured

by means of the RMS error of the horizontal and vertical positions of every trajectory under
consideration, and then evaluating the average of the RMSEs. The validation resslisararized in

next figure& Quality of trajectory approximatian
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Figurell: Quality of trajectory approximation

It can be seen that the attainable RMSE for the horizontal position spans between 500 and 1700 metres,
depending onhe data source and the trajectory synopsis settings. Notice that this RMSE is significantly
higher than the originally proposed target of 0:0102 nautical miles, and results from the inherent
limitations of the trajectory synopsieconstruction techniga applied.It is important to notice the
prototype could meet any target (e.g. 0.0001 n.m.) since there are techniques to bound the
approximation error. However, this would result in (a) minimal compression, and (byperational

time synopses extractigrboth of which would have significant negative impact in several tasks of all
WPs.

As for vertical position, the attainable RMSE spans between 150 and 550 feet, also depending on the
data source and synopsis settings. This RMSE is somewhat higher thangthally proposed target

of 200300 feet, and also results from the limitations of the applied technique.

Confidence in Validation Results

This scenario validation has been limited to management of high quality data sources. This only affects
Realism,Compression, Completeness and Accuracy metrics which may differ for poor quality data

sources. Results are better in general when we focus on big aircrafts (airliners) which are the more

interesting for the project.

Regarding compression, as statedif.3 [1], mturally, when positions are reported more often (as in

IFS), many more of themmay BeA 8 OF NRSR | & ay2NXIf¢é¢ | yR KSyO0S tSIFR i
much as 85%. Instead, thisio can get up to 78% for ADSBHub, and only 62% for FlightAbecause

ADSB messagefrom these two sources have a lower reporting frequency, so an incoming position

may indicatean important change in mobility and thus has more chances to be detected as critical.

In general the validation showdatAcronprototype is useful for building compressed trajectories
applying all the development from the dataAcron project.

FP02

According toD6.3 [7] the FP0O2 scenarimbjective was to demonstrate hovalatAcron data
management capability can help for add (link) new dataetal trajectories (enrich trajectories). The
trajectories reconstructed from the surveillance data (A& essages and/or radar tracks) need to be
enriched with data from the aircraft (when known), data from the weather, operational context data,
and assoiated Flight Plans.

FinaldatAcronarchitecture made unnecessary to differentiate-bife (stored) and redime in the
validation since the system uses exactly the same components for both settings.
The validation criteria defined iD6.3 [7]are:

Usability.

Responsiveness

Performance

Realism

Completeness
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Regardingisability, the usability aspects of FP02 are completely aligned with the ones analyzed in the
context of FPO1. Using SPARQL queries the user is able to filter enriched trajectories using different
criteria (e.g. among others: weather, SID/STAR, callsign, airline/s) andthdeed retrieve all the
associated enriched trajectories. Due to the expressiveness @faltAcronontology[10]and support

for representing enriched traject@s at multiple levels of abstraction, the user can retrieve results with
many different options, thus increasing the usability of the system. Therefore, the results are in
accordance with the specifications and requirement®h3 [7]

RegardingResponsiveness the system queries the aforementioned enriched Ab8ata set, and
retrieves, in less than 2 seconds, the subset of trajectory points, which have a givespasiied
temperature value. This response time is acceptable, since the systeinrms 357 trajectory points
from a data set consisting of approximately 5 million trajectory points.

Regardindg?erformance the trajectory enrichment is performed online using the spagmporal link
discovery framework proposed @latAcron which haseen implemented in Apache Flink to ensure
scalability. Obviously, its performance depends on many different param§i@is including: the
complexity of the spial or spatiotemporal relation to be discovered, the size and complexity of the
data set to be associated with the surveillance data, etc. In the following, we report some of the results
obtained using the IFS data set for different enrichment (i.ek tirscovery) tasks, which clearly
demonstrate that the performance is acceptable and within the expectatiom¥6a3 [7]

For the trajectory enrichment task of linking trajectory nodes with airblocks (relation: within, 3D) the
achieved processing rate6s500 records per second, when using d@tAcroncluster of 10 physical
nodes. Regarding weather integration, i.e., associating surveillance nodes with weather information,
the achieved performance is even better (around 15,000 records per second) etea egntralized
implementation. In general, the measured performance totally matches and exceeds significantly the
expectations 0D6.3 [7] which required managing to perform the trajectory enrichment task for one
day of trajectories within a few hours.

Regardindrealisnthe validation has been focused on the enrichment of trajectories of the IFS system,
which is a better option for buildg the ground truth Since the ground truth needo be built totally
independently ofdatAcronprototype, IFS allowthe enduser to know exactly the waypoints crossed

by each flight; this will not be possible for other surveillance sources while the method used in
datAcronis independent of the source, so the validation is fair using IFS. The dataset used for
validation correspondto a set of controlled flights for the period April"L2016 to April 17 2016. In
datAcronreconstructed trajectories we found 6218 trajectories enriched which different data, and
6SQft FT20dza 2y O K Sby thdsa tinjecofiesos thedrdalisr validationOAEagpéaird R

is considered as crossed if the trajectory crosses a circle of 300m radio around the waypoi®.(Gee
[7]). Targeting the trajectories of big airliners, the main interescfat ACronproject, there are 29177

waypoints known as crossed (the ground truth for 3141 trajectories), from wthiendatAcron
resulting datasetontains 25246, represeimy87% ratio of success. Looking at the waypoints identified

by datAcronwe found 472 waypoints in theesulting datasewhich are not in the list of known
waypoints (ground truth) presest in 384 trajectories Thismeans there are a 12% (384/3141) of
trajectories with some waypoint wrongly assigned, whichsentsa deviation fronthe original target

(2%) Looking into the details, trajectory with big gaps like the ones from Spain to Canary Island are
affectedby deviations due to missing point near the gapaus, i seemsthat the use of synopsis can
affect the quality ofsome tasks, in this cas@entifying waypoint crossing" so they seeraagl for
representing a trajectory in compressed form in the general cagefor computing accurate spatial
relations it may incur errors

Regardingcompletenesshe validation has been focused on the Flight plasigrement for trajectories
of the IFS system, which offers a better ground truth for comparison. The dataset used for validation
correspond to a set of controlled flights for the period April"2016 to April 11 20186, it contains
positions for 8652 trajctories which has a unique callsign, departure and destination. For this dataset

during validation it was possible to find flight plans for 6926 trajectoriedalbACronresulting dataset
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(resulset indatAcronfile store path/ datAcronVwP1/FP02_20180604he trajectories with a flight
plan amounts to 6122, so the Completeness achieved is 88%, istdcheptable

Confidence in Validation Results

This scenario validation has been limited to high quality data sources. This only &ffBetalism and
Completeness metrics which may differ for poor quality data sources. In general the validation shows
datAcron prototype is useful for enriching trajectories applying all the developments from the
dataAcron project.

There is some limitatiomithe use of synopses, which geod for storinghistorical trajectories in
compressed form, but for some lirdiscovery tasks (e.g., waypoint crossing, sector enter/leave, etc.)
they show some limitations. It seems for very precise geospatial computdtiensynopsis of the
prototype is not that accurate, but this can be adjusted to different levels of compression as explained
Ay & 5 @rdssstreannin), reatime detection of moving object trajectories (finag

Both FP0O1 and FP02 point to new reseairdd in which dealing with poor quality data will be the main
challenging research topic.

FPO3

According td6.3 [7]the FP03 scenariobjectiveisto demonstrate hondatAcroncan serve to detect
complex events on real trajectories of aircraft-bife.
FinaldatAcronarchitecture made unnecessary to differentiate-bife (stored) and redime in the
validation since the system uses exactly the same components for both settings.
The validation criteria defined iD6.3 [7]are:

Usability.

Responsiveness

Performance

Realism

Completeness

Accuracy

Regardindrealism, Completeness and Accuratlye \alidation has been focused on the detection of
four types of complex events:
- Top of Climb (TOCJhe aircraft reached its cruise altitude and then maintain the jevel
- Top of Descent (TODJhe aircraft started to descent from its cruise altityde
- Holdings (Holding)The aircraft enters in holding stack in where it performs 360° turns in
around 4 minutes (typically holding stacks are formed by four 1 minute legs);
- Deviation from the flight plan: The aircraft deviated from the path prescribed b¥litite plan
more than a certain distance (in the validation we considered 7km as the threshold distance
in where the aircraft is off the path)
The dataset used in this validation are the surveillance, flight plan, weather data correspondirfy to 24
Februay 2018. A subset of 6279 trajectories with unique callsign, departure, destination and at least
one event identified were the focus of this analysis.
The complex events were detected in each trajectory from the synopsis producetatAcron

according tathe datAcronarchitecture.

The validation was performed using as true reference the synthetic trajectories built from the
surveillance data with more dagaoints than the original surveillance (points every second), and
synthetic trajectories built usinthe flight plan with again more resolution than the original flight plan
(points every second). For these true reference trajectordishe complex events were identified in

the form of time, altitude, latitude and longitude. The objective of the vdl@aperformed here is to
understand ifdatAcronidentified all the complex events, if there were false identifications (realism
and completeness) and the accuracy of the detection. This accuracy is checked in the variables time,
altitude and distance.
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Regarding realism and completenesdiet following table indicates the % of the flights in where
datAcronidentified an event in comparison with the % of the flights in where that event was really
happening. Taseresults give an indication of the % of fafsesitives generated bglatAcroncomplex

event recognition algorithms. TOC and TOD are events that should be identified in all the regular flights
(100%), but as showed here they were successfully identified in only 66.4% of the flights. Deviations
from the flight plan should not be present in all the flights (according with the criteria chosen, only
94.9), howevedatAcronidentified Deviations in 100% of the flights. Holdings is a rare event and only
0.14% of the flights contains a holding event, howed@atAcronidentified 0.48% of the flights with a
holding. This gives rise to around 20 flights out of 30 with no holding that were marked incorrectly as
having a holding.

TOoQdatAcron%ftrue%) | TOD(%) Deviation(%) | Holding(%) | TOC & TO%)
72.50/100 73.04 /100| 100.00/949 | 0.48/0.14 | 66.40100

The next analysis corresponds to the accuracy of the detection of the complexsewdmtnan event
was detected correctly, we focus on how close was that event to the realRositive values indicate

thatthd &/ 2 YLX SE 905y (¢ doduried iR Beiréalyiniif nebative Gahibsisténds/

F2NJ GKS Ol asSa Ay BKARPKISESEA #y 2 YOI dMas BB SN NI G2 NBI
per complex event.

Top of Climb accuracy:

From 4552 flights (72.5% of the initial sample6&79, 931 flights were discarded due to large
deviations. Those deviations were due to callsigns not property matched (trajectotkatAcrondo

not match the real trajectory, so probably there were errors in ¢théisigr) and there were flights with
multiple TOC (step climbs during cruise). For the rest of those flights, Figure 1 shows the errors in time,
altitude and distance, and occurrenoéthose errors.

TOC Event Detection - Datacron vs Boeing Results
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Figurel2: TOC errors in time (seconds), altitude (feet) and distance (kilometers)

Table6 below shows the average value of those errors. The conclusion is that, when the event is
detected the accuracy in altitle is very good, but rtan time and distance (~2 min and 26 km after

the TOC really happened). Depending on the application, these errors in distance and time could be too
much. There is still a high percentage of flights (around one third of the flightls a very accurate
detection (less than 15 seconds and 5 km), which is very promising

Yt (s) | Yh(ft) | d (km)
-119.05| 12.01 | 25.97
Table8: Average error for the TOC (Accuracy)

Top of descentccuracy:
From 4586 flights (73.04% of the initial sample6@79, 965 flights were discarded due to large

deviations. Those deviations were due to callsigns not propertly matched (trajectordi&tidcron
did not match the real trajectory, so probably there wemeaes in thecallsigr) and there were flights

with multiple TOC (step climbs during cruise) that produces error ird@BACroncomplex events
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recognitionalgorithm. For the rest of those flights (3621), next Figure shows the errors in time, altitude
and dstance, and occurrence of those errors.

TOD Event Detection - Datacron vs Boeing Results
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Figurel3: TOD errors in time (seconds), altitude (feet) and distance (kilometers)
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Table 2 below shows the average value of those errors. The conclusion is that, when the event is
detected the accuracy in altitude is very good, buttrio time and distance (~2 min and 25 km prior

the TOD really happened). Depending on the application, these errors in distance and time could be
too much. There is still a high percentage of fliglat®und one third of the flights) with a very accurate
detection (less than 20 seconds and 5 km), which is very promising

Yt (s) Yh (ft) d (km)
114.48 11.94 24.64
Table9: Average error for the TOD (Accuracy)

Theanalysis on the TOC/TOD accuracy shows that the detection of these complex evéatfgyon

need to be improved for high demand applications and the clear tendency to identify them within the
cruise phase segment rather than in the boundaries of theserasegment (as they are definesjould

be improved Adjustments in the criteria to develop the synopaigl/or in the thresholds used in the
complex event detection could improve these results.

Deviationaccuracy:

From 5959 flights (94.9% of the initial sample 06279, 320 flights were discarded due to large
deviations. Those deviations were due to callsigns not propertly matched (trajectoti@crondo

not match the real trajectory, so probably there were errors in ¢haésign and there were flights with

no deviations thadatAcronidentified as having one deviation. AlsatAcrondid not identify al

the deviations segmentshat occurred in a single flighdatAcroncomplex event recognition was
only able to detect a maximum & deviation segments when more than that could occur in some
flights. Next Figure shows the number of deviation segreenturred in the reality.

! Deviation segment is defindaly the first pointin where an aircraft is more thma7 km away from the
path defined by the flight plan and a second point in where the aircraft is again closer tdr@rkm
the path in the flight plan
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N° of deviation cases - Complex Events
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Figure14: the number of deviation segments identified blatACroncompared with reality

For those cases in where the events are comparable, Table 3 shows the average deviations in time,
altitude and distance. Considering that the initial and final typically events occur in the climb and
descent segments, it is expectdtht small errors in time and distangeneratehigh errors in altitude,

as showed.

Yt (s) Yh (ft) d (km)
Initial Point| Final Point| Initial Point| Final Point| Initial Point| Final Point
288.14 398.52 5598.39 3972.41 39.84 45.49

Table 10: Errors in time (seconds), altitude (feet) and distance (kilometers) of the initial and final points of
deviations

Holdingaccuracy:

From 6279 flightsdatAcroncomplex event recognition identifie80 flightswith a Holdingevent
From those 309 ofthem were correctly identified and 2dere wrongly identifiedFor 3 of those 21
cases, the source of error seems to daliscrepancy/mismatch in the callsign. A& of those 21,
holding was wrongly detecte@lthough thee was a360° turn, the altitudewasnot constant andhat
turn corresponds to the procedure (see Figu.

LOT94V - Hold Event Detection - Datacron vs Boeing Results -
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BAW327 - Hold Event Unmatched Detection - Datacron vs Boeing Results -
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Figurel5: Hold events They=ground truth, Us datACI‘thrototype

When the event was correctly identified (9 cases) theeim detection was smaller than in the other
cases (see next Table)

Yt (s) Yh (ft) d (km)
Initial Point| Final Point| Initial Point| Final Point| Initial Point| Final Point
153.46 160.40 1000.22 1114.00 10.23 10.31

Tablell: Errors in time (seconds), altitude (feet) and distance (kilometers) of the initial and final points of the
holdings

Confidence in Validation Results

This scenario validation has been limited to high quality data sources. The validationd&tfAaron
prototype does not achieve the levels of accuracy, realism and completeness indicated in D6.3 [7]. The
main reason might be the loss of resolution when discarding data samples to form the synopses.
However, the results are promising and certain aviatigplecations could make use of the services
provided bydatAcronfor complex event detection.

FP04

According td6.3 [7}the FP04 scenariabjectiveisto demonstrate howdatAcroncan serve to predict
complex events on real trajectories of aircraft-tiffe.
The validation criteria defined iD6.3 [7]are:

Usability.

Responsiveness

Performance

Realism

Compression

Completeness

Accuracy

Since FPO04 relies heavily in FP0O3 functionality, we have not performed the FP04 validations, since it
only make sense once FPGperiments presenimproved results.

Confidence in Validation Results
Since FP04 relies heavily in FPO3 functionality, we have not performed the FP04 validations, since is it
only make sense once FP03 has improved the results.

Page29of 47

























































