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EXECUTIVE SUMMARY 
The datAcron Aviation final validation report, D6.6, contains a detailed description of the developed 

activities to validate the output datasets from datAcron project, as well as results and conclusions 

from the point of view if the aviation domain.  

This deliverable aims to be a reference for further research in big data projects within the aviation 

domain, taking into account that datAcron has paved the way of these new investigations. 

In this document, the reader will also find a deep analysis of the results obtained from de datAcron 
project within the aviation domain, which was split into two different subdomains: Flow Management 

and Flight Planning. These subdomains, in turn, are divided into three scenarios for flow management, 

and into ten scenarios for flight planning. DatAcron Aviation 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 with conclusions for both subdomains (flow 

management and flight planning) and several recommendations for further investigation, taking into 

account the great knowledge that has been achieved with datAcron project. 
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1. Lb¢wh5¦/¢Lhb 

1.1 Purpose and Scope 

Experiments validation is the last step of the WP6 development, after the definition of the data 

provided, the description of the scenarios and the experiments development. This document intends 

to be used by all datAcron partners, and not only for subject matter experts. 

Once the basis of the different ATM scenarios has been understood by all partners, and comprehensive 

description of the experiments has been performed by the different work packages, this deliverable 

specifies the steps to perform the validation of the results per each aviation scenario. The document 

specifies all the details needed to perform the validation in a rigorous and repeatable way: what exactly 

has been measured and how, and thresholds defining good or bad results have been included. 

This document also aims at clarifying the conclusions and recommendations and the description of the 

datAcron global ATM results. 

 

1.2 Approach for the Workpackage and Relation to other Deliverables 

The technological developments in datAcron have been validated and evaluated in user-defined 

challenges that aim at increasing the safety, efficiency and economy of operations concerning moving 

entities in the Air-Traffic Management and Maritime domains. The overall 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 objective 5: άώhΦрϐ ±ŀƭƛŘŀǘƛƻƴ ŀƴŘ ŜǾŀƭǳŀǘƛƻƴ ƻŦ ǘƘŜ 

datAcron system and individual components on the surveillance of moving entities in the ATM and 

ƳŀǊƛƴŜ ŘƻƳŀƛƴǎΦέ 

This document constitutes the explanation of the validation processes carried out during the last phase 

of datAcron. Thus, this deliverable is the one that closes the 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 deliverables: D6.1 [5] Aviation use case detailed definition, 

D6.2 [6] Aviation data preparation and curation, D6.3 [7] Aviation experiments specification, D6.4 [8] 

Aviation data preparation and curation and D6.5 [9] Aviation prototype set-up. 

 

1.3 Methodology and Structure of the Deliverable 

This document has been developed by operational and industry 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: 

¶ Detailed results per scenario. 

¶ Confidence in validation results. 

In addition to this detailed description, this deliverable provides with two sections of datAcron 
global ATM results and conclusions and recommendations. 
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2. /hb¢9·¢ hC ¢I9 ±![L5!¢Lhb 
 

2.1 datAcron description 

The main objective of datAcron is to improve the management and the exploitation of big amounts 

of data and from different sources datasets in order to have a better understanding of the Air Traffic 

Management (ATM) domain. This better understanding will aim to advance the capacities of systems 

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

geographical areas. 

In this way, datAcron aims to enhance the decision making process for flow management and flight 

planning, taking into account the predictions based on big data procedures that 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 datAcron and the set-up of the prototype. The system was trained with data from one month and 

the validation has been carried out with data from three weeks from May, June and July 2016; of course, 

the training and the validation dataset were completely different. 

The validation has been performed comparing the prediction obtained by the datAcron prototype 

and the real data, and taking into account the metrics that were described in D6.3, Aviation Experiments 

specification [7]. Thus, in every scenario that is described in the next section, the document shows the 

steps followed to assess the metrics aforementioned, such as usability and responsiveness, accuracy, 

completeness, etc. 
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3. 5!¢!/whb ±![L5!¢Lhb w9{¦[¢{ 

3.1 Summary of the results per scenario 

FM01 

The objective of scenario FM01 is to reproduce Flow Management Behaviour by predicting regulations 
ƛƴ ǘƘŜ ƎŜƴŜǊŀƭ ǎƛǘǳŀǘƛƻƴ ǿƘŜǊŜ ǘƘŜ ŘŜƳŀƴŘ ƛǎ ƻǾŜǊ ǘƘŜ ǎŜŎǘƻǊΩǎ ŎŀǇŀŎƛǘȅΦ CǊƻƳ ǊŜƎǳƭŀǘƛƻƴǎ prediction, it 
is possible to obtain patterns that allow a better understanding on how regulations are set. These 
patterns are temporal, spatio-temporal 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). These three weeks for which validation results are 
obtained are: 01 ς 07 May 2016, 12 ς 18 June 2016 and 10 ς 16 July 2016. The regulation prediction is 
obtained as an outcome of a machine learning problem stated in deliverable D3.5 [1]. This 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 both classifiers, please referrer to the 
referenced deliverable. 
 
For validation purposes, several metric are developed and explained accordingly in deliverable D6.3 [7]: 

¶ Usability and responsiveness 

¶ Performance 

¶ Completeness 

¶ Accuracy 
 
However, before explaining the results of validation activities, it is important to note that the main 
outcome of scenario FM01, which is regulations, is obtained following sector configuration predicted 

by datAcron algorithm. Nevertheless, these predicted configurations do not accurately match reality 

and therefore, this has implications in regulation prediction that should be taken into account. 
Regulations are predicted on the sectors opened at each time, so if sectors are not accurately predicted 
the demand-capacity 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 prediction. For this reason, targets 
for each of the validation metrics are lowered in accordance to take into account the side effect of 
inaccuracies in configuration prediction, as we understand the complexity of the problem. 
 
Features used for regulation prediction 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 results of scenario FM01 are 
presented below. 
 
Usability and responsiveness evaluates the HMI for regulation prediction. The tool has been developed 
to show configurations and play with their visualisation, as shown in Figure 1 . It also show regulations 
predicted, as represented in Figure 2. The tool is easy to use and understands, with a wide range of 
visualisation options available and a user-friendly interface, so it could be said that this metric is 
accomplished. However, the tool should be further refined in order to account for specific requirements 
set by the operator who is going to use to tool in support of its task. 
 
Performance indicates the degree of achievement obtained by the algorithm in terms of regulation 
prediction. This indicator has changed with regards to the one described in deliverable D6.3 [7] so as 
to measure the achievement of the algorithm and better reflect this area. 
Performance of the algorithm is interpreted from the combination of three metrics: precision, recall 
and F1 score. Precision accounts for the ratio of correctly predicted positive observations 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 calculated from 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 prediction. In scenario 
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FM01, only two classes are considered when dealing with regulation predictions: regulation and no 
regulation and resulting confusion matrices are presented in Table 1 (a) ς (d). 
 

 
Figure 1: Top part shows the 3D visualization of sectors in the tool, and bottom part the changes in configuration 
as seen in the tool. 

 

 
Figure 2: Left image shows aggregated unregulated flights and right image the aggregated flight delayed due to 
ATC capacity imbalances. 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 

  
Class: 
REG 

Class: 
No REG 

Actual 
Class 

Class: 
REG 

1148 15635 

Class: 
No REG 

48899 2925 
 

  Predicted Class 

  
Class: 
REG 

Class: 
No REG 

Actual 
Class 

Class: 
REG 

2832 31303 

Class: 
No REG 

66314 2303 
 

(a) (b) 

  Predicted Class 

  Class: 
REG 

Class: 
No REG 

Actual 
Class 

Class: 
REG 

8265 71437 

Class: 
No REG 

58018 2064 
 

 

  Predicted Class 

  Class: 
REG 

Class: 
No REG 

Actual 
Class 

Class: 
REG 

12245 118375 

Class: 
No REG 

173231 7292 
 

(c) (d) 

Table 1: Confusion matrices for each of the three validation weeks: (a) 01-07 May 2016, (b) 12-18 June 2016, 
(c) 10-16 July 2016 and (d) global value of the validation. 

From the confusion matrices, precision, recall and f1_score are calculated, as reflected in Table 2. 
Precision is calculated as p=tp/tp+fp; while recall is calculated as r=tp/tp+fp and f1 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 

Table 2: Values of precision, recall and F1 score for the three validation weeks for regulation prediction, as well 
as the global value. 

The overall values of the three metrics are below 10%, so the target performance of the algorithm is 
not achieved. 
 
Completeness reflects the percentage of information which is lost. This metric is the result of the ratio 
of regulation predicted to real regulations. A total of 721 regulations (in absolute numbers, not refer to 
tp, tn, fp and fn values as they are refer to 20 minute-step decomposition of regulations) were predicted 

by datAcron algorithm whereas 954 regulations took place in reality during the three validation 

weeks. The 721 regulations predicted by datAcron algorithm, 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 precision, recall, and f1 scores are so low that information is being lost due to the 
inaccurate regulation prediction. 

DatAcron algorithm misses regulations in several airspaces, while tends to remain in the conservative 

side not assigning too many regulations, as shown in Figure 3.  
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Figure 3: Distribution of regulations predicted by datAcron 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, Portugal; LS, Switzerland; and LZ, Slovakia. 

 
Accuracy is 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 the value of true positives is similar to the value 
of true negatives. In the case of scenario FM01, it works best for two of the three validation weeks (01-
07 May 2016 and 12-18 June 2016), while for the other it does not, due to the large discrepancy in tp 
and tn. Values of accuracy are shown in Table 3. 
  

precision 

May 2016 0,0229 

June 2016 0,0410 

July 2016 0,1247 

Total 0,0660 

Table 3: Values of accuracy for the three validation weeks for 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 conclusion of the scenario FM01, regulations prediction should be improved. At 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 a deeper investigation on factors affecting regulation setting so 
as to be able to replicate flow management behavior and obtain a better performing machine learning.  
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FM02 

 
The objective of scenario FM02 is to predict imbalances between demand and capacity values. These 

imbalances are calculated based on the configuration predicted by datAcron algorithm and on entry 

counts (entries to the sector). Imbalance prediction analysis allows the identification of propagation of 
consequences of regulations as well as dependencies on window length. 
 
Imbalance prediction is performed for the same three weeks as regulation prediction: 01 ς 07 May 
2016, 12 ς 18 June 2018 and 10 ς 16 July 2016. As in scenario FM01, the machine learning performed 
to obtained results in this scenario is explained in detailed in deliverable D3.5 [1]. 
 
The metrics used to validate results are explained in deliverable D6.3 [7], although they have subtle 
differences compared to the definitions given in that deliverable that are explained in the remainder of 
this section: 

¶ Usability and responsiveness 

¶ Performance 

¶ Completeness 

¶ Accuracy 
 
As in the case of scenario FM01, scenario FM02 is dependent on configuration prediction, so expected 
targets for each metrics indicated in deliverable D6.3 [7] are lowered accordingly due to the complexity 
of the problem of configuration prediction, as explained in previous section. There are several possible 
configurations available per ACC, and for each time-period, a set of parameters is given. Based on 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 
FM01 are used: precision, recall and f1 score. The values of each metric are shown in Table 4. 
  

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 

Table 4: Values of precision, recall and F1 score for the three validation weeks for configuration prediction, as 
well as the global value. 

Results on precision, recall, and f1 scores for each airspace with at least 2 different configurations are 
shown in Figure 4 to Figure 6 (a) ς (d), correspondingly;  

  
(a) (b) 
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(c) (d) 

Figure 4: Precision values for configuration prediction for each of the 108 airspaces with at least 2 different 
configurations in (a) 01-07 May 2016, (b) 12-18 June 2016, (c) 10-16 July 2016 and (d) global. 

 

  
(a) (b) 

  
(c) (d) 

Figure 5: Recall values for configuration prediction for each of the 108 airspaces with at least 2 different 
configurations in (a) 01-07 May 2016, (b) 12-18 June 2016, (c) 10-16 July 2016 and (d) global. 

  
(a) (b) 
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(c) (d) 

Figure 6: F1score values for configuration prediction for each of the 108 airspaces with at least 2 different 
configurations in (a) 01-07 May 2016, (b) 12-18 June 2016, (c) 10-16 July 2016 and (d) global. 

 
In an overall view, configuration 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 prediction, 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 their precision, recall and f1 scores, where the group 1 corresponds to low ς 
performance scoring ACCs, groups 2 to medium performance ACCs and group 3 to high performing 
ACCs, as seen in Figure 7. ACCs in low-performing group, share a common characteristic, 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, correspondingly. 
 

 
Figure 7: Clustering analysis (k-means) of configuration prediction based on performance results in 3 groups. 

Imbalance analysis is based on these 3 groups. One representative ACC of each group has been chosen 
based on the average characteristics (number of configuration, primarily) of each of the three groups 
to conduct the validation activities, being the selected: 
Á GCCCAC ς Group 1 
Á ESOSCTAN ς Group 2 
Á EDWWCTAS ς Group 3 
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Usability and responsiveness evaluates the reliability of presented window length to detect 

imbalances. In FM02, datAcron tool 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 compare demand and capacity events in space (see Figure 8), time and a combination (see 
Figure 9) in both. As already said, it is a user-friendly interface, which needs some refinement to adapt 
it to operator needs, but it could be said that this metric is accomplished.  
 

 
Figure 8:  Spatial distribution of demand-capacity imbalances in Spanish airspace. The color code represent the 
severity of the imbalance from lowest (yellow) to highest (red). 

 
Figure 9: Spatio temporal distribution of imbalances in Spanish airspace. 

Performance indicates 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 FM01. 
Results of these three metrics are summarised in Table 5. 
   

precision recall f1 score 

EDWWCTAS 

w1 0,1818 0,8333 0,2985 

w2 0,0909 0,1765 0,12 

w3 0,0896 0,3529 0,1429 

mean 0,1208 0,4542 0,1871 

ESOSCTAN 

w1 0,0238 0,1667 0,0417 

w2 0 0 0 

w3 0 0 0 

mean 0,0079 0,0556 0,0139 

GCCCACC 

w1 0,1641 0,0879 0,1145 

w2 0,1462 0,0831 0,106 

w3 0,1765 0,1041 0,131 

mean 0,1623 0,0917 0,1172 
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Table 5: Summary of results on precision, recall and f1 score for the 3 validated ACC in the 3 validation weeks. 

 
Performance of scenario FM02 is calculated following the same methodology as in FM01 performance 
calculations: predicted and real imbalances are calculated in 20 minute intervals. The overall values of 
the three metrics are below 10%, so the target performance of the algorithm is not achieved. 
 
Completeness evaluated the percentage of information which is lost. This is evaluated based on the 
number of true positives and negatives, as well as in the amount of false positives and negatives. These 
values are summarized in Table 6: 
   

tp tn fp fn 

EDWWCTAS 

w1 10 457 45 2 

w2 3 458 30 14 

w3 6 448 61 11 

ESOSCTAN 

w1 1 462 41 5 

w2 0 483 17 4 

w3 0 463 42 2 

GCCCACC 

w1 32 239 163 332 

w2 31 221 181 342 

w3 48 188 224 413 

Table 6: Summary of true positives and negatives, as well as false positives and negatives in the 3 ACCs. 

DatAcron algorithm misses imbalances (fn) in the three airspaces, particularly in GCCCACC, while 

tends to detect false imbalances (fp). In view of these, the completeness target is not achieved. 
 
Accuracy is the ratio of correctly predicted regulations to the total of observations. Results are 
summarized in  

EDWWCTAS 

w1 0,9086 

w2 0,9129 

w3 0,8631 

ESOSCTAN 

w1 0,9096 

w2 0,9583 

w3 0,9132 

GCCCACC 

w1 0,3538 

w2 0,3252 

w3 0,2703 

Table 7: Accuracy values for the 3 ACC during the 3 validation weeks. 

The overall values of accuracy is good for ACC EDWWCTAS and ESOSCTAN, but remains below the target 
set in D6.3 of 99% so the target accuracy of the algorithm is not achieved. Moreover, these are single 
results of 3 representative 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 FM02, imbalance prediction should be improved to obtain more 
reliable values of accuracy, precision, recall and f1 score. Additionally, it should be further examined if 
results are applicable to all ACC in each group. 

FM03 

The objective of scenario FM03 is to assess the resilience and prediction capability of the machine 
learning performed to identify whether regulations are required or not under certain imbalances 
situations. For this reason, FM03 requires both the input of FM01 and FM02, that is, imbalances 
predicted (FM02) and situations in which these imbalances led to a regulation (FM01). Given this and 
the low percentage of accuracy achieved in both scenarios required to conduct analysis of this scenario, 
FM03 scenario has been discarded and left for future research.  
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FP01 

According to D6.3 [7] the FP01 scenario objective was to demonstrate how datAcron trajectory 

reconstruction capability is useful for building the real trajectories of aircraft both off-line and real-
time. 

Final datAcron architecture made unnecessary to differentiate off-line (stored) and real-time in the 

validation since the system uses exactly the same components for both settings. 
The validation criteria defined in D6.3 [7] are: 

 Usability. 

 Responsiveness. 

 Performance. 

 Realism. 

 Compression. 

 Completeness. 

 Accuracy.  

 
Regarding usability, the user is able to retrieve reconstructed trajectories by the activities of FP01 by 

querying the datAcron distributed RDF store. Since the reconstructed trajectories have been 

transformed in RDF, in accordance with the datAcron ontology, 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/s, aircraft 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 represented in RDF. Indicative examples of more complex data 
retrieval are provided below: 

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

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

¶ Retrieval of the reconstructed trajectory for a given flight plan. 
 
Retrieval of reconstructed trajectories has been evaluated on different surveillance data sources (IFS, 
ADS-B, Flightaware) and is supported based on the description above.  
 
In summary, the system is 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 language (SPARQL) that supports flexible 
querying of the reconstructed trajectories that have been transformed to RDF. 
 
Regarding the responsiveness of the system while reconstructing trajectories, this is considered 
acceptable and in accordance with the requirements reported 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 trajectories, after they have 
been transformed to RDF and stored in the system, using different specific criteria (filters) related to 
ŀƛǊǇƻǊǘǎ ŀƴŘ ŀƛǊŎǊŀŦǘǎΦ ¢ƻ ǘŜǎǘ ǘƘŜ ǎȅǎǘŜƳΩǎ ǊŜǎǇƻƴǎƛǾŜƴŜǎǎΣ ǿŜ ǳǎŜŘ ǘƘŜ !5{-B surveillance data set 
referring to the entire space of Europe for a week of April 2016, which contains approximately 95 
million records in RDF format. Provided with an aircraft manufacturer name (e.g Boeing), the system 
Ŏŀƴ ǊŜǘǊƛŜǾŜ ŀƭƭ ǊŜŎƻƴǎǘǊǳŎǘŜŘ ǘǊŀƧŜŎǘƻǊƛŜǎ ƻŦ ǘƘŜ ƳŀƴǳŦŀŎǘǳǊŜǊΩǎ ŀƛǊŎǊŀŦǘǎΣ ƛƴ ŀ ǊŜŀǎƻƴŀōƭŜ ŀmount of 
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 is considered to be acceptable in most cases of offline data 
analysis tasks. 
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Regarding performance, the trajectory reconstruction process is performed in an online way by 
identifying successive positions of the same moving object from the stream of all moving objects. 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. Again, this 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 data set (1 week of data, 11-17 April 2016, 1,689,540 records) is 
~2,300 sec when processed on a single node, which corresponds to a throughput rate of ~735 records 
per second. As already mentioned, the process is parallelizable in a straightforward manner when 
partitioning by object identifier. 
 
Regarding Realism, 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 comparison: Since the ground truth need 

to be built totally independently of datAcron prototype, IFS allows the end-user to know exactly the 

right departure and destination of each flight, this will not be possible for other surveillance sources 

while the method used in datAcron is independent of the source, so the validation is fair  using IFS. 

The dataset used for validation corresponds to a set of controlled flights for the period April 11th 2016 
to April 17th 2016, it contains positions for 8652 trajectories which have a unique callsign, departure 

and destination. In datAcron reconstructed trajectories (resulset in datAcron file store path / 
datAcron /WP1/FP01_20180601) we found 179 trajectories with a departure or destination assigned 

with a deviation greater than 700 meters from the right departure or destination; so the right enriched 
trajectories are 8473 (8652 ς 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 scenario, so we 
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 99.2% of right reconstructed trajectories and an error rate of 
0.8%.  
In both cases the ratios are in the thresholds defined in D6.3 [7]. 
 
Regarding Compression the validation is based on the results published in [18]. The details of the 
ŎƻƳǇǊŜǎǎƛƻƴ ŀŎƘƛŜǾŜŘ ŜǊŜ ŜȄǇƭŀƛƴŜŘ ƛƴ ŘŜƭƛǾŜǊŀōƭŜ άD2.3 [1] Cross-streaming, real-time detection of 
moving object trajectories (finalύέΦ wŜǎǳƭǘǎ ŀǊŜ ǎǳƳƳŀǊƛȊŜŘ ƛƴ ƴŜȄǘ ŦƛƎǳǊŜΣ ά/ƻƳǇǊŜǎǎƛƻn ratio over 
ƻǊƛƎƛƴŀƭ ŘŀǘŀǎŜǘǎέ 
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 flightkey (i.e. flight leg). These two characteristics follow from the fact that the 
trajectories originate from an ANSP, which owns a broad network of radars/ADS-B receivers and 
manages the flight plans in its airspace. In particular, we have focused on all the flights occurring 
between 11-APR-2016 and 17-APR-2016 that have either take-off or landing included in the original 
dataset, thus eliminating overflights. This means that from the 37372 initial trajectories occurring 

during those days, datAcron has reconstructed 8652 trajectories having either take-off or landing 

within the airspace domain of the ANSP. However, the use of high quality dataset is needed in order to 
Řƻ ǇǊƻǇŜǊ ǾŀƭƛŘŀǘƛƻƴ άƻǳǘ ƻŦ ǘƘŜ ǎȅǎǘŜƳέΣ ōǳǘ ŘƻŜǎƴΩǘ ƛƳǇƭȅ ŀƭƎƻǊƛǘƘƳǎ ǿƻƴΩǘ ǿƻǊƪ in other datasets. 
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 different flight 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 are actually 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. 
Following this criterion, and based on the 6594 resulting trajectories that univocally correspond to a 
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single flightkey, we find that datAcron is able to retrieve 4111127 of the 4187711 track positions, that 

is, 98.17% of the positions of the IFS flight tracks. 
 

 
Figure 10: Compression ratio over original datasets 

 
Regarding Accuracy the validation is based on the results published 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, and evaluated 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 results are summarized in 
next figureΣ άQuality of trajectory approximationέ: 
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Figure 11: Quality of trajectory approximation 

It can be seen that the attainable RMSE for the horizontal position spans between 500 and 1700 metres, 
depending on the data source and the trajectory synopsis settings. Notice that this RMSE is significantly 
higher than the originally proposed target of 0.01-0.02 nautical miles, and results from the inherent 
limitations of the trajectory synopsis-reconstruction technique 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 (b) non-operational 
time synopses extraction, both 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 than the originally proposed target 
of 200-300 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 stated in D2.3 [1], naturally, when positions are reported more often (as in 
IFS), many more of them may be ŘƛǎŎŀǊŘŜŘ ŀǎ άƴƻǊƳŀƭέ ŀƴŘ ƘŜƴŎŜ ƭŜŀŘ ǘƻ ƛƴŎǊŜŀǎŜŘ ŎƻƳǇǊŜǎǎƛƻƴ ƻŦ ŀǎ 
much as 85%. Instead, this ratio can get up to 78% for ADSBHub, and only 62% for FlightAware, because 
ADS-B messages from these two sources have a lower reporting frequency, so an incoming position 
may indicate an important change in mobility and thus has more chances to be detected as critical. 

In general the validation shows datAcron prototype is useful for building compressed trajectories 

applying all the development from the dataAcron project. 
 

FP02 

According to D6.3 [7] the FP02 scenario objective was to demonstrate how datAcron data 

management capability can help for add (link) new data to real trajectories (enrich trajectories). The 
trajectories reconstructed from the surveillance data (ADS-B messages and/or radar tracks) need to be 
enriched with data from the aircraft (when known), data from the weather, operational context data, 
and associated Flight Plans. 

Final datAcron architecture made unnecessary to differentiate off-line (stored) and real-time in the 

validation since the system uses exactly the same components for both settings. 
The validation criteria defined in D6.3 [7] are: 

 Usability. 

 Responsiveness. 

 Performance. 

 Realism. 

 Completeness. 
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Regarding usability, the usability aspects of FP02 are completely aligned with the ones analyzed in the 
context of FP01. Using SPARQL queries the user is able to filter enriched trajectories using different 
criteria (e.g. among others: weather, SID/STAR, callsign, airline/s) and can indeed retrieve all the 

associated enriched trajectories. Due to the expressiveness of the datAcron ontology [10] and support 

for representing enriched trajectories 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 requirements in D6.3 [7]. 
 
Regarding Responsiveness,  the system queries the aforementioned enriched ADS-B data set, and 
retrieves, in less than 2 seconds, the subset of trajectory points, which have a given, user-specified 
temperature value. This response time is acceptable, since the system returns 357 trajectory points 
from a data set consisting of approximately 5 million trajectory points. 
 
Regarding Performance, the trajectory enrichment is performed online using the spatio-temporal link 

discovery framework proposed in datAcron, which has been implemented in Apache Flink to ensure 

scalability. Obviously, its performance depends on many different parameters [10], including: the 
complexity of the spatial or spatio-temporal 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.e., link discovery) tasks, which clearly 
demonstrate that the performance is acceptable and within the expectations of D6.3 [7].  
For the trajectory enrichment task of linking trajectory nodes with airblocks (relation: within, 3D) the 

achieved processing rate is 6,500 records per second, when using the datAcron cluster 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) even with a centralized 
implementation. In general, the measured performance totally matches and exceeds significantly the 
expectations of D6.3 [7], which required managing to perform the trajectory enrichment task for one 
day of trajectories within a few hours. 
 
Regarding Realism the validation has been focused on the enrichment of trajectories of the IFS system, 
which is a better option for building the ground truth: Since the ground truth needs to be built totally 

independently of datAcron prototype, IFS allows the end-user to know exactly the waypoints crossed 

by each flight; this will not be possible for other surveillance sources while the method used in 

datAcron is independent of the source, so the validation is fair using IFS. The dataset used for 

validation corresponds to a set of controlled flights for the period April 11th 2016 to April 17th 2016. In 

datAcron reconstructed trajectories we found 6218 trajectories enriched which different data, and 

ǿŜΩƭƭ ŦƻŎǳǎ ƻƴ ǘƘŜ ƭƛǎǘ ƻŦ ǿŀȅǇƻƛƴǘǎ ŎǊƻǎǎŜŘ by these trajectories for the realism validation. A waypoint 
is considered as crossed if the trajectory crosses a circle of 300m radio around the waypoint (see D6.3 

[7]). Targeting the trajectories of big airliners, the main interest for datAcron project, there are 29177 

waypoints known as crossed (the ground truth for 3141 trajectories), from which the datAcron 
resulting dataset contains 25246, representing 87% ratio of success. Looking at the waypoints identified 

by datAcron we found 472 waypoints in the resulting dataset which are not in the list of known 

waypoints (ground truth) presented in 384 trajectories. This means there are a 12% (384/3141) of 
trajectories with some waypoint wrongly assigned, which presents a deviation from the original target 
(2%). Looking into the details, trajectory with big gaps like the ones from Spain to Canary Island are 
affected by deviations due to missing point near the gaps: Thus, it seems that the use of synopsis can 
affect the quality of some tasks, in this case "identifying waypoint crossing" so they seem good for 
representing a trajectory in compressed form in the general case, but for computing accurate spatial 
relations it may incur errors. 
 
Regarding Completeness the validation has been focused on the Flight plan assignment 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 11th 2016 to April 17th 2016, it contains 
positions for 8652 trajectories which has a unique callsign, departure and destination. For this dataset 

during validation it was possible to find flight plans for 6926 trajectories. In datAcron resulting dataset 
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(resulset in datAcron file store path /  datAcron /WP1/FP02_20180604) the trajectories with a flight 

plan amounts to 6122, so the Completeness achieved is 88%, which is acceptable. 
 
 
Confidence in Validation Results 
This scenario validation has been limited to high quality data sources. This only affects to Realism 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 limitation in the use of synopses, which is good for storing historical trajectories in 
compressed form, but for some link discovery tasks (e.g., waypoint crossing, sector enter/leave, etc.) 
they show some limitations. It seems for very precise geospatial computation the synopsis of the 
prototype is not that accurate, but this can be adjusted to different levels of compression as explained 
ƛƴ ά5нΦо ώмϐ Cross-streaming, real-time detection of moving object trajectories (finalύέ 
Both FP01 and FP02 point to new research lines in which dealing with poor quality data will be the main 
challenging research topic. 
 

FP03 

According to D6.3 [7] the FP03 scenario objective is to demonstrate how datAcron can serve to detect 

complex events on real trajectories of aircraft off-line. 

Final datAcron architecture made unnecessary to differentiate off-line (stored) and real-time in the 

validation since the system uses exactly the same components for both settings. 
The validation criteria defined in D6.3 [7] are: 

 Usability. 

 Responsiveness. 

 Performance. 

 Realism. 

 Completeness. 

 Accuracy.  

 
Regarding Realism, Completeness and Accuracy, the validation has been focused on the detection of 
four types of complex events:  

- Top of Climb (TOC): The aircraft reached its cruise altitude and then maintain the level; 
- Top of Descent (TOD): The aircraft started to descent from its cruise altitude;  
- Holdings (Holding): The aircraft enters in holding stack in where it performs 360º 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 by the flight 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 corresponding to 24th 
February 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 produced by datAcron, 
according to the datAcron architecture. 

The validation was performed using as true reference the synthetic trajectories built from the 
surveillance data with more data-points than the original surveillance (points every second), and 
synthetic trajectories built using the flight plan with again more resolution than the original flight plan 
(points every second). For these true reference trajectories, all the complex events were identified in 
the form of time, altitude, latitude and longitude. The objective of the validation performed here is to 

understand if datAcron identified 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 completeness, the following table indicates the % of the flights in where 

datAcron identified an event in comparison with the % of the flights in where that event was really 

happening. These results give an indication of the % of false positives generated by datAcron complex 

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), however datAcron identified Deviations in 100% of the flights. Holdings is a rare event and only 

0.14% of the flights contains a holding event, however datAcron identified 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.  
 

TOC (datAcron %/true%) TOD (%) Deviation(%) Holding (%) TOC & TOD (%) 

72.50/100 73.04 /100 100.00/94.9 0.48/0.14 66.40/100 

  
The next analysis corresponds to the accuracy of the detection of the complex events. When an event 
was detected correctly, we focus on how close was that event to the real one. Positive values indicate 
that thŜ ά/ƻƳǇƭŜȄ 9ǾŜƴǘέ ǿŀǎ ŘŜǘŜŎǘŜŘ ƭŀǘŜǊ ǘƘŀƴ occurred in the reality; whilst negative values stands 
ŦƻǊ ǘƘŜ ŎŀǎŜǎ ƛƴ ǿƘƛŎƘ ǘƘŜ ά/ƻƳǇƭŜȄ 9ǾŜƴǘέ ŘŜǘŜŎǘƛƻƴ ƻŎŎǳǊǊŜŘ ǇǊƛƻǊ ǘƻ ǊŜŀƭƛǘȅ. The results are showed 
per complex event. 
 
Top of Climb accuracy: 
From 4552 flights (72.5% of the initial sample of 6279), 931 flights were discarded due to large 

deviations. Those deviations were due to callsigns not property matched (trajectories in datAcron do 

not match the real trajectory, so probably there were errors in the callsign) 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 occurrence of those errors. 
 

 
Figure 12: TOC errors in time (seconds), altitude (feet) and distance (kilometers) 

Table 6 below shows the average value of those errors. The conclusion is that, when the event is 
detected the accuracy in altitude is very good, but not in 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 flights) with a very accurate 
detection (less than 15 seconds and 5 km), which is very promising. 
 

Ўt  (s) Ўh (ft) d (km) 

-119.05 12.01 25.97 

Table 8: Average error for the TOC (Accuracy) 

 
Top of descent accuracy: 
From 4586 flights (73.04% of the initial sample of 6279), 965 flights were discarded due to large 

deviations. Those deviations were due to callsigns not propertly matched (trajectories in datAcron 
did not match the real trajectory, so probably there were errors in the callsign) and there were flights 

with multiple TOC (step climbs during cruise) that produces error in the datAcron complex events 
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recognition algorithm. For the rest of those flights (3621), next Figure shows the errors in time, altitude 
and distance, and occurrence of those errors. 
 

 
Figure 13: TOD errors in time (seconds), altitude (feet) and distance (kilometers) 

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, but not in 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 flights (around one third of the flights) with a very accurate 
detection (less than 20 seconds and 5 km), which is very promising 
 

Ўt  (s) Ўh (ft) d (km) 

114.48 11.94 24.64 

Table 9: Average error for the TOD (Accuracy) 

The analysis on the TOC/TOD accuracy shows that the detection of these complex events by datAcron 
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 the cruise segment (as they are defined) should 
be improved. Adjustments in the criteria to develop the synopsis and/or in the thresholds used in the 
complex event detection could improve these results. 
 
Deviation accuracy: 
From 5959 flights (94.9 % of the initial sample of 6279), 320 flights were discarded due to large 

deviations. Those deviations were due to callsigns not propertly matched (trajectories in datAcron do 

not match the real trajectory, so probably there were errors in the callsign) and there were flights with 

no deviations that datAcron identified as having one deviation. Also, datAcron did not identify all 

the deviations segments1 that occurred in a single flight; datAcron complex event recognition was 

only able to detect a maximum of 2 deviation segments when more than that could occur in some 
flights. Next Figure shows the number of deviation segments occurred in the reality. 
 

                                                                 
1 Deviation segment is defined by the first point in where an aircraft is more than 7 km away from the 

path defined by the flight plan and a second point in where the aircraft is again closer to 7 km from 

the path in the flight plan 
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Figure 14: the number of deviation segments identified by datAcron compared 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 expected that small errors in time and distance generate high errors in altitude, 
as showed. 

Ўt  (s) Ўh (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 

Holding accuracy: 

From 6279 flights, datAcron complex event recognition identified 30 flights with a Holding event. 

From those 30, 9 of them were correctly identified and 21 were wrongly identified. For 3 of those 21 
cases, the source of error seems to be a discrepancy/mismatch in the callsign. For 18 of those 21, 
holding was wrongly detected; although there was a 360º turn, the altitude was not constant and that 
turn corresponds to the procedure (see Figure 12). 

 



 D6.6 Aviation Final Validation Report H2020-ICT-2015  28/12/18 
 

Page 29 of 47 

 
Figure 15: Hold events: They=ground truth, Us = datAcron prototype 

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

Ўt  (s) Ўh (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 

Table 11: 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 validation shows datAcron 
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 aviation applications could make use of the services 

provided by datAcron for complex event detection. 

 

FP04 

According to D6.3 [7] the FP04 scenario objective is to demonstrate how datAcron can serve to predict 

complex events on real trajectories of aircraft off-line. 
The validation criteria defined in D6.3 [7] are: 

 Usability. 

 Responsiveness. 

 Performance. 

 Realism. 

 Compression. 

 Completeness. 

 Accuracy.  

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






































