














TABLE II. HAAWAII TRAIN AND TEST SET CHARACTERISTICS. | -
SPEAKER ROLE DETECTION WAS APPLIED TO SPLIT THE DATA ACCORDING
TO SPEAKER ROLES, ATCO / PILOT.

Dataset  Nb. utts[x 10]T  Dur [h]"
Train set

Isavia 721/84 9/10

NATS 11.5/12.6 11.8/12.3
Test set

Isavia 0.5/0.6 0.5/0.6

NATS 04/0.5 04/04

TABLE III. COMPARISON OF SAD RESULTS ON EXTERNAL LIVEATC
EVALUATION SET DESCRIBED IN SECTION III-A.

SAD model DetER(%) FA(%) Miss (%)
ASR SingleBest 10.1 4.9 5.2
ASR Mul LR 9.7 6.1 3.6
ASR Mul MV 11.1 4.3 6.8
Phn Rec 20.1 4.6 15.5
WebRTC 16.5 9.4 7.1
Pyannote 13.8 10.1 3.7
Energy-based 13.3 7.1 6.2

III. PERFORMED EXPERIMENTS

This section describes experiments and presents objectively
obtained performance analyses for the modules introduced in
previous section II. The individual speech processing modules
are evaluated on the following datasets: (i) London TMA data
collected from NATS ANSP (referred to as NATS) and (ii)
Iceland enroute set collected by Isavia ANSP (referred to as
Isavia). These data were collected and manually transcribed
and annotated as part of HAAWAII project. The distribution
of training and evaluation subsets of NATS and Isavia is
presented in Table II.

A. SAD

Different SAD approached, introduced above, are evaluated
using the following metrics: False Alarm (FA) rate, Miss
detection (Miss) rate, and Detection Error Rate (DetER). FA
presents the number of non-speech utterances being falsely
detected as speech, while Miss detection rate presented the
number of speech utterances mis-detected by SAD. Specifi-
cally for DetER, it is defined as:

FA(s)+ Miss (s)
Total duration of speech (s)’

DetER =

where s means the length of speech utterance in seconds.

Motivated by [7], we compared the following SAD ap-
proaches on external LiveATC data. LiveATC are ATC com-
munication data collected in an automatic manner from VHF
channels as part of ATCO2 project’. The total duration of the
data is 6.8 h, consisting in total 1000 speech utterances.

7https://www.atco2.org

TABLE IV. SUMMARY OF SPEAKER SEGMENTATION PROCESS ON ISAVIA
AND NATS DATA (PRESENTED IN (%)).

Dataset  # utterances Insertion Deletion  Splits  Speaker change
Isavia 3225 0.00 9.4 0.3 5.9
NATS 6235 0.01 2.4 0.05 1.1

A comparison of SAD results on the LiveATC evaluation
set is presented in Table III. It needs to be mentioned that
the neural based approaches such as *ASR SingleBest’, ’ASR
Mul MV’ and "ASR Mul LR’ do not use any ATC data for
training respective models. All ASR based models (the ASR
Mul LR model, ASR SingleBest and ASR Mul MV models)
significantly outperformed the baseline production models
such as WebRTC or Pyannote. Interestingly Energy-based
SAD (also applied for real-time processing in HAAWAII)
yields good performance.

B. Speaker Segmentation

Performance of speaker segmentation on ATC data is pre-
sented in Table IV. Specifically we show how many times
the speaker segmented output was modified by annotators.
Following numbers are presented:

o Insertions - the number of speech utterances newly added
by annotators,

« Deletions — deleted speech utterances are mostly concate-
nated with preceding/following ones,

o Splits - an utterance was divided into two, and

o Speaker change - the number of times the speaker was
incorrectly classified, and the speaker label was corrected.

It can be observed that the deletion rate for Isavia is
significantly higher. One of possible explanation is that the
automatically created segments are very short and thus were
concatenated with previous/following segments.

C. Speaker Role Detection

The different text-based speaker role detection systems are
evaluated using the accuracy metric defined as:

TP+TN
TP+FN+FP+TN’

Accuracy =

where TP is the number of times the system correctly

recognizes the ATCo, T'N is the number of times the system
correctly recognizes the Pilot, F'N is the number of times the
system incorrectly recognizes ATCo as Pilot and F'P is the
number of times the system incorrectly recognizes Pilot as
ATCo.

Table V shows the performance of the proposed models on
the ISAVIA and NATS test sets. The results reveal that the
text-based approach outperforms the acoustic based x-vector
system. Among the text-based systems, the BERT-based model
outperformed all other systems across different test sets.



TABLE V. ACCURACY (%) OF ACOUSTIC AND TEXT-BASED SPEAKER
ROLE DETECTION SYSTEMS FOR ISAVIA AND NATS TEST SETS (SEE TA-
BLE II) FOR DATA DESCRIPTION.

Model Isavia NATS
x-vector plda 76.5 83.8
Rule-based 82.0 85.0
CNN 91.0 93.0
BERT 93.0 96.0

D. ASR

Throughout ASR development and tests, Kaldi frame-
work [38] was applied. The developed ASR is built around
standard Kaldi recipe which uses MFCC and i-vectors features.
The standard AM training is based on Lattice-free MMI (LF-
MMI) [11], which includes 3-fold speed perturbation and one-
third frame sub-sampling.

The AM uses a conventional biphone convolutional neural
network (CNN) [21] + Factorized Time Delay Neural Network
(TDNN-F) [39] model while the LM is a statistical 3-gram
trained on the same data as the acoustic model with additional
textual data collected from public resources such as airline
names, airports, the ICAO alphabet, and way-points in Europe.
Specifically for training,

o Baseline ASR: trained with 100h of transcribed ATC
data (further augmented with speed perturbation, obtain-
ing 300h) which does not include any HAAWAII data.
Specifically LDC-ATCC, UWB-ATCC, ATCOSIM, and
MALORCA sets described in [40] are used.

« HAAWAII ASR: trained with approximately 195 hours of
ATC manually transcribed data [40] (further augmented
using the speed perturbation, obtaining almost 575 hours
of training data).

The performance of an ASR system is presented in terms of
Word Error Rate (WER). It is based on the Levenshtein dis-
tance at the word level and it can be viewed as a string match-
ing problem where two sequences of symbols are matched
through the dynamic programming. The symbols in this case
are the words of a language. WER finds the distance between
the word sequence hypothesised by the ASR and the reference
word sequence using dynamic string alignment i.e., it finds the
number of edits (substitutions, deletions, insertions) required
to go from the hypothesised word sequence to the reference
word sequence. In other words, given the hypothesised and
reference sequences of words, WER is computed as:

S+D+1
WER = N “)
where S is the number of words that are substituted, D is
the number of deletions, I is the number of insertions, N =
S+ D + C is the total number of words in the reference and
C' is the number of correctly recognized words. A lower WER
implies higher accuracy for the ASR system.

Table VI shows the WER of the final hybrid LF-MMI

based ASR developed using HAAWAII data. The results yield
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TABLE VI. WER (%) ASR RESULTS FOR NATS AND ISAVIA TEST SETS.

ASR system WER(%)
Isavia  NATS
Baseline ASR - 28.3
HAAWAII ASR 12.4 7.5

TABLE VII. RESULTS FOR BOOSTING CALLSIGNS ON ISAVIA AND NATS
TEST SETS. "WORD ERROR RATES (ENTWER) ESTIMATED ONLY FOR THE
CALLSIGN UTTERANCE.

Boosting | Isavia NATS

| WER EntWERY ACC | WER EmtWERY  ACC
HAAWAII ASR | 124 5.0 87.9 | 75 4.1 86.7
Unigrams 123 37 907 | 74 36 88.0
N-grams 12.1 4.1 905 | 67 2.0 933
GT boosted 116 2.5 947 | 64 13 96.1

WER of 7.5% and 12.4% for NATS and Isavia respectively
(i.e., 28.3% WER obtained for the baseline ASR trained on
other ATC data). We observe an absolute difference of 5% in
WER between Isavia and NATS due to the different acoustic
conditions, and accents in the former.

E. Boosting of important word entities for ASR

Table VII shows the results on boosting experiments report-
ing the WER of the whole speech utterance, WER estimated
on the callsigns only (EntWER), and the accuracy of correctly
recognizing callsign (corrent/incorrect) for Isavia and NATS
test sets. The baseline is represented by the HAAWAII ASR
not applying any boosting (biasing). Other three types of
experiments apply callsign boosting and differ from each other
by how and which callsigns are specifically boosted in final
ASR lattices. Unigrams boosting means biasing towards only
single words which are taken from the callsigns registered
in the surveillance data. N-grams boosting means that all
callsigns in the surveillance data from a current time stamp
are boosted as word sequences. In order to present an ‘oracle’
performance for the biasing method, the ASR lattice is biased
only toward a single ground truth (GT) callsign, and the
boosting is done as for a word sequence.

Biasing the lattice toward the context callsigns usually
allows us to considerably improve their recognition in the
final outputs. Various experiments conducted on ATC data
have consistently shown that employing lattice rescoring on
top of ASR predictions results in higher accuracy for automatic
transcriptions, particularly for callsigns [41].

F. ASR adaptation to new environment

Table VIII yields the ASR performance when developed
ASR is adapted to the target airport. We use the baseline ASR
described in Section III-D as seed model to be adapted to the
target airport — NATS. Experiments are conducted for different
amounts of transcribed data obtained from NATS. The baseline
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ASR system when adapted to the target NATS airport with 14h
of transcribed data provides a WER of 13.9%.

TABLE VIII. WER (%) FOR NATS TEST FOR VARIOUS ADAPTATION
SETTINGS USING A GENERIC ATC ASR MODEL

Target Type of adaptation WER(%)

data (h) Baseline ASR AM LM AM+LM
0 28.3 - - -
1 - 233 233 23.0
2 - 223 212 22.5
4 - 19.7 192 18.4
10 - 176 17.3 15.6
13 - 16.1 17.3 13.9

IV. CONCLUSION

The HAAWAII project presents an innovative framework to
recognize and understand the air-traffic communication. This
paper described different components of the whole framework,
focusing on employed speech technologies. The paper presents
approaches for both offline and real-time speech processing.
Specifically speech activity detection, speaker segmentation
and role detection, and automatic speech recognition modules
integrated in the HAAWAII framework were described. Even-
tually a technique for rapid adaptation of ASR engine to the
target environment (in this case presented by NATS airport)
was presented.
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