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Abstract

improving the automated transcription and call sign detection
task. The leaderboard data was released in mid June without
transcripts. We could upload up to 2 leaderboard transcripts
per day to be scored and the ranks posted on the leaderboard
by IRIT. The evaluation data (5 hours) was released on July 2,
2018 and the final ranking was based on this data only. Airbus has not released the transcripts for either the leaderboard or
the evaluation data, so we cannot run any further experiments
to improve the systems. Our results on leaderboard/evaluation
data are based on scoring done at IRIT.

The Airbus air traffic control challenge evaluates speech recognition and call sign detection using real conversations between air traffic controllers and pilots at Toulouse airport in
France. CRIM’s main contribution in acoustic modeling for
transcribing these conversations is experimentation with bidirectional LSTM (BLSTM) models and lattice-free MMI (LFMMI) trained TDNN models. Adapting these acoustic models
trained from a large dataset to 40 hours of ATC acoustic training data reduces WER significantly compared to training them
with the ATC data only. Multiple iterations of adaptation reduce WER for the BLSTM acoustic models significantly, but
only marginally for the LF-MMI TDNN acoustic models. Constrained dialog between the air traffic controller and the pilot
leads to language model perplexity below 12, and WER for
leaderboard and evaluation sets of 9.98% and 9.41% respectively.
For call sign detection from the decoded transcript, we use a
bidirectional LSTM followed by conditional random field classifier. This DNN architecture worked better than a finite state
transducer based call sign detection. Taking a majority vote
over call signs from multiple decodes reduced the call sign errors. The best F1 for call sign detection for leaderboard was
0.8289 and for evaluation 0.8017. Overall, we came 3rd in this
evaluation.
Index Terms: Deep Neural Networks, DNN, Bi-directional
LSTM, TDNN, air traffic control automation, call sign detection.

For the MGB3 challenge, we used bidirectional LSTM
(BLSTM) [2] and lattice-free MMI (LF-MMI) trained TDNN
acoustic models [3] to get good word error rate (WER) for the
BBC shows [4]. So we trained these models with all the English
data available to us (over 4,000 hours), and used these models to adapt to the 40 hours of Airbus Challenge training data.
The adapted models gave significantly lower WER than training these models from scratch with just the 40 hours of Airbus
Challenge training data (2.7% absolute drop in WER). Multiple
iterations of adaptation also reduce WER (significantly more for
the BLSTM models than for the LF-MMI trained TDNN models). Combining multiple decoded transcripts with ROVER [5]
reduced WER significantly.
For language modeling, we trained 3-gram, 4-gram, 5-gram
and RNNLM based language models from the training transcripts only. The perplexity of these models was very low for
a dev set, showing that the conversations between the air traffic
controllers and the pilots are very focussed. Our best result for
the evaluation set was 9.41% word error rate (WER).

1. Introduction

For call sign detection, we tried two different algorithms:
one based on a finite state transducer (FST) and another based
on a DNN followed by a conditional random field (CRF) classifier. For training the FST, each training utterance was marked
with the start and end of call sign. Post processing the recognized transcript with this FST gives the beginning and end of
the call sign in this transcript.

The air traffic control (ATC) challenge was launched by Airbus
in April 2018 [1]. The idea behind this challenge was to see
if automated transcription of the conversations between the air
traffic controllers and the pilots can reduce workload of both
the air traffic controllers and the pilots. These conversations
include call sign of the aircraft. An example call sign is “Airbus
four four india lima”. Air traffic controllers use the call sign
to identify the aircraft for their instructions, while pilots use
the call sign to identify their aircraft and the action they are
taking. Some air traffic control announcements are directed to
all the flights and contain no call signs. This challenge is for
automatically transcribing the conversations and identifying the
call sign in the conversation if it exists. Decoding the commands
or actions from the transcriptions was not part of the challenge.
In order to facilitate acoustic and language model (LM)
training, Airbus and IRIT (Institut de Recherche en Informatique de Toulouse) together recorded and transcribed around
50 hours of live air traffic conversations at Toulouse airport.
In April 2018, they released 40 hours of transcribed audio for
training the acoustic and language models. The challenge rules
allow any external data together with this data to be used for
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For our DNN-based call sign detection, we treated call sign
detection as named entity detection [6] [7] [8]. Our call sign detection was based on an existing system that searches for named
entities [8] in the text. There are two bidirectional LSTMs with
inputs corresponding to word embeddings and character embeddings. The pretrained word embeddings use 200-dimensional
GloVe vectors [9], while the character-level embedding for the
word is trained using a bi-directional LSTM with one-hot vector input for each character. The output of the last hidden layer
is then input to the CRF classifier. This call sign detection system gave significantly better results than the FST based call sign
detection. Taking a majority vote over call signs from multiple
decodes improved the call sign detection even further. Our best
result for call sign detection on the eval set was an F1 measure
[1] of 0.8017.
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2. Training data

40-dimensional mfcc features together with 100 dimensional ivectors [11] [12] [13].
We had already trained LSTM and TDNN models from a
very large data set containing Hub4, RT03, RT04, Market, WSJ,
Libri-Speech, switchboard, and Fisher data using the Kaldi
toolkit [14]. These datasets can be obtained from LDC. We
adapted these models to the ATC training data. By adaptation,
we mean, the training starts with these already trained models
as initial models and we carry out 6 more epochs with just the
ATC training data with new alignments. The idea was to start
with an acoustic model with well-trained phoneme set, and then
to adapt these phonemes to the small ATC training set. The
phonemes that are well represented in the ATC training audio
will get trained by this ATC data, while other phonemes will
still have somewhat decent representation in these models. We
also trained the TDNN models from scratch just from the ATC
data alone in order to see the difference in WER with/without
adaptation. Table 2 compares the WER for the various systems
on the 839 turn dev set.

The 40 hours of acoustic training data provided by the organisers contains 28045 speech turns. The leaderboard is 3506
speech turns (approx. 5 hours) and the evaluation set is 3595
speech turns (approx. 5 hours). All the data is in chronological order, so each conversation is a sequence of speech turns.
However, we were not provided with this information, so we
assumed each speech turn to be random, and we did not exploit
this sequence information. There is a call sign for each speech
turn in the training set. We took 3% random utterances from the
training set to create a development set, and the remaining utterances were used for training the acoustic and language models.
We removed 57 utterances with a blank transcript. The resulting
training set had 27149 turns and the dev set had 839 turns. The
28045 training examples contain 20438 call signs divided into
2341 distinct call signs. The vocabulary size is small (2489 distinct words and a total of 441,587 words), quite different from
more conventional corpora of comparable size, for example the
Twitter corpus distributed with NLTK1 (23,164 distinct words
from a total of 450,223 words).
To give some feeling for the call signs, this training set has
185 distinct aircraft codes with one to three capitalized words
(for example Air France, Twinjet, ...). The call sign length varies
between 1 and 13 words, with 96% between 4 to 6 words long.
Short call signs, and call signs not beginning with an aircraft
code (414 such examples) are due to air traffic controllers abbreviating call signs of already identified aircrafts. Noisy audio
and push to talk also leads to truncated call signs. Only 96 utterances contain just a call sign, 8965 (44 %) are at the beginning,
6849 (33.5 %) at the end, 4528 (22 %) in the middle of a call.

Table 2: WER on the 839 turn dev set for various models.
LF-MMI TDNN
original (tdnn1)
from scratch
adapt from tdnn1
+sMBR
+ adapt 2nd time

3. Language Models
We trained the language models from the training set with
27149 turns (409k words of text). We trained 3-gram, 4-gram,
5-gram and RNNLM language models. For RNNLM, we used
Mikolov’s toolkit [10] to train RNNLM with 200 classes and a
hidden layer of size 300. The perplexity of the various language
models on the dev set with 839 turns is shown in Table 1.

BLSTM
original (blstm1)
adapt (blstm2)
readapt (blstm3)
blstm3 + 5-g LM
+ adapt to leaderboard
+ RNNLM
+ LMs adapted to
leaderboard
augmented data
BLSTM

WER
41.4%
10.7%
9.4%
9.36%
9.3%
9.06%
9.03%
9.4%

Both the BLSTM and TDNN models trained on 4,000 hours
of audio (without the ATC data) fare poorly with WER of 41.4%
and 34.6% on the dev set (line 2, Table 2). When we train the
TDNN acoustic models from scratch, we get 16.2% WER (line
3), while adapting the TDNN models with the ATC data leads
to 13.5% WER (line 4). Adaptation leads to 2.7% absolute reduction in WER. Discriminative sMBR training of the TDNN
models leads to 11.7% WER. Adapting 2nd time these TDNN
models reduces WER to 11.35%. Adapting the BLSTM acoustic models leads to 10.7% WER, and adapting 2nd time gives
9.4% WER. Looks like after adaptation, there is significant difference in WER between BLSTM and LF-MMI trained TDNN
models (9.4% vs 11.35%). Adapting to training set + leaderboard data (with recognized transcript) leads to only a small
reduction in WER (line 6).

Table 1: Perplexity of the various LMs on the dev set.
language model
3-gram
4-gram
5-gram
RNNLM

WER
34.6%
16.2%
13.5%
11.7%
11.35%

Perplexity
11.5
9.9
9.4
7.7

4. CRIM’s Acoustic Models
4.1. Single decoding processes

4.2. Noise Robust Acoustic Features

For Airbus Challenge, we experimented with two different
acoustic models: bidirectional LSTMs [2] and LF-MMI trained
TDNN models [3]. We trained 3-level bidirectional LSTM
acoustic models (with cell dim of 1024, hidden layer dim of
1024, and recurrent and non-recurrent projection layer dim of
128, 17.7 million parameters) from this training data. The
TDNN chain models have 7 hidden layers, use ReLU of size
725, and the splice indexes are: “-1,0,1 -1,0,1,2 -3,0,3 -3,0,3 3,0,3 -6,-3,0 0” (17.4 million parameters). All the models use

We tried many robust features including RMCC features (regularized MVDR cepstral coefficients) [15, 16]. The RMCC
features gave lower WER than the MFCC features in Chime4
challenge [17]. However, for ATC dev set, these features
gave higher WER to the extent that combining the results after
ROVER [5] made WER significantly worse. The reason could
be that we did not have time to train models with these features
from 4000 hours of audio. We had to train the acoustic models
from scratch just from the 40 hours of ATC training data.
What worked was data augmentation by adding different
noises to the training set. We added aircraft noise, babble noise,

1 http://www.nltk.org/nltk

data/
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clearO takeoffO threeO twoO rightO EasyB twoI sixI oneI quebecI

music, environment noise, and reverberation to the 40 hours of
training audio. In other words, we increased the training set by
a factor of 5. We adapted the original LSTM models (blstm1)
to this augmented training data. This LSTM trained from augmented data gave 9.4% WER on the dev set (see last line of
Table2). After ROVER, these models reduced the WER both
on the dev set and on the leaderboard (see Table 3).

Figure 1: Example of a training instance tagged with the IOB
tag set

4.3. Submission details
For the leaderboard data, we tried many system combinations.
Our initial submission for leaderboard was the ROVER [5] of
3 systems: adapted BLSTM from training set (blstm3), blstm
adapted to augmented data, adapted LF-MMI trained TDNN. In
each case the decoding was done using a trigram LM, rescored
with 5-gram LM and the resulting lattice rescored with N-best
rescoring (N=200) using the RNNLM trained from the training
set (line 2, Table 3). When we add the leaderboard data (transcribed with the ROVER output) and then adapt the BLSTM
models to this augmented training set, we get WER of 9.99%
(line 3, Table 3). When we adapt the resulting acoustic model
to just the leaderboard data with a small learning rate and only
1 epoch, we get 9.98% WER (line 4, Table 3). This is the best
we could do for the leaderboard transcription. Combining with
ROVER the additional transcripts only made the results a little
bit worse for the leaderboard data.
Table 3: WER on Dev, Leaderboard and Eval sets for our various submissions.
System
blstm3+ augmented-data
blstm + tdnn
+ leaderboard in training
+ adapt on leaderboard
ROVER of 6 systems

Dev
9.02%

Leaderboard
10.0%

Figure 2: Bi-LSTM - CRF architecture.

Eval
submission, the WER was 9.41%. These submitted systems are
not real-time. But the TDNN systems without RNN rescoring
are real-time. So for real-time TDNN system, we lose 3.2%
absolute in WER (from 8.45% to 11.68%) for the dev set.

9.99%
9.98%
8.45%

9.41%

5. Call sign detection
However, when we combine the different transcripts for the
dev set with ROVER, the WER goes down to 8.45% (line 5,
Table 3). So we used the same 6 decodes for the eval set as our
first submission. The six decodes are:

For call sign detection, we tried two different algorithms: one
based on a finite state transducer (FST) and another based on an
RNN followed by a conditional random field (CRF) classifier.
To create the FST in the first algorithm, start and end markers
were added before and after each call sign in the training utterances, and an N-gram language model was trained on the resulting text. The N-gram LM was converted to a weighted FST,
and call sign markers were replaced with epsilon (null) symbols
on the input side while kept on the output side. The recognized
transcript was then composed with this FST on the right, and
searched for the best path, yielding an output sequence with call
sign markers at locations that maximized LM likelihood. The
best result (F1 score [1] of 0.7957) was obtained with an FST
corresponding to a 5-gram LM and composed with another FST
to constrain start and end markers to occur in pairs.
In the second algorithm, we addressed the problem of call
sign detection as a typical sequence labeling problem: we preprocessed the training transcripts to use the Inside-OutsideBeginning (IOB) tag set as shown in Figure 1. Each word in
the training transcripts gets one of three posterior labels: I (inside call sign), O (outside call sign) or B (begin of call sign).
The DNN architecture of our call sign detector (as shown in
Figure 2) is similar to the one described in [8]: a deep neural
network used as a feature extractor and a tagger (or classifier)
that predicts the label (I, O or B) of each word in the sentence.

1. BLSTM readapted, rescored with 5-gram LM and
RNNLM.
2. augmented-data BLSTM adapted 2nd time, rescored
with 5-gram LM and RNNLM.
3. LF-MMI trained TDNN adapted 2nd time, rescored with
5-gram LM and RNNLM.
4. BLSTM adapted with training + leaderboard data,
rescored with 5-gram LM and RNNLM trained with
training and leaderboard transcripts.
5. LF-MMI trained TDNN adapted with training + leaderboard data, rescored with 5-gram LM and RNNLM
trained with training and leaderboard transcripts.
6. augmented-data BLSTM adapted with training + leaderboard data, rescored with 5-g LM and RNNLM.
The three different submissions for the Evaluation set are:
first is ROVER of 6 decodes outlined above (line 5 of Table 3),
second is where we add the eval set data to the acoustic training
data and adapt the models one more time, and the third is where
we adapt only to the Evaluation set with a small learning rate.
We do not know the WER for each submission, but for our best
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5.1. Feature extractor
The feature extractor consists of two bidirectional long shortterm memory (bi-LSTM) as proposed in [20]. The first biLSTM is trained at character level to model sub-word information such as case or morphology. (This bi-LSTM with character input is important as around 29% of the words in the ATC
training set are not part of GloVe’s vocabulary.) Each character,
represented by a 50-dimensional one-hot vector, is input to a
fully connected layer. For each word, the final hidden states of
the first bi-LSTM (25 dimensional forward and backward hidden layers) are concatenated to the 200-dimensional pre-trained
GloVe word embeddings. The second bi-LSTM takes this 250dimensional vector as input and models words and their context.
The output of the second bi-LSTM is a 200-dimensional
vector from the last hidden layers (100 for the forward and 100
for the backward), and contains information about the word itself, and the word’s left and right contexts. These vectors are
then used as inputs to the CRF tagger.
5.2. Tagger / Classifier

Figure 3: Call sign enrichment and filtering by post-processing

We train a conditional random field (CRF) tagger (or classifier)
as described in [19]. CRF is a traditional algorithm to tag sequences of units. Our linear-chain CRF considers not only the
unit and its context but also the previous tag. Rather than using manually defined features, we used the output vectors of
the previous bi-LSTM as features as proposed in [20]. Our loss
function is the sum of the Negative Log-Likelihood (NLL) of
the correct tag for each word in the sentence. The Viterbi algorithm is used for decoding.

processing step. This step has two goals : filter out wrong call
signs and find new call signs that may have been missed.
The airline patterns were computed for each airline by replacing each number by a 9 and each letter of the NATO phonetic alphabet by an A. Placeholders were introduced to simulate hesitations. Both the textual training data and the candidate
call signs were used for the extraction of patterns. We also define airport or position patterns that can easily be mixed up with
airline call signs. Such patterns begin with terms like tower
or altitude. See Figure 3 for a visual description of our system. Applying post processing on the call signs detected in the
leaderboard dataset gave us a worse F1 score than our previous results (0.8021 instead of 0.8289). However the new call
signs detected seemed to be valid call signs. Also, leaderboard
and training set call sign annotations were not always accurate.
Only the evaluation set call signs were accurate. For that reason, for the evaluation set, we submitted two call sign detections based on LSTM-CRF + majority vote only, and one after
this post-processing system.

5.3. Training and results
We trained the feature extractor and the classifier simultaneously using PyTorch2 . We set apart 5% of the training set as validation set to do early stopping. To avoid overfitting, we applied
dropout between the two bi-LSTM with a drop-out probability
of 0.25. The Adam optimizer was used for gradient descent
with gradient clipping for regularization.
Each audio file goes through multiple decodes resulting in
multiple transcripts. For each of these transcripts, we extract a
call sign through this DNN-based call sign extraction system.
We then take a majority vote of the extracted call signs. The
most frequent call sign is then our final call sign for that audio.
This majority vote improved the call sign detection system significantly. The F1 measure for leaderboard call sign detection
for different algorithms are shown in Table 4.

6. Conclusion
The best result we obtained for the eval set was 9.41% transcription WER and F1 measure of 0.8017 for call sign detection.
These results are quite good considering the various speech distortions due to transmission channels, bandwidth limitations,
cockpit noises and various accents. A number of improvements
have lead to these results. We found that adapting acoustic models trained from over 4,000 hours of English audio to 40 hours of
ATC training data gave 2.7% absolute reduction in WER (compared to training from ATC data only). Repeated adaptation
of the acoustic models to the ATC training data also gave significant reduction in WER. Adapted BLSTM acoustic models
gave lower WER than adapted LF-MMI trained TDNN models.
Combining transcripts from multiple decodes using ROVER
also reduced WER significantly.
Call sign detection using RNN-CRF models gave better results than using finite state transducers marked with beginning
and end of call signs.Taking majority vote over call signs from
multiple decodes improved F1 score. Overall, we ranked third
in the evaluation.

Table 4: Comparison of call sign detection algorithms on the
leaderboard dataset
Algorithm
FST
LSTM-CRF
LSTM-CRF + majority vote
LSTM-CRF + majority vote + postprocessing

call sign F1
0.7957
0.8207
0.8289
0.8021

5.4. Post-processing
After a qualitative review of the call signs detected by the
above classifier, we decided to implement a pattern-based post2 https://pytorch.org/
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