
symmetryS S

Article

Development of Speech Recognition Systems in Emergency
Call Centers

Alakbar Valizada 1,2,*, Natavan Akhundova 1,3 and Samir Rustamov 3,4

����������
�������

Citation: Valizada, A.; Akhundova,

N.; Rustamov, S. Development of

Speech Recognition System in

Emergency Call Centers. Symmetry

2021, 13, 634. https://doi.org/

10.3390/sym13040634

Academic Editor: Tomohiro Inagaki

Received: 14 March 2021

Accepted: 4 April 2021

Published: 9 April 2021

Publisher’s Note: MDPI stays neutral

with regard to jurisdictional claims in

published maps and institutional affil-

iations.

Copyright: © 2021 by the authors.

Licensee MDPI, Basel, Switzerland.

This article is an open access article

distributed under the terms and

conditions of the Creative Commons

Attribution (CC BY) license (https://

creativecommons.org/licenses/by/

4.0/).

1 Artificial Intelligence Laboratory, ATL Tech, Jalil Mammadguluzadeh 102A, Baku 1022, Azerbaijan;
natavan.akhundova@atltech.az

2 Information and Telecommunication Technologies, Azerbaijan Technical University, Hussein Javid Ave. 25,
Baku 1073, Azerbaijan

3 School of Information Technologies and Engineering, ADA University, Ahmadbey Aghaoglu Str. 11,
Baku 1008, Azerbaijan; srustamov@ada.edu.az

4 Institute of Control Systems, Bakhtiyar Vahabzadeh Str. 9, Baku 1141, Azerbaijan
* Correspondence: alakbar.valizada@atltech.az

Abstract: In this paper, various methodologies of acoustic and language models, as well as labeling
methods for automatic speech recognition for spoken dialogues in emergency call centers were
investigated and comparatively analyzed. Because of the fact that dialogue speech in call centers
has specific context and noisy, emotional environments, available speech recognition systems show
poor performance. Therefore, in order to accurately recognize dialogue speeches, the main modules
of speech recognition systems—language models and acoustic training methodologies—as well
as symmetric data labeling approaches have been investigated and analyzed. To find an effective
acoustic model for dialogue data, different types of Gaussian Mixture Model/Hidden Markov Model
(GMM/HMM) and Deep Neural Network/Hidden Markov Model (DNN/HMM) methodologies
were trained and compared. Additionally, effective language models for dialogue systems were
defined based on extrinsic and intrinsic methods. Lastly, our suggested data labeling approaches
with spelling correction are compared with common labeling methods resulting in outperforming
the other methods with a notable percentage. Based on the results of the experiments, we determined
that DNN/HMM for an acoustic model, trigram with Kneser–Ney discounting for a language model
and using spelling correction before training data for a labeling method are effective configurations
for dialogue speech recognition in emergency call centers. It should be noted that this research was
conducted with two different types of datasets collected from emergency calls: the Dialogue dataset
(27 h), which encapsulates call agents’ speech, and the Summary dataset (53 h), which contains voiced
summaries of those dialogues describing emergency cases. Even though the speech taken from the
emergency call center is in the Azerbaijani language, which belongs to the Turkic group of languages,
our approaches are not tightly connected to specific language features. Hence, it is anticipated that
suggested approaches can be applied to the other languages of the same group.

Keywords: speech recognition; GMM; HMM; DNN; Kaldi; call center

1. Introduction

The job of call center agents can be overwhelming considering that they have to both
talk on the phone and log the case information at the same time. There are many applica-
tions specifically designed to ease the job for call center agents. They can be connected via
internet telephony, can include interactive voice response and other technologies to ensure
a smooth experience.

New opportunities arose when Artificial Intelligence (AI) started to be applied to
a lot of spheres of industry, as well as call centers. With cutting-edge AI technologies
like speech recognition, call centers can now benefit from the automation of processes.
Speech recognition is a capacity of a system to turn audio data of natural speech into a
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corresponding text. A system with such a feature can transcribe the conversation, take
insights from the call and perform actions while an agent is talking with a customer. Speech
recognition seems to be a fast, easy and hands-free experience for agents. It is all due to the
fact that people can speak almost four times more words in a minute than typing.

Additionally, the call system with speech recognition is capable of determining differ-
ent accents, age and emotions of customers. Since a procedure of recording information of
a customer and a case can be automated, agents will save more time and energy for other
important organizational tasks. For example, customers of emergency systems are usually
emotional and stressed. With speech recognition running in the background, agents can
focus more on the customers and calm them down.

The task of recognizing speech in call centers is not an easy one. Call center data can
be noisy, have a large vocabulary and various accents. It is also considered fluent and
conversational speech. Therefore, considering all these problems, thorough investigation
should be conducted to find the beneficial parameters for the collection of data, format and
training methodologies.

Our study involved an investigation of key factors to focus on when developing a
speech recognition system for a call center. The experiments were conducted and closely
observed in order to explore a suitable approach for the training of the system. First,
we introduce our data, which were collected by the Emergency Call Center of Azerbaijan.
One dataset was collected from real calls and consists of dialogue speech, where order of
the words in sentences is not correctly preserved, the language model is specific and the
environment is noisy most of the time. Another dataset consists of summaries of these calls
and is a monologue speech, where sentences are complete in a grammatically correct order
and the environment is not noisy. Moreover, word count and vocabulary size are depicted
per hour. Then, we describe the conducted experiments in detail. The purpose of the exper-
iments consists of identifying training methods, text formatting ways and language models
that will be the most favorable in the given context. All of the training procedures were
conducted on Kaldi ASR, an open-source toolkit intended for speech recognition. We con-
ducted training with Gaussian Mixture Model/Hidden Markov Model (GMM/HMM) and
Deep Neural Network/Hidden Markov Model (DNN/HMM) methodologies on two dif-
ferent datasets. Afterwards, results are shown and discussed. As vocabulary size changes,
outcomes of the tests change, as well, leading to use of different parameters to provide a
better result.

Furthermore, speech recognition projects specified at call centers in Azerbaijani do
not exist. Speech recognition systems available to us in Azerbaijani are only a local state
project Dilmanc and Google Speech-to-Text. None of them show sufficient performance
of speech recognition in the call centers because their train datasets were not built on
dialogue data. Their language models do not justify themselves in the dialogue system,
and there are no accents and also emotions in the speech. In fact, when tested with Google
Speech-to-Text, the word error rate was 42.14% for the Summary dataset and 76.48% for
the Dialogue dataset. This can be due to data having a specific language model, noisy
environment and, overall, the language being a low-resource one, hence, the available
platforms performed worse.

Even though the data are in the Azerbaijani language, our approaches are not tightly
connected to specific language features. Therefore, the suggested methods can be also
applied to other languages belonging to the Turkic group.

2. Literature Review

Based on the literature review, it can be concluded that speech recognition in call
centers has not been widely investigated. The main reason could be that dialogue data of
call centers, which can belong to private companies, may not be accessible for researchers.
For the case of this paper, training Automatic Speech Recognition (ASR) based on common
approaches from the studies with non-dialogue datasets does not give sufficient results.
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The project Decoda is concentrated on reducing the cost of speech analytics systems
development [1]. By proposing speech mining tools and methods, the authors aimed to
reduce manual annotation process. They have described the corpus collected by the call-
center of the Paris public transport authority. In this research, speech transcripts, semantic
and syntactic annotation of dialogues have been analyzed; however, speech recognition
was not performed.

In [2], Dr. Espana-Bonet and Dr. Fonollosa compared GMM/HMM with DNN/HMM
for impaired speech using different architectures. The conclusion was that the neural
network outperformed the Gaussian mixture model. We have achieved similar results,
however, it should be noted that our data structure is not similar to the one in the study,
nor are the data compatible with the language model in the study.

Authors of [3] conducted a research to change traditional a universal background
model based i-vectors to HMM based i-vectors. The system uses HMM state alignment
information to estimate i-vectors. By applying different techniques on experiments, the au-
thors achieve 5–7% improvement on the word error rate.

Authors of [4] experimented with the method of lattice-free maximum mutual infor-
mation adding end-to-end training with neural networks at one stage. The training was
performed on a large vocabulary and gave better results than other end-to-end methods.
The authors used Switchboard, a telephone speech corpus consisting of 300 h of speech
in English, in their research. Their experiments show that the Word Error Rate (WER) in
dialogue speech is higher than monologue speech.

In [5], the authors have suggested three probabilistic ways of creating transcripts for
languages that have scarce data—either written transcripts or speech. They have concluded
that the self-trained ASR outperformed cross-lingual baseline method, and the mismatched
crowdsourcing method scored better than the self-trained one. This method is effective
when transcripts of a low-resourced language are not available. Furthermore, the method
results in lower accuracy compared to a human annotated dataset.

A new low-cost method for data augmentation was presented at [6]. The researchers
of the study propose to alter the speed of the audio data by slowing down and speeding
up. Experiments on four different tasks with data ranging from 100 to 960 h; an average
improvement of 4.3% was achieved. The authors have used different speech corpuses,
and one of them, being similar to ours, is a dataset of telephone conversations with a WER
around 17%.

Recurrent neural networks are the main focus of [7] where authors investigated the
RNN encoder–decoder approach. This approach encodes acoustic signals to feature vectors
and decodes them to words. The approach was used to train 300 h of data and achieved
promising results without any explicit language model. However this method is reliable
for large amounts of data and shows relatively lower accuracy in small datasets.

Authors of [8] applied deep neural network to recognition of Kazakh speech us-
ing Kaldi speech recognition tool. The language, which is similar to Azerbaijani, was
trained with 76 h of data. Specific features of the language were utilized to achieve an
optimal result.

Design of speech recognition tool—Kaldi is described in [9]. Authors conducted
several experiments with well-known databases to compare two speech recognition tools—
HTK and Kaldi, as well as different training methods. They have also described the
structure of the toolkits.

A system for analysis and monitoring performance at call centers is presented in [10].
Using speech recognition, the system transcribes the call, and with mining of the tran-
scription, it acquires insights for agents and administrators. The researchers have used
WebSphere Voice Server as a speech recognition tool, and its accuracy is less than 70%,
which is not at the desired level.

Utilizing existent spoken language corpora for a specific task is a main focus of
the study in [11]. Combining it with a task-specific data consisting of key words and
phrases decreased the error rate of 13%, even though new data is existent and had different
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stylistic differences. Central point of the research is to eliminate language model differences
between different types of call center dialogue speeches. The acoustic difference was not
considered in this study.

The authors of [12] have conducted research on improving ASR on 51 low-resource
languages with a multilingual model. They have reached more than 20% reduction in
average WER using three different methods, particularly joint model, joint model with a
language input and multi-head model. This research is focused on the acoustic model and
no language model or data labeling methods were investigated.

In [13], authors experimented with a deep neural network via the adding data aug-
mentation and ensemble method. The author’s hypothesis was that these two methods
have proven their effectiveness in machine learning and can positively contribute to the
training process. The assumption proved to be right when experiments showed an increase
in the performance of the system.

Comparison of two well-known automatic speech recognition tools—Kaldi and CMUS-
phinx were compared with a small dataset on three different criteria [14]. Kaldi has
shown better results on accuracy and variance, whereas CMUSphinx completed training in
less time.

Authors from Amity University studied approaches and techniques for improvement
of ASR performance in call centers [15]. They suggested an approach of using emotion
recognition to measure customer satisfaction with speech recognition. The authors have
experimented with tools like Sphinx, Google and Microsoft SDK for speech recognition,
however these systems show low accuracy for our data.

Dr. Seltzer, Dr. Yu and Dr. Wang conducted a study to test neural network systems
in noisy environments in [16]. Their three approaches were: (1) training with multi-
conditional data; (2) using feature enhancement to remove distortions in the observations
prior to training; (3) incorporating a noise model or noise estimate into the network itself.
They have concluded that a DNN-based acoustic model performs much better than the
GMM-HMM state-of-the-art algorithms and the robustness of DNN can be improved with
noise-aware training by 7.5%.

The authors of [17] conducted a study of training an acoustic model where acoustic
units would be whole words. They used a model of LSTM-based RNNs with CTC loss.
Semi-supervised training was carried out on 125,000 h of data. The authors claim that their
word-based system performs better than a phone-based system.

In [18], authors from Cambridge University claimed that the use of CMLLR-based
speaker adaptive training for a jointly MPE trained Tandem system is more accurate than
the conventional Tandem systems. They have achieved 4% of decrease in WER results on
the jointly trained Tandem SAT system.

In [19], the authors investigated pattern matching techniques for speech recognition
in noisy and noiseless environments. They also discussed feature extraction methods.
The article is a review of different studies on the topic.

Dr. Zhang, conducted a study to train and compare hidden Markov model with
Gaussian mixture model, deep neural network and deep belief network with the well-
known TIMIT database [20]. According to word error rate results, DBN performed better
than the other two speech recognition systems. Our experiment was conducted using
HMM/GMM and HMM/DNN models, nevertheless, our dataset encapsulates dialogue
data, which have a different structure than the TIMIT dataset.

Each of these methods—DNN, DBF, LSTM and HMM—outperform each other under
specific conditions and train sets. However, these methods were not applied to recognize
dialogues in the Azerbaijani language. As the datasets are specific and in low-resource
languages, we have not observed different methodologies being applied, such as the
various labeling methods. In this study, 27 h of call and 53 h of summary speech data from
a call center were labeled and trained by us based on different types of GMM/HMM and
DNN/HMM models. To increase the accuracy of speech recognition systems, various data
labeling and recognition methods were researched.
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3. Data Preparation

Two distinct datasets were collected from the Emergency Call Center. The first one is
the main dataset consisting of dialogue speech and the second dataset consists of voiced
summaries of calls. As the study is focused on developing and improving ASR for dialogue
speech, most of the experiments were conducted on the main data, and the alternative
one was used to compare and observe differences. To give a more detailed overview of
the main data: it has 4333 different dialogues with 40 female call center agents’ speech
in the Azerbaijani language. In total, the data are 27 h of call recordings and are about
emergency cases like fire, locked doors, gas, drowning, etc. The purpose of extracting only
agents’ speeches from audio recordings is to achieve precise recognition for summaries
of dialogues and information about cases. The calls were recorded in such a way that the
left channel of audio recordings is the agent’s voice and the right channel is the client’s
voice. Recordings were cut into small audio tracks to get better phoneme alignment and
transcribed. Sound files are stereo WAVs with 8000 sample rate, 16-bit precision, 128 k bit
rate. For splitting, we had used sox audio utility [21].

The first step of splitting is trimming silence from the beginning of the audio. There
are two significant parameters for silence: duration and threshold. Duration indicates the
amount of time that non-silence must be detected before it stops trimming audio. The
threshold is used to indicate what sample value you should treat as silence and is used
for background noise. For this case, the duration was 0.4 s and the threshold was 0.05%
of volume.

The second step after trimming silence from the beginning of the audio is to remove
all audio after silence is detected. For this process, we took the silence duration as 0.2 s and
the threshold as 0.05% of volume.

The third step is about repeating the first and second steps recursively until the end
of audio.

Data Analysis

During the collection of the recordings, it can be observed that a vocabulary steadily
increased at each hour-frame (Figure 1); however, starting from 15 h of data, the number
of newly added words per hour decreased from 700 to 400 words. It is predicted that the
number will reach stability at some point and after that, adding new transcriptions to the
dataset will have less value in terms of vocabulary.

Additionally, 61% of vocabulary was used only once due to the fact that the contents
of calls are diverse. It indicates that entities from calls, including names, surnames, street
addresses, etc, are various, and as a result, it affects the vocabulary. These words correspond
to only 5% of all words.
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Figure 1. Vocabulary statistic through hours.
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The total number of words were increasing but with relatively higher speed. The rate
of aggregating new words was between 10,000 and 20,000 words per hour (Figure 2).
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Figure 2. Database statistics through hours.

According to Zipf’s law, the plotting frequency of words in a large corpus against
their rank in a log scale gives a straight line. It is worth knowing whether this corpus of
dialogue system satisfied the law. Similar to the description in [22], Figure 3 depicts that
the first part of the curve is unsmooth, the middle part is smoother and the last part—from
1000 to 10,000—is angled downward.
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Figure 3. The frequency–rank scale of words in the database of 27 h.

Additionally, it is important to note that each speaker has contributed in different
ratios. Total time of speech for one speaker changes from 7 to 91 min. Figure 4 depicts
these differences for each speaker ID.
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Figure 4. Amount of minutes each speaker has spoken in the dataset.

Another dataset was collected to compare methodologies between two different
datasets. This dataset consists of 53 h of summaries of emergency dialogues voiced by call
center agents. It has 39,118 transcripts, 396,933 total words and 16,546 unique words, which
is 1.5 times more than the previous dataset. The transcripts differ from the main dataset
by their grammatically correct order of words. Compared to the main one, this dataset
contains complete sentences and less grammatical errors in words.

4. Methodology
4.1. Feature Extraction

The pre-step of building and training models is extracting features from audio signals,
which are Mel Frequency Cepstral Coefficients (MFCC). The purpose of MFCC extraction
is to derive significant information from audio signals. For each defined frame, the win-
dowing function is applied and energies are calculated [23]. The procedure continues with
taking the Fourier transform of a signal. Then obtained results are passed through the Mel
filter, to which inverse Fourier transformation is applied.

After extracting MFCC from the audio data, the monophone model was trained.
The model acts as a building block for other more complex models and does not include
any information about preceding or following phones [24]. In Kaldi, in order to adjust the
parameters of an acoustic model, an alignment procedure was performed. This step aligns
audio to the transcripts and allows the next model to start improving the output of the pro-
cess. Each of the models that are compared in this study depends on the previous model’s
alignment. Thus, monophone training and its alignment are essential for conducting the
first training method.

4.2. Acoustic Models

It is widely known in the speech recognition field that two significant factors influence
recognition performance, which are acoustic and language models. In this section, the aim
is to define the most accurate acoustic model for dialogue systems.

The monophone model is not effective due to low accuracy rate. Therefore, training
methods are chosen with higher phoneme states for the current problem. Five different
training methods of HMM and a method of DNN together with HMM were used for
experimenting and improving accuracy rates. The first method is a simple triphone
training named TRI1. This training takes one step over monophone training considering
both preceding and following phonemes.

The second method—TRI2B—uses Linear Discriminant Analysis (LDA) with Max-
imum Likelihood Linear Transform (MLLT). LDA generates HMM states from feature
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vectors with reduced feature space. This space is used by MLLT, which normalizes speak-
ers with a sole transformation [24].

TRI2B + MMI is the next method, which includes in itself TRI2B with Maximum
Mutual Information (MMI). MMI, being a sequence discriminative training criteria, is the
information that belongs to both word sequences and distributions of the observation [25].

The other method is LDA together with MLLT and Speaker Adaptive Training (SAT),
which is named TRI3B. SAT is not completely independent and not completely dependent
on speaker information. It is an approach where speaker-independent training is adapted
to a speaker using its data [26]. With data transformation, it normalizes speaker and
noise. Last but not least, the training method of HMM is TRI3B with MMI (TRI3B + MMI).
It combines the TRI3B method with a sequence discriminative training criteria.

A method, slightly different from the others, is NNET3, which is based on Deep
Neural Networks (DNN) together with HMM. The principle behind this methodology is to
use many layers of non-linear hidden units for training and doing a forward–backward on
a decoding graph which acts as an MMI model without lattices [27]. The objective function
for a model is the log–probability of the correct phone sequence [11].

These six methodologies were tested in terms of recognizing unseen data where 90%
of data were dedicated for training and the rest 10% for testing. Besides, testing of unseen
speakers is also conducted. It is performed as taking 90% of all speakers for training and
10% for testing. The results of both experiments are described using two language models—
unigram and trigram. Unigram will help to clearly compare acoustic methodologies as it is
a depiction of accuracy for pure acoustic signals. Trigram, on the other hand, is a depiction
of accuracy when preceding and following words are taken into account and will help to
compare methodologies when the language model is present in the system.

4.3. Language Models

Additionally, the methods were tested with different n-grams, starting from unigram
and ending in five-grams. Assessment of the language models was carried out using
intrinsic and extrinsic methods of quality evaluation.

A popular method of intrinsic quality evaluation is perplexity [28]. In this method
of quality evaluation, a model can be measured with a metric without considering any
particular context. Perplexity is calculated as the inverse probability of test set, normalized
by number of words. Modified Kneser–Ney discounting and Witten–Bell discounting were
utilized as smoothing methods. The smoothing methods were referenced from SRILM
library, which is used in Kaldi.

Besides intrinsic methods for testing performance of language model, results were
calculated using Word Error Rate (WER) and Sentence Error Rate (SER) metrics. WER
is a percentage of wrongly inserted, deleted and substituted words by the tool during
recognition, and SER is a percentage of wrongly recognized sentences by the tool [28].

4.4. Data Labeling Methods

The last part of the experiments focused on data labeling and formatting. The common
approach for data labeling in speech recognition is to write transcriptions of audio signals
in correct spelling. However, there could be a risk of bias emerging in forced alignments in
small datasets. When pronunciation differs from the spelling of words, phonemes could
be aligned to different sounds and recognized mistakenly in a testing process. For a large
amount of data, this risk can be negligible, however, in this case, it is worth testing and
comparing error rates.

In order to decrease error rates, four approaches of testing the dataset were conducted
in the study. The question for the approaches was whether to perform spelling correction
or not and if performed, whether to change words before training or after, or add different
pronunciations of words in the dictionary. To answer these questions, 90% of all data were
chosen to train the system, while the rest 10% were designated for testing.
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For the first approach, there are no changes in the labeling of data, and the error rates
are taken directly from the results of TRI3 + MMI and NNET3 training method. The name
for this approach would be Raw (Train + Test).

The other method is an advised one described in the documentation of Kaldi, where
different pronunciations for a word are added to the dictionary. In this way, the tool
takes into consideration different forms of the same word and calculates their probabilities.
This testing method is named Standard.

The idea behind the next method is to correct misspelling words that differ in pro-
nunciation in the training dataset before a training process. Some words in the database
have many counterparts, such as “OPERATOR”, “APERATIR”, “OPERATIR”. Others are
cut in-between the words or silent at the beginning. This is due to the fact that call center
agents transcribed audio tracks the way they heard it. These words are all corrected before
training and testing. This approach is named SC (Train + Test). Naturally, the number of
unique words decreased in this approach.

The problem about the previous method is that while correcting words, phonemes
that were not spelled in the transcript are added. For example, “RATOR” in the transcript
becomes “OPERATOR”, artificially adding the “OPE” part, which did not exist in the track.
There is a risk that it can influence the training process, misleading it.

The fourth method corrects spelling after the training process is finished. It is not
mandatory to change the whole dataset to get results for this approach. The test dataset and
recognition results of the tool are the main collection methods of data to perform spelling
correction. The approach is named Raw (Train) + SC (Test).

5. Experimental Results

In this section, we put experimented with various methodologies for acoustic mod-
els, language models and data labeling methods. Firstly, to investigate acoustic models,
we compared different HMM models with each other based on WER and SER metrics.
After this step, we compared the best HMM acoustic model with the DNN model with
the same metrics. Obtained results show that DNN outperforms all other HMM models.
For the language model, we took different n-grams and evaluated them both in intrinsic
and extrinsic ways. After conducting all experiments, we come to the conclusion that the
trigram method for a language model is more robust and less error-prone to variations than
other methods. Lastly, in the section about data labeling methods, we consider four data
labeling methods and show their comparisons. Observing the comparison results, it can be
argued that the “Raw (Train) + SC (Test)” is more suitable for call center applications.

5.1. Acoustic Models

To begin with, five training methods of HMM were tested through 7–27 h to find the
best performing acoustic model for the current task. In order to clearly interpret the output,
in terms of the acoustic model, a unigram language model was used.

As it can be seen in Figure 5, error results for the unigram was mostly more than 40%.
The rates are slowly decreasing towards the end. According to the graph, TRI3B + MMI is
the most accurate method at each milestone.

To see changes in accuracy results, the language model was added into the experi-
ments. A closer look at the trigram statistics in Figure 5 can show that the order of accuracy
of training methods in trigram is preserved as in the unigram model.

After comparing HMM training methods to find the most accurate and stable one,
a DNN model was also trained for comparison. The method named as NNET3 was trained
for 27 h with both unigram and trigram language models and compared with a HMM
model in Table 1.
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Figure 5. Unigram and Trigram statistics of Word Error Rate (WER) of the training methods
through hours.

Table 1. Word error rates of the TRI3B + Maximum Mutual Information (MMI) method of the Hidden
Markov Model (HMM) and the NNET3 method of HMM/Deep Neural Network (DNN) for 27 h.

Training Methods Unigram Trigram

TRI3B + MMI 38.42 17.77
NNET3 33.28 14.01

To see the mean and variance values of training methods, a 10-fold cross-validation
of the trigram at 27 h of data was conducted, where ten different test sets were chosen
randomly. Tables 2 and 3 show the values for the word error rate and sentence error rate of
each training method, respectively.

Table 2. Mean and variance values of trigram word error rates of 10-fold cross-validation for 27 h.

Training Methods Mean (WER) Variance (WER)

TRI1 23.327 0.2022
TRI2B 21.905 0.1510

TRI2B + MMI 18.609 0.3483
TRI3B 20.936 0.2391

TRI3B + MMI 18.535 0.2308
NNET3 14.148 0.0367

Table 3. Mean and variance values of trigram sentence error rates of 10-fold cross-validation for 27 h.

Training Methods Mean (SER) Variance (SER)

TRI1 53.51 0.4546
TRI2B 51.845 0.2940

TRI2B + MMI 48.374 1.1952
TRI3B 50.647 0.7173

TRI3B + MMI 47.885 1.0422
NNET3 42.156 0.3588

The alternative dataset was also tested by each training methodologies with unigram
and trigram as language models. The differences between two datasets regarding perfor-



Symmetry 2021, 13, 634 11 of 17

mance of acoustic models can be seen in Figure 6. It can be observed by looking at the
unigram results that error rates of call data start near 45%, while the ones of summary
data start near 25%. Adding a language model improved the accuracy, but still kept the
difference between these two datasets. Therefore, unigram values and trigram values for
datasets differ by around 20% and 10%, respectively.

Figure 6. Unigram and Trigram statistics of WER by the training methods for 27 h of call data and
53 h of summary data.

5.2. Language Models

The second task is to find which n-gram is effective for dialogue systems. Since
dialogue systems differ from other models, existing language models based on Wikipedia
or news data do not justify themselves. A language model should be specific and relevant
to the task of call center dialogue system.

First of all, intrinsic quality evaluation of the language model has been conducted.
The results of perplexity are shown in Table 4, with the comparison of word error rate
results of TRI3B + MMI and NNET3 models. Both perplexity values decreased until four-
gram. At five-gram, the values were a little bit higher. The WER results decreased until
that threshold and increased at five-gram.

Table 4. Comparative review of intrinsic and extrinsic evaluation methods.

Evaluation Intrinsic Extrinsic

n-Grams /Methods Modified Kneser-Ney
Discounting Witten-Bell Discounting WER TRI3B + MMI WER NNET3

1 768.4366 485.8573 38.42 33.28
2 124.8557 96.66415 18.81 14.37
3 96.03731 86.28279 17.77 14.01
4 79.63794 84.984 18.1 13.57
5 79.6429 84.98929 18.36 14.32

Additionally, to have a visual representation of differences of n-grams, WER results of
all training methods were described for 27 and 53 h of data on Figures 7 and 8, respectively.
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Figure 7. WER statistics of 27 h of data for six different training methodologies.

Figure 8. WER statistics of 53 h of data for six different training methodologies.

Starting from unigram, five n-grams were utilized to train and test the dataset. As it
is observed in the figures, unigram shows the highest error rate for all training methods.
Trigram, on the other hand, is a turning point of a decrease for all hours of data. After
trigram, error percentages of methods are slightly decreasing at four-gram and slightly
increasing at five-gram.

5.3. Data Labeling Methods

The third experiment was to compare the four data labeling approaches for the dataset.
A training method with MMI and a method of DNN/HMM were chosen as they scored
with the least error percentages in previous tests.

For the first approach, there were no changes in the labeling of data, and the error
rates were taken directly from the results of training method. The name for this approach
is Raw (Train + Test). The first test has the same error rate of 27 h of data when trained
10-fold cross-validation with three grams. It has a vocabulary of 18,461 unique words and
mean WER of around 16% and mean SER of around 44% for both training methods.

The second method consists of adding and describing various pronunciations of a
word to the lexicon. This is a common approach used in speech recognition. After the
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change, the total number of words increased from 18,461 to 28,605, which means more
than 10,000 pronunciation data have been given to the system to learn. The results have
increased a little bit more than 1% for the TRI3B + MMI model and decreased around 1%
for the NNET3 model, on average.

The next test is where spelling correction was applied to the dataset before training.
The initial dataset contains 27 h of data, and its vocabulary consists of 16,221 words after
spelling correction. It has decreased due to the fact that duplicates of the same word with
different forms are erased in the vocabulary. After the cross-validation, the final result is
that error rates for words of both training methods decreased to 13% on average. Sentence
error rates have also decreased resulting values near 36%. The “Raw (Train) + SC (Test)”
approach has the least word and error rates for both methods. In all of the cases with spell
correction, NNET3 has less error values and also less variance. The results are depicted in
Table 5.

Furthermore, these methods were tested with shuffling speaker voices, such as 10% of
all speakers were treated as test data. Both of the methods have the lowest error rates for
words and sentences in the fourth approach. The results can be observed in Table 6.

Table 5. Error rates of four data labeling tests conducted for shuffled 27 h data.

Name Raw (Train + Test) Standard SC (Train + Test) Raw (Train) + SC (Test)

Methods TRI3B + MMI NNET3 TRI3B + MMI NNET3 TRI3B + MMI NNET3 TRI3B +MMI NNET3

WER (%) 17.77 14.01 19.13 13.62 15.52 9.94 13.42 9.08
SER (%) 46.36 42.09 48.06 40.62 41.08 31.31 36.42 28.78

Table 6. Error rates of four data labeling tests conducted for 27 h of data with shuffled speakers.

Name Raw (Train + Test) Standard SC (Train + Test) Raw (Train) + SC (Test)

Methods TRI3B + MMI NNET3 TRI3B + MMI NNET3 TRI3B + MMI NNET3 TRI3B + MMI NNET3

WER (%) 20.13 14.18 18.37 14.02 15.85 10.11 15.26 9.35
SER (%) 50.98 41.81 47.84 41.33 42.34 31.82 40.54 29.48

The same approaches have been put under the test for the alternative dataset. Com-
pared to the other results, the third method called SC (Train + Test) shows the highest
accuracy where error rates are below 7% for WER and 36% for SER. Overall, the most
accurate method was NNET3, as in other experiments. The results are expressed in Table 7.

Table 7. Error rates of four data labeling tests conducted for shuffled 53 h data.

Name Raw (Train + Test) Standard SC (Train + Test) Raw (Train) + SC (Test)

Methods TRI3B + MMI NNET3 TRI3B + MMI NNET3 TRI3B + MMI NNET3 TRI3B + MMI NNET3

WER (%) 8.57 6.37 8.34 6.17 6.89 5.37 8.52 6.01
SER (%) 41.84 33.34 41.03 31.81 35.29 29.02 41.61 32.02

6. Discussion

In this paper, the recognition of dialogue speech in call centers for emergency cases has
been investigated. The main reasons for such datasets not being investigated widely and
deeply is likely that call center data are sensitive, not publicly available and mostly belong
to private and state companies. It is worth mentioning that the current work was carried
out within the project of the Ministry of Emergency Situations of the Azerbaijan Republic.
It is primarily dedicated to obtaining highly accurate and robust speech recognition via
selecting effective techniques out of many acoustic, language and labeling methodologies.
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6.1. Acoustic Models

The first research question in the current study is: which acoustic model is effective for
dialogue data? To answer this question, six different GMM/HMM and DNN/HMM model
configurations were tested. Similar techniques can also be observed by [2,3,8,13,16,20];
however, the datasets in these studies are telephone call data or common speech data.
Nevertheless, the results obtained in the current study are very similar to those results.

In all of the predefined milestones, TRI3B + MMI is the most accurate method for
HMM models. As a next step, adding DNN to models resulted in an above 4% decrease for
WER and almost 6% increase for SER in accuracy. Comparing training methods between
the least accurate and the most accurate one, the performance increased 9.2% for word
accuracy and 11.4% for sentence accuracy, according to the mean values. In [7], authors
investigated the RNN encoder–decoder approach and achieved promising results, however,
this shows relatively lower accuracy in small datasets.

When it comes to variance, the least varied method is NNET3 and the most volatile
is TRI2B+MMI. Overall, sentence accuracy is more volatile in comparison with word
accuracy. The authors of [20] did similar experiments with the well-known TIMIT
database. They came to the conclusion that the deep belief network performed better than
the other two speech recognition systems. In contrast, our dataset encapsulates dialogue
data that has a different structure than the TIMIT dataset.

When it comes to the alternative dataset, it can be concluded that the most accurate
methodologies keep the order in the main dataset, however, in the case of the trigram model
experiment, TRI1 is more accurate than TRI2B and TRI3B. Nevertheless, TRI3B + MMI was
the most accurate for HMM and NNET3 was more accurate than HMM methods in all cases.
In [2], the authors also compared GMM/HMM with DNN/HMM for impaired speech.
We have achieved similar results, however, it should be noted that our data structure is
not similar to the one in the study, nor are the data compatible with the language model in
the study.

Taking into account the results and performances, NNET3 will be used for future studies.

6.2. Language Models

The second research question is which language model is effective for dialogue
speeches. In order to address this question, n-gram models from 1 to 5 have been tested
and evaluated with intrinsic and extrinsic methods.

In most of the cases, error rates are rapidly decreasing towards trigram. After trigram,
rates are slightly less and can be considered as slightly stable (Figure 7). Error rates for
words mostly decreased from over 40% to 20%, and error rates for sentences declined from
over 70% to 50%.

On the alternative dataset—the Summary dataset—the higher the n-gram, the better
is the result. This can be explained by the fact that the dataset only contains grammatically
correct sentences, therefore, n-gram contributes to the accuracy more than to the main
dataset. Compared to the main dataset, TRI2B and TRI2B + MMI scored better than its
counterparts with speaker adaptive training; however, NNET3 has the least error rates.

To conclude, the accuracy order of training methods does not change a lot with the
trigram model within different hours, and it also has less word and sentence error rates
than other models. Furthermore, by analyzing similarities between two datasets regardless
of their obvious differences, trigram is more desirable to work with.

6.3. Data Labeling Methods

Most of the research works [1,6,13] were devoted to automatize labeling methods
rather than using effective labeling to get higher accuracy in the recognition process. In this
study, spelling correction was applied before training procedure to increase performance
of the system.

Applying spelling correction to transcripts before the training resulted in the word
error rate decreasing 2% for TRI3B + MMI, and 4% for NNET3. It also has decreased
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5% for TRI3B + MMI and 11% for NNET3, in terms of SER. In terms of the alternative
data, the word accuracy has also increased 1%, so as the sentence accuracy, which scored
4–7% more. The SC (Train + Test) approach outperforms other labeling methods for the
alternative data and also justifies itself as both numbers for WER and SER for each dataset
were reduced. It also has removed duplicate words and reduced vocabulary size.

The outcomes of the fourth method—“Raw (Train) + SC (Test)”—shows the best
results and outperforms the other three methods for the main dataset. In the approach,
WER has reduced by 4–5% and SER decreased 10–13%, in comparison to the first method,
however NNET3 has less error rate at the end. In addition, for the alternative dataset,
the decrease in error rates was 1%. The reason why the fourth method performs better
for the main dataset is that grammar and orthographic rules are applied after the training.
In this way, the correction of words does not mislead the training of phonemes and also
removes wrongly spelled counterparts of words, leaving a smaller vocabulary.

Proceeding with the experiments, in Table 6 where speaker accuracy has been tested
for the main dataset, both of the measurements have decreased towards the fourth column.
In the Standard method, error rates have decreased by only 1%. The SC (Train + Test)
approach performs much better by decreasing WER 4% and SER 8–10%. The lowest score
belongs to NNET3 training methodology.

In Raw (Train) + SC (Test), the decrease is 5% for WER and 10–12% for SER. NNET3
scored the lowest error rate in this test too. The approach has the highest decrease ratio
among other approaches.

In summary, there are two apparent outcomes derived from these tests. The first
outcome is that comparing two different performances of TRI3B + MMI, it performed
better at recognizing new speakers due to speaker adaptive training. On the other hand,
DNN/HMM performed the best for both tasks. Secondly, even though correct spelling
of transcripts is good for large data, for the current issue of dialogue systems, it creates
notable differences of accuracy when applied after the training procedure of the dataset.

7. Conclusions

This paper proposed an investigation of different models and methods for ASR in
emergency call centers especially for improving the quality and performance of ASR for
the Azerbaijani language. The noticeable approach which differs our work from others is
comparison of data labeling methods. In this paper, we showed how the suggested data
labeling approach with spelling correction result in outperforming other methods by a
notable percentage.

It should be emphasized that none of the existing available Azerbaijani speech recog-
nition systems show sufficient performance for call center data. In fact, when tested with
Google Speech-to-Text, word error rate was 42.14% for Summary Dataset and 76.48%
for Dialogue Dataset. This can be due to data having a specific language model, noisy
environment and, overall, the language being low-resource one, hence, available platforms
perform lower. Since recognition systems for Azerbaijani dialogue speeches are not avail-
able, this research was conducted to develop a speech recognition system which is built
on dialogue data. The most accurate language model, training and data labeling methods
were identified via HMM and DNN/HMM testings of Azerbaijani audio data from the
emergency call center.

Based on the results, the most precise training for the acoustic model in terms of HMM
can be reached with methods that utilize Maximum Mutual Information. Particularly,
Speaker Adaptation Training with Maximum Mutual Information gave the least error rates
than others. Nevertheless, the DNN/HMM method has performed the best in acoustic
model experiments.

The most accurate and the least risky language model is trigram for both call and
summary datasets. Through hours, accuracy rates of datasets show better results when
reached trigram, and no overfitting risk can be observed at this n-gram.
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It can be concluded that when the dataset is comparably small, formatting with
correct spelling can be applied on datasets to increase accuracy. Based on the results,
spell correction after the training process shows better performance for the call dataset
where correct order of words in sentences is not preserved. It is when the system has
learned phonemes without misleading, and further changes to the transcripts brings more
accuracy. Training with a combination of linear discriminant analysis, maximum likelihood
linear transform and maximum mutual information outperforms other HMM methods
when datasets are correctly spelled. Furthermore, it can be inferred that speaker adaptation
training with maximum mutual information can perform better when recognizing new
speakers than other training methodologies, except the deep neural networks method,
which achieved the highest accuracy in every experiment.

Future experiments could include the bidirectional language models and transformer-
based acoustic models to find the parameters for the most accurate models.
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