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Abstract: In this paper we present application of the automatic speech recognition technology in the area of media monitor-
ing. We describe the use of computational models and methods by two ASR technologies, namely a Hidden Markov Model
with a Gaussian Mixture Model and Deep Neural Networks, that were crucial in the ASR development. Both approaches
were implemented in our speech recognition ARM-1 engine developed for the Polish language. We provide details on the
implementation choices, specifically adjustments made for media monitoring application guided by the characteristics of
media content. Performance of both versions of our engine is evaluated and compared.
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I. INTRODUCTION

Automatic speech recognition (ASR) methods have been
under development for several decades now. The initial suc-
cess was achieved with an application of statistical modeling
with Hidden Markov Models (HMM). In this approach ma-
chine learning algorithms are used to build models based on
training data in order to process and identify the speech sig-
nal. HMMs combine various types of information such as
acoustics, language and syntax in one probabilistic system.

The speech signal is a result of many mental and physi-
cal processes and as such is characterized by large variabil-
ity which has intrapersonal and interpersonal sources. There-
fore, a large training set is necessary to build proper statis-
tical models. A model dedicated to a certain type of speech,
e.g. speech of a certain age group, can often capture the na-
ture of the speech signal better than a more general model.
Typically an area of ASR application determines the type of
speech to be recognized and its acoustic properties.

The HMM-based approach dominated till late 1990s
when it became obvious that it is not sufficient for more
challenging cases such as processing spontaneous speech

recorded in a noisy environment with many speakers’ voices
overlapping or for processing an audio signal which is in-
audible for a human. Deep learning methods are gradually
taking over various aspects of the speech recognition pro-
cess.

In this paper we present ARM-1 engine [1, 2] devel-
oped for speech recognition of the Polish language and its
application in one area that can be particularly demanding,
namely media monitoring. We are faced with rapid develop-
ment of information technology. Information can be easily
created and distributed, which results in a constantly grow-
ing amount of information available in the media and in-
creased dynamics of its spread. Therefore, automation of
media content processing and analysis performed in various
media monitoring areas is necessary to deal with the sheer
volume of content and its diversity. Another area that could
benefit from automatic content analysis is digital humani-
ties [3] as a discipline relying on advanced computational
methods and experiencing dynamic growth with increasing
availability of various tools and services.

As already mentioned, ASR task becomes more chal-
lenging when we deal with spontaneous speech recorded
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under less than ideal acoustic conditions and with several
people talking at the same time. This characteristic is very
common for audio content presented in the media. On top of
that audio may be characterized by a high degree of variabil-
ity due to frequent speaker and acoustic conditions changes,
making it difficult for an ASR system to adapt. The HMM-
based approach used in the first version of ARM-1 engine
did not meet this challenge. Application of deep neural net-
works (DNN) was needed for media monitoring to fully ben-
efit from speech recognition automation.

In this paper we provide a brief introduction to the ASR
technology and the use of computational models and meth-
ods in this area. We describe both types of methods used in
automatic speech recognition, namely HMM and DNN, and
explain how they were implemented in the subsequent ver-
sions of the ARM-1 engine. By engine we mean software
which implements automatic speech recognition functional-
ity and which is the heart of a number of tools and systems
developed for various ASR applications.

The paper is organized as follows. In Section II we
briefly describe related work on ASR applications to me-
dia monitoring. Section III provides background informa-
tion on HMM and DNN-based approaches to ASR and de-
scribes which methods were implemented in the ARM-1 en-
gine. We also provide information on the adjustments that
were needed to successfully use the ARM-1 engine in me-
dia monitoring. Section IV describes test results obtained for
two subsequent versions of ARM-1 engine regarding speech
recognition accuracy and their analysis. We conclude the pa-
per with the summary and conclusions in Section V.

II. RELATED WORK

A number of solution have been reported regarding the
use of machine learning for automatic transcription of au-
dio and video files in the media monitoring area. The vast
majority of them present various dedicated speech recogni-
tion models for converting speech to text from recordings
originating from one particular source, which is broadcast
news [4–15]. Despite the ability to extract a lot of informa-
tion from this source, it is important to note the low versa-
tility of automatic transcription solutions that are dedicated
only to one source. ASR systems dedicated to a specific
source (in this case, broadcast news), and thus trained only
using files from this source, are characterized by low versa-
tility and applicability to other audio-video sources.

Recordings from broadcast news are characterized by
good quality source files and, most importantly, the ab-
sence of external noise that can significantly affect the fi-
nal speech recognition result. Learning ASR models on such
ideal recordings prevents the effective use of these systems
for recordings characterized by poorer quality and the pos-
sibility of additional ambient noise. The literature also de-
scribes a more universal ASR solution for media monitor-

ing. The authors of this solution emphasize the possibility of
using the realized ASR system in the field of automatic tran-
scription of audio-video files from such sources as general
and news television and radio channels [16].

The ASR solutions presented in the literature are based
on a hybrid solution GMM/HMM [4–6, 14, 15, 17, 18],
MLP-HMM [7–11, 16], DNN/HMM [17–19], time delay
DNN (TDNN) [12, 18, 20], time delay DNN with pro-
jected LSTM (TDNN-LSTM) [18], acoustic model, pro-
nunciation and language model based on the vocabulary of
the language for which the system is dedicated, including
English [9, 14, 16, 17], Portuguese [7–11, 16, 21], Span-
ish [9, 16], Greek [14], Lithuanian [12], Latvian [5], Slove-
nian [6], Ukrainian [13, 19] and Macedonian [15].

Research on both hybrid (acoustic model based on:
GMM-HMM, DNN/HMM, TDNN, TDNN-LSTMP) and
end-to-end solutions (LSTM) is presented in [18]. The au-
thor presented research on the end-to-end architecture pro-
posed in [22], which consisted of a recurrent neural net-
work (RNN) based on long short-term memory (LSTM) with
adoption of connectionist temporal classification (CTC) ob-
jective function and decoding with the use of weighted finite-
state transducers (WFST).

Accuracy of speech recognition of the media monitor-
ing systems described in the literature is on various levels.
The efficiency of the presented solutions is strictly related to
a given language and the test set used in the evaluation pro-
cess which was assembled for that language. The best results
were achieved by systems based on hybrid solutions (mainly
DNN-HMM and TDNN) with word error rate below 15%,
i.e. 8.1% for Estonian [20], 9.3% for German [18], 11.9%
for Ukrainian [13], 14.7% for Lithuanian [12], 14.9% for En-
glish [14]. In the case of systems supporting more than one
language, the best results were achieved for the primary lan-
guage for which a given system was built, e.g. in the case of
the AUDIMUS.MEDIA [9, 11, 16], the following word error
rates were reported: 18.4% for European Portuguese, 20.4%
for English, 20.8% for Brazilian Portuguese and 21.2% for
Spanish.

The ARM-1 engine presented in this paper is not ded-
icated to a specific media information source (broadcast
news). Its main feature of the implemented ASR system is its
high versatility and the possibility of using it with many dif-
ferent media information sources, including broadcast news,
radio recordings, sports recordings and even different qual-
ity audio-video files available on the Internet (e.g. on the
YouTube platform).

III. ASR TECHNOLOGIES
AND THEIR IMPLEMENTATION IN ARM-1

In explaining methods used in automatic speech recogni-
tion it is crucial to understand the nature of speech signal that
determines the difficulty of this process. Hence, in this Sec-
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Fig. 1. Waveform and spectrogram of the word “pytania” recorded in the noisy environment and in a recording studio

tion we first describe the source and nature of speech vari-
ability. Next, we explain how this characteristic was dealt
with in two main groups of ASR methods. For both, HMM
and DNN-based methodology the description is followed by
information on their implementation in the ARM-1 engine.

III. 1. Speech Signal and its Variability
The speech signal is a result of many mental and phys-

ical processes. The immanent feature of the speech sound
is its variability and redundancy of the information it car-
ries. The sources of variability can be divided into intraper-
sonal and interpersonal. A speaker, deciding on the content
of speech, determines the manner of utterance (rate, loud-
ness, accuracy of articulation, vocal effort, dictation, spon-
taneous speech). Realization of this decision also depends
on the mental state, stress level, general health, social back-
ground of the speaker, as well as their upbringing, educa-
tion, and the region of the country where they grew up.
All of the aforementioned differences in voice are related
to the within-person variability. The final effect in the form
of a speech signal is also dependent on the anatomical struc-
ture of the vocal tract related to gender, age, past illnesses,
i.e. inter-personal variability. These factors are compounded
by the effect of auditory feedback. The articulatory organs
are constantly monitored, corrected and compared with the
speaker’s intention so that the sound is clear and intelligible.

Here we are dealing with the effects of coarticulation, i.e.
similarity of adjacent sounds and many other psycholinguis-
tic and acoustic effects.

The sources of variability are also other people’s conver-
sations, interference, noise, ambient noise and the acoustics
of the room in which we perceive speech (reverberation, re-
flections). With too much noise the so-called Lombard effect
can occur, i.e. an unintentional change in acoustic character-
istics (tempo, duration of syllables, voice intensity, shift of
the spectrum towards higher frequencies). Damaged hearing
can interfere with the feedback. Before reaching the speech
recognition system, the signal must be recorded by a mi-
crophone and sent through the electroacoustic track (pream-
plifier, amplifier, analog-to-digital converter) to the system,
where it will be converted into a sequence of parameters –
a feature vector. The electroacoustic track and its character-
istics, quality and introduced distortions may cause an addi-
tional variability.

Fig. 1 shows the waveform and spectrogram of the Polish
word “pytania” (“questions”) obtained with the WaveSurfer
software from a radio broadcast (noisy upper part) and
the same word spoken naturally in the studio (lower part).
The formants frequency contours are marked with col-
ored lines. The transcription pane located in the figure be-
low the spectrograms presents segmentation into individual
phonemes of the utterance. In the noisy spectrogram we can
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observe additional broadband ambient noise with a fairly
energy-balanced frequency spectrum with a hum at the bot-
tom of the band.

The speech recognition system must compensate for in-
trapersonal, interpersonal and hardware variability of the
speech signal in order to make it independent of the speaker.
A method widely used for this purpose turns out to be a sta-
tistical approach based on the construction of acoustic mod-
els created from large acoustic databases in which all of the
above described effects occur [23].

III. 2. GMM/HMM-based Approach
The human auditory system can correctly recognize

words, most of the time anyway, independent of who pro-
nounces the word, the way it is pronounced and the context
in which it is pronounced. In other words, we are able to
compensate for various sources of variability in the speech
signal. An ASR system must be able to do the same. One
way to achieve this goal is to use machine learning methods
to build a statistical model that captures characteristics nec-
essary to distinguish and recognize various elements of the
speech signal.

Given high variability of the speech signal, building
such a model requires an enormous amount of data, namely
recordings of utterances of words spoken in a given lan-
guage. The acoustic model must be representative of speech
that will be processed by the ASR system. Hence, building
a universal model capable of representing utterances exhibit-
ing variability from various sources is more challenging than
building a model dedicated to some type of speech signal and
its acoustic characteristics.

In building a statistical model we assume that the speech
signal can be represented by a set of statistically indepen-
dent phonetic-acoustic parameters, so called feature vector.
Parameters are selected in such a way that their information
volume is significantly smaller than the information volume
of the source signal and at the same time they represent the
source signal sufficiently well. The goal of the model train-
ing procedure is to build a recognition network consisting
of word pronunciations defined as sequences of triphones.
A triphone is a linguistic unit of sound called phonem with
a certain left and right neighborhood which is used to capture
the fact that pronunciation depends on the preceding and suc-
ceeding sound. Each triphone is modeled with a HMM con-
sisting of a set of states as illustrated in Fig. 2. Each of the
emitting states is described with sets (mixtures) of Gaussian
probability densities (GMM) determined for each element
of the feature vector. Connections between the states gov-
erned by the discrete probability aij , represent sequences of
sounds that can occur. During the speech recognition process
input data is divided into a number of observations. For each
observation the value of each feature vector element is com-
puted and then evaluated against GMMs bj(ot) in order to
obtain acoustic likelihood of the observation being a sound
represented by a given HMM state.

Fig. 2. Statistical HMM model of a phonem [24]

The recognition network is searched for the best
path matching a sequence of input observations where
path “goodness” is measured by cumulative likelihood.

Acoustic features are not the only elements used in de-
termining the best hypothesis corresponding to the best path
through the recognition network. The other one is linguis-
tic probability that, roughly speaking, expresses probability
of a word or phrase occurring in a given language. The lin-
guistic model used to determine this probability is a sta-
tistical model generated by processing a large text corpus.
The N -gram model captures probability that a word occurs
provided that it is preceded (or succeeded) by a given se-
quence of n − 1 words, where n ≤ N (order of the model).
Similarly to the acoustic model, building a universal linguis-
tic model requires an enormous amount of training data since
such a model should capture a wide range of vocabulary and
speech styles. Dedicated models can be built more easily for
a specific subject area, for example related to judiciary vo-
cabulary.

Unigram word probability (1-gram) is used in evaluating
a path through a recognition network during speech process-
ing in addition to the acoustic probability. In fact a number of
higher probability hypotheses are selected and further evalu-
ated using a higher order linguistic model in order to choose
the best hypothesis. More precisely, a weighted average of
the acoustic and linguistic probability is used for that evalu-
ation.

III. 3. GMM/HMM-based ARM-1 Engine
The GMM/HMM speech recognition methodology has

been implemented in the first version of the ARM-1 en-
gine [25]. In this section we provide information on the en-
gine implementation details followed by a description of the
adjustments made in order to adapt the engine to the require-
ments imposed by its application to media monitoring.

III. 3. 1. ARM-1 Engine Architecture

The ARM-1 engine is made up of the following mod-
ules: DSP (Digital Signal Processing), Decoder and Rescorer
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Fig. 3. ARM-1 engine architecture

as presented in Fig. 3. The DSP module is responsible for
capturing an audio signal from a device or from a file and
processing it. This stage may include normalization and fre-
quency filtering depending on the input signal characteris-
tics. Next, the signal is divided into observations with 25 ms
window and 10 ms stepping, and for each observation a set
of parameters is calculated in the form of a feature vector.

Feature extraction of the example speech signal repre-
sented as a spectrogram in Fig. 1 is performed not on the
basis of the acoustic parameters of the individual phonemes
represented by the fundamental frequency F0, the frequen-
cies of the individual formants, their bandwidths or ampli-
tudes but by using the cepstrum of the signal represented in
the Mel scale (mel-cepstrum). CepstrumCp, called spectrum
of a spectrum, is a result of the inverse Fourier transform of
the logarithm of the estimated signal spectrum:

Cp =
∣∣∣F {log (|F {f(t)}|2)}∣∣∣2 . (1)

The Mel scale is a perceptually motivated scale based on
human hearing. It is approximately linear up to 1 kHz and
logarithmic thereafter. In this way it represents the way we
perceive frequencies. The formula for converting frequency
f in Hz into a corresponding value in Mel scale is as follows:

Mel (f) = 2595 log10

(
1 +

f

700

)
. (2)

For each observation LDA (Linear Discriminant Anal-
ysis) transformation is computed over Mel Frequency
Cepstral Coefficients (MFCC) and filterbank parameters.
MFCCs ci are calculated from the log filterbank amplitudes
mj using the Discrete Cosine Transform:

ci =

√
2

N

N∑
j=1

mjcos

[
πi

N
(j − 0.5)

]
, (3)

where N is the number of filterbank channels. The DSP
module also detects the speech signal by using a component
called Voice Activity Detection (VAD). Only observations
that contain the speech signal are passed onto the next mod-
ule.

The decoder processes the feature vectors that character-
ize the individual observations generated by the DSP module
in order to recognize the words that make up the utterance.
The decoder is built upon a modified beam-search algorithm
and operates over a recognition network containing words
with imposed unigram probabilities. The decoding process
involves finding the best match between a sequence of ob-
servations and a path in the recognition network. A set of
hypotheses is selected, each of which matches the input ob-
servation string with certain probability.

The hypotheses generated by the decoder are subjected
to a rescoring process performed by the Rescorer module.
Its purpose is to evaluate individual hypotheses in terms of
combined acoustic and linguistic probability and to select the
most likely hypothesis. The ARM-1 Rescorer uses a 3-gram
language model.

Fig. 4. Hypotheses lattice

Fig. 4 presents an example of a lattice with several hy-
potheses which is processed by the Rescorer. Each node rep-
resents a moment in time and each edge represents a word
with a given acoustic and linguistict probability, where pa
and pl are their logarithms. The best path selected by the
Rescorer is marked in blue.

III. 3. 2. ARM-1 Adaptation for Media Monitoring

Application of the speech recognition technology to me-
dia monitoring, i.e. transcription of radio and television
broadcast content, requires adaptation of the ASR meth-
ods to the characteristics of such content, its specific qual-
ity and technical features. Spontaneous speech, background
noise, dialogues, sudden changes of speakers and overlap-
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Fig. 5. ARM-1 engine with adaptation modules

ping sounds affect speech recognition results. There is also
interference typical to radio and television broadcast content
such as quiet background music played during new services
or sounds (usually musical) marking the beginning of a pro-
gram or an advertising block – the so-called jingles. On top
of that there is a need to recognize foreign words that occur
in an utterance in Polish and whose pronunciation may be
affected by the context.

Adaptation of the ARM-1 engine to the above audio con-
tent characteristics included adaptation of acoustic and lan-
guage resources and modification of the engine software.

The base acoustic model was built on the basis of a large
corpus of recordings for Polish appropriately selected in
terms of linguistic conditions, phonetic and acoustic prop-
erties of the language, the core of which was the JURIS-
DIC database [26]. This set was gradually supplemented
with additional recordings of dictated speech, parliamen-
tary speeches, telephone conversations, court hearings, con-
ferences and workshops. The variety of recordings made it
possible to include speech of different nature and degree of
spontaneity, as well as different acoustic characteristics in
the model.

Prior to generating an acoustic model, all recordings
had to be annotated taking into account all necessary lin-
guistic phenomena and sound information to create a de-
scription including orthographic transcription, segmenta-
tion, marking of unintelligible fragments, fragments contain-
ing interferences, non-linguistic (filled pauses, repetitions,
false starts) and physiological (laughter, breathing, grunting)
events. Training set preparation is the most time-consuming
part of the acoustic resources processing procedure.

For the adaptation of the acoustic model to the media
monitoring requirements, an additional acoustic database
was built containing recordings from several different tele-
vision and radio channels with a total duration of about
55 hours. This set was also subject to the augmentation pro-
cedure. The adaptation process included: 1) “narrowing” the
acoustic model to a set of words extracted from a corpus
of press texts on the basis of frequency and expert knowl-
edge, 2) modification of parameters (mean and variance of

the probability distribution of individual components of the
feature vector). The total duration of all acquired recordings
was over 2100 h.

The baseline language model was generated with 20 GB
of text consisting mainly of press texts from several newspa-
pers and magazines published over several years, Wikipedia
articles and transcriptions of parliamentary speeches. Pho-
netic transcription of radio and television recordings was
used to adapt the language model. Furthermore, the model
was adapted to include the set of words that was extracted
from the acoustic model. Due to the fact that the language
of the media changes very dynamically, it was necessary
to implement the functionality enabling management of the
ARM-1 engine dictionary on an ongoing basis, in particular
to supplement the language resources with new words.

In order to increase the recognition performance, ARM-1
engine’s functionality was extended with an unsupervised
acoustic adaptation mechanism for the speaker’s voice, the
microphone used, the acoustic environment and the trans-
mission method. This course of action was dictated by the
nature of media content exhibiting high variability with re-
spect to speaker and acoustic characteristics.

The adaptation required introduction of additional mod-
ules: Speaker Tracker and Acoustic Adapter as presented in
Fig. 5. Speaker Tracker is responsible for detecting speaker
changes and collecting statistical data for each speaker iden-
tified in the input signal. It operates on the parametrized
audio samples and the hypothesis produced by the decod-
ing phase. Speaker change detection relies on the compari-
son between GMM components and audio parameters corre-
sponding to HMM states. The Speaker Tracker module ac-
cumulates observations associated with each visited HMM
state in the best hypothesis. The observation accumulators
are separate for each detected speaker. Such an approach en-
ables parallel and independent acoustic adaptation of multi-
ple speakers, e.g. during a dialogue.

The Acoustic Adapter module adapts the acoustic model
to the speaker and estimates possible improvement result-
ing from the model adaptation. It operates on statistical au-
dio parameters data collected for a given speaker and calcu-
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lates a set of transformations for GMM components using
Maximum Likelihood Linear Regression (MLLR). This step
reduces the mismatch between observation features and the
GMM components. Because the amount of adaptation data is
very limited in this case, a regression class tree which groups
GMM components is used [24].

After acoustic model adaptation the input data is de-
coded again provided that the estimated improvement ex-
ceeds a certain threshold. Since a large percentage of radio
and TV recordings contain dialogues and are characterized
by frequent speaker changes, in order to better exploit the
potential of unsupervised adaptation, an utterance that was
originally processed with a model of the speaker different
from the one identified in the recording, is decoded again.
The secondary decoding is performed in the same way as the
primary one by the Decoder module but this time with the
adapted models. The aforementioned mechanism is based
on a simple predictor of the “profitability” of re-decoding,
based on the change in error (variance) of the adaptive ver-
sus speaker-independent model for a given utterance. In this
way recognition accuracy can be improved considerably if
the utterance segmentation based on speaker change detec-
tion was performed correctly. In the case of rapid changes
of the acoustic conditions and the speakers it is beneficial to
decode the entire selected parts of the utterance again.

III. 4. DNN-based Approach
The next milestone in the development of automatic

speech recognition was the use of neural network algorithms.
The main idea behind artificial neural network application
was to mimic the behavior of a human brain with layers of
neurons.

Neural networks have quite a long history but their po-
tential could be exploited only after the introduction of the
so-called backpropagation method [27, 28]. This method
enabled efficient and effective training of neural networks
consisting of multiple layers of neurons and consequently
enabled further development of neural networks. Several
years later the so-called Deep Learning was introduced and
is currently used virtually in every state-of-the-art solution
based on machine learning algorithms. Deep neural net-
works based on the most modern network architectures are
trained with huge amounts of data in order to have the ability
to extract a lot of important information necessary to carry
out recognition or classification tasks. Such high quality
recognition models have a significant advantage over stan-
dard statistical methods. It may be difficult to analyze ratio-
nale behind specific decisions reached by a DNN-based so-
lution for a classification problem but it is generally the case
that each subsequent layer of neurons represents a higher
level of abstraction in modeling a given phenomenon.

In the case of speech recognition two main paths can
be distinguished for an application of deep neural networks:
1) replacing only the GMM model with a neural network,
and 2) implementing the entire acoustic model with the neu-

ral network. In the first approach the HMM model is still
used but it is combined with the neural network to form
a hybrid acoustic model called DNN-HMM. This approach
is still relatively common. However, it is worth noting that
the introduction of neural networks in ASR technologies did
not suddenly result in ideal recognition models that were im-
mune to noise and could recognize speech with very high
accuracy. Despite achieving much better results compared
to the statistical models, deep neural network algorithms are
constantly being improved and optimized to increase recog-
nition quality. DNN-based ASR systems (including hybrid
DNN-HMM systems) have been achieving high recognition
accuracy for words that are pronounced clearly (e.g., dictated
speech) without the presence of significant ambient noise.
However, to date, recognition quality for incomplete, noisy
or specific data leaves much to be desired.

The amount and quality of data used in the training pro-
cess has a significant impact on the final quality of mod-
els. Without an adequate set of data it is impossible to cre-
ate good quality recognition models based on DNN algo-
rithms. Neural networks, especially the deep ones, are ma-
chine learning methods very sensitive to the amount of learn-
ing data.

In the task of speech recognition the most common types
of neural networks used for many years have been recur-
rent neural networks (RNNs) [29–32] which enable models
with high recognition accuracy. On the other hand, the state-
of-the-art neural network architecture that is being success-
fully deployed in many different machine learning domains
(including speech recognition) are Transformers neural net-
works [33, 34]. These networks have achieved an increased
recognition accuracy but it should be pointed out that train-
ing them requires even more data than standard deep neural
networks.

In addition to the development of the neural network ar-
chitectures also the very approach to the ASR solution de-
velopment has been verified. Currently, the most common
approaches are hybrid and end-to-end solutions [35]. In the
hybrid approach a speech recognition system consists of sev-
eral independent main components which usually include
an acoustic model, a pronunciation model and a language
model. These components are created and trained separately.
Additionally, in order to enable final recognition a decoding
graph is built in which a search for the best transcription is
performed. In contrast, the end-to-end approach is a system
whose all parts are trained together to directly map the input
sequence of acoustic features to a target output sequence in
the form of, for example, words.

The ASR engine applied in media monitoring solutions
which achieved the best results was based on a hybrid ap-
proach using DNN. The best result was reported for Estonian
with WER = 8% for broadcast news. However, taking into
account various tasks not limited to media monitoring, end-
to-end solutions achieve results that are similar (and some-
times even better) to hybrid models. The results obtained
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depend strictly on the train and test set used, e.g. for WSJ
eval92 [36] the best result obtained so far is WER = 2.32%
(TDNN+chain), while for the Librispeech [37] set the low-
est WER is 1.4% (wav2vec 2.0 [38]). An overall comparison
of several end-to-end and hybrid solutions for the Microsoft
dataset and a proposal to combine these two approaches is
presented in [39].

III. 5. DNN-based ARM-1 NG Engine
Development of the ARM-1 engine also followed the

path described in the previous section. Despite the use of
large learning sets, both acoustic and linguistic, the average
recognition error for the GMM/HMM based ARM-1 engine
exceeded 20%, much too high for the considered application
to media monitoring.

The new ARM-1 NG (Next Generation) engine is based
on a hybrid approach. It has been implemented with the
use of Kaldi software tools [40, 41] for generating com-
ponents based on the provided training data. Kaldi is an
open source speech recognition toolkit intended for use by
ASR researchers for building recognition systems. It sup-
ports modeling of context-dependent phones of arbitrary
context lengths and all commonly used techniques that can
be estimated using maximum likelihood.

The main component of ARM-1 NG, the acoustic model,
is based on a hybrid DNN-HMM solution generated by Kaldi
as a part of deep neural networks implementation. A num-
ber of implementations (nnet1, nnet2 and nnet3) provided
by Kaldi are dedicated to creating custom acoustic models
optimized for efficient training using distributed computing
resources. For the implementation of the new ARM-1 NG
acoustic model the nnet3 implementation was chosen or, to
be more precise, its extended version “nnet3+chain”.

The model is based on the classical parameterization
of the acoustic signal using MFCC and LDA. In addition,
3-fold stacking subsampling vectors [42] are used (Fig. 6),
which reduces the number of observations three times (orig-
inally 100 samples/s in ARM-1). This approach is justified

Fig. 6. 3-fold stacking subsampling operation

because nnet3 implementation already accounts for the tem-
poral aspect.

A phoneme-level recognition network is constructed us-
ing a phoneme N-Gram model computed from training data.
The main difference with the ARM-1 engine is the change
in the objective function used to search the recognition net-
work. Originally, the cost was optimized at a single frame
level, representing the log of acoustic similarity for each
state of the HMM. In the chain model the log of phoneme
sequence probability is optimized.

The change in observation frequency necessitated
a change in the HMM network architecture. Originally,
a minimum of 3 transitions were required to pass the HMM
model. After the change the topology contains a state that
must be reached at least once while all other states can be
reached zero or more times. Fig. 7 illustrates this concept
with the upper part showing an example of HMM network
before change in the observation frequency and the lower
part showing the network after the change.

Fig. 7. HMM network architecture change

IV. RESULTS AND DISCUSSION

The ARM-1 engine performance was evaluated through-
out its development using standard ASR evaluation metrics
such as Correctness and Accuracy. In this Section we present
results of tests performed using data sets constructed with
broadcast media content in order to assess ARM-1’s effec-
tiveness for media monitoring activities.

IV. 1. Evaluation Measures
Speech recognition results are evaluated by comparing

an utterance, i.e., the manual transcription of the recording,
with the transcription generated by the ARM-1 engine and
determining the Levenshtein distance [43]. This metric is de-
fined for two sequences of words as the minimum number of
single word edit operations required to change one sequence
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into the other. The edit operations include insertion, deletion
and substitution.

Each word occurring in either sequence is classified
as correctly recognized (Correct), incorrectly recognized
(Substitution), deleted (Deletion) or inserted (Insertion).
The number of words in each category is used to determine
the Word Error Rate (WER):

WER =
S +D + I

N
, (4)

where S is the number of incorrectly recognized words,D is
the number of words not recognized at all, I is the number
of extra words that were recognized but do not have corre-
sponding words in a given utterance and N is the number of
words in the utterance. Speech recognition results can also
be characterized with Correctness and Accuracy. The first
metric shows what part of the utterance was correctly recog-
nized:

Corr =
H

N
, (5)

where H is the number of correctly recognized words. Ac-
curacy in addition to incorrectly recognized words takes into
account also insertions:

Acc =
H − I
N

= 1−WER . (6)

Accuracy is more precise than Correctness since inser-
tions can affect the quality of speech recognition results con-
siderably especially for some ASR applications. In general,
different types of recognition errors have different effect.
For example, if recognition results are used to search for
a given word phrase, Insertions may increase the number of
false positives while Deletions may increase the number of
false negatives.

Correctness of speech recognition results has a direct
bearing on the effectiveness of media monitoring regardless
of its purpose. However, the standard metrics are quite strict
and do not take into account the character of the language.
Polish is an inflectional language where one word can have
as many as a dozen different grammatical forms. Recogniz-
ing a correct word but an incorrect form of this words counts
as an error. Depending on the purpose of media monitoring
activity, WER computed according to Eq. (4) could in fact
be treated as an upper bound on the actual error rate.

IV. 2. Test Sets
Four sets of data were used to evaluate and compare

speech recognition accuracy of the ARM-1 and ARM-1 NG
engines. In the following description we refer to the two
versions of the engine simply as ARM-1 and ARM-1 NG.
The sets were created in the process of the system develop-
ment for performance monitoring purposes. Each test set is
described below.

1. Set1 contains 13 radio news services broadcasted
in 2015–16 by a number of local (PR Szczecin,
PR Wrocław, Radio Plus Łódź) and national (Eska,
ZET, Meloradio) radio stations. The total duration is
about 1 hour 2 minutes. The shortest recording has
18 seconds, the longest 8 minutes.

2. Set2 contains 11 radio and television programs (news
services, interviews, journalistic programs) broad-
casted in 2015–17 by the national radio (ZET,
Tok FM) and TV stations (TVP, TVN, Polsat). The to-
tal duration is 2 hours 14 minutes. The length of the
recordings varies from 3 to 27 minutes.

3. Set3 contains 433 short news services broadcasted in
2015–16. The set was generated by manually cutting
the “Set1” collection into segments based on the con-
tent type (speech, jingle, etc.) and speaker so that there
is only one speaker in each segment. Furthermore, the
segments were tagged based on speaker characteris-
tics – professional speaker (announcer, journalist) or
nonprofessional speaker (interview guest, passerby),
and on acoustic conditions – studio or outdoor record-
ing. The objective of dividing the recording set into
fragments was to obtain segments that are uniform in
terms of speaker and acoustic conditions to identify el-
ements for which recognition results have high WER
and to determine the cause. The majority of segments
in terms of duration were recorded in the studio (about
75%) and were spoken by professional speakers (also
about 75%). The longest segment has a duration of
70 s.

4. Set4 contains 29 recordings of proceedings of the Pol-
ish Parliament dating back to 2019. The total duration
is 48 minutes. The length of the recordings varies from
about 20 seconds to 4 minutes. This set was assem-
bled for PolEval 2019 [44] ASR task and as such can
be used for comparing speech recognition results of
various ASR systems.

IV. 3. Test Results
The tests were conducted for ARM-1 with and without

the adaptation module, and for ARM-1 NG with the dictio-
nary of two different sizes. The adaptation procedure has not
been implemented in ARM-1 NG yet. ARM-1 was equipped
with a dictionary of 470k words, while ARM-1 NG had two
dictionaries with 100k and 500k words. It should be men-
tioned that all words spoken in Set1, Set2 and Set3 were
present in all dictionaries. ARM-1 NG was equipped with
a different dictionary than ARM-1 due to updates of lan-
guage resources necessitated by changes in media vocabu-
lary that take place over time.

Fig. 8 presents test results in the form of WER obtained
for the first three test sets and for every version of the sys-
tem. In general, ARM-1 NG achieved WER roughly twice as
small as ARM-1 confirming the potential of applying DNN-
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Fig. 8. Test results – WER comparison

based method. Speaker adaptation decreased WER by about
15% for Set1 and by several percent for Set2 and Set3.

The dictionary size affected ARM-1 NG performance in
a slightly counterintuitive manner since lower WER was ob-
tained with a smaller dictionary. However, it can be eas-
ily explained given the fact that all words spoken in the
test sets were present in both dictionaries. Hence, using the
smaller dictionary did not cause any out-of-vocabulary prob-
lems. On the other hand, the bigger dictionary offered more
choices as to which word was spoken, increasing chances of
selecting the wrong one.

Fig. 9. Percentage of insertions, deletions and substitutions in the
overall number of errors

Fig. 9 presents the percentage of each type of errors (In-
sertions, Deletions and Substitutions) in the overall error
number made by each version of the ARM-1 engine for Set1.
It can be observed that adaptation increased the number of
Insertions slightly while using a smaller dictionary caused
an increase in the number of Deletions and a decrease in the
number of Insertions.

Set3 was used to compare recognition results obtained
for studio and outdoor recordings, and for professional and
nonprofessional speakers. As Fig. 10 shows, WER for stu-
dio recordings is much lower for all versions of ARM-1 en-
gine than for outdoor recordings. One can observe that the

Fig. 10. WER comparison for various acoustic conditions

difference between the two results is much higher for the
DNN-based system. The best WER for the studio category
obtained with ARM-1 NG was 4.84% versus 16.32% for the
outdoor category, while the best WER for the studio cate-
gory obtained with ARM-1 was 25.24% versus 47.41% for
the outdoor category.

Similarly, WER for the professional speaker group’s
recognition results is much lower than for the nonprofes-
sional speaker group (Fig. 11). And also in this case the
difference between the two types of speakers was larger
for ARM-1 NG than for ARM-1. The best WER obtained
with ARM-1 NG was 5.59% for professional speakers ver-
sus 14.6% for nonprofessional speakers. The best WER ob-
tained with ARM-1 was 25.85% for professional speaker
versus 46.32% for nonprofessional speakers. This behavior
can be attributed to a smaller representation of outdoor and
nonprofessional speakers recordings in the training set com-
pared to studio and professional speakers category, respec-
tively, and to higher sensitivity of the DNN-based approach
to the amount and quality of training data.

Fig. 11. WER comparison for two types of speakers

Set4 contained data that were different in character from
the other test sets. First of all, recordings of the parliamen-
tary speeches were made under uniform acoustic conditions
with occasional background sounds caused by vocal reac-
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tion of the audience. For most recordings there was only
one speaker with the exception of short interruptions by the
House Speaker leading the debate.

Fig. 12. WER comparison for parliamentary speeches

In general, WER was much higher for Set4 than for other
test sets. There are several reasons for that. First of all, not
all words spoken were present in the dictionaries used in the
recognition process. Fig. 12 shows that WER obtained with
ARM-1 NG was lower for the larger dictionary this time.
Second of all, most speakers were nonprofessional speak-
ers and their speeches was characterized by a high degree
of spontaneity. We have compared results obtained for Set4
with the nonprofessional speaker category of Set3 as the test
set closest in nature to Set4. The results obtained for both
sets are generally comparable for ARM-1 NG with the 500k
dictionary. The use of a smaller dictionary yielded higher
WER due to an out-of-vocabulary problem. Speaker adapta-
tion was able to lower WER quite considerably and worked
better for Set4 most likely due to lower variability of the
acoustic conditions.

The test results allowed us to draw a conclusion that the
DNN-based system is much better suited for media moni-
toring, as expected. The WER value that does not exceed
a few percent confirms that ARM-1 NG can be successfully
applied in media monitoring regardless of its purpose.

It should be emphasized that it is important to keep up-
dating the system’s dictionary to reflect changes in the me-
dia language. This procedure involves not only adding new
words but also removing words that become obsolete in or-
der to control the dictionary size and decrease the chance
of an incorrect recognition involving such an obsolete word.
We are yet to determine the potential of applying the speaker
adaptation procedure to the DNN-based system.

IV. 4. ASR Systems Comparison
ARM-1 engine was one of the competitors taking part

in the PolEval 2019. Hence, we can present the comparison
of its performance with other systems based on the PolE-
val ASR task results reported in [44]. The test set used in

the competition is described as Set4 in the previous Section.
However, the acoustic model used by ARM-1 for PolEval
task was different from the model used for tests described in
the previous Section. Consequently, test results reported for
PolEval and are different from the results presented for Set4
in the previous Section. In the following description we first
describe PolEval results and then comment on the results ob-
tained by ARM-1 and ARM-1 NG for Set4 with different
acoustic models.

Fig. 13. PolEval ASR task result comparison

Fig. 13 presents a comparison of the results obtained by
the ASR systems taking part in the competition, reported
in [44]. Beside ARM-1 there were three more systems com-
peting: GOLEM, SGMM2 and tri2a, all based on Kaldi
project. All competing systems used GMM-based acoustic
models. Results obtained by two more systems were added
by the organizers for comparison: clarin-pl/sejm and calrin-
pl/studio, both of which were neural network based. Among
all systems, GOLEM and calrin-pl/sejm used models trained
only with corpora selected by the organizers that included:
1) CLARIN-PL speech corpus, 2) PELCAR parliamentary
corpus, 3) a collection of 97 hours of parliamentary speeches
and 4) Polish Sejm Corpus for language modeling. All other
systems used models that were trained on other data as well.

Among GMM-based systems the best results were ob-
tained by GOLEM. The WER equal to 12.8 was quite close
to WER obtained by the neural network based clarin-pl/sejm
system which was 11.8. Both systems’ acoustic models were
trained on the fixed set of corpora selected by the organizers.
We can only speculate that this set was dominated by record-
ings of parliamentary speeches and that the resulting acous-
tic models can be characterized as models dedicated to this
type of recordings. The acoustic model used by ARM-1 en-
gine for the competition was trained on a set in which record-
ing of parliamentary speeches constituted only about 10% of
all recordings in terms of total duration. Other training cor-
pora included recordings of dictated speech, radio and TV
programs and phone conversations. The results obtained by
ARM-1 with the acoustic model trained mainly for media
monitoring were much worse than results obtained with the
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model used for PolEval, both with and without adaptation:
79.02 vs 34.49 and 33.69 vs 26.01, respectively.

ARM-1 NG engine’s performance can be compared with
that of clarin-pl/studio since they both use neural network
based acoustic models trained on corpora not limited to the
fixed set selected for PolEval. The lowest WER obtained by
ARM-1 NG for PolEval test set was 17.11 which is lower
than WER obtained by calrin-pl/studio equal to 30.9.

V. SUMMARY AND CONCLUSIONS

Our experience with GMM/HMM and DNN-based
methods for speech recognition and their application in me-
dia monitoring allows us to conclude that the neural network
based approach was needed to achieve accuracy necessary
for this area to benefit from the automation of speech recog-
nition. The DNN-based acoustic model trained on a large
dedicated corpus yielded results that were sufficient for me-
dia monitoring, i.e. it achieved WER below 10%. However,
there is still room for improvement in a DNN-based ap-
proach in general (e.g. extending DNN to the entire speech
processing pipeline) and in adjusting the approach to media
content characteristics in particular.

There are a number of future work directions we want to
pursue. They include improvements at various stages of the
speech signal recognition process from signal pre-processing
including parametrization, through speaker diarisation, to
speech recognition results post-processing including auto-
matic correction and inserting punctuation.

We plan to test other methods of speech feature extrac-
tion (e.g. LPC, PLP, RASTA) [45] and an additional pre-
processing module based on empirical signal decomposi-
tion. The empirical signal decomposition makes it possi-
ble in practice to extract significant signal components lo-
cated in a specific frequency band by reducing noise, back-
ground sounds and unwanted sounds. We plan to conduct re-
search on the use of Fourier Decomposition [46], Multivari-
ate Variational Mode Decomposition [47], Enhanced Empir-
ical Mode Decomposition [48], which are used in various
fields for the decomposition of nonlinear, non-stationary and
heavily noisy signals [48–52].

We plan to explore another area of ASR application,
namely digital humanities, where automatic speech recog-
nition enables audio content analysis. We expect this area to
pose a similar challenge to media monitoring due to the di-
versity of content and the need to adjust the system to content
characteristics.

In the long term, the use of more advanced language
models, modeling of acoustic and prosodic phenomena of
speech should further improve the performance of automatic
speech recognition systems. However, the key to achieving
the ability to recognize continuous and spontaneous speech
will most likely be automatic understanding of the utterance
meaning, i.e. semantic analysis. Also pragmatic analysis, i.e.

understanding and interpreting utterances depending on the
context, will be very helpful. The realization of these tasks,
especially the application of semantic and pragmatic analy-
sis, seems to be rather distant future. Meanwhile, specialized
systems are being developed for application in particular ar-
eas of life.
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(2001).

[24] S. Young, G. Evermann, D. Kershaw, G. Moore, J. Odell,
D. Ollason, V. Valtchev, P. Woodland, The HTK book, Cam-
bridge University Engineering Department 3 (2002).
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Waldemar Jęśko received the MSc degree in Electrical Engineering from Poznan University of Technol-
ogy in 2018. He is currently a PhD student at the Faculty of Computing and Telecommunications at Poznan
University of Technology. He works at Poznan Supercomputing and Networking Center in the New User In-
terface Technologies Department. His current research interests include neural networks, speech recognition
and speech signal processing, in particular in the field of recognition of disrupted speech.
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