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Abstract

Speech-based Interaction systems contribute to the growing class of contem-
porary interactive techniques (Human-Computer Interactive system), which
have emerged quickly in the last few years. Versatility, multi-channel syn-
chronization, sensitivity, and timing are all notable characteristics of speech
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recognition. In addition, several variables influence the precision of voice
interaction recognition. However, few researchers have done a significant
study on the five eco-condition variables that tend to affect speech recognition
rate (SRR): ambient noise, human noise, utterance speed, and frequency.
The principal strategic goal of this research is to analyze the influence of
the four variables mentioned earlier on SRR, and it includes many stages of
experimentation on mixed noise speech data. The sparse representation-based
analyzing technique is utilized to analyze the effects. Speech recognition
is not noticeably affected by a person’s usual speaking pace. As a result,
high-frequency voice signals are more easily recognized (~98.12%) than
low-frequency speech signals in noisy environments. By performing the
experiments, the test results may help design the distributive controlling and
commanding systems.

Keywords: Interaction system, eco-conditional factors, recognition rate,
ambient noise, human noise, utterance speed, frequency.

1 Introduction

Speech recognition (SR) is a multidisciplinary field that mainly includes
digital signal processing as well as phonetics [35]. Speech perception assess-
ments were originally developed to measure speech comprehension ability
with regulated and manipulated external sounds while skilled conversation-
alists deliver specifically chosen word lists, such that interaction devices
(transponders, microphones, handsets) can be evaluated on the premise of
the intelligible of the conveyed message. Sound masking and the resultant
concealed cutoff rely on the structural properties of the noise/sound (spectra,
levels, period etc.), the listener’s sensitivity for hearing loss (that unless
existent), the attenuate properties of the listening defender (if employed), as
well as how noise is interpreted in the eardrum and central nervous system.
However, not many of such variables can be regulated, but it’s essential
to know the way they interact to apprehend why a variation among them
impacts sound/noise audibility. Neuroscience, linguistics, cognitive science,
computer science, pattern classification, and machine learning are intimately
linked. Human-Computer Interaction (HCI) includes speech engagement,
which seems to be the practice of utilizing regular human discourse to provide
directions to a machine to gain dynamic control [42]. Thus, it became one
among the newest interactive techniques that have exploded in popularity
over the years.



Data Analytics on Eco-Conditional Factors Affecting Speech 1155

In the mid-1950s, scientists started working on improving voice recog-
nition technology. Intuitively, it ought to be harder to identify an objective
signal in noisy environments when the ambient noise is stronger or louder.
Various manipulations resulted in a lower signal-to-noise ratio (SNR), thus,
making it complicated to recognize an objective signal among the varying
noise levels.

In speech and noise assessment, the communicator and ambient noise
types, as well as the linguistic that has been used, are examined wherein
the language and ambient noise are separated to improve the quality of the
speech and to interpret its content (recognition). A variety of applications,
such as speech and noise categorization [7, 9] source segregation [39], speech
synthesis and recognition [26, 31, 32, 44], acoustic coding [19, 28], prosody
adjustment [24], and speaker normalization [26], have been investigated in
the scientific sector for addressing noisy signal data. Many such applications
fall within the scope called “machine listening”, which seeks to decipher the
content of noisy acoustic features and comprehends in a way that is similar
to how humans do it themselves [34]. For example, voice alteration may
be accomplished by adjusting speech characteristics like prosody (duration
and pitch period), while Text-To-Speech (TTS) synthesizing systems [41]
produce speech for automatic assistive technologies.

HCI uses voice-based conversation via auditory channels because it is
both remarkably effective and natural. The following features of voice com-
munication are flexibility, cross-channel synergy, transience and sensitivity
coexistence, and prone to interference.

Flexibility, where speech has a greater degree of adaptability than other
forms, requires less space and is not as constrained by lighting factors. It’s
critical when visual channels aren’t the best way to get a message across.

In Cross-channel synergy, conventional interactive devices like mouse
and keyboard don’t impact voice interaction and may be utilized with con-
ventional input tools to accomplish jobs faster and better. In transience and
sensitivity coexistence, humans are highly receptive to audio data (sound)
and have become a popular method for the reminder and alert method,
but the phenomenon of speech signals also utilizes the short cognitive
capacity of the operator, raising the pressure of remembering. In prone
to interference, interacting via sound waves using speech which usually
follows non-contact consequences of actions for transmitting command infor-
mation. As a result, noise may readily disrupt voice engagement, which
severely restricts the scope of applications for such a non-contact auditory
communication.
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M-(Speech recognition (SR) is the foundation for voice command, and
such voice management is the base deployment to the SR technology in
the area of control. Technology for voice recognition influences software for
controlling one’s speech. SR technology has gone through various stages of
development from its inception in 1952, which was made possible by com-
puter technology advancements in the early 1960s. And also, the associated
software has reached a sophisticated stage by mid of the 1990s. Due to the
emergence of interactive media, a realistic SR system must be developed from
the beginning. Google’s Speech-based Action System, launched in 2010,
supports users to perform and manage voice-oriented command operations.
Similarly, at the beginning of 2011, Microsoft’s new deep neural network
(DNN) framework gained success in SR recognition activities [19, 24, 26].

Before considering the impact on speech perception, eco-conditional
factors like ambient noise, utterance speed, human noise, and frequency
affecting SR are taken into account. In other words, listeners’ progress will be
influenced by the impacts of the affecting factors. Thus, in this research, some
basic data science paradigms are utilized to analyze such impactful factors
effectiveness on SR rates via test data.

In this article, we examined the issue of utterance recognition using sparse
representations and the effect of environmental variables on noisy speech.
Our work further assists in the research work of classifying speakers and
noise types. Moreover, the findings of the experiments may be used to assist
the development of a commanding and controlling system.

2 Background

The study does a literature review on noisy SR methods, examining over
100 research articles. A speech-specific system will admit data signals with
speech characteristics and avoid unstructured perturbing data (noise), making
it noise-resilient. To ensure the efficiency of the voice/speech approximation,
the Augmented Reality (AR) all-pole framework has been utilized under the
assumption that the sound signal has a specific spectral-based structure. From
[22, 30] the iterative method implements optimum probability estimation to
get parameters. Using Wiener filtering, this method calculates the parameters
of the model from the assessment of the clear speech. In LPC-based parame-
terization method enhanced the prediction degree to increase the recognition
rate [16].

In constrained MAP estimation of speech [36], some speech specific con-
straints such as the stability of an all-pole speech model, the relative position
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of poles, and the inertia of the vocal tract characteristics are exploited during
the iterative estimation. The resulting speech has more reliable formant
positions and reduced frame-to-frame pole jitter in noisy environments.

As an improvement of the iterative procedure in [36], HMMs classifiers
are used to partition speech frames into broad phonetic classes and the
classification result controls the termination of the iterative estimation [27].
Suitable termination reduces peak distortion and improves objective speech
quality. Using the all-pole clean speech spectral model and short-time noise
level, Itakura distortion [17] between noisy spectrum and the sum of the all-
pole and noisy spectra is iteratively minimized. The estimated clean speech
model parameters are then fed to a speech recognizer [43]. Within these iter-
ation procedures, each iteration produces filtered speech with lower residual
noise but larger spectral distortion [21], which limits the number of iteration.
The formant narrowing and shifting introduced by the iteration [21, 36]
may be harmful to recognizers [33]. Another problem is that most all-pole
estimates degrade rapidly as the SNR decreases [11].

For the purpose of improving noisy speech intelligibility, it was proposed
in [11] to resynthesize speech from VQ templates. Formant distance was used
as the similarity measure. The output of such processing is noise-free speech,
with the remaining degradation appearing as a spectrum mismatch. Sparsity
based speaker identification using discriminative dictionary learning was
done by [10] while non-negative matrix factorization for feature extraction
was explored by [8]. Representation of audio signals as a sparse, linear
combination of non-negative vectors called as dictionary atoms has been
used for audio source separation [2, 13, 39], recognition [5, 15], classification
[37, 45] and coding [19, 28].

As a preprocessing step for recognition, speech enhancement techniques
are intended to recover either the waveform or the parameter vectors of the
clean speech embedded in noise [22, 38, 43] These techniques make different
uses of a priori information about the speech and the noise. The criteria used
in speech enhancement techniques can be based either on the probability
of clean speech or the distortion between clean and recovered speech, and
usually not directly related to speech recognition accuracy. Table 1 depicts
the existing noisy speech recognition techniques.

3 Selection of Speech Segment

This section focuses on the dictionaries built from the data gathered by
analyzing the noise and clear speech recordings. Table 2 displays around



1158 A. C. Kaladevi et al.

Table 1 Noisy speech recognition techniques

Existing Techniques Speakers  Accuracy (%)
LC-MBCE-HMM Multi 96
Constrained MAP Single 88
Base-transform Single 95
Model combination STM-HMM Single 95.2
Matched condition Single 95
HMM vector equalization Multi 94.3

Table 2 Experimental dataset
Clean Speech Source (TIMIT)

Noisy Data Source (NOISEX) Female Male

‘volvo’ (interior vehicle noise) “fskp0’ ‘mhmg0’
‘factoryl’ (industry noise) ‘fsmm0’ ‘mclm0’
‘babble’ (babble voice) ‘ftbow0’ ‘mdwh(’
‘leopard’ (heavy military vehicle noise) ‘fsmsl’ ‘mges0’
‘machinegun’ (gun sound) “fjxm0’ ‘mwac(’

‘16’ (f16 cockpit noise)

‘hfchannel’ (high frequency radio channel noise)
‘m109’ (tank noise)

‘destroyerengine’ (Destroyer engine room noise)
‘buccaneerl’ (Jet cockpit noise)

ten sources of ambient noises selected from database ‘NOISEX’ [1], that
primarily comprises military-oriented sounds as well as other frequently
recurring noises. All the concerned noise ranges from 3 to 4 seconds, out
of which around 60% are utilized for training, 40% is shared for testing
and validation purpose. In addition, there is a test set used for modeling
and separating sources of overlapping and noisy voice signals. Similarly, ten
sources of precise speech data from TIMIT database [20] was considered
which further comprises five dialects of both female and male speakers each
for training purpose. Six utterances are utilized in learning for every speaker,
with the other four being utilized for testing and validation purpose. Each
speech lasts between 2 to 4 seconds. Validation sets are used mainly for tuning
the parameters. For our research, MPS Speech recognizer library is utilized
for processing, and analyzing the speech data.

It is also necessary to examine and classify the noise signals to improve
and separate them from noisy speech more effectively. A sample of an undis-
torted speech utterance and its matching spectrogram is shown in Figures 1(a)
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Figure 1(a) Time domain of clear speech segment [Sample: ‘mclm0’].
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Figure 1(b) Spectrogram of clear speech segment [Sample: ‘mclm0’].
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Figure 2(a) Time domain of noisy signal segment [Sample: ‘babble’].

and 1(b) respectively, whereas a sample of babbling noise and its matching
spectrogram is shown in Figures 2(a) and 2(b), respectively. For the noise
signal, we utilized NOISEX and the clear spoken utterance from TIMIT [16].
The spectrogram reveals that the majority of the energy intensity is focused
in the lower frequency range. As illustrated in Figure 3, on utilizing SNMF
source recovery strategy, at 0 dB SNR background noisy signal is introduced
to produce the noise appended speech signal.
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Figure 2(b) Spectrogram of noisy signal segment [Sample: ‘babble’].

3.1 Source Recovery

To effectively generate sparse reconstructions of the test audio signals
under non-negative aspects, we utilized the Supervised Non-negative Matrix
Factorization (SNMF) [18] methods. First, a non-negative nonlinear atom
combination and a reported amplitude spectra are compared to see which one
has the least generalized divergence. The following Equation (1) is a possible
solution to the minimization issue for SNMF [18],

mainD(mbHdma +&l|malli; mae >0 (D

Here, ‘m;’ represents the matrix with test characteristics (b) as its
columns. ‘m,’ denotes weighted matrix, ‘d’ indicates the dictionary, and
‘D’ is the difference among ‘my’ and dm, (divergence). Multiplicative revi-
sions [80] are applied to determine ‘m,’ using &, which is set to 5 and depicted

in Equation (2) as
b T
(D
Me = [Dma (D7) P ma 2)

DT +¢
In the Equation (2), €D indicates attribute-wise multiplicative operation,
whereas the fraction bar represents component-wise reduction. Thus, when-
ever the absolute deviation throughout the divergence drops under 0.001e
or even the total iterations count reaches >100, the above multiplicative
updatable mechanism stops.

4 Classification of Clean and Noisy Speech Source

For an effective study, we opted for a recognizer based on DTW (Dynamic
Time Warping) [4]. It’s a feature reference recognition method that makes
the modeling recognize isolated lexical items/words appropriately and effec-
tively. Moreover, it uses dictionary learning relied on Cosine similarities [25].
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Figure 3 Spectrogram of noisy speech segment.

Dictionary learning (DL) is one way of machine learning (ML) approach to
compute ‘d’ matrix of the sparse dictionary, where the learning (trained) set is
a linear mixture of items (columns) and the respective sparse linear weighted
vector, V of d. The DL method was chosen because of its core characteristics
like discriminative, non-negative and in-coherent are required for improved
categorization and isolation. There are ‘n’ column units/vectors known to be
“atoms,” labeled as ‘d;” (1 < i < n). Here, d with a perfect matrix which is
specified as d € r**™ where ‘n’ column units/vectors known to be “atoms”,
and depicted as d;. The Ly norm has been applied to all of the atoms in‘d’ to
ensure consistency. The goal is to determine the weight vector x € r"*, whose
units match every dictionary atom, d;, for a provided feature vector y € r* and
‘d’. If y is not inside the range of d’s columns, the calculation y = dx seems
to have no result or has an unlimited number of possibilities. It is possible to
get around the issue of nil resolution by making ‘d’ a complete rank matrix
that covers all of r°. Then, according to [19, 20], enforcing sparseness upon
this weight matrix m, yields a distinct resolution. Furthermore, a distinct
resolution for m, can be produced by limiting the range of non-zero items
in m, to a value depending on the dictionary’s mutual spark or cohesiveness
[19, 20]. The lowest count of sequentially relied columns in ‘d’ is termed
as spark, whereas the mutual coherence, G, is the maximal for the bilateral
actual intrinsic product among distinct columns in ‘d’ which is depicted in

Equation (3) as,
Go= _max |dd]]| 3)

[i<n, 1<i, i)

The equivalency between y and dx must be relaxed (i.e. y = dx) to obtain
a suitable resolution for real-world usage. A constraint optimizing issue is
used to exert an upper limit on the relative sparsity to obtain a resolution that
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is significant and unique, which is represented in Equation (4) as,

min D[dz,y] w.rto 72> |malo )
x

wherein, D estimates the range between dx and y, and 7 is the maximum count
of non-entries in the matrix m,. Thus, this technique of calculating weights
is known as sparse recovery, sometimes also referred to as sparse scripting or
coding. Figure 4 represents the entire strategy process.

5 Speech Data Analytics

5.1 Experimental Parameters

A wide range of variables influences speech interaction. In this study, ambi-
ent/external noise, utterance speed, human interference/noise, and frequency
were considered independent variables. Several trial ranges were chosen for
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Table 3 Parameters for experimental trails

Impact Factors Study Setup
Ambient Noise  Decibel ranges: {20, 30, 40, 50, 60, 70, 80}
Utterance Speed Speech pace: slower (200 wpm), regular (300 wpm), and rapid (450 wpm)
Human Noise Interference decibel range: {55, 60, 65}
Frequency Male in TIMIT: {Low, High}
Female in TIMIT: {Low, High}

Table 4 SR accuracy analysis at varying ambient noise level
Noise Level ~ Speech Recognition Accuracy (%)

20 98.12
30 94.36
40 89.42
50 77.24
60 68.28
70 61.23
80 54.25

each. For considered datasets (NOISEX and TIMIT), one of the popular
speech recognition modules, namely “mihup” is utilized for experimen-
tal assessments with additional functionalities like customizable linguistic
database, voice-oriented controlling functionality, etc. The vital parameters
for experimental trails are depicted in Table 3.

5.2 Influence of Ambient Noise

Considering typical speech has a sound intensity ranging from 50 to 60
dB, the lowest ambient noise level is 60 dB (ranging from 20 to 80 dB).
Researchers discovered that when the noise level exceeds 80 dB, noise
interference on SR becomes exceptionally substantial, and linguistic com-
munication among employees is severely hampered due to this distortion.
This meant that the trial’s peak loudness range was fixed at 80 decibels.
The ambient noisy signal’s spectral element distribution is mostly defined
between 0 and 20 kHz.

As can be seen from the Table 4, SR accuracy varies under the different
ambient noise levels ranging from 20 dB to 80 dB. SR in a low-noise setting
has a high recognition rate between 20 and 30 decibels (dB). However, in
accordance with the research’s initial expectations, SR accuracy falls as the
intensity of ambient noise increases. For instance, as shown in Figure 5,
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Figure 5 Evaluation of SR accuracy under varying ambient noise conditions.

when ambient noise rises, the percentage of noisy speech signals increases;
in contrast, the recognition rate decreases.

This is because ambient noise destroys acoustic signals, leaving a sig-
nificant portion/subset of the signals unrecognized by the voice unit. The
accuracy at decibel levels ranging from 70 dB to 80 dB is substantially differ-
ent from other decibel levels. Thus, increased intensity in noise seems to have
a significant impact on strengthening the SR accuracy. However, the final SR
accuracy result at decibel levels of 80 dB is only 54.25 percent, suggesting
that SR may not be a suitable interactive tool for any commanding/controlling
station without the inclusion of proactive noise-reducing systems.

5.3 Influence of Utterance Speed

Most individuals’ conversational speech ranges between 250 and 350 terms
a minute (wpm-word per minute) in everyday conversation, and even when
they deliberately decelerate their speech pace, they still exceed 200 wpm.
The speech pace of most individuals is around 450+ wpm. As a result of
these considerations, the research’s speech pace was categorized into three
segments: slower (200 wpm), regular (300 wpm), and rapid (450 wpm). It
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Figure 6 Evaluation of SR accuracy under varying wpm.

is shown in Table 4 indicates the speed variation of typical speech starts
from 200 wpm to 450 wpm, with a recognition accuracy rate of over 80%
in between these speed paces. SR precision is extremely high, even at a
relatively modest pace of 200 wpm. Speech characteristics (which including
liaison, swallowing sound, linguistic euphemism, etc.) are mostly intact. The
moderate speech pace is at 300 wpm, and the detection rate has dropped
significantly. Speech at 450 wpm is rapid, and accuracy drops slightly from
300 to 450 wpm.

Similarly, speaking faster than the maximum speed has a minimal effect
on SR. However, speaking faster can unavoidably cause issues, including
distortion of speech and voice intonation shift. These issues may compromise
SR accuracy and make it more difficult for users to understand what is being
said.

5.4 Influence of Human Noise

Due to the possibility of mutual interference amongst communicative people
during actual activities, other persons’ interference noises are considered an
audio signal with almost the same loudness level that ranges from 55 to 65
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Figure 7 Evaluation of SR accuracy under varying human speech interference.

dB. As a result, in this research, we used human noisy intervention signals
with dB values of 55, 60, and 65.

5.5 Influence of Frequency

Given the sound’s ability to obscure the listener’s perception (mask effect),
the study used two audio signals: low and high, which were achieved by
choosing both male and female vocal speech datasets. According to the
results from Figure 8, the study findings indicate that audio frequencies and
noisy intensity have a particular interaction impact. According to the results
of the research, audio frequency and noisy intensity have an interaction
impact. The recognition levels from high and low voice signals decline
dramatically as the level of background noise increases. Furthermore, when
evidenced by the higher frequency range, the accuracy of low-frequency
indicators decreases significantly, and the rate of unrecognized changes espe-
cially. When ambient noises are increased, male vocal speech recognition’s
accuracy degrades more noticeably, making ambient sound a more critical
factor. In addition, as a consequence of the increased presence of low-
frequency elements in the male vocal speech, the amount of unrecognized
speech has increased significantly.
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Figure 8 Recognition rate at varying frequency.

6 Conclusion

The concluding statements can be inferred from studying the effects of ambi-
ent noise, human noise, frequency, and utterance speed on SR effectiveness.
SR is greatly impacted by noise, both from humans as well as from the
surroundings. SR suffers considerable interference even at a reasonable noise
level of 40 dB, resulting in a high number of false positives. Other ambient
noise will substantially impact recognition exactly at 80 dB, which is the
acceptable level of noise, leading to many incorrect assessments. Another
important element affecting any voice command system is noisy interference
from humans. SR is unaffected by speech pace up to a certain point in the
usual range. Nevertheless, slowing down the pace of speech is essential
to guarantee better recognition accuracy. The aforementioned experimental
findings must be used as a guide for HCI system design, especially in the
future control and command service sectors if voice interaction is included.
As we’ve shown, our work dealt with interference and speech categoriza-
tion in a variety of different situations. Consequently, high-frequency voice
signals are more readily identified (~98.12 per cent) than low-frequency
speech signals. Mobile communications and auditory devices highly benefit
from the suggested sparse representations classification approach for noisy
speech. The audio knowledge-based technique for recognition has been
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handled independently from the well-known speech dataset. Ultimately, in
the future, we plan to utilize the sparse representation-based categorization
for additional classes such as dialect, ethnicity, intonation, accent, and even
emotions.
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