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ABSTRACT: This paper presents a comprehensive investigation into the development and evaluation of Convolutional
Neural Network (CNN) models for limited-vocabulary spoken word classification, a fundamental component of
many voice-controlled systems. Two distinct CNN architectures are examined: a timeseries ID CNN that operates
directly on the temporal waveform samples of the audio signal, and a 2D CNN that leverages the richer time—
frequency representation provided by spectrograms. The study systematically analyzes the influence of key architectural
and training parameters, including the number of CNN layers, convolution kernel sizes, and the dimensionality
of fully connected layers, on classification accuracy. Particular attention is given to the effects of speaker diversity
within the training dataset and the number of word recitations per speaker on model performance. In addition, the
classification accuracy of the proposed CNN-based models is compared against that of Whisper-Al, a state-of-the-
art large language model (LLM) for speech processing. All experiments are conducted using an open-source dataset,
ensuring reproducibility and enabling fair comparison across different architectures and parameter configurations. The
experimental results demonstrate that the 2D CNN achieved an overall classification accuracy of 98.5%, highlighting
its superior capability in capturing discriminative time-frequency features for robust spoken word recognition. These
findings offer valuable insights into optimizing CNN-based systems for robust and efficient limited-vocabulary spoken
word recognition.

KEYWORDS: Machine learning; artificial intelligence; audio classification; convolutional neural networks; timeseries;
spectrogram

1 Introduction

Audio classification categorizes audio signals for better organization, analysis, and understanding. This
process reveals the underlying structure and content of audio, which is useful for numerous applications
[1-4]. The advent of natural user interfaces has fundamentally transformed human-machine interaction,
making voice a cornerstone of modern technology. This evolution is evident across diverse applications, from
smart home assistants and automotive controls to accessibility devices and industrial automation, where the
ability for machines to accurately and efficiently understand spoken commands is a critical and extensively
researched area [5-8]. Within the broader domain of automatic speech recognition (ASR), which encom-
passes the transformation of spoken language into text, and automatic speech synthesis (Text-to-Speech
TTS), its reverse process, lies the specialized field of speech command recognition. This problem focuses
on the precise classification of short, isolated words drawn from a finite dictionary, a task that inherently
demands both high accuracy and minimal computational latency for effective real-time deployment.
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Powerful Large Language Models (LLMs) have achieved unprecedented success in general speech-
to-text transcription by leveraging extensive contextual information [9-12]. However, the architectural
complexity and resource demands of LLMs often make them unsuitable for resource-constrained environ-
ments or applications requiring immediate, context-independent command processing [13-16]. This paper
addresses this specific niche by developing and evaluating lightweight, specialized machine learning tools
for isolated spoken word classification. Our approach is tailored for efficiency and robustness in situations
where the vocabulary is limited, and the primary objective is rapid, accurate, and deterministic classification.

In this work, we propose and rigorously evaluate two distinct convolutional neural network (CNN)
architectures for single-word audio command classification [17,18]. The first architecture employs one-
dimensional (1D) convolution filters, which operate directly on the raw, timeseries audio waveform. This
method is designed to intrinsically learn temporal patterns and features within the audio signal itself,
without the need for extensive pre-processing. The second architecture utilizes two-dimensional (2D)
convolution filters applied to a spectrogram representation of the audio signal. Spectrograms, which are
visual representations of the signal’s frequency content over time, are particularly effective for capturing
intricate acoustic features, such as pitch, timbre, and harmonic structure [19-21]. Classification of audio
signals through the spectrogram is very similar to processing visual data in image classification.

The central objective of this study is to provide comprehensive developments, analysis, and comparative
evaluation of one-dimensional (1D) and two-dimensional (2D) convolutional neural networks (CNNs) for
limited-vocabulary audio command classification. A systematic investigation is conducted to assess the
influence of key architectural and training parameters on classification accuracy. The analysis encompasses
a detailed parametric study of convolutional filter size and quantity, network depth, kernel dimensionality
(1D vs. 2D), the configuration of fully connected layers, and the number of training epochs. Emphasis
is placed on a comprehensive examination of the training dataset composition, including the diversity
of speakers and the number of utterances of each word per speaker, to evaluate their effects on model
accuracy and generalization. Furthermore, a comparative assessment is performed between the classification
performance of the proposed CNN architectures and that of Whisper-Al, a state-of-the-art large language
model (LLM) for speech processing. All experiments are conducted using an open-source dataset, thereby
ensuring full reproducibility and providing a robust benchmark for future research in limited-vocabulary
spoken word recognition.

The remainder of this paper is structured as follows. Section 2 provides a brief background and review
of relevant literature on audio and spoken word classification and various CNN architectures. Section 3
describes the characteristics of the open-source dataset used in this investigation. Section 4 presents
a statistical analysis of the dataset, focusing on within-class and across-class distributions of peak
cross-correlations. Sections 5 and 6 detail the one-dimensional and two-dimensional CNN architectures,
respectively, along with their corresponding experimental results. Section 7 compares the performance of
CNN models for classifying single-word, out-of-context audio signals with Whisper Al, a large language
model (LLM) designed for audio-to-text transcription. Section 8 summarizes our findings, discusses the
implications of our study, and outlines directions for future research. Finally, acknowledgements and
declarations are given after the main text.

2 Background and Related Work

Audio command classification is the process of identifying a specific, spoken word from a predefined set
of commands, a key function in virtual assistants like Siri or Alexa [22,23]. These assistants and automated
voice translators, which convert spoken language into text or another language, are essential for seamless
human-computer interaction [24,25].
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Beyond speech, related technologies include environmental sound recognition, which identifies sounds
like a car horn or a glass breaking, and acoustic event classification, which categorizes specific occurrences
in audio data. Distinguishing speech from music is a fundamental task that separates human voice from
instrumental audio [26-29]. Audio context recognition takes this a step further by using sound to understand
the environment [30-33], for example, a quiet room or a bustling street [34-37]. Human sentiment
classification analyzes vocal cues and linguistic content to determine a speaker’s emotional state [38-41].
These interconnected fields all rely on machine learning to process and interpret the rich information
contained within audio signals [42,43].

Audio classification is used to cluster audio data into cohesive categories based on shared characteristics.
Broadly, audio classification applications include audio command classification, virtual assistants, word spot-
ting in speech, automated voice translators, environmental sound classification, music genre identification,
and text-to-speech systems. These categories encompass a wide spectrum of audio signal types and their
specific analytical requirements. This diversity underscores the versatility and importance of classifying
audio data.

Audio classification has been applied in many areas, including distinguishing between speech and
music, human sentiment classification, keyword spotting, classification of music into different genres,
musical instrument classification, environmental sound classification, engine sound classification, and health
monitoring of industrial machinery [38,40,42]. The broad spectrum of applications demonstrates the wide-
ranging scope of acoustic data classification beyond speech or music [44,45]. The effective classification
of these diverse types of acoustic data is critical for numerous applications, including security systems,
environmental monitoring, and predictive maintenance [46].

3 Dataset

The open-source dataset utilized in this study is Audio-MNIST, a comprehensive audio benchmark
dataset detailed in [47,48]. This dataset originally comprises 30,000 recordings of English digits, from zero
through nine, spoken by sixty distinct individuals. Each speaker contributes fifty recitations of each digit.
Consequently, every recorded audio sample is associated with two labels: the spoken digit (0-9) and the
speaker’s unique identity (0-59). The raw audio signals are sampled at 48,000 samples per second (Hz) and
stored in a 16-bit integer format.

For the experiments of this investigation, each of the 30,000 audio recordings was down-sampled using
the sampling rate of 8000 Hz. To ensure uniform input dimensions, each of the 30,000 audio records is stored
as an 8000-element vector, with shorter recordings being zero-padded to achieve this consistent length. The
complete collection of spoken words is thus represented as a matrix with 30,000 rows and 8000 columns,
where each row corresponds to a single spoken word, and columns represent temporal samples.

4 Statistical Analysis of the Dataset

The purpose of this section is to present a comprehensive statistical analysis of the dataset to assess
the potential of using direct waveform similarity measures for spoken word classification. Specifically, we
examine the normalized peak cross-correlation (NPCC) values between audio signals corresponding to (i)
multiple recitations of the same word by the same speaker, and (ii) the same word spoken by different
speakers. The objective is to quantify the degree of acoustic similarity within and across speakers and to
determine whether waveform-level correlation can serve as a reliable basis for classification. Although it
may appear intuitively evident that such correlations are insufficient for discriminating spoken words, the
statistical analysis presented here provides quantitative validation of this conclusion and highlights the
intrinsic variability of human speech.
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The similarity measure used for gauging the mutual signal relationships is the normalized peak cross-
correlation (NPCC) defined below.

N
- . jbi,'
NPCC (a,b) = max 2i—1 4ibi-j 1)
e \ Z?Ll a; Zﬁl b;
a=[a...an];b=1[b...by] (2)

where a, b denote two different discrete-time signals, a;, b; (1< i < N) are the respective time samples, and
N denotes the number of samples of each signal, which is set to 8000 for each of the 30,000 audio signals
of the dataset. In Eq. (1), the time shift associated with b;_ jis the circular delay, also known as the bit-wise
rotation, where the samples shifted out at one end of the vector wrap around and enter the vector at the
opposite end.

The numerical value of NPCC is confined to [-1, 1] range. NPCC = 1 means the two signals are
identical, with one signal being the time-shifted version of the other. NPCC = -1 means the two signals
are identically opposite of each other, with one signal being the time-shifted version of the other and the
sample values having opposite algebraic signs. For the audio signals considered here, however, all the sample
values are positive, and the NPCC, therefore, is confined to [0, 1] range. Strong similarity between two
signals is indicated by NPCC values greater than 0.7, while NPCC values less than 0.3 indicate lack of any
similarity. Within-speaker similarity refers to the mutual relationships between signals corresponding to
different recitations of the same digit recited by a specific speaker. Cross-speaker similarity refers to the
mutual relationships between the same digit spoken by different speakers.

Fig. 1 shows the distribution of pairwise NPCC values for the audio recordings of different recitations of
digit-8 spoken by speaker-29. This figure also shows the distribution of NPCC values for the audio recordings
of digit-8 spoken by speaker-29 on one hand, and ten randomly selected recordings of digit-8 spoken by
each one of the remaining fifty-nine speakers. The abscissa represents NPCC, and the ordinate represents
percentage of unique signal pairs whose NPCC values fall within the corresponding bin. The blue plot
in Fig. | represents the histogram of 1225 NPCCs for all the unique pairings of fifty recitations of digit-8
by speaker-29. The light-brown plot represents the histogram of 29,500 NPCCs for all the pairings of fifty
recitations of digit-8 by speaker-29 and 590 recitations of the same digit by 59 remaining speakers. The dark-
brown portion of the figure represents the overlap between two distributions. These plots show that although
there is greater within-speaker similarity for this digit-speaker combination, compared to the cross-speaker
similarity, the within-speaker NPCCs are overwhelmingly below 0.5. Fig. 1 clearly shows the great variability
among different recitations of a particular digit by the same speaker. As expected, the variability between
recitations of a digit by different speakers is even greater, which is reflected in the lower values of NPCC.

In Fig. 2, each of the four sets of figures shows the within-class (same speaker) and cross-class (different
speakers) distributions of NPCCs for a particular digit spoken by a specific speaker. Each blue plot represents
the distribution of 1,225 within-class NPCCs, and each light-brown plot represents the distribution of 29,500
cross-class NPCCS. For each case, as expected, the within-class NPCCs have greater values than cross-class
NPCCs. The plots of Fig. 2 show there are virtually no similarities among the recitations of the same digit by
different speakers.
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NPCC Distributions for Digit 8, Speaker 29
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Figure 1: Distributions of NPCCs related to the audio recordings of digit-8 spoken by speaker-29. The blue histogram
represents the within-speaker NPCCs, the light-brown histogram represents the cross-speaker NPCCs. The overlap

between two histograms is shown in dark brown.
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Figure 2: Distributions of NPCCs related to four different digit-speaker pairs. Each subplot compares the within-
speaker NPCCs of one digit (blue, 1225 NPCC pairs) with the cross-speaker NPCCs of the same digit (light-brown,
29,500 NPCC pairs). Overlap is shown in dark brown.
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The plots of Fig. 3 show the within-digit and cross-digit distributions of NPCCs for digit-9 spoken by
speaker-13. The distribution of NPCCs of 1225 unique pairings of 50 recitations of the digit is shown in
blue (within-digit). The distribution of NPCCs of 22,500 unique pairings of 50 recitations of digit-9 and 450
recitations of the remaining nine digits by the same speaker is shown in light brown (cross-digit). The overlap
between distributions is shown in dark brown. The plots of Fig. 3 show that there is very little distinction
between within-digit and cross-digit NPCCs. Considering the recitations of digits by the same speaker, the
within-digit vagaries are as great as the cross-digit vagaries. These results point to the unfeasibility of utilizing
NPCC for the classification of different digits spoken by the same speaker.

NPCC Distributions: Digit 9 vs Other Digits (Speaker 13)
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Figure 3: Distributions of NPCCs related to digit-9 spoken by speaker-13. The blue plot represents the within-digit
histogram of NPCCs. The light-brown histogram shows NPCCs of 50 recitations of digit-9 and 450 recitations of the
remaining nine digits by the same speaker.

To assess both the acoustic consistency and distinctiveness of digit pronunciations, we analyze three
distributions of NPCCs centered around digit-7 spoken by speaker-20, which we call the target signal. These
comparisons provide insight into how stable the articulation of a digit is when repeated by the same speaker,
how similar it is when spoken by others, and how distinguishable it is from other digits across different voices.

Specifically, Fig. 4 plots the following three distributions. Same digit and same speaker, considers all 1225
pairwise NPCCs among the 50 recitations of the target signal. This distribution captures the intra-speaker
consistency as well as vagary for a single digit. Same digit and other speakers, considers the NPCCs between
the 50 utterances of the target signal and ten randomly selected utterances of digit-7 by each of the other 59
speakers totaling 29,500 comparisons. This distribution measures inter-speaker variability for the same digit.
Other digits and other speakers which considers the NPCCs between the 50 utterances of the target signal
and two randomly selected utterances of each of the other 9 digits by each of the 59 remaining speakers,
totaling 53,100 comparisons. This distribution quantifies acoustic distinctiveness between digit-7 and other
digits across the speaker population. By comparing these distributions, we can evaluate how reliably a digit
is reproduced by a speaker, how consistent it is across speakers, and how distinct it is from other digits.

The plots of Fig. 4 show that there is virtually no consistency between the recitations of the same digit
across speakers. The great overlap between the dashed and dotted lines shows that the distribution of NPCCs
of the target-digit recited by the target-speaker with respect to target-digit recited by other speakers, is
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virtually the same as the target-digit recited by the target-speaker with respect to other digits recited by other
speakers. Therefore, NPCC is not a viable metric for classification of spoken digits.

NPCC Distributions for Digit 7, Speaker 20
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Normalized Peak Cross-Correlation (NPCC)

Figure 4: Distributions of NPCCs related to digit-7 spoken by speaker-20 (target signals). The solid line represents all
pairwise NPCCs among 50 utterances of the target digit by the target speaker. The dashed line shows NPCCs between
50 recitations of the target signal and 590 recitations of the target digit by the remaining 59 speakers. The dotted line
shows NPCCs of 50 target signals and the 1062 recitations of the remaining nine digits by the remaining 59 speakers.

Fig. 5 shows NPCC distribution comparisons across four different sets of digit and speaker com-
binations. Each set of tripartite distributions show the following: (1) The distribution of 1225 NPCCs
corresponding to 50 recitations of the target digit by the target speaker (same digit and same speaker); (2)
The distribution of 29,500 NPCCs corresponding to 50 recitations of the target digit by the target speaker
with respect to ten randomly selected samples of the target digit spoken by each of the 59 remaining speakers
(same digit and different speakers); (3) The distribution of 53,100 NPCCs corresponding to 50 recitations of
the target digit by the target speaker with respect to two randomly selected samples of each of the other nine
digits spoken by each of the 59 remaining speakers (different digits and different speakers).

The plots of Fig. 5 show that the distribution of NPCCs of the target digit with respect to the same
digit spoken by different speakers is virtually indistinguishable from the NPCC values of target digit with
respect to the other digits spoken by different speakers. The results constitute a quantitative validation of the
long-held intuition that template-matching and matched-filter methodologies are inherently inadequate for
effective audio signal classification.
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NPCC Distributions Across Digit-Speaker Combinations
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Figure 5: Distributions of NPCC values of four sets of digit-speaker pairs and comparisons with respect to same-digit
spoken by other speakers, and other-digits spoken by other speakers.

5 One-Dimensional Convolution Neural Network

One-dimensional convolutional neural networks (1ID-CNNs) process input audio signals by operating
directly on the raw time-domain samples. Through a series of 1D convolution and max-pooling operations,
these networks extract hierarchical features from the temporal structure of the signal [16,49,50]. The resulting
feature representations are then passed to a fully connected feedforward (FCFF) block followed by a soft-max
layer for classification into one of ten predefined classes.

The 1D-CNN classifier, as depicted in Fig. 6, is comprised of a sequential architecture designed for time-
series data. The network begins with three convolutional layers, each paired with a max-pooling layer of size
2. All convolutional layers use the rectified linear unit (ReLU) as their activation function. Specifically, the
first, second, and third CNN layers are configured with, respectively, 16, 32, and 64 filters, with corresponding
filter sizes of 9, 7, and 5. Following the final max-pooling operation, a flatten layer converts the 3D feature
maps into a 1D vector. This is then fed into a fully connected feedforward layer with 128 nodes and ReLU
activation. The network concludes with an output layer containing 10 nodes, each with a sigmoid activation
function, representing ten classes corresponding to spoken digits zero through nine. The input to this
classifier is an 8000-element vector representing the time-domain samples of a single audio recording. The
total number of trainable parameters for this architecture is 8,172,810.

The Audio-MNIST dataset described in Section 3 is used for training the classifier and evaluating the
performance of the trained classifier. The classifier evaluation metric is the classification accuracy. The overall
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accuracy denotes the proportion of digits in the test set which are classified correctly. The per-digit accuracy
denotes the proportion of each digit in the test set that is classified correctly.

MaxPooling 1D

Conv1D Layer MaxPooling 1D Conv1D Layer

Input Filters=16
Layer Kernel Size=9
Activation=ReLU Pool Size=2

Filters=32
Kernel Size=7
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Conv1D Layer MaxPooling 1D Co:::é’te d Output Layer
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Activation=ReLU Pool Size=2 Units=128 Acivatianaigmod

Activation=ReLU

Figure 6: One-dimensional convolutional neural network (1ID-CNN) classifier with three CNN and one FCFF layers.

The classifier was trained using 12,500 digits spoken by 25 speakers randomly selected from the original
set of 60. The 2500 digits spoken by five speakers randomly selected from the remaining 35 were used for
validation. The test set comprises all 15,000 digits spoken by the remaining thirty speakers. It is noted that
throughout the training process the classifier is not exposed to the validation and test sets.

The number of training epochs was set at 20 and the batch size was set at 64. The plots of Fig. 7 show
the training history, where the classifier accuracy with respect to the training and validation data are shown
at the end of each training epoch. It is seen that the classifier achieves accuracy of one with respect to the
training set. The best performance with respect to the validation data was achieved at the conclusion of the
sixteenth training epoch, with validation accuracy of 0.898, which means 89.8% of the validation digits are
classified correctly.
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Figure7: Training history of the ID-CNN shows the accuracy of the classifier with respect to the training and validation
data at the conclusion of each training epoch. The classifier is trained with 12,500 words spoken by 25 speakers.
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The best performing model with respect to the validation data was saved and its performance with
respect to the test set was evaluated. Table 1 lists the accuracy of the trained model with respect to the test
data. Both the overall accuracy and the per-digit accuracy of the trained model are listed in Table 1.

Table 1: Accuracy of the three-layer ID-CNN classifier with respect to the test set. The classifier is trained with 12,500
words spoken by 25 speakers.

Digit

0 1 2 3 4 5 6 7 8 9
Per—digit accuracy 0.935 0908 0883 0910 0.922 0948 0.944 0903 0927 0.935
Overall accuracy 0.921

The training and evaluation of the classifier of Fig. 6 was repeated using different sets of training,
validation, and testing data compared to the previous case. This time the classifier was trained using 10,000
digits spoken by 20 speakers randomly selected from the original set of 60. For validation we used 5000 digits
spoken by ten speakers randomly selected from the remaining 40. The test set comprises 15,000 digits spoken
by the remaining thirty speakers. As before, the number of training epochs was 20 and the batch size was 64.
The training history plots of Fig. 8 show the classifier accuracy with respect to the training and validation
data at the end of each training epoch. It is seen that the classifier achieves accuracy of one with respect to
the training set. The best performance with respect to the validation data was achieved at the conclusion of
the nineteenth training epoch, with validation accuracy of 0.934.
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Figure 8: Training history of the 1ID-CNN classifier shows the accuracy of the classifier with respect to the training
and validation data at the conclusion of each training epoch. The classifier is trained with 10,000 words spoken by 20
speakers.

The best performing model with respect to the validation data was saved, and its performance with
respect to the test set was evaluated. Table 2 lists the accuracy of the trained model with respect to the
test data.
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Table 2: Accuracy of the three-layer ID-CNN classifier with respect to the test set. The classifier is trained with 10,000
words spoken by 20 speakers.

Digit

0 1 2 3 4 5 6 7 8 9

Per-digit accuracy  0.939  0.932 0.901 0902 0.963 0964 0995 0.936 0.932 0.922
Overall accuracy 0.939

Analysis of the overall accuracy values presented in Tables 1 and 2 reveals an entirely counterintuitive
result. It is noted that a slight improvement in classifier performance occurred when the number of trainer-
set speakers was lowered from 25 to 20. This unexpected outcome, which should not be generalized, can be
attributed to various factors. Foremost among these is the distinct random selection of training and validation
speakers used in the two experiments. Specifically, the accents and speaking styles of the speakers chosen
for the second experiment (Table 2) may have provided a more representative and effective training set for
classifier as compared to those in the first experiment (Table 1).

Next, we investigate the variability in the trained classifier’s per-digit and overall accuracies with respect
to the specific choices of the training, validation, and test datasets. The classifier architecture remains
identical to the one shown in Fig. 6. The experiment is repeated ten times. In each iteration, a contiguous
block of thirty speakers is selected to form the combined training and validation sets, with the remaining
speakers serving as the test set. For these experiments, the number of speakers for the training, validation,
and test sets are fixed at twenty, ten, and thirty, respectively. The starting point of the 30-speaker block is
shifted by six speakers in each successive iteration. Within each experiment, twenty speakers are randomly
chosen for training from the thirty-speaker block, and the remaining ten are used for validation. The resulting
ten-fold performance, showing the per-digit and overall accuracies across all ten iterations, is presented in
the box plots of Fig. 9. It is seen that this classifier has the lowest and the highest accuracies with respect to
digits three and six, respectively.

Distribution of Per-Digit and Overall Test Accuracies Across Runs

W mET R

0.65 A

Accuracy
=]
®
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0 1 2 3 3 6 7 8 9 overall

5
Category (Digit or Overall)

Figure 9: Distributions of per-digit and overall accuracies of the ID-CNN classifier with three CNN layers across ten
iterations of the training-validation-evaluation rounds. The overall accuracies are shown on the right side.
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Next, we perform a more systemic investigation of the effect of the number of training set speakers
on the classifier performance. The classifier is identical to the one shown in Fig. 6. For each setting of the
number of speakers in the training set the experiment is repeated 25 times, where each iteration involves
using different sets of speakers for training and testing. The classifier is trained using the training set, the
performance of the trained classifier is evaluated using the test set, and the accuracy results are recorded.
In each iteration of the experiment the classifier accuracy is evaluated using overall accuracy, and accuracy
with respect to each digit.

Ten speakers are randomly chosen as the validation speakers. These speakers and the 5000 words spoken
by them are set aside as the validation test set. The remaining fifty speakers are used as the combined
training and test sets. For each setting of the number of training speakers, the trainer-set speakers are chosen
randomly from the set of fifty, and the remaining speakers are used as the test set. The classifier is trained with
the words spoken by the trainer-set speakers using twenty training epochs. The best performing classifier with
respect to the words spoken by the validation-set speakers is saved as the trained model. The performance
of the trained model is evaluated using the words spoken by the test-set speakers.

The boxplot of Fig. 10 shows the effect of the number of speakers in the training set on the classifier
performance. For each setting of the number of speakers in the training set, the distribution of accuracies
of the trained model with respect to all the spoken words in the test set are shown across 25 iterations of
the experiment. It is noted that the overall accuracy of the trained model generally increases with increasing
number of speakers in the training set.

Accuracy Distribution vs Number of Speakers in Training Set
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Accuracy
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Figure 10: The effect of the number of speakers in the training set on the distributions of overall accuracies for the
1D-CNN classifier with three CNN layers.

It is also seen that there is a slight dip in accuracy when the number of speakers in the training set is
increased from 35 to 40. This is due to the random selection process and should not be generalized. The mean
accuracies of the trained classifier for 10 and 35 speakers in the training set are 0.817 and 0.932, respectively.

The plots of Fig. 11 show the effect of the number of speakers in the training set on the per-digit
accuracies of the trained model. These plots show the average accuracies across 25 iterations of the
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experiment for each setting of the number of speakers in the training set. It is seen that with the training set
comprised of ten speakers, the trained model has the lowest and highest accuracies with respect to digits three
and six, respectively, where the mean accuracies for those digits are, respectively, 0.68 and 0.909. Similarly,
with the training set comprised of forty speakers, the trained model has the lowest and highest accuracies
with respect to digits three and six, respectively, where the mean accuracies for those digits are, respectively,
0.861 and 0.967.

Model Accuracy for Digits 0-4 Model Accuracy for Digits 5-9

—— Digit 0
| —®— Digit1
—8— Digit 2
—— Digit 3
—— Digit 4

0.90 -

0.85 -

Accuracy

0.80 -

0.75 4

—e— Digit 5
—o— Digit 6
0.70 | —=— pigit7
—+— Digit 8
—&— Digit 9
10 15 20 25 30 35 40 10 15 20 25 30 35 40
Number of Speakers in Training Set Number of Speakers in Training Set

Figure 11: The effect of the number of speakers in the training set on the per-digit accuracies of the ID-CNN classifier
with three CNN layers.

Next, we investigate the performance of a 1D CNN classifier with five convolution layers similar to the
one shown in Fig. 6. The new classifier comprises five CNN layers, where the number of filters for each
layer is, respectively, 16, 32, 64, 128, 256, and the filters for all five layers are size 3. Each CNN layer is
followed by a max-pooling layer with a size of two. The CNN-max-pooling block is followed by two fully
connected feedforward (FCFF) layers with 128 and 64 nodes, and an output layer with ten nodes. The total
number of trainable parameters of the classifier is 8,332,138, including 131,104 convolution parameters, and
8,201,034 feedforward parameters. The process of training this classifier and evaluating its performance is
described below.

Ten speakers were set aside, and their 5000 words were used as the validation dataset. The validation
speakers were identical to the speakers used for validation in the three-layer CNN described before. In
each iteration of the experiment, forty speakers are randomly chosen from the remaining fifty speakers, and
the corresponding 20,000 spoken words were used to train the classifier using fifty training epochs. The
remaining ten speakers are used to evaluate the performance of the trained model. The process of random
selection of the training speakers, training the model, and evaluating the performance of the trained model
using the test speakers was repeated thirty times. The box plots of Fig. 12 show the thirty-fold performance
results, where the per-digit and the overall accuracies are shown across thirty iterations of the experiment.
The mean value of overall accuracies is 0.965, and the lowest mean accuracy is with respect to digit three at
0.928.
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Distribution of Per-Digit and Overall Test Accuracies Across Runs
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Figure12: Distributions of per-digit and overall accuracies for a five-layer ID-CNN classifier trained with 20,000 words
spoken by forty speakers across 30 iterations of the training-validation-evaluation rounds. The mean value of overall
accuracies is 0.965.

6 Two-Dimensional Convolution Neural Network

A two-dimensional convolutional neural network (2D-CNN) processes audio signals by operating on
their 2D spectrograms. A spectrogram is a visual representation of the spectrum of frequencies of a signal
as it changes over time. It provides a temporal-frequency representation of the one-channel (mono) audio
signal, converting the 1D time-series data into a 2D image-like format suitable for 2D-CNNs.

6.1 Short-Time Fourier Transform (STFT)

The creation of a spectrogram begins with computing the short-time Fourier transform (STFT). This
leads to localizing a signal in both the time and frequency domains simultaneously. The process of computing
the STFT proceeds as follows:

a. Temporal Windowing: The 1D audio signal is first partitioned into a series of consecutive and partially
overlapping temporal windows. The size of the window and the hop-size (the distance between the start of
consecutive windows) are user-defined parameters. For the dataset used in this study (see Section 3), each
audio signal contains 8,000 samples. With window-size of 1,024 and hop-size of 64 samples, each audio signal
is partitioned into 126 windowed time-series.

b. Discrete Fourier Transform (DFT): The Discrete Fourier Transform (DFT) is then computed for each
of the windowed time-series in part-a. The DFT of each window represents the frequency content of the
original audio signal during specific temporal segment corresponding to the window.

c. Frequency and Sampling Rate: The number of frequency components in each DFT is determined by
the number of time-samples in the corresponding temporal window. For the sampling rate of 8000 samples
per second used in our dataset, the Nyquist criterion dictates that the maximum frequency that can be
represented is 4 kHz. In our system, the number of time-samples in each window is set to 1024, which
determines the resolution of the frequency spectrum for each time slice.



J Artif Intell. 2026;8 79

6.2 Spectrogram Construction

The final step of the spectrogram computation involves converting the STFT into a spectrogram. This
process, often referred to as mel-spectrogram construction, is critical for audio classification tasks.

a. Magnitude and Phase: The STFT yields a complex-valued function. The phase information is typically
discarded because it is less relevant for classification, and the squared absolute values (magnitudes) of the
STFT are used. This results in an energy-based representation.

b. Mel-Frequency Bins: The human ear perceives frequencies on a non-linear scale. To mimic this, the
linear frequency scale is converted to the mel-scale. The STFT magnitudes are binned into a user-prescribed
number of mel-frequencies, which are logarithmically spaced. In our system, the number of mel-frequency
bins is set to 128, distributed between 0 Hz (DC) and 4 kHz.

c. Final Mel-Spectrogram: By collating the mel-frequency binned magnitudes for each temporal
window, a 2D array is formed. This array, with dimensions of 128 (mel-frequency bins) by 126 (temporal
windows), is the final spectrogram. This 2D representation contains both the spectral (128 components) and
temporal (126 components) information of the original audio signal, making it a suitable input for a 2D-CNN.

6.3 Dataset of Mel-Spectrograms

The set of 30,000 audio signals described in Section 3 is converted to the corresponding set of 2D
mel-spectrograms, where each spectrogram has dimensions 128 x 126. Like the original audio signals, each
spectrogram is labeled with the identity of the speaker reciting the word (0-59) and the spoken digit (0-9).
The plots of Fig. 13 show a typical audio signal and the corresponding mel-spectrogram.

Audio Signal (Time Domain) Mel-Spectrogram (Frequency Domain)
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Figure 13: The audio signal (time-domain on left) and the corresponding mel-spectrogram of one recitation of digit-7
by speaker-56.

For training and performance evaluation of the classifier, the mel-spectrograms are normalized such
that for each spectrogram the logarithms of pixel values are normalized to the [0-1] range. A subset of the
30,000 mel-spectrograms and the respective labels are used to train and validate a 2D-CNN classifier. The
performance of the trained classifier is evaluated using the remaining mel-spectrograms.

6.4 Architecture of the 2D-CNN Classifier

The classifier architecture of the 2D-CNN used in this experiment is shown in Fig. 14. The classifier is
comprised of five CNN layers, where the number of filters in layers one through five are, respectively, 32,
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32, 64, 64, and 128. All the convolution filters have the same kernel size of 3 x 3. There are also three max-
pooling layers with size 2 x 2, a flatten layer, and two feedforward fully connected (FC) layers with 256 and
64 nodes, respectively, and an output layer with ten nodes. The number of trainable parameters of this model
is 8,020,522.

Conv2D Layer

Conv2D Layer
Filters=32

Filters=32 MaxPooling 2D
Kernel-3x3

Activation=ReLU

Kemel-3x3

Pool Size=2x2

Activation=ReLU

Batch Norm

Batch Norm

Conv2D Layer Conv2D Laycr

Conv2D Layer

Silters= Filters=64 Filters=128
Filters=64 MaxPooling 2D
Kernel=3x3 Kernel=3x3 ] y Kernel=3x3
Pool Size=2x2
Activation=RcL.U Pool Size=2x Activation=RcL.U

Activation=RcL.U

Batch Norm
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Flat FC Layer FC Layer Output Layer
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Layer . .
ReLU ReLU Sigmoid

Figure 14: Two-dimensional convolutional neural network (2D-CNN) classifier with five CNN and two FC layers.
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6.5 Training and Classification Results of the 2D-CNN Classifier

The spectrograms of 5000 words spoken by the first ten speakers (speakers 0 through 9) were set aside as
the validation dataset. Forty of the remaining fifty speakers were chosen randomly, and 20,000 spectrograms
of all the words recited by these speakers were used to train the classifier, using batch size of 64 and 50 training
epochs. The plots of Fig. 15 show the training history, with classifier accuracy with respect to the training
and validation data at the end of each training epoch. The classifier achieves accuracy of 0.9992 with respect
to the training set. The best performance with respect to the validation data was achieved after 38 training
epoch, with validation accuracy of 0.996, which means 99.6% of the validation digits (mel-spectrograms)
are classified correctly. The best performing classifier with respect to the validation dataset was saved as the
trained classifier.

The trained classifier was used to label the mel-spectrograms of all the 5000 words recited by the
remaining ten speakers. The performance of the trained classifier was assessed by comparing the labels
predicted by the classifier with the true labels of each test spectrogram. Table 3 lists the overall and per-
digit accuracies, and Table 4 shows confusion matrix of the trained classifier with respect to the test set. The
numbers along the diagonal of the confusion matrix denote the number of correctly classified digits out of
the 500 respective digits, and oft-diagonal numbers denote the number of misclassified digits.
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Figure 15: Training history of the 2D-CNN classifier trained with 20,000 mel-spectrograms of all the words spoken by
forty speakers.

Table 3: Accuracy of the 2D-CNN classifier with respect to the test set. The classifier is trained with mel-spectrograms
of 20,000 words spoken by 40 speakers.

Digit

0 1 2 3 4 5 6 7 8 9

Accuracy (per-digit) 0.998 0.996 0.998 0.980 0.990 0.950 0.996 0.984 0.996 0.922
Accuracy (overall) 0.981

Table 4: Confusion matrix of the 2D-CNN classifier.

Predicted
0 1 2 3 5 6 7 8 9
0 499 0 1 0 0 0 0 0 0 0
1 0 498 0 1 0 0 0 0 1
2 0 0 499 1 0 0 0 0 0 0
3 3 0 4 490 0 0 0 2 1 0
Actual 4 0 1 2 0 495 0 0 2 0 0
5 0 6 0 5 10 475 0 0 1 3
6 1 0 1 0 0 0 498 0 0 0
7 1 2 0 0 5 0 0 492 0 0
8 0 0 0 1 0 0 0 1 498 0
9 1 13 0 0 0 0 0 25 461

To assess the effects of the number and the composition of trainer-set speakers on the performance of
the trained classifier, the number of speakers used to train the classifier was raised from ten to forty in steps
of ten. As before, the 5000 words spoken by speakers zero through nine were set aside for validation. The
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trainer-set speakers is a contiguous set picked from the remaining fifty speakers, and the leftover speakers
form the test set. For each setting of the number of trainer-set speakers, the experiment was repeated eleven
times, each time moving the start of the trainer set block by four speakers.

Table 5 lists the per-digit and overall accuracies of the trained classifier averaged across eleven iterations
of the experiment for each setting of the number of trainer-set speakers. Fig. 16 shows the range of overall
accuracies of the classifier across eleven iterations of the experiment for each setting of the number of trainer-
set speakers. As expected, the results of Table 5 and Fig. 16 show that overall accuracy, averaged across eleven
iterations, increases as the number of trainer-set speakers is raised. This trend is also true for the per-digit
accuracy for most of the ten digits.

Table 5: Effect of the number of training-set speakers on the performance of the 2D-CNN classifier with five CNN
layers.

Digit
0 1 2 3 4 5 6 7 8 9
2 10 Per-digit accuracy 0.953 0.947 0.944 0.941 0.945 0.934 0.960 0.899 0.966 0.935
_94; Overall accuracy 0.942
g o
; o 20 Per-digit accuracy 0.973 0.964 0.956 0.965 0.965 0.952 0.962 0.931 0.981 0.955
—g g Overall accuracy 0.960
s g 5o Per-digitaccuracy 0980 0973 0977 0974 0978 0971 0979 0954 0972 0.964
-§ Overall accuracy 0.972
fam]

Per-digit accuracy 0.986 0.972 0.964 0.982 0.982 0.976 0.985 0.961 0.980 0.970
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Figure 16: The effect of number of trainer-set speakers on the 2D-CNN classifier performance across eleven iterations
of the experiment for each setting of the number of trainer-set speakers.
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The performance results presented in Table 5 and Fig. 16, when compared with those in Section 5,
demonstrate that 2D-CNN classifiers achieve superior performance metrics relative to 1D-CNN classifiers,
while maintaining a comparable number of trainable parameters and similar inference complexity.

7 Comparison of CNN Classifiers with Whisper-Al

The performance of the 1D and 2D Convolutional Neural Network (CNN) models for spoken digit
classification was compared against the performance of Whisper-Al.

Both CNN models were identically structured, each featuring five convolution layers and two fully
connected layers, resulting in approximately 8 million trainable parameters. The models were trained and
validated using data from fifty randomly selected speakers: forty speakers comprised the training set, and
ten were used for validation. The performance metric used was the classification accuracy averaged across all
digits in the test set. Classifiers were trained for 100 epochs, and the model exhibiting the best performance
on the validation set was saved as the final trained classifier.

For the Whisper-Al evaluation, 6000 spoken digits were transcribed. This set comprised 600 randomly
chosen recitations of each digit, distributed across all sixty speakers in the dataset. A dictionary of digit
homophones was employed to map the model’s raw text transcriptions to the final digit classification.

Table 6 presents the per-digit and overall classification accuracies for the ID-CNN, 2D-CNN, and
Whisper-Al

Table 6: Classification accuracies of CNN classifiers and Whisper-Al

Digit
0 1 2 3 4 5 6 7 8 9
Per-digit accuracy 0.915 0.893 0.924 0.872 0.899 0.978 0.980 0.961 0.957 0.963

1D-CNN

Overall accuracy 0.934
i
% 2D-CNN Per-digit accuracy 0.991 0.979 0.976 0.987 0.989 0.991 0.990 0.972 0.992 0.981
§ Overall accuracy 0.985
© . Per-digit accuracy 0.968 0.844 0.840 0.742 0.846 0.97 0.962 0.828 0.858 0.890
Whisper-Al
Overall accuracy 0.875

The results clearly indicate that the CNN classifiers outperform Whisper-Al. The 2D-CNN achieved
the highest overall accuracy (0.985), significantly surpassing the 1D-CNN (0.934) and Whisper-AI (0.875).
The lower performance of Whisper-Al is expected, as it is a general-purpose Automatic Speech Recognition
(ASR) model designed for transcription in context, not optimized for isolated word (digit) classification. The
classification process relies on a direct comparison between the transcribed text and a predefined list of digit
homophones, which inherently introduces potential errors.

The classification accuracy of Whisper-Al could be substantially improved through two main methods:

1. Developing a more comprehensive dictionary of digit homophones to account for a wider variety of
spellings and phonetic variations.

2. Applying common string distance metrics (e.g., Levenshtein distance) to forcibly map the transcrip-
tion to one of the ten possible digit labels, thereby mitigating transcription errors that fall outside the current
homophone dictionary.
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8 Conclusions

In this study, we have successfully developed and analyzed two distinct Convolutional Neural Network
(CNN) architectures, a ID-CNN and a 2D-CNN, for the classification of isolated spoken words from a limited
dictionary. The 1D-CNN directly processes the raw time-series audio signal, while the 2D-CNN operates on
the Mel-spectrogram representation, leveraging its rich time-frequency features.

Using the open-source Audio-MNIST dataset, we conducted a thorough evaluation of both models.
Our analysis systematically investigated the influence of key design choices on classification performance,
including the comparison between 1D and 2D architectures, network depth, the number and size of
convolutional filters, and the configuration of subsequent feedforward layers. The results demonstrated a
clear advantage for the spectrogram-based 2D-CNN, which consistently achieved superior classification
accuracy compared to the 1D-CNN when both models were matched for the number of trainable parameters.

A significant component of our research involved a comprehensive evaluation of speaker diversity. We
studied the impact of the number of unique speakers included in the training set on the overall and per-
digit classification accuracy. Furthermore, we assessed how performance metrics varied when the training,
validation, and test sets comprised distinct speaker populations, providing valuable insights into the models’
generalization capability to unseen voices.

Finally, we compared the performance of our optimized CNN models against the Large Language Model
(LLM) Whisper-Al. For the application of classifying isolated words out of context from a finite, predefined
dictionary, the CNN classifiers exhibited better classification accuracy than Whisper-Al. This finding under-
scores the effectiveness of purpose-built, highly optimized CNN models for specific, limited-vocabulary tasks
over general-purpose transcription LLMs.

In summary, this work highlights the superior performance of 2D-CNN:ss for isolated audio command
recognition and provides key data on the impact of speaker diversity. Future work will concentrate on (i)
investigating the role of synthetic data augmentation in enhancing classifier robustness and (ii) evaluating
the impact of various types of background noise on classification accuracy.
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