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Abstract: In this study, we propose the CVMFCC-DR (Complex-Valued Mel-Frequency Cepstral Co-
efficients Dimensionality Reduction) algorithm as an efficient method for reducing the dimensionality
of speech signals. By utilizing the complex-valued MFCC technique, which considers both real and
imaginary components, our algorithm enables dimensionality reduction without information loss
while decreasing computational costs. The efficacy of the proposed algorithm is validated through
experiments which demonstrate its effectiveness in building a speech recognition model using a
complex-valued neural network. Additionally, a complex-valued softmax interpretation method for
complex numbers is introduced. The experimental results indicate that the approach yields enhanced
performance compared to traditional MFCC-based techniques, thereby highlighting its potential in
the field of speech recognition.

Keywords: mel-frequency cepstral coefficients; complex-valued neural network error correction;
backpropagation; complex-valued softmax

1. Introduction

Today, speech signal processing and recognition play crucial roles in various appli-
cation domains. These technologies are utilized for diverse purposes, such as converting
speech commands into text or identifying the owner of a voice. The advancement of
speech recognition technology can improve human–machine interaction, thereby enhanc-
ing productivity and efficiency across various industries. However, speech signals possess
highly diverse forms and high-dimensional characteristics, making effective processing
and recognition a persistent challenge. The diversity and high dimensionality of speech sig-
nals make dimensionality reduction and pattern recognition difficult, leading to increased
computational costs. Therefore, efficiently reducing the dimensionality of speech signals
and improving the performance of neural network-based speech recognition models is a
significant challenge.

Speech processing and recognition technologies are essential in various applications,
such as voice interfaces, virtual assistants, and automatic translation. Achieving more
accurate and efficient speech signal processing and recognition results can significantly
enhance the user experience of related services. Consequently, continuous research is being
conducted in the field of speech signal processing and recognition. Speech signals exhibit
high-dimensional characteristics, making effective dimensionality reduction challenging.
Moreover, accurate recognition of diverse speech patterns requires intricate neural network
models, which, in turn, increases computational costs [1]. Therefore, effectively reducing
the dimensionality of speech signals without information loss and simultaneously enhanc-
ing the accuracy and efficiency of neural network-based speech recognition models is a
crucial task.

Despite the rich literature on complex-valued networks, there have been few examples
of their application in audio or speech processing. Given that the human auditory system
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processes sound in the frequency domain, there is also meaning in exploring complex-
valued neural networks for audio processing rather than relying solely on real-valued
neural networks in the time domain [2].

Recent research has made significant progress in speech recognition by combining tra-
ditional methods like mel-frequency cepstral coefficients (MFCCs) with neural networks [3].
While the MFCC technique has been widely used for speech feature extraction, it has the
drawback of being unable to perform lossless dimensionality reduction, as it uses only real
values. In other words, reducing the number of MFCCs leads to information loss, which
decreases speech recognition accuracy. These methods still exhibit limited effectiveness,
and improved approaches beyond traditional learning methods are necessary.

Utilizing the complex representation of MFCC allows for the consideration of both real
and imaginary parts, enabling lossless dimensionality reduction. Additionally, employing
complex-valued neural networks can reflect phase changes through complex multiplication
operations [4], better representing the characteristics of speech signals. This approach
is expected to enable more efficient dimensionality reduction and neural network-based
speech recognition compared to existing methods.

In this study, we propose the CVMFCC-DR algorithm for efficient and lossless speech
signal dimensionality reduction. By combining CVMFCC-DR with complex-valued neu-
ral networks, this technique can demonstrate superior speech recognition performance
compared to existing methods.

The main contributions of this study are as follows:

• Proposing an efficient dimensionality reduction technique (CVMFCC-DR) utilizing
the complex representation of MFCCs.

• Enhancing speech recognition performance by combining complex-valued MFCCs
and complex-valued neural networks.

• Proposing a new interpretation method for a complex-valued softmax function with
complex inputs.

This paper begins by introducing the existing MFCC technique and complex-valued
neural networks. It then provides a detailed explanation of the proposed CVMFCC-DR
algorithm and the learning method for complex-valued neural networks [5]. Subsequently,
the effectiveness of the proposed method is experimentally validated, and the results are
analyzed. Finally, the paper concludes with a summary of the study’s findings and suggests
directions for future research.

2. Related Works

In the field of speech recognition, various neural network-based approaches and tech-
niques are utilized. Different types of neural networks, such as CNNs, RNNs, LSTM, and
DNNs, are used, each with their own advantages and disadvantages [3]. Moreover, hybrid
models that combine traditional methods with neural network structures are also being
researched. Hybrid models can optimize performance by combining the strengths of each
structure, but they also come with the drawback of increased complexity in implementation
and interpretation [6].

Amidst these developments, traditional feature extraction techniques like the MFCC
technique are still widely used as inputs for neural networks [3]. Additionally, exploring
novel neural architectures such as complex-valued neural networks could uncover new
perspectives and potential breakthroughs in speech recognition capabilities. Recently, there
have been studies showing that FPGAs can be used to significantly improve complex
number computation speed [7]. These research results empirically demonstrate that the
hardware implementation of complex number operations can bring about practical perfor-
mance improvements. Furthermore, a recent study implemented complex-valued neural
networks on FPGAs for classification, demonstrating superior accuracy compared to real-
valued neural networks and achieving significant speed improvements over CPU-based
systems [8]. This gives rise to the expectation that in the future, CPUs that currently only
support real number operations may one day support complex number operations as well.
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Based on these studies, utilizing complex number representations enables the encoding
of real number pairs as single complex numbers, effectively reducing the input dimension
by half. This reduction in dimensionality decreases the number of model parameters
and enhances computational efficiency. Consequently, experimental evidence shows that
complex-valued neural networks can achieve equal or superior performance with fewer
parameters compared to conventional real-valued neural networks.

As research continues to push the boundaries, a synergistic combination of proven
methods and innovative approaches may pave the way for the next generation of robust
and high-performing speech recognition systems.

3. Background Knowledge

Various studies are being conducted in the field of speech recognition and classification,
and in this section, we introduce MFCCs (mel-frequency cepstral coefficients) [3]. The
MFCC technique is one of the feature extraction methods commonly used in the fields
of speech signal processing and speech recognition. The MFCC technique represents the
frequency characteristics of speech signals and is primarily utilized to effectively represent
and recognize speech signals. The basic principle of the MFCC technique is illustrated in
Figure 1.

Pre-
emphasis

Framing and
Windowing DFT

Mel-
Frequency
filter bank

MFCC
feature

DCT

Figure 1. An overview of the process of the MFCC technique.

Pre-emphasis: Pre-emphasis is essentially a high-pass filter. Due to the structure of
the human body, high-frequency components tend to decrease in the actual emitted sound
during speech production. Therefore, pre-emphasis is the process of applying a high-pass
filter to amplify the attenuated high-frequency components first.

Framing and Windowing: Speech signals are divided into short segments called
frames for analysis. This is because speech characteristics remain relatively stable over
brief periods. These frames slightly overlap to capture speech changes more effectively.
Each frame is processed using a window technique, which enhances analysis. Common
window types include Hamming and Hanning windows. This framing method allows
for more accurate analysis of complex speech data, which is crucial for developing speech
recognition and synthesis technologies. While specific implementation details may vary,
these fundamental principles are widely used in speech processing systems.

Discrete Fourier Transform: For calculating the power spectrum, DFT (Discrete Fourier
Transform) is used to compute the power spectrum for each frame obtained earlier. This
process enables the discernment of the frequency-specific energy distribution of the speech
signal across each frame.

Mel-Frequency Filter Bank: The mel band-pass filter is a set of filters designed to
extract speech signals in a nonlinear manner, mimicking the human auditory system.
Typically constructed with 40 triangular filters, it analyzes the frequency characteristics of
speech signals.

Discrete Cosine Transform: DCT (Discrete Cosine Transform) expresses a finite se-
quence of data points as a sum of cosine functions oscillating at different frequencies. In
the MFCC process, DCT is applied to the mel filter bank to select acceleration coefficients
or to separate the relationship in log-spectral magnitudes from the filter bank.

Speech recognition using MFCCs can be effectively employed in various environ-
ments [9], and this method can achieve high accuracy when combined with deep learning
models. Therefore, MFCC serves as a crucial input for deep learning models for speech
recognition [10].
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4. Proposed Method

In this section, we propose a method for efficiently performing speech signal dimen-
sionality reduction using complex-valued MFCCs and complex-valued neural networks.
An overview of the proposed approach is presented in Figure 2. This figure illustrates the
proposed approach for voice classification using complex-valued neural networks. The
process commences with voice input, followed by feature extraction using mel-frequency
cepstral coefficients (MFCCs). These features are then subjected to dimensionality reduction
and transformed into complex-valued representations, resulting in complex-valued MFCCs.
The processed features are subsequently inputted into a complex-valued neural network.
The network’s performance is enhanced through the selection of appropriate activation
functions and learning algorithms. Ultimately, the neural network’s output is utilized for
classification purposes.

Feature
Extraction
(MFCC)

Voice
Inout

Feature
Dimensionality

Reduction
(Complex-valued

MFCC)

Complex-valued
Neural Network Classification

Activaion
Function 

&
Learning
Algorithm

Figure 2. Overview of the proposed approach.

Complex-valued MFCCs: The number of MFCCs used in speech recognition can vary
depending on specific applications and models. However, typically, MFCCs ranging from
13 to 40 are used. This range is known to effectively operate in various speech recognition
systems. Generally, a higher number of MFCCs can allow the model to capture more
frequency and spectral detail, but it also increases the computational cost of the model.
Therefore, the selected number of MFCCs is determined considering a balance between
computational efficiency and model performance.

When representing physical problems using complex numbers, there are two main
methods. One is a simple substitution method, and the other is a more elegant approach
known as mathematical equivalence, like the Fourier Transform. Substitution takes two
real physical parameters and places one in the real part of the complex number and one in
the imaginary part. This allows the two values to be manipulated as a single entity, i.e., a
single complex number [11]. The method proposed for dimensionality reduction in this
paper involves converting n MFCC values into complex numbers. The first MFCC is used
as the real part, and the second MFCC is used as the imaginary part of the complex number.
Subsequently, each MFCC alternates between being the real and imaginary parts within
the complex number. This pattern continues up to the nth MFCC, resulting in n/2 complex
numbers. For example, when we have n MFCC values, they could be as follows:

[x1, x2, x3, x4, . . . , xn−1, xn]

In this case, the first MFCC x1 is used as the real part of the first complex number.
The second MFCC x2 is used as the imaginary part of the first complex number. The
third MFCC x3 is used as the real part of the second complex number. The fourth MFCC
x4 is used as the imaginary part of the second complex number. This pattern continues
alternating between real and imaginary parts up to the nth MFCC xn, which becomes the
imaginary part of the (n/2)-th complex number. Therefore, with n MFCC values, n/2
complex numbers are generated. The first complex number is x1 + jx2, the second complex
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number is x3 + jx4, and so on until the last complex number, which is xn−1 + jxn. We have
illustrated this explanation in Figure 3.

x1

x2

x1 x2

x3

x4

x3 x4

xn-1

xn

xn-1 xn

n n/2

Real Imaginary

x1 + j x2

x3 + j x4

xn-1 + j xn

MFCC Complex-valued MFCC

Figure 3. Process of generating complex-valued MFCCs.

Complex-Valued Neural Network: Complex-valued neural networks are neural net-
work models that use complex numbers as input values or weights, and they have the
advantage of handling richer information compared to real-valued neural networks. Fur-
thermore, various research studies have been conducted in various fields, and complex-
valued dimensionality reduction methods or classification and detection using complex
numbers are being effectively utilized. For this purpose, the multiplication of complex
inputs and complex weights is performed, which implies rotation in the complex plane
and thus introduces changes in phase [5]. The sum of the multiplication of input X and
weight W can be represented as Equations (1) and (2).

Z = W0 + W1X1 + W2X2 + . . . + WnXn (1)

Z = ∑
n

Wn · Xn (2)

Activation Function and Learning Algorithm: In complex-valued neural networks,
a phase-dependent activation function is used, forcing the magnitude information to be
normalized to a unit circle of 1 and only the extraction of the phase information, as shown
in Equation (3).

P(Z) =
Z
|Z| = ej·arg(Z) (3)

The learning algorithm of complex-valued neural networks is as follows. When there
is a desired target t and an output value z, as shown in Figure 4, the weights are adjusted
according to Equation (4) to gradually move in the direction of the desired target [12].
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Imaginary

Real
1

t
z

error

θt

θz

Figure 4. Learning algorithm for CVNN.

t = ∑
n
(Wn + ∆Wn)·Xn (4)

The error with respect to the training target t is e = t − z , as shown in Equation (5).

e = ∑
n
(Wn + ∆Wn)·Xn − ∑

n
(Wn)·Xn = ∑

n
(∆Wn)·Xn (5)

To simplify and expedite the calculation of the error with respect to weight changes,
assuming that each node contributes equally to the error, the summation symbol σ is
removed from the equation, and both sides are divided by the number of contributing
nodes N in the complex-valued neural network for computational convenience. The
resulting equation is Equation (6).

∆Wn · Xn =
e
N

(6)

To obtain ∆Wn in order to change the weights, multiply both sides of Equation (6) by
X−1

n . X−1
n becomes Xn when multiplied by the complex conjugate Xn, with n being both

the numerator and denominator; thus, X−1
n = Xn

|Xn |2
, where |Xn| = 1 for Xn within the unit

circle. Therefore, X−1
n = Xn , and Equation (6) is derived again as Equations (7) and (8).

∆Wn · Xn · X−1
n =

e
N

· X−1
n =

e
N

· Xn (7)

∆Wn =
e
N

· Xn (8)

In this way, the obtained change in weights can be observed in Equation (8). This
change represents the adjustment of complex weights for each node contributing to the
error with respect to the training target and is uniformly applied across the entire network.
Through this process, complex-valued neural networks adjust closer to the target utilizing
phase-dependent activation functions and efficient learning algorithms while handling rich
information through complex multiplication operations between inputs and weights [13].

Complex Domain Backpropagation: When using hidden layers, the error from the
output layer is backpropagated to the hidden layers to calculate how much each node
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in the hidden layers contributed to that error. Based on this, the weights between the
hidden and output layers need to be adjusted appropriately. This process is called error
backpropagation, through which the neural network can adjust the weights to minimize the
error in the output values during learning. The structure of a multi-layer complex-valued
neural network is illustrated in Figure 5.

Complex
-valued
Softmax

Oi Oj Ok

Wij Wjk
Input

Layer(i)
Hidden
Layer(j)

Output
Layer(j)

Figure 5. Multi-layer CVNN.

In this paper, an error correction method is used for the output layer k to update the
weights, while an error backpropagation method is employed for the hidden layer j to
examine its influence on the output. In other words, the output layer k utilizes the error
correction method to avoid falling into local minima, while the error backpropagation
method is applied to the hidden layer j to ensure better distribution of errors from the
output layer to the hidden layer. This combination of error backpropagation in the hidden
layer and error correction in the output layer can be expected to improve the problem of
the entire neural network getting stuck in local minima while enabling faster convergence.
The error backpropagation method for complex-valued neural networks is as follows.

When using gradient descent for weight updates in complex-valued neural networks,
Wirtinger calculus is employed for differentiating complex functions. As complex functions
comprise real and imaginary parts, Wirtinger calculus conducts differentiation separately
for the real and imaginary parts. For a complex number z = x + jy defined with real and
imaginary parts x and y, respectively, and a complex function f (z) = u(x, y) + jv(x, y), the
Wirtinger derivatives are defined as follows [14].

∂ f
∂z

=
1
2

(
∂ f
∂x

− j
∂ f
∂y

)
=

1
2

(
∂u
∂x

+ j
∂v
∂x

− j
∂u
∂y

+
∂v
∂y

)
(9)

∂ f
∂z

=
1
2

(
∂ f
∂x

+ j
∂ f
∂y

)
=

1
2

(
∂u
∂x

+ j
∂v
∂x

+ j
∂u
∂y

− ∂v
∂y

)
(10)

d f =
∂ f
∂z

+
∂ f
∂z

(11)

In this context, z denotes the complex conjugate of z. In the Wirtinger derivative
method, complex functions can be treated as extensions of real functions by dividing them
into real and imaginary parts for differentiation. The following describes the updating
process of complex variables using Step Size α/2 and Loss Function L.
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xn+1 = xn −
(α

2

)∂L
∂x

(12)

yn+1 = yn −
(α

2

)∂L
∂y

(13)

By substituting zn+1 = xn+1 + j yn+1 into Equations (12) and (13) and then substituting
the Wirtinger derivative at the end of the derivation process, it becomes as follows.

zn+1 = xn −
(α

2

)∂L
∂x

+ j
(

yn −
(α

2

)∂L
∂y

)

= xn −
(α

2

)∂L
∂x

+ jyn − j
(α

2

)∂L
∂y

= xn + jyn −
(α

2

)(∂L
∂x

+ j
∂L
∂y

)

= zn − α
1
2

(
∂L
∂x

+ j
∂L
∂y

)

= zn − α
∂L
∂z

(14)

The partial derivative of L with respect to the complex conjugate ∂L
∂z is referred to

as the Conjugate Wirtinger Derivative. This demonstrates how the Conjugate Wirtinger
Derivative can be utilized to simplify the update formula for complex variables. In terms of
using the above method, rewriting Equation (5) as an output layer error yields Equation (15),
where tk represents the target value, and ok represents the actual output value of output
layer k.

ek = tk − ok (15)

And the Loss Function is defined as Equation (16).

L = e2
k = |tk − ok||tk − ok| (16)

If the weights are large, the error is more likely to propagate back to the hidden layers.
The hidden layer error ej can be expressed by the following equation.

ej = WT
jk · ek (17)

Using the result of Equation (14), the gradient of the error function with respect to the
weight Wij between input layer i and hidden layer j can be expressed as follows. Here, oi is
the output value of input layer i, and oj is the output value of hidden layer j.

∂L
∂Wij

=
∂L
∂oj

·
∂oj

∂Wij
(18)

∂L
∂Wij

= −ej ·
∂

∂Wij
P
(

∑ Wij · oi

)
(19)
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∂L
∂Wij

= −ej · P
′ · oi (20)

In Equations (19) and (20), P represents the phase-dependent activation function used
in the hidden layer output, and P

′
is the derivative of the dependent activation function.

The updating of hidden layer weights can be expressed as follows.

new Wij = old Wij − lr · ∂L
∂Wij

(21)

When dealing with complex variables, it is necessary to use ∂L
∂Wij

instead of ∂L
∂Wij

for updating. Here, lr plays a role in adjusting the intensity of the change to prevent
overshooting, and it is called the learning rate. Additionally, the derivative of the activation
function P′ is a complex function, and to find the derivative of a complex function, the
Wirtinger derivative is used [15].

Complex-Valued Softmax: The softmax function, which is used as the activation
function in the output layer, takes input values and normalizes each value to be between 0
and 1. It ensures that the sum of the normalized values is always 1. This function allows
for the interpretation of results as probabilities. It can be expressed as Equation (22).

So f tmax(Z)i =
eZi

∑n
i=1 eZi

(22)

However, the softmax function can only interpret results as probabilities for real
number inputs, and for complex number inputs, a different interpretation method is
needed. In this paper, we propose a complex-valued softmax interpretation method for
complex number inputs. The result of the softmax function for complex number inputs
yields complex output values, and since the sum of all output values is 1+ 0j, we propose an
algorithm that calculates the distance between the output values and 1 + 0j in the complex
plane and selects the index of the closest value. This can be expressed as Equation (24).

distancei = |So f tmax(Z)i − ω| (23)

closest_index = argmin(distancei) (24)

Here, ω = 1 + 0j is defined. Consequently, we decide to classify the complex number
corresponding to closest_index as class 1.

5. Performance Analysis

In our experiments of speech signal recognition, a detailed comparison between the
results of real-valued neural networks and complex-valued neural networks was conducted.
Performance analysis was carried out alongside the pre-processing of complex-valued mel-
frequency cepstral coefficients (MFCCs) for dimensionality reduction. Additionally, the
impact of complex-valued MFCCs on speech recognition results was observed. Specifically,
in recognizing given speech signals using neural networks, the influence of MFCC values
and their complexification effect on model performance was evaluated and compared to
determine whether it is possible to enhance performance while reducing the number of
parameters.

Experimental Method: Figure 6 depicts the architecture of a multi-layer complex-
valued neural network used for training and testing with a dataset consisting of 8000 short
speech samples, each containing eight different words and lasting less than one second.
The speech data used in this study are part of the speech command dataset collected by
Google and distributed under the CC BY license.
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Complex
-valued
Softmax

Oi Oj Ok

Wij Wjk
Input

Layer(i)
Hidden
Layer(j)

Output
Layer(j)

Voice
Input Classification

'down'
'go'
'left'
'no'
'right'
'stop'
'up
'yes'

Complex
-valued
MFCCs

Figure 6. Experimental setup of multi-layer CVNN.

Complex-valued neural networks are structurally similar to real-valued neural net-
works, but the difference lies in the use of complex numbers, which introduces phase
changes as the sum of products between inputs and weights rotates in the complex
plane. These phase changes play an important role in complex-valued neural networks.
The complex-valued neural network consists of an input layer with dimension-reduced
complex-valued MFCCs obtained from the speech data through the complexification pro-
cess shown in Figure 3, a hidden layer with 500 nodes, and an output layer with 8 nodes for
classification. All nodes and weights use complex numbers. The final results were classified
at the output layer. The dataset comprised 7000 samples for training and 1000 samples
for testing. Eight-word audio clips were used as data, and experiments were conducted
by dividing the input data based on whether complex-valued MFCC transformation was
applied or not. In the case of using real-valued MFCCs, a real-valued neural network
was employed, while a complex-valued neural network was used with complex-valued
MFCCs. Both the real-valued and complex-valued neural networks were trained under
the same conditions: lr = 0.01, batch size = 50, and number of epochs = 50. For the input
data, the results of three different dimensionality reduction pre-processing steps were
compared with the real-valued neural network. These pre-processing steps included MFCC
dimensions of 20, 10, and 5. The length of the input signal for the neural network can be
determined as shown in Equation (25). Specifically, the input speech signal was divided
into 32 frames, and MFCCs were generated for each frame.

The length of input signal data = MFCCs × frames (25)

For instance, in the case of complex-valued MFCC 20, real-valued MFCC 40 is com-
puted first. Using Equation (25), the length of the input signal for real-valued MFCC 40
becomes 40 × 32 = 1280. If we then convert these 40 MFCCs into complex numbers, as
illustrated in Figure 3, dimensionality reduction is achieved to half the length, resulting in
16 frames. Consequently, the input signal length becomes 40 × 16 = 640, which is equivalent
to the input signal length of real-valued MFCC 20. Similar dimensionality reduction can
be performed for complex-valued MFCC 10 and complex-valued MFCC 5 using the same
method. The total number of parameters for the entire neural network obtained through
this process is presented in Table 1. In this table, I(n) represents the number of neurons
in the input layer, H(n) represents the number of neurons in the hidden layer, and O(n)
represents the number of neurons in the output layer.

Table 1. Total number of parameters in neural network.

MFCC Real-Valued MFCC Complex-Valued MFCC

20 I(20 × 32 = 640) × H(500) + H(500) × O(8) = 324,000 I(40 × 16 = 640) × H(500) + H(500) × O(8) = 324,000
10 I(10 × 32 = 320) × H(500) + H(500) × O(8) = 164,000 I(20 × 16 = 320) × H(500) + H(500) × O(8) = 164,000
5 I(5 × 32 = 160) × H(500) + H(500) × O(8) = 84,000 I(10 × 16 = 160) × H(500) + H(500) × O(8) = 84,000



Electronics 2024, 13, 3046 11 of 14

Complex-valued MFCC 20 vs. Real-valued MFCC 20: As shown in Figure 7, complex-
valued MFCC 20 achieved a maximum training accuracy of 99.40% and a testing accuracy of
84.90% despite having the same input data length as real-valued MFCC 20, which achieved
a maximum training accuracy of 98.13% and a testing accuracy of 83.10%. The results
obtained using complex-valued MFCCs outperformed those obtained using real-valued
MFCCs in terms of both training and testing accuracy.

Figure 7. Comparison of complex-valued MFCC 20 and real-valued MFCC 20 results.

Complex-valued MFCC 10 vs. Real-valued MFCC 10: As shown in Figure 8, complex-
valued MFCC 10 achieved a maximum training accuracy of 96.90% and a testing accuracy of
83.80% despite having the same input data length as real-valued MFCC 10, which achieved
a maximum training accuracy of 94.24% and a testing accuracy of 81.20%. The results
obtained using complex-valued MFCCs outperformed those obtained using real-valued
MFCCs in terms of both training and testing accuracy.

Figure 8. Comparison of complex-valued MFCC 10 and real-valued MFCC 10 results.

Complex-valued MFCC5 vs. Real-valued MFCC5: As shown in Figure 9, complex-
valued MFCC 5 achieved a maximum training accuracy of 92.33% and a testing accuracy of
81.40% despite having the same input data length as real-valued MFCC 5, which achieved
a maximum training accuracy of 86.34% and a testing accuracy of 74.90%. The results
obtained using complex-valued MFCCs outperformed those obtained using real-valued
MFCCs in terms of both training and testing accuracy.
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Figure 9. Comparison of complex-valued MFCC 5 and real-valued MFCC 5 results.

Overall Analysis Results: Upon reviewing the experimental results, it was observed
that using complex-valued MFCCs yields higher performance compared to using real-
valued MFCCs, even with the same input data length. Therefore, it was confirmed that
employing complex-valued MFCCs and complex-valued neural networks leads to better
results. The variation in accuracy according to the number of MFCC features is illustrated
in Figure 10. Although not shown here, the same results were obtained using the F1 score.

Figure 10. Accuracy variation with No. of MFCCs.

If there is a sufficient number of MFCCs, with increasing epochs, it appears that the
performance using real numbers begins to converge towards that using complex numbers.
However, Figure 9 shows a different outcome. Complex-valued MFCC 5 has 5 dimen-
sionally reduced complex MFCCs obtained from 10 MFCCs through the complexification
process shown in Figure 3. A real-valued MFCC 5 with only 5 MFCCs cannot catch up with
complex-valued MFCC 5 even as the epochs increase. In other words, when the number of
MFCCs is low, even as the epochs increase, the results of real-valued MFCCs do not match
the performance of complex-valued MFCCs. As shown in Figure 10, despite having the
same number of parameters, the results of complex-valued MFCC 5 are superior to those of
real-valued MFCC 5. Therefore, it was observed that when using complex-valued MFCCs,
the change in accuracy as the number of MFCC features decreases is smoother compared
to when using real-valued MFCCs.

6. Conclusions

In this paper, we introduced complex-valued neural networks to address the problem
of speech recognition. Our experiments utilized complex-valued MFCCs as inputs for a



Electronics 2024, 13, 3046 13 of 14

complex-valued neural network. The results demonstrated superior performance when
employing complex-valued MFCCs, with a more gradual change in accuracy as the number
of MFCC features decreased, compared to using real-valued MFCCs. This suggests that
complex-valued MFCCs can help to maintain performance with fewer features. These
findings provide valuable insights into the potential of complex-valued neural networks
and demonstrate the effectiveness of combining complex-valued MFCCs with complex-
valued neural networks in speech recognition.

Despite these promising results, we acknowledge the certain limitations of our ap-
proach. This study was conducted on a limited dataset, which may not fully represent the
diversity of real-world speech patterns. Moreover, the complex-valued neural network ar-
chitecture described in this study is relatively simple and may not capture all the intricacies
of speech signals.

Looking ahead, we aim to build upon this work to further enhance the accuracy and
performance of speech signal processing and recognition models. Our future research
will focus on designing more sophisticated complex-valued neural network models and
conducting experiments on diverse datasets to improve performance. Additionally, we plan
to explore the application of complex-valued neural networks to other fields beyond speech
recognition, potentially expanding their use in various signal processing domains [16].
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