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ABSTRACT. This paper aims to study and propose a human-computer interaction method
for digital exhibitions in museums based on speech emotion recognition. In digital exhi-
bitions in museums, human-computer interaction is a key technology that can provide a
more immersive and personalized visiting experience. As an important human-computer
interaction method, speech emotion recognition can provide visitors with a more personal-
ized and targeted exhibition experience by recognizing their emotional state. This article
first analyzes the problems and challenges in digital exhibitions in museums, including
the uniformity of visiting experience and the limitations of interactive effects. Subse-
quently, speech emotion recognition technology was introduced to recognize the emotional
state of wvisitors by analyzing their speech features and emotional expressions. Aiming
at the problems of low accuracy and insufficient generalization ability of current speech
emotion recognition models, a speech emotion recognition method architecture based on
Time-frequency Feature Dual Fusion (TF-DF) is proposed. There is complementarity
between time and frequency features, and fully utilizing their information can help im-
prove feature representation ability and avoid feature redundancy. A feature dual fusion
module has been designed. Applying this model in a digital museum system can enhance
the museum’s service experience by accurately recognizing tourists’ voice emotions.
Keywords: speech emotion recognition; feature fusion; deep learning; museum

1. Introduction. Traditional museums follow the digital trend and widely apply Inter-
net technology, mobile network technology, big data and other technologies to museums,
making the original solemn and dignified museum lively, interesting, fashionable and di-
versified, "making cultural relics live in a real sense”. Strengthening the display and
expression of traditional cultural relics through modern technological systems can pro-
vide visitors with interesting cultural and interactive experiences [1].

With the continuous development of museums, they have shifted from being " collection
oriented” to ”experience oriented”, and are gradually moving towards ”emotion oriented”
development, combining the educational mission of museums with the emotional partici-

pation ability of audiences, so that audiences can discover new content in a ”game” way
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[2]. This is the concept of a new museum developed since the ”New Museum Movement”
broke the old traditional museum model in 1980. Based on new technology driven inter-
active experiences, it emphasizes and advocates providing visitors with experiences that
involve physical, psychological, and emotional aspects. In addition to its mission of mu-
seum education, digital museums also resonate emotionally with visitors, providing them
with a profound experience and impression, and meeting their deeper emotional needs
will be an inevitable development trend.

In interpersonal communication, appropriate empathy is more conducive to the ad-
vancement and deepening of relationships, and can make the other party perceive your
genuine understanding and empathy. Museums, as one of the important places that easily
generate empathy, use digital means to vividly restore historical scenes, allowing audi-
ences to immerse themselves in understanding the characters and events in the historical
process, generating collisions of ideas and emotional resonance, thus leaving a deeper
impression on the audience through the digital experience of museums.

At present, the interaction between tourists and tourist destinations transcends the
limitations of time and space. Studying and analyzing the digital experience of museums,
and promoting the guidance path for audiences to generate online compatible behaviors,
can not only open up the visibility and expand the influence of museums, but also play
a good role in cultural dissemination and exchange [3]. The online audience engagement
behavior triggered by the digital experience of museums mainly involves the audience’s
evaluation, feedback, suggestions, and recommendations on various services provided by
the museum. The audience can gain a deeper understanding of the exhibition content
and enhance their visiting experience by interacting with digital exhibits and exploring
virtual exhibition halls; On the other hand, online audience engagement behavior ef-
fectively increases the visibility and exposure of museums, drives cultural exchange and
dissemination, triggers interaction and discussion on social media, and strengthens the
close connection between museums and audiences. In addition, audience feedback and
suggestions provide valuable information to museums, helping them improve exhibitions,
services, and facilities to meet the expectations and needs of more consumers, and enhance
the quality and attractiveness of museums. In the field of Human Computer Interaction
(HCI), research is not limited to recognizing individual phonemes or sentences of specific
speakers, and recognizing hidden emotional states in speech has become a new trend in
speech recognition research [4]. The core goal of Speech Emotion Recognition (SER) tech-
nology is to automatically recognize the emotional state of speakers [5], which is achieved
through the analysis of emotional information in human speech.

1.1. Related work. Speech emotion recognition technology occupies a crucial position
in the field of speech, and its research can be traced back to the 1970s. In 1972, Williamsd
and colleagues first demonstrated [6] that emotional states can be effectively recognized
through the speaker’s speech features, such as the display of fundamental frequencies,
average facial expressions, accuracy of pronunciation, and waveform changes. This dis-
covery has sparked a deeper exploration of the relationship between speech features and
emotions. Subsequently, scholars in this field have held multiple conferences, journals,
and events to discuss in-depth topics related to speech emotion computing and other
emotion computing. During this period, universities in many countries around the world
actively engaged in research on speech emotion recognition [7]. Among them, some influ-
ential research institutions include: the Emotion Speech Research Group established by
Professor R. Cowie in 2000 at Queen’s University Belfast in the UK, which focuses on the
study of psychology and speech analysis; The research team at the University of Southern
California, founded by Professor Narayanan, focuses on acoustic analysis, recognition,
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and synthesis of emotions through laughter; At the Massachusetts Institute of Technol-
ogy in the United States, a large institution led by Professor Picard focuses on research
on emotions and emotion computation; Emotional Robotics Research Group at the Free
University of Brussels; And the Emotion Research Laboratory at the University of Geneva
in Switzerland. In the research of Speech Emotion Recognition (SER), extracting speech
emotion features is a key step, which is the core component of pattern recognition. Its
main purpose is to extract key information of emotion representation from speech data.
Usually, acoustic features are divided into two categories: low-level features and deep fea-
tures. Low level features are mainly obtained through time-domain and frequency-domain
algorithms, including three types of features: sound quality features, spectral features,
and prosodic features; Deep features are extracted using deep learning techniques, further
learning high-level features from the original speech signal or extracted low-level features.
Early research on speech emotion recognition focused on how to extract acoustic features
that can best reflect emotions, as the quality of feature extraction directly affects the
accuracy of recognition [8]. In early research, researchers relied on artificially designed
sets of various acoustic features, mainly including rhythm, timbre, and sound quality [9].
However, this method of evaluating speech features from a human perspective has certain
limitations. When computers use these artificially designed features for emotion recogni-
tion through deep learning models, if these acoustic features cannot fully understand the
subtle differences in speech, the cognitive gap between the machine and the human brain
may gradually widen, leading to the failure to achieve the expected results. Currently,
many researchers have converted raw speech into spectrograms and inputted them into
various recognition models, achieving good results. However, in order to be applied in the
commercial field, speech emotion recognition technology still needs to be further improved
and perfected.

Compared with a single feature, feature fusion shows superior and stable performance on
multilingual datasets and various classifiers. Feature fusion encompasses the integration
of traditional features, such as Rao et al. [10], which achieves higher accuracy than a
single feature by fusing prosodic features that contain both local and global information.
Fusion features also include the combination of traditional acoustic features and deep
features. For example, Wang

et al. [11] fused deep features extracted by deep neural networks with manual features,
significantly improving the overall performance of emotion recognition. Sun et al. [12]
achieved fusion between shallow and deep features extracted by convolutional neural net-
works at different levels, and achieved good recognition results on most publicly available
datasets.

In order to explore the general applicability of ensemble classifiers in speech emotion
recognition tasks, Zehra et al. [13] developed a multi classifier ensemble method based
on majority voting mechanism and applied it to the field of cross corpus multilingual
speech emotion recognition. The Urdu corpus was used as the training and testing sets.
Through comparison with existing literature, it was found that this method can improve
recognition rate by up to 15%. This result indicates that using ensemble classifiers for
cross corpus speech emotion recognition is a relatively effective strategy. This research
work fully validates the advantages of integrating multiple classifiers and provides a new
solution for speech emotion recognition tasks. By appropriately selecting and combining
different types of classifiers, it is expected to further improve the system’s generalization
ability, enhance its applicability and robustness in multiple languages and contexts.

The latest research work focuses more on improving and integrating these deep learning
models in order to further enhance the recognition ability of the system. It is worth
mentioning that convolutional neural networks perform well in speech signal processing
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due to their sensitivity to local features; Recurrent neural networks are adept at capturing
temporal information and have a natural advantage in processing serialized data. By
improving the existing network structure or integrating multiple models, researchers are
constantly exploring more efficient and robust speech emotion recognition methods, in
order to achieve high applicability and generalization ability under multilingual and multi
scenario conditions. Overall, deep learning models have brought new opportunities and
development space for speech emotion recognition tasks, and related research work is
steadily advancing.

As early as 2014, Mao et al. [14] proposed using CNN to learn significant emotional
features in speech emotion recognition. Experimental results showed that this method
outperformed existing speech emotion recognition feature extraction methods in complex
scenarios. Diaslssa et al. [15] designed a novel speech emotion recognition framework
that extracts various feature parameters such as MFCC, chromaticity diagram, Mel scale
spectrogram, Tonnetz, and spectral contrast from speech files, and inputs them into a
one- dimensional convolutional neural network for training. In experimental validation
on public datasets IEMOCAP, EMODB, and RAVDESS, this method achieved accuracies
of 64.3%, 86.1%, and 71.61%, respectively, demonstrating the excellent performance of
convolutional neural networks in speech emotion recognition tasks. Overall, CNN based
speech emotion recognition models can efficiently learn emotion related feature represen-
tations from raw speech signals, avoiding the limitations of manually designed features
and laying a solid foundation for the sustainable development of this field. Researchers
are constantly exploring and improving the structure of CNN models in order to achieve
more accurate and robust emotion recognition in more complex speech scenarios.

To address this challenge, Long Short-Term Memory (LSTM) networks have emerged.
Wollmer et al. [16] first introduced LSTM into the field of speech emotion recognition. In
2010, they proposed a multimodal emotion recognition framework based on a Bidirectional
LSTM (Bi-LSTM), which fused speech and video data at the feature level. Experimental
results

showed that the performance of this model was superior to the popular HMM and SVM
models at that time. Hsu et al. [17] used Support Vector Machines (SVM) to recognize
speech and non semantic sounds. After separating these two types of sounds through
a prosodic feature extractor, deep residual networks were used to extract features sepa-
rately and input them into an LSTM model with attention mechanism for classification.
The recognition accuracy of this method exceeds that of traditional fusion techniques.
Recently, Andayani et al. [18] proposed a hybrid LSTM network and Transformer model
aimed at learning long-term temporal dependencies in speech signals and classifying emo-
tions to address the challenge of strong temporal dependence of speech emotions.

1.2. Motivation and contribution. This article mainly studies the problems of low ac-
curacy and insufficient generalization ability of current speech emotion recognition models,
and proposes a speech emotion recognition method architecture based on Time-frequency
Feature Dual Fusion (TF-DF). Firstly, parallel convolutional neural networks are used to
extract time- frequency feature representations from Mel Frequency Cepstral Coefficients
(MFCC). However, not all information in the time-frequency features contributes to the
emotion recognition task, and some features may interfere with the model’s judgment.
To this end, a channel attention mechanism is adopted to assign different weights to each
channel, automatically focusing on features containing emotional knowledge and ignoring
irrelevant features. On the other hand, there is complementarity between temporal and
frequency features, and fully utilizing their information can help improve feature repre-
sentation ability and avoid feature redundancy. Therefore, a feature dual fusion module
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was designed to capture complementary features in both time and frequency dimensions,
and to achieve feature simplification and optimization through feature fusion, providing
high-quality feature representation for subsequent emotion recognition tasks. The model
achieved competitive performance on the IEMOCAP and RAVDESS datasets. After-
wards, the model will be used in a digital museum system to enhance the museum’s
service experience by accurately recognizing tourists’ voice emotions.

2. Analysis of relevant principles.

2.1. Emotional description model. The former divides emotions into several discrete
categories, such as "happiness”, "sadness”, etc., while the latter represents emotions as
continuous values of multiple dimensions, such as scores on dimensions such as ”pleasure
unpleasantness” and ”proactivity passivity” [19]. Different emotion description models
can characterize and represent emotional states from different perspectives, providing a
theoretical basis for the design and construction of speech emotion recognition systems.
Choosing an appropriate emotion description model is crucial for improving the accuracy
and interpretability of speech emotion recognition.

In the research of emotion recognition, the discrete emotion description model is a
commonly used method that classifies emotional states into multiple discrete categories,
each labeled with a specific adjective. In the history of emotional cognition research, over
300 different emotional labels have been identified, which poses significant challenges to
the study. To simplify this classification process, psychologist Ekman first proposed six
basic emotional labels: happiness, sadness, disgust, surprise, anger, and fear [20]. These
six basic emotions are considered the most fundamental and universal emotional expe-
riences of humans, with cross- cultural consistency. Ekman’s theory laid the foundation
for subsequent research on speech emotion recognition, and currently the vast majority of
emotion corpora use his proposed six basic emotion labels for data annotation. Although
the six basic emotional labels have some representativeness, they cannot fully cover the
rich emotional experiences of humans. Some researchers believe that more refined emo-
tional categories should be considered to more accurately depict the diversity of emotions.
For example, in addition to basic emotions, some complex emotional categories such as
shame, jealousy, pride, etc. can also be added. At the same time, differences in emotional
intensity should also be taken into account, as the same emotion can produce different
experiences and expressions under different intensities.

The dimensional emotion description model adopts different ways to represent emo-
tional states and maps them to points in multidimensional space. Each dimension rep-
resents an emotional attribute or feature, and combining multiple dimensions can depict
complex emotional experiences. This method aims to describe emotions in a more contin-
uous and detailed way, avoiding simplification in discrete label models. Common dimen-
sional emotional description models include the two-dimensional Arousal Valence spatial
model and the three- dimensional Motivation Evaluation Dominance spatial model. The
valence dimension describes the positive and negative values of emotions, that is, the
subjective evaluation of an individual’s emotional experience, ranging from a positive va-
lence of extreme pleasure to a negative valence of extreme pain; The arousal dimension
measures an individual’s physiological arousal or psychological activity level, measuring
the arousal or relaxation state accompanied by an emotion. Low arousal state is usually
manifested as fatigue and lethargy, while high arousal state is manifested as tension or
excitement.

2.2. Speech signal preprocessing. Preprocessing is the primary and crucial step in
the process of speech emotion recognition. Preprocessing usually includes steps such as
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pre-emphasis, frame segmentation, and windowing. Proper preprocessing of the original
speech signal is crucial for subsequent feature extraction and emotion recognition.

2.2.1. pre-emphasis. Pre emphasis, as an important part of speech preprocessing, essen-
tially involves processing the original speech signal through a high pass filter, aiming to
flatten the speech spectrum. This step can compensate for the energy attenuation caused
in the high frequency range, thereby highlighting the performance of resonance peaks in
the high frequency region. Pre emphasis is implemented by a high pass filter, and its
mathematical expression is:

H(Z)=1—pz" (1)

where 4 is 0.97. After pre emphasis processing, the spectral distribution of the speech
signal is more balanced compared to the original signal.

2.2.2. Frame segmentation and windowing. After pre emphasizing the speech signal, in
order to perform Fourier transform, it is necessary to perform frame segmentation and
windowing on the signal. Due to the variability of speech signals over larger time scales
and their short-term stability over smaller time scales, speech signals are typically divided
into short time periods of 10 to 30 milliseconds to analyze their short-term stability during
that time period. However, traditional signal processing techniques often require the input
signal to be continuous, while through frame processing, the speech signal is segmented
into several short-term segments. To achieve smooth transitions between frames, it is
necessary to leave overlapping areas between adjacent frames, which is called “frame
shift”.

Due to the segmentation of continuous speech signals into a series of short time periods
by framing operations, this processing method can result in discontinuous speech signals
between frames. These window functions are designed so that their edge values are close
to zero, so when multiplied with the speech signal, the boundary values of the speech
signal will also be close to zero, which helps to improve the continuity of the speech
signal. The impact of different window functions on speech signals varies, and it is crucial
to choose a reasonable window function to preserve the true features of the speech signal.
Therefore, this affects the efficiency of subsequent feature extraction. Through extensive
theoretical analysis and experimental comparison, this study used Hamming window for
windowing treatment, and its mathematical expression is shown below:

2m™n
0.54 — 0.64
COS(N

, 0<n<N-—1,
1 (2)

w(n) =
0, others,

where N represents the frame rate. Hanming window not only effectively suppresses
spectral leakage, but also reduces boundary distortion and preserves the main features of
speech signals. Compared to other window functions, Hamming windows exhibit superior
performance in terms of the ratio of main and side latent values to the minimum and
maximum values.

2.3. Speech emotion recognition model based on deep learning. Since the concept
of deep learning was first proposed, it has received widespread academic attention and
has been applied in multiple research fields. Especially in the field of speech emotion
recognition, deep learning network models have demonstrated excellent performance and
have achieved a series of significant research results. This section will provide a detailed
introduction to three commonly used deep learning network models in SER.
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2.3.1. Deep neural network model. When it comes to the concept of deep learning and its
widespread attention in academia and application fields, Hinton and Salakhutdinov’s [?]
research work in 2006 was a milestone. This literature explains two core points: (1) deep
neural networks are optimized through a layered initialization strategy, which helps to
seek the best solution during the training process; (2) Neural networks with multiple
hidden layers can more effectively extract the representation features of raw data, which
is very beneficial for solving visual and classification problems. Deep learning networks
are composed of a large number of neurons that are interconnected and constantly adjust
their connection weights during training, forming a complex network structure. In the
field of deep learning, this complex structure is commonly referred to as Deep Neural
Networks (DNNs).

In the architecture of DNN, each level is composed of multiple neurons that transmit
features through fully connected connections to facilitate information exchange between
layers. The input received by each neuron is the result of a linear transformation of the
output of its previous layer of neurons, which must be nonlinearly transformed through
an activation function before being passed on to the next step. There are three main
types of common activation functions, which will be introduced in detail below.

For the Sigmoid function, as the input value decreases, its output value gradually
approaches 0, and its rate of change also tends to be gentle; on the contrary, as the input
value gradually increases, its output value approaches 1, and its change also appears slow.
This function is typically used in the output layer, with output values ranging from [0, 1],
and is commonly used to perform binary classification tasks:

1
14 e (3)

It has been widely used in various deep learning networks, known as the rectified linear
unit:

Sigmoid(x) =

ReLU(z) = max(0, x). (4)
The Tanh function, commonly used in hidden layers, has the main advantage that its
output range is between [—1, 1], which makes the average value of the data 0 and does
not cause saturation problems. Although the curve shape of the Tanh function is similar
to that of the Sigmoid function, Tanh changes faster near its limit, thereby improving
computational efficiency:
1—e™
Tanh(z) = et (5)
Lee et al. used DNN as sentiment classifiers and further compared the performance of
DNN with the results obtained using SVM as sentiment classifiers. The comparison results
show that DNN outperforms SVM in classification accuracy, which verifies that applying
DNN on manual feature sets can effectively improve the accuracy of emotion recognition.
MFCC features were extracted from the original language and DNN was applied for
emotion recognition. The research results show that the recognition accuracy of seven
emotions is over 95%. One key advantage of DNN is that it can enhance the model’s
expressive power by increasing the number of network layers. However, this method
consumes more computing resources and a large amount of training data, resulting in
longer training time and increased computational costs.

2.3.2. Convolutional neural network model. CNN is a typical representative of feedforward
neural networks. The Convolution Layer is mainly responsible for feature extraction and
is a crucial component in CNN. It utilizes local connections to reduce the required com-
putational load, typically located near the input layer of the network. By using fixed size
convolution kernels to process feature maps, multiple different feature representations can
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be obtained. The different levels of convolutional layers can capture semantic features at
different levels; lower level features are usually more vague and simple, while higher-level
features contain more semantic information. The size and stride of the convolution kernel
can be adjusted according to different application requirements. Although larger convo-
lution kernels help extract higher-level features, they may lose some detail information
in the process; smaller convolution kernels can capture more detailed features, but doing
so requires more computational resources. The mathematical expression for convolution
operation is shown below:

P-1Q-1C-1

Zijk = Z Z Z Xitp,j+a,e Wpaek T bk, (6)

p=0 ¢g=0 c=0
where K, P, ), and C represent the number, height, width, and number of channels
of the convolutional kernels; X;i, ;4 . refers to the value of the c-th channel of X at
(i4+p, j+q); by represents the paranoid parameter of the k-th convolution kernel; W, , .k
represents the weight parameters of the k-th convolution kernel at (p,q) and the c-th
channel; and Z; ; ; represents the reaction value of the k-th convolution kernel at the i-th
and j-th positions of the input data X.

The pooling layer can also improve the model’s fault tolerance to a certain extent
and help reduce the risk of overfitting. This layer is also commonly referred to as the
downsampling layer. The commonly used pooling methods include Average Pooling and
Max Pooling, as expressed mathematically below:

Yije =max(Zgisp sjiqr), 0<p< P 0<qg<Q, (7)

where Y ;  represents the (i, 7, k)-th pixel in the feature map after pooling processing;
the maximum pooling operation is represented by max, s represents the pooling step size,
and Z represents the input raw feature map.

The fully connected layer (FC Layer) is structurally similar to multi class neural net-
works and typically uses Sigmoid or Softmax functions as its activation function. After
the data is processed by the primary layer of the network and high-level features are
extracted, these features will be passed on to the fully connected layer for further process-
ing. However, if there are too many neurons in the fully connected layer, it may lead to
overfitting issues. To alleviate this issue, Dropout technique can be used, which reduces
the number of parameters in the network by randomly discarding a portion of neurons,
thereby helping to prevent overfitting.

2.3.3. Recurrent Neural Network Model. The original design intention of Recurrent Neural
Network (RNN) is to capture temporal information, which is usually applied to solve
time related problems. In this network model, the implementation of memory function is
mainly due to its ability to utilize information from previous states in the current input
and output processes. By establishing time series connections between RNN neurons, this
structure endows the network with memory capabilities when processing sequential data.

In the RNN model, each neuron receives the current input and the output of the previous
time step as new inputs, and passes the results to the next time step, specifically:

hy = Fw(htflyxt) ) (8)

where h; and h;_; refer to the states at time t and time t—1, respectively, and z; represents
the input at time ¢; F}, is the tanh function as a recursive function, which is an important
mathematical tool. The details are further explained as follows:

ht = tanh(Whht_l + szt) 5 (9)
Yt = Wyh't7 (10)
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where W), and W, are the weights of the previous state and input, respectively; y; is the
output.

Scholars have proposed an efficient emotion recognition technique based on RNN, which
utilizes advanced learning algorithms to train RNN and can process contextual informa-
tion from a distance, effectively mapping all frames in the same speech to consistent
emotion labels. However, a major challenge faced by deep neural networks is the insta-
bility of gradients, which can lead to exponential growth or decay of gradients, known
as gradient explosion or disappearance problems. In RNN, this problem is particularly
severe because gradients need to be calculated in multiple time steps and layers, making
the problem of gradient vanishing more significant.

LSTM overcomes the gradient vanishing problem by introducing additional interaction
mechanisms in the network. LSTM networks can selectively retain or forget information
in their cellular states, maintaining long-term dependencies by establishing connections
between the past and present, which enables them to exhibit good memory capabilities
when processing long sequence data. However, due to the complex network structure of
LSTM, which involves multiple gating mechanisms and parameters, it presents certain
challenges in the training and parameter adjustment process.

The components of LSTM are shown as follow:

fi =0(Wihi—y + Wiay) (11)
iy = o(Wihi—1 + Wizy) (12)
or = c(Wohi_1 + Womy) (13)
C, = tanh(W,h, 1 + Wezy) , (14)
Cr=ireCy+ freChy, (15)
hi = o, € tanh(Cy), (16)

where i, 0y, and f; respectively represent the input gate, output gate, and forget gate; o
represents the sigmoid activation function, weight sets W;, W,, Wy represent the weights
of the input gate, output gate, and forget gate, W, is the weight of the cell state, and h;
is the new state.

3. Speech emotion recognition method based on dual fusion of time-frequency
features. In the human-computer interaction process of digital museums, noise in speech
signals still affects the effectiveness of model training. Considering that speech signals
exhibit significant performance in both time and frequency domains, these two features
are naturally suitable for emotion recognition. Although single time-domain or frequency-
domain features can achieve emotion recognition, previous studies have shown that they
can achieve good accuracy. To this end, this article uses parallel CNN to extract basic
features from MFCC, and enhances key information while suppressing irrelevant infor-
mation through a weighting mechanism, in order to achieve comprehensive analysis of
time-frequency features. In addition, this article also introduces a dual fusion module
that can capture complementary information between time and frequency features and
reduce information redundancy, thereby improving the recognition performance of the
model.

3.1. Time frequency feature extraction.
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3.1.1. Low level time-frequency feature extraction. This article selects MFCC (Mel Fre-
quency Cepstral Coefficients) containing both time-domain and frequency-domain infor-
mation as the input data for the model. It has been widely confirmed that CNN performs
well in feature extraction in the field of image processing, and this parallel network struc-
ture can effectively integrate time-domain and frequency-domain information.

The specific parameters of convolutional filters are described in the format of [filter
number, height x width]. Firstly, two specially designed convolutional filters are intro-
duced to extract low-level time-domain and frequency-domain features, respectively. The
MFCC features are processed through a [16, 1 x 3| time-domain convolution filter to ob-
tain a low-level time-domain feature matrix; after passing through a frequency domain
convolution filter of [16, 3 x 1], the low-level frequency domain feature matrix is obtained.
Taking the MFCC features extracted from the IEMOCAP dataset as an example, their
original sizes were (1,26,57). After parallel CNN extraction, the size of the low-level
time-domain and frequency-domain feature matrices became (16,26, 57).

3.1.2. Time frequency feature weighting. CNN utilizes convolutional layers to represent
spatial connections by combining receptive fields and feature information. This approach
not only captures the spatial properties of features, but also involves the interactions be-
tween channels. However, most existing models mainly focus on expanding the receptive
field to enhance the expressiveness of spatial features, often ignoring the intrinsic connec-
tions between channels. To compensate for this deficiency, it is recommended to conduct
in-depth modeling of the interrelationships between each channel. By exploring the logical
connections within the channel, it helps the model to more effectively characterize key fea-
tures and highlight important information of the image in the relevant field. Introducing
attention mechanism can promote the model’s understanding of the logical relationships
between channels during training, thereby achieving the capture of more comprehensive
feature information and enhancing the overall performance of the model. Introducing at-
tention mechanisms into network models can better identify potential logical connections
between different channels, enabling the model to capture complete feature information
more effectively during training. In view of this, this chapter utilizes a feature weighting
module (DW) with specific dimensions to enhance relevant information and reduce the
influence of irrelevant information. It introduces the plug and play channel attention
method SE Net and improves it to weight features from all dimensions simultaneously.

SE Net module is an innovative architecture focused on establishing potential con-
nections between channels. Unlike traditional network modules, SE Net emphasizes the
correlation within channels and adopts a novel channel compression and activation mecha-
nism designed to enhance the model’s understanding and processing capabilities of channel
relationships. The core of this strategy is to learn the potential logical relationships be-
tween channels by recalibrating the importance of each channel, rather than redefining
feature channels through network and spatial dimension transformations. Based on these
learned connections, re evaluate the importance of each channel, focus on key information
and ignore secondary information.

The main goal of SE Net is to explore potential correlations between channels and use
feature maps as the basis for all operations. With its simple structure, low complexity,
small memory footprint, and ease of use, it has significant advantages compared to other
modules of the same period and can be easily integrated as a plugin module into various
network architectures. This module focuses on analyzing and calculating the dependencies
and their importance between channels, in order to improve the overall performance of
the network and enhance sensitivity to these dependencies. This module evaluates and
ranks the importance of the current channel, and uses weight values to set the priority of
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each channel in the next stage. In addition, it learns the interaction information between
channels, so as to adaptively adjust the weights of each channel, enhance the attention
to key information channels, and reduce the attention to non key information channels.
This design makes the SE Net module more efficient and accurate in handling logical
associations at the channel level.

3.2. Model Architecture.

3.2.1. Dual feature fusion module. In order to effectively integrate complementary infor-
mation between time and frequency features while eliminating feature redundancy, we
propose a feature dual fusion module. This module consists of two parts: time-frequency
adaptive fusion block and global fusion block. The time-frequency adaptive fusion block
aims to adaptively capture and fuse complementary information between time-domain
and frequency-domain features, dynamically adjusting the weights of the two features
through attention mechanisms. The global fusion block aims to further integrate informa-
tion between different channels and enhance the global representation ability of features.
The design concept of the dual feature fusion module is to first capture the differences
and complementarity between time-domain and frequency-domain features in the chan-
nel dimension, and then fuse the information between different channels in the spatial
dimension, ultimately obtaining richer and more discriminative feature representations.
Time Frequency Adaptive Fusion. Using matrix operations and connection methods sim-
ilar to attention mechanisms, the extracted time-frequency features are adaptively fused.
Firstly, connect the time and frequency features for simple fusion:

Xrp = concat(X7, X}) (17)

Then, a convolutional layer with a kernel size of 1 x 1 is applied to capture cross channel
interactions and generate two weight maps to reallocate time and spectral features:

ar, ap = split (softmax(CoanD(X'TF))) (18)

The segmentation operation divides the feature map along the channel dimension, gener-
ating two weight maps ar and ap, which represent the spatial importance corresponding
to the time and frequency features and are shared among all channels. Finally, the ex-
tracted feature maps are weighted and fused based on the weighted map, so that the
depth time features and depth frequency features are adaptively fused in space. Then
apply 2 X 2 max pooling to obtain time-frequency fusion feature Xrp:

Xrp = maxpool(are X + ape X) (19)

Global Fusion. After adaptive weighted fusion of time-frequency features, the model also
applies a global fusion strategy to enhance communication between cross dimensional
features. The output of the first fully connected layer can be represented as:

where o(-) represents the activation function, GeLU is used as the activation function
in this scheme. Z represents the output of the first fully connected layer, where d =
| H/2] |W/2] and U represent the network parameters of the first fully connected layer.
The operation of the gating unit can be represented as:

7 =g(2) (21)

where Z represents the output of the gating unit, and g(+) represents the operation of the
gating unit. The gating unit is a key design of the gMLP block, which enables interaction
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of features from multiple angular dimensions. The operation of fully connected second
layer can be expressed as follows:

Y =2V (22)

where V represents the network parameters of the second fully connected layer, and Y
represents the output of the second fully connected layer. The second fully connected
layer maps the feature dimension from 2d back to d. It is worth noting that when g(-)
is an identity mapping, the gMLP block will degenerate into a conventional feedforward
network. Introducing residual connections in each gMLP block helps with convergence
during network training. In order to achieve interaction between multiple angular features,
the gating unit needs to have a contraction operation in the angular dimension, and a
relatively simple implementation is to use linear mapping. The linear mapping of features
in the angular dimension can be expressed as:

Jop(Z) =WZ +b (23)

where W is a parameter that can be trained in the gating unit, and each parameter
represents the correlation between two angular features; b is the bias for each angle feature
and is also a trainable parameter. The operation of a linear gating unit can be expressed
as a function:

9(Z) = Z O fup(Z) (24)

where € represents the multiplication operation at the element level. To reduce compu-
tational complexity, we divide Z into two parts (27, Z,) along the delay dimension. The
output of the final gate control unit can be expressed as:

9(Z) =71 ® fup(Z2) (25)

3.2.2. Owerall model. This model uses MFCC as input features and utilizes convolutional
neural networks to extract time-frequency feature representations from speech signals.
However, not all information in time-frequency features contributes to emotion recog-
nition tasks, and some features may have adverse effects on model judgment. To this
end, we introduced a channel attention mechanism that assigns different weights to each
channel, allowing the model to autonomously focus on features containing important
emotional information while reducing the attention to irrelevant features. On the other
hand, there is complementarity between temporal and frequency features, and fully uti-
lizing their information can help improve feature representation ability and avoid fea-
ture redundancy. Therefore, this article proposes a dual feature fusion module aimed at
capturing complementary features in both time and frequency dimensions, and achiev-
ing feature simplification and optimization through feature fusion, providing high-quality
feature representation for subsequent emotion recognition tasks. As shown in Figure 1,
this is a speech emotion recognition model framework based on TF-DF.

4. Experiment.

4.1. Datasets. In museum human-computer interaction, visitors’ emotions mainly in-
clude calmness, happiness, sadness, anger, fear, disgust, surprise, and neutrality. The per-
formance of speech emotion recognition largely depends on high-quality speech datasets.
However, due to the subjectivity and abstraction of sentiment data, constructing a speech
sentiment dataset containing accurate sentiment labels faces significant challenges. Indi-
viduals may have different perspectives and judgments regarding the emotional states
expressed in the same speech sample. Due to the high cost and difficulty in ensuring data
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Figure 1. The accuracy of each fold of the TF-DF model on various datasets

quality of self built voice emotion databases, most researchers choose to use existing pub-
lic datasets. Most widely used speech emotion databases adopt discrete emotion descrip-
tion models, covering the six basic emotions defined by Ekman, such as IEMOCAP [22],
EMODB, and RAVDESS [23]; In addition, the VAM database adopts a dimensional senti-
ment description model, where sentiment labels are represented in numerical form ranging
from —1 to 1. This study used two publicly available English datasets, IEMOCAP and
RAVDESS.

4.2. Evaluating indicator. Speech emotion recognition can basically be regarded as
a multi classification problem. In scenarios involving multiple classifications, commonly
used evaluation criteria include precision, recall, and F1 score. However, when dealing
with speech emotion recognition datasets using discrete emotion labels, uneven distri-
bution of categories may result in using accuracy as the sole evaluation criterion being
insufficient to reflect the comprehensiveness of the model. The reason for this situation
is that models tend to lean towards categories with a larger sample size, while ignoring
categories with fewer samples. Therefore, in order to more fairly evaluate the contribu-
tion of each category to the overall sample accuracy, this study used Weighted Accuracy
(WA), Unweighted Accuracy (UA), and F1 score as performance evaluation metrics for
the model. In the confusion matrix, TP: true positive, actual positive, predicted positive;
FN: False negative, actually positive, predicted as negative; FP: False positive, actually
negative, predicted as positive; TIN: True negative, actual negative, predicted negative,
P represents accuracy. The above three indicators are calculated based on the values of
TP, FP, TN, and FN, and the specific formulas are as follows:

WA = NZL Bl (26)
SN (TP, + FP;)
TP,
P=—""'_ 2
TP, + FP; (27)

N
1
UA = N;P,- (28)
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4.3. Experimental results and analysis. In FCM type algorithms, a large number
of experiments have shown that setting the membership weight index to 2 can achieve
better results. Based on experience, the membership weight index of all algorithms in this
section is set to 2, and the remaining parameters that need to be adjusted are selected
using a grid search strategy. The ANFCM algorithm has three parameters that need to be
adjusted. The first parameter is the regularization parameter «, which is used to adjust
the degree of influence of global information and sample point neighbor information on
clustering. The values are [0.001,0.01,0.1,1,10,100,1000,10000]; The second parameter is
the count of nearest neighbor sample points k., and the third parameter is the count of
nearest neighbor clustering prototypes k,. The settings for both parameters are the same,
2,3, 5,7,9, 15, 19, 25]. The regularization parameter A of the AFKM algorithm is set
to [0.001, 0.01, 0.1, 1, 2, 5, 10, 100].

This study used two datasets, IEMOCAP and RAVDESS, to test the model’s general-
ization ability and robustness. The experiment used a 10 fold cross validation method,
randomly dividing the data into a training set, a validation set, and a test set, with
proportions of 80%, 10%, and 10%, respectively.

Figure 2 shows the accuracy performance of cross validation folds of TF-DF features on
different datasets. Detailed analysis reveals that in the IEMOCAP dataset, the accuracy
of the validation sets at the 4th, 6th, and 7th folds has exceeded the level of the final test
set. Meanwhile, on the RAVDESS dataset, the accuracy of the eighth fold validation set
reached over 95%, demonstrating excellent performance.

(29)

95

== [EMOCAP
RAVDESS

90

70

4 6 8 10
Folds

Figure 2. The accuracy of each fold of the TF-DF model on various datasets

In order to further analyze the performance of the TF-DF model, this study presents
the sentiment recognition confusion matrix of the model on datasets IEMOCAP and
RAVDESS. The relevant confusion matrices are detailed in Figure 3 and Figure 4.

Based on the identification confusion matrix analysis of the TF-DF model on the pub-
licly available datasets IEMOCAP and RAVDESS, the model outperforms the model
introduced in Chapter 3 in terms of emotion label recognition performance. Specifically,
in the IEMOCAP dataset, the accuracy of identifying happy emotions is the lowest, which
is consistent with most studies. This is mainly due to the fusion of excitement and happi-
ness emotions, as well as the diversity of ways to express happiness emotions. There are
significant differences in the behavior of different individuals when expressing happiness.
Some people may appear extremely excited, while others may remain relatively calm, all
of which increase the complexity of identifying happy emotions. Relatively speaking, the
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Figure 3. Identification confusion matrix of TF-DF model on datasets IEMO-
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Figure 4. Identification confusion matrix of TF-DF model on datasets
RAVDESS

recognition effect of sad emotions is relatively excellent, thanks to its consistent and obvi-
ous expression, which makes its recognition rate relatively high. In the evaluation of the
TF-DE model, the recognition accuracy of the four core emotions: calm, sadness, anger,
and happiness are 73%, 85%, 72%, and 67%, respectively. On the RAVDESS dataset, the
recognition rates for neutral, calm, and angry all exceeded 90%. This indicates that the
new model architecture introduced in this chapter has achieved significant improvements
in overall accuracy. However, sensitivity to certain emotions still needs to be strengthened
and further optimization and improvement are needed. Applying the model proposed in
this article to the museum’s human-computer interaction system can more accurately
identify changes in tourists’ emotions and provide them with a better gaming experience.

5. Conclusions. This article proposes a speech emotion recognition model framework
based on TF-DF, which can improve the performance of museum human-computer in-
teraction systems and enhance the visitor experience. Considering that there may be
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irrelevant features in time-frequency features that do not contribute or interfere with
emotion recognition, a channel attention mechanism is adopted to automatically assign
different weights to each feature channel, automatically focusing on important features
containing emotional knowledge and ignoring irrelevant features. On the other hand,
there is complementarity between temporal and frequency features, and fully utilizing
both types of feature information can help enhance feature representation capabilities
and avoid redundant features. For this purpose, a dual feature fusion module was de-
signed to capture complementary features in both time and frequency dimensions, and
optimize features through time-frequency feature fusion to provide high- quality feature
representation for subsequent emotion recognition tasks. The model achieved competitive
performance on the IEMOCAP and RAVDESS datasets.

The experiment in this study was conducted under ideal conditions, and the dataset
used did not contain noise interference or involve noisy samples in practical applications.
In order to promote the application of speech emotion recognition technology in specific
environments, future work will mainly focus on the problem of emotion recognition in
noisy environments.
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