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Abstract: This study aims to establish a greater reliability compared to conventional speech emotion
recognition (SER) studies. This is achieved through preprocessing techniques that reduce uncertainty
elements, models that combine the structural features of each model, and the application of various
explanatory techniques. The ability to interpret can be made more accurate by reducing uncertain
learning data, applying data in different environments, and applying techniques that explain the
reasoning behind the results. We designed a generalized model using three different datasets, and
each speech was converted into a spectrogram image through STFT preprocessing. The spectrogram
was divided into the time domain with overlapping to match the input size of the model. Each
divided section is expressed as a Gaussian distribution, and the quality of the data is investigated
by the correlation coefficient between distributions. As a result, the scale of the data is reduced, and
uncertainty is minimized. VGGish and YAMNet are the most representative pretrained deep learning
networks frequently used in conjunction with speech processing. In dealing with speech signal
processing, it is frequently advantageous to use these pretrained models synergistically rather than
exclusively, resulting in the construction of ensemble deep networks. And finally, various explainable
models (Grad CAM, LIME, occlusion sensitivity) are used in analyzing classified results. The model
exhibits adaptability to voices in various environments, yielding a classification accuracy of 87%,
surpassing that of individual models. Additionally, output results are confirmed by an explainable
model to extract essential emotional areas, converted into audio files for auditory analysis using Grad
CAM in the time domain. Through this study, we enhance the uncertainty of activation areas that
are generated by Grad CAM. We achieve this by applying the interpretable ability from previous
studies, along with effective preprocessing and fusion models. We can analyze it from a more diverse
perspective through other explainable techniques.

Keywords: speech emotion recognition; explainable model; deep learning; YAMNet; VGGish;
audible feature

1. Introduction

In modern society, speech is used in various fields, including human–computer in-
teraction, emotion analysis, and voice-based services. Speech is a representative way for
users to express information, emotions, and thoughts. Therefore, it has become important
to accurately receive and analyze speech data acquired from computers, smartphones,
smartwatches [1], and smart homes to understand the emotions and thoughts of users.
The information obtained from speech data is used to improve the quality of products
and services. It is analyzed in various fields, such as mental state recognition, emotion
classification, emotional analysis, the Internet of Things, and speech recognition systems [2].
It is also used for decision-making and health-status monitoring by understanding the
emotional states of individuals or groups [3]. Unnecessary elements, such as environ-
mental noise, breakage, and errors in speech classification add uncertainty to the inferred
results. This leads to distrust in the model in terms of the correctness of the area focused on
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and the performed classification. Applying appropriate preprocessing can remove these
unnecessary elements while increasing the quality of voice data [4].

Additionally, appropriate feature extraction methods are required for analyzing speech
complexity and diversity [5]. A spectrogram shows the shape of the extracted features,
which allows visual inspection of the frequency component changes over time. Moreover,
it can be analyzed by viewing it as an image and then applying a computer vision tech-
nique [6]. In a spectrogram study, an explainable model can be applied to determine the
relationship between the input and output data to identify which time–frequency domain
influences the results of the classification model. When the results of a classification model
are analyzed using an explainable model, the reliability of the former is increased, and its
performance can be improved by additional research and analysis [7].

This study converted acquired speech signals into spectrogram images for analysis
in the time–frequency domain. Unnecessary elements (such as noise, silence, and dis-
connection, etc.) that could lead to an incorrect decision-making process through the
classification model were processed. Such elements are inevitably created in the process of
acquiring speech. Instead of manual removal, an algorithm using Gaussian distribution
and correlation coefficients was applied to exclude unnecessary divisions, which reduced
the learning time and computational resource consumption. Three datasets were used for
emotion classification to ensure that the classification model could be generalized. To im-
prove classification performance, a visual geometry group-like audio classification model
(VGGish) and yet another mobile network (YAMNet) model were combined to effectively
extract emotion-related features from data acquired in diverse environments and lines.
The combined model collected more information and extracted more features than the
independent models. In the combined model, a late-fusion method was used to classify
emotions by learning the same training data independently and then sharing information
in the layer before classification. Additionally, by applying three explainable models to the
classified results, the emotional feature section in the input time–frequency domain images
was confirmed in various ways. The activation region extracted with gradient-weighted
class activation mapping (Grad CAM) was analyzed in the time domain, and an algorithm
was designed to convert it into a speech file. The converted voice section contained features
related to each emotion in the recorded speech. These features can be directly checked by a
user to increase the model’s reliability and serve as data for further research.

The remainder of this paper is structured as follows: Section 2 presents the related
research on spectrogram image analysis using deep learning and interpretable techniques.
Section 3 describes the spectrogram transformation methods and Gaussian data selection
(GDS) mechanism used in the data preprocessing in this study. Section 4 presents the
features of VGGish and YAMNet and the structure and characteristics of the fusion model
designed using these models. Section 5 describes the interpretable techniques (Grad
CAM, LIME, and occlusion sensitivity) that were used for identifying the activation area.
Section 6 explains the three datasets employed for designing a generalized model applicable
to various environments and contexts. Section 7 discusses the analysis of the experimental
setup and the results, and Section 8 concludes the study.

2. Related Work
2.1. Studies Applying Deep Learning to Spectrogram Images

This section presents studies conducted on spectrograms in which a one-dimensional
(1D) signal was converted into two-dimensional (2D) data by applying deep learning to
obtain more information and applications. Each study used preprocessing methods and
network designs for speech research.

Xi [8] added specific values to insufficient areas to reduce confusion in training and
classification when dividing speech data containing imbalanced time. This was achieved by
using the IEMOCAP dataset. Padded data were trained and classified by a model that used
a convolutional neural network (CNN) and long short-term memory (LSTM). The model
was evaluated by weighted accuracy (WA), which assigns weights according to the number
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of samples when data are imbalanced. It was also evaluated using unweighted accuracy
(UA), which reflects equally regardless of the number of samples. The evaluation of the
accuracy of the emotion classification model by WA and UA showed that WA was evaluated
at 71.45%, and UA was evaluated at 64.22% when specific values were padded. When the
length of speech data was imbalanced, WA reached 68.86%, and UA was at 57.45%, showing
slight variations. Badshah [9] constructed a model using a CNN and a fully connected
layer. The model’s performance was compared with that of the fine-tuned, pretrained
AlexNet using seven-emotion data contained in the Berlin dataset for effective speech
emotion recognition (SER). AlexNet showed an imbalance in that the accuracy was high in
certain classes but low in others; therefore, the mean accuracy was 56.19%. The proposed
model was confirmed to be even more effective than AlexNet, with a mean accuracy of
56.38%. Zhang [10] used speech data containing MUOC classroom atmosphere information
to check and observe the atmospheric and environmental characteristics of a classroom
containing many people. Filter bank, Mel-frequency Cepstral Coefficients (MFCC), and
spectrogram features were collected to improve performance and reduce loss. Each feature
was processed using an independently trained hybrid neural network combining CNN and
LSTM models. The information collected from each feature map, independently processed
by the network, was classified into six types of classroom atmospheres. When all the
collected features were combined and classified, the lowest loss rate was 24.64%. Raja [11]
conducted a study to confirm an effective data type when recognizing emotions using the
Berlin dataset speech data. Speech data in 1D audio type was converted to a 2D image type
by MFCC and used for training support vector machine (SVM), 1D-CNN, and 2D-CNN
models. Each model classified seven emotions for each gender: SVM, using 1D audio-type
data had the lowest performance, whereas the 2D-CNN model using 2D image-type data
from the MFCC showed the highest performance, achieving 92.5% accuracy in all classes.
Thus, transforming speech data into 2D image-type data is effective when classifying speech
data. Zheng [12] proposed training NAO robots to respond according to a recognized
user’s emotion using CNN and random forest (RF) models with the CASIA emotion dataset
from China. The data that the robots collected in everyday environments were mixed with
noise and had lower purity than the data used for training. Therefore, to improve the
generalization performance compared to those of existing methods, features of the speech
data were extracted using the CNN model and the extracted feature map was classified
using the RF classifier for six emotions. When classified through CNN, a performance
of 81.43% was achieved, and when using RF together with CNN, the performance was
increased to 84.68%, confirming that using CNN and RF together was effective in the
learning process for NAO robots. Heng [13] converted speech data to spectrograms to
extract time–frequency features from the IEMOCAP dataset and divided each spectrogram
into certain sizes. Emotion-related features were extracted using a CNN, and temporal
features were learned and extracted using an LSTM. The extracted features were classified
into six classes and evaluated using the WA and UA methods. WA achieved 64%, while
UA achieved 56%.

Classification studies applying deep learning to spectrogram images show high per-
formance when the amount of data is small, but most studies using a lot of other data show
low accuracy. It can be confirmed that emotional features were not properly extracted in a
lot of data.

2.2. Studies Applying Deep Learning and Explainable Methods to Spectrograms

This section presents various studies in which deep learning was applied to 2D
spectrogram images, using explainable models. The model’s decision-making process was
verified by applying explainable techniques to increase its reliability, and activation areas
were also used as data.

Yuanyuan [14] converted speech data in the IEMOCAP dataset into spectrogram
images and extracted feature maps using AlexNet. The feature maps processed attention
using the tanh and softmax activation functions to highlight the essential feature channels
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in the attention layer. They identified that the model, applied by CNN and LSTM, achieved
a WA of 68.8% and UA of 59.4%; however, the accuracy was effectively improved to a
WA of 70.4% and a UA of 63.9% when attention was applied. The focus area of the model
was visually confirmed using Grad CAM. Carofilis [15] proposed recognizing a speaker’s
place of local origin using the VCTK dataset. Speech data were converted into spectrogram
images and trained using CNN models. The essential areas created using Grad CAM were
combined with a spectrogram to create new feature vectors. These feature vectors were
applied to various machine learning algorithms (MLAs) to classify a speaker’s place of local
origin. The model performances were evaluated using the unweighted average recall (UAR)
and macro average accuracy (MAA) and compared with those of other methods, such as
the speech wave input and other MLA methods. SVM was measured as 0.348 in MAA
and 0.340 in UAR, GaussianNB was measured as 0.262 in MAA and 0.262 in UAR, and
passive aggressive was measured as 0.351 in MAA and 0.356 in UAR. Bicer [16] conducted
a study on acoustic scene classification, in which sound signals were analyzed to identify
the environment and scene to manage and analyze the surroundings. This study used the
dataset employed in the DCASE 2016 challenge. Spectrogram images converted into speech
signals were trained using ResNet to classify three different environments and identify the
areas that influenced the classification decision. The classification achieved an accuracy
of 91.82% and the time–frequency area related to the classified class is highlighted using
Grad CAM. This highlighted area is then converted into a sound signal for confirmation.
Cesarelli [17] used PCG signal data from Kaggle to train phonocardiogram signals with
various hyperparameter values and 2D-CNN models and to classify normal and abnormal
sounds. That model was evaluated with an accuracy of 86%, and the decision of the model
to classify normal and abnormal sounds in the time domain of the heartbeat was confirmed
using Grad CAM for the results. Lee [18] conducted a study to predict the recovery of
patients who underwent thyroid cancer surgery by converting their speech sounds before
and after surgery into spectrograms. The training involved the use of EfficientNet and
LSTM, with patients and vocal data provided by DIRAMS. The results showed that the
trained model achieved an evaluation score of 0.822 by AUROC. Additionally, Grad CAM
was used to confirm the area affected in the time-frequency domain corresponding to
the classification.

In a study that applied deep learning and explanatory techniques to the spectrogram,
the decision-making process of the model was mainly confirmed using only Grad CAM.
However, since the information that can be obtained with a heat map is limited, it is
advantageous to use more diverse models and aspects.

3. Materials and Methods

This section describes the method for treating unnecessary data by preprocessing
speech data. It also introduces a constructed network that can accurately classify and apply
speech data across various contexts. Subsequently, explainable techniques and the method
for their use to analyze the output of a model from various aspects are discussed. Figure 1
shows the common architecture of various proposed analyses that apply explainable models
for emotion recognition.

In this study, speech data were converted using short-time Fourier transform (STFT),
used as input for a CNN-based network, and then divided in time based on the network
input size. Data selection was performed for each segmented region using a Gaussian
distribution and correlation coefficients to treat the unnecessary data. This process resulted
in a reduction of data scale, training time, and memory consumption. The network design
independently extracted various features from the selected data, synthesizing them for
training and classification. Three explainable models were applied to analyze the classified
results. Based on these analyses, the decision-making process was examined, and the
activation time–frequency area corresponding to emotions was identified. Subsequently,
the activation area identified through Grad CAM was applied to the speech data to directly
identify linguistic and phonetic characteristics.
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Figure 1. Diagram of speech emotion recognition and analysis using gradient-weighted class activa-
tion mapping (Grad CAM) and local interpretable model-agnostic explanations (LIME).

3.1. Convert Speech Data to Spectrogram Images

Speech contains a large amount of information in the time and frequency areas. Us-
ing raw speech data is inadequate for capturing all speech information. Therefore, this
information can be converted to a spectrogram for study and analysis because it can
confirm the change in the time–frequency area, allowing direct visualization. This study
converted a speech signal to a spectrogram image using STFT, a frequently used method
for conversion, using the parameters listed in Table 1. Figure 2 shows the progressing of
STFT, a representative technology for converting speech signals into the time–frequency
domain. It divides time into window sizes and applies a fast Fourier transform (FFT) to
each section to obtain the frequency information. To obtain the desired frequency range,
the filter parameters listed in Tables 2 and 3 were used when converting a spectrogram.
The spectrogram was then divided according to the model input size, with an overlap of a
certain size incorporated into the time domain.

Table 1. Summary of the related literature.

Author Purpose Dataset Model Performance

Xi Speech emotion classification IEMOCAP CNN+LSTM WA: 71.45,
UA: 64.22

Badshah Speech emotion recognition Berlin CNN, AlexNet 56.19%, 56.38%

Zhang Classroom atmosphere
classification

MUOC classroom
atmosphere information CNN+LSTM Error rate: 24.64%

Raja Speech emotion classification Berlin dataset (EMO-DB) SVM, 1D-CNN, 2D-CNN 92.5%
Zheng Speech emotion classification CASIA emotion dataset CNN + random forest (RF) 75.57%

Heng Speech emotion classification IEMOCAP CNN+LSTM WA: 64,
UA: 56

Yuanyuan Speech emotion recognition IEMOCAP AlexNet,
CNN+LSTM/Grad CAM

WA: 70.4,
UA: 63.9
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Table 1. Cont.

Author Purpose Dataset Model Performance

Carofilis Speaker’s place recognition VCTK CNN/Grad CAM MAA: 0.351,
UAR: 0.356

Bicer Acoustic scene classification DCASE 2016 challenge
dataset ResNet/Grad CAM 91.82%

Cesarelli Heartbeat sound
classification

Heart sound database
in Kaggle 2D-CNN/Grad CAM 86%

Lee Predict sound recovery Patients and vocal data
by DIRAMS

EfficientNet +
LSTM/Grad CAM AUROC: 0.822
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Table 2. Short-time Fourier transform (STFT) parameters to convert log-Mel spectrogram.

Window Size Overlapping
Size Window Type Range of

Frequency

STFT parameter 1200 720 Hann “periodic” One-way

Table 3. Audio filter parameters involving the fast Fourier transform (FFT).

Number
of Frequency Band Sampling Rate Frequency Scale FFT Length

Audio filter 64 channels 48,000 Mel 1200

3.2. Gaussian Data Selection Mechanisms

When acquiring speech data, matching the length of the data is difficult, even if the
same lines are used. The data length varies depending on the speaker’s pronunciation
speed, interruptions, and noise. The consumption of computing resources increases with
the increase in the data scale, which leads to inclusion of unnecessary sections, unrelated
to emotions. Various data preprocessing methods are being studied to select and exclude
unnecessary sections.

Figure 3 illustrates the application of a Gaussian distribution and correlation coeffi-
cients to select unnecessary sections in the acquired data. The selection process excludes
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heterogeneous data based on the correlation coefficients in the divided data section rather
than simply removing sections with low or high data values by Algorithm 1. After calculat-
ing the mean and variance of the divided section, expressed as a Gaussian distribution, the
correlation coefficients between all distributions are calculated, normalized, and selected
based on the set threshold. Using the above method, sections having a low correlation
with the data containing emotional features (i.e., sections that are heterogeneous from the
Gaussian distribution of the emotional feature section) are excluded from learning. Accord-
ingly, the data scale and computing resource consumption are reduced while maintaining
classification accuracy.

Algorithm 1. Pseudocode of Gaussian data selection algorithm.

Gaussian Data Selection Algorithm

Audiodata = {x1, x2, . . . , xN}, N = number o f data
S1 = STFT(x1), SN = {S1, S2, . . . , SN}

Si = {Si1, Si2, . . . , SiD}, D = number o f divided f or each data
µij = mean

(
Sij

)
, σij = std

(
Sij

)
Gij = Gaussian

(
Sij; µij, σij

)
Ci = Sum(Correlation Coe f f icient(Gi1, Gi2, . . . , GiD), Dim = 1)

Ci = [C1, . . . , CD], Scorei = normalize(Ci)

Selected data =
{

Sij

∣∣∣Scoreij > T
}

, T = Threshold
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4. Late-Fusion Model Design with VGGish and YAMNet
4.1. Features of VGGish and YAMNet Models

Figure 4 shows the structure of the VGGish model developed by Google that is
used for speech recognition and classification in this study. It is designed as a CNN by
modifying an existing visual geometry group (VGG) network for image classification in
speech data processing.

The model above, designed to extract features from 2D data rather than 1D data in
the time domain, uses a convolutional layer that learns the spatial patterns and features
of an input image through weights and batch normalization. An activation function layer,
which allows learning highly complex patterns by applying nonlinear features, is used
to output the spatial feature vectors of the audio images for analysis and classification.
A global pooling layer is not applied to preserve the spatial feature information in the
time–frequency domain of the input spectrogram. The number of channels in the fully
connected layer is designed to be large enough to generate a feature map larger than the
input data. The output information is synthesized and used for classification, utilizing
the location characteristics of the time–frequency domain that can be obtained for each
pooling layer.
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In VGGish, feature maps were extracted for each pooling layer, except for the first
pooling layer. The size of the feature map extracted from the network is [24 × 16 × 128/12
× 8 × 256/6 × 4 × 512], respectively. Each feature map aggregates information that can be
obtained from each layer by adjusting and fusing the number of channels.

Similar to VGGish, YAMNet, as shown in Figure 5, is an audio classification model
developed by Google. It is a transfer learning model that learns from a large-scale dataset
to perform 512 different speech recognition tasks, including animal sounds, cars, music,
nature, and human conversations. This model is based on a CNN and consists of a
convolution layer that can extract spatial patterns and features of multiple images. It also
contains a pooling layer, which increases computational efficiency by reducing the spatial
dimensions, as well as an activation function layer. Using a global pooling layer before the
classification layer, the model focuses on the channel characteristics of the extracted feature
map rather than the time–frequency positional characteristics of the feature map input from
the previous layer. It is designed to identify the overall features of the input spectrogram
image and does not rely on the positional features. Figure 6 shows the classification process
of combining the feature maps obtained from each transfer learning model. Here, feature
maps in VGGish were obtained by each pooling layer except for the first pooling layer.
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4.2. Introduction to the Late-Fusion Model

The fusion method combines the information extracted from different data sources
or models to achieve a better performance than independent models. More cases can be
learned by combining information from models with information from feature extraction
methods, which are also used to integrate information from multiple sensor data.

This study selected a late-fusion method to input the same data into YAMNet and
VGGish, learn in parallel, and appropriately combine the obtained information to im-
prove the classification results. Figure 7 shows the area activated using Grad CAM in
the layer before classification, when the same spectrogram image is input to each model.
Owing to the structural differences between the models, VGGish achieves a high location
resolution by extracting locational features in the time–frequency domain of the image.
Conversely, YAMNet is designed to identify overall features of an image and does not
rely on locational features to analyze information. Consequently, there is a difference in
analyzing information.
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Figure 8 shows the designed model that extracts patterns and features for emotion
classification from preprocessed data and integrates information to classify the emotion
classes. New feature information is generated by adding the information obtained from
each layer of VGGish. Three types of data are synthesized, and a network that synthesizes
the feature information and classifies the emotions in the final classification layer is de-
signed. When combining features in a fusion model, the addition or multiplication method
is mainly used. However, in the above network, to reduce the influence between the feature
channels, a depth-combining method is used to combine the features extracted using the
two models. This method not only maintains the information but also classifies it through
the interaction of various information in the fully connected layer.



Appl. Sci. 2024, 14, 1553 10 of 23Appl. Sci. 2024, 14, x FOR PEER REVIEW 10 of 24 
 

 
Figure 8. Late-fusion networks of YAMNet and VGGish. 

5. Explainable Artificial Intelligence Model 
For artificial intelligence (AI) to assist user judgment and be used in activities such as 

production, confirming the basis and validity of the results is necessary. Figure 9 shows 
an explainable model (explainable AI) that uses data and labels in conjunction with ma-
chine and deep learning models to understand and interpret the factors and areas that 
affect the input data. This technology can improve the performance of the machine and 
deep learning modules by confirming incorrect classifications and predictions. It also im-
proves reliability by making it easier for users to understand. A decision tree or linear 
regression model is simple. Therefore, the decision-making process can be confirmed us-
ing the model itself. Other complex models require additional processing, such as Grad 
CAM, activation, occlusion sensitivity, and LIME. 

 
Figure 9. Explanation of explainable AI. 

Figure 8. Late-fusion networks of YAMNet and VGGish.

5. Explainable Artificial Intelligence Model

For artificial intelligence (AI) to assist user judgment and be used in activities such as
production, confirming the basis and validity of the results is necessary. Figure 9 shows an
explainable model (explainable AI) that uses data and labels in conjunction with machine
and deep learning models to understand and interpret the factors and areas that affect
the input data. This technology can improve the performance of the machine and deep
learning modules by confirming incorrect classifications and predictions. It also improves
reliability by making it easier for users to understand. A decision tree or linear regression
model is simple. Therefore, the decision-making process can be confirmed using the model
itself. Other complex models require additional processing, such as Grad CAM, activation,
occlusion sensitivity, and LIME.
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5.1. Grad CAM Technique

Grad CAM creates a focus area that uses the gradient of the classification class, which
uses a backpropagation gradient to describe the class classification of a model [19]. An
input image is passed through a CNN to generate a feature vector, and the class is classified
using this feature vector. As the score of the classified class, the gradient collected for each
channel in the previous layer is used as a weight to determine how much each channel
influences the class score. The spatial area related to the class is obtained from the feature
map, restored to the original size, and expressed visually. As can be seen in Figure 10, Grad
CAM uses a spectrogram that is converted to examine the changes in both the time and
frequency domains. Subsequently, the spectrogram passes through a CNN, and the results
demonstrate which time and frequency section are essential for the classification class by
restoring them to the size of the original.
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5.2. LIME Technique

LIME is an explainable technique that determines how small areas, such as pixels of
the input data, affect model classification [20]. As shown in Figure 11, the above method
transforms a specific area of the input image by adding noise, inputs the transformed areas
into the model, and measures the prediction results of the model. A vector is created from
the measured feature values for each pixel or specific area, and training is performed using
a simple model, such as linear regression, based on the prediction results of the images
corresponding to the feature vector.
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The trained model calculates the influence of each pixel or specific area of the original
image in the image class classification and visualizes it as a heatmap. The predicted results
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are measured by transforming various time–frequency pixel areas in the spectrogram image,
and the model learns to determine which areas influenced the classification.

5.3. Occlusion Sensitivity Technique

Figure 12 shows how occlusion sensitivity can be achieved by blocking a specific area
of the image inputted into the model. The impacted areas were determined by checking
the results based on occlusion sensitivity. Continuously altering the position of the blocked
area visually illustrates the extent of influence of each position on the model predictions.
The above method examines the influence of the area by repeatedly covering the image
and a specific part of the voice or text, filling the area with random or average values, and
entering them into the model to check for changes in accuracy.
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6. Speech Emotion Datasets and Data Selection Method

To evaluate the performance of the proposed model, we use three datasets (CSU
2021, CSU2022, and AI-Hub), acquired from different environments. These datasets were
constructed by Korean speech. The entire data from these datasets are combined and used
for both training and validation.

6.1. CSU 2021 Speech Emotion Dataset

The above dataset was obtained from 100 people in 2021 at Chosun University, com-
prising the general public, theater actors, and AI characters. A total of 40 lines, with 10 lines
related to each of the four distinct emotions from dramas or movies, were collected. As
shown in Figure 13, the speeches were recorded by the participants in a quiet space to miti-
gate noise, using a Sony stereo lavalier microphone (ECM-LV1). This microphone is used
to record ten voices for each of the four emotions from both theater actors and the general
public, resulting in 40 voices. The AI character uses Typecast, an AI voice actor service,
and the Prosody program to create ten basic voices and ten voices with adjusted speed
and tone. All AI voices are produced by a single AI character in the same environment.
Consequently, 80 voice data points, 20 for each emotion, were generated. The voices were
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recorded through a microphone and configured, as shown in Figure 14. Data samples are
as shown in Figure 15.
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6.2. CSU 2022 Speech Emotion Dataset

The dataset above, created by Chosun University in 2022, comprises data from
200 members of the general public. It was acquired for classification into eight emotional
states: happy, neutral, angry, sad, chagrin, disgust, fear, and surprise. For each emotion,
ten situations and ten short lines suitable for it were selected to prompt participants to act
with the intended emotions. A Sony stereo lavalier microphone (ECM-LV1) was used as
the acquisition equipment to record signals at 48 kHz. They were recorded alone in a quiet
space to minimize noise as much as possible. The data were organized in the WAV format,
with each participant contributing ten files per emotion, a total of 80 files per person. The
overall dataset, consisting of 16,000 files, was configured as shown in Figure 16. Data
samples are as shown in Figure 17.
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6.3. AI-Hub Dataset for Emotion Classification

The above data are from the AI-Hub’s public data [21]. AI-Hub is an AI-integrated
platform that anyone can utilize and participate in by supporting the AI infrastructure (AI
data, AI SW API, computing resources) necessary for developing AI technology, products,
and services. Among the existing public data, FER 2013 shows a large difference in the
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amount of data for each emotion, and the facial emotion data are acquired in low quality.
The SFEW data were high-quality data but small in size, with approximately 2000 cases.
In the case of CMU-MOSI, the speech domain was limited to movie reviews and the
emotion classification was limited to positive and negative; thus, AI-Hub’s public data
were compiled. The dataset was gathered from among 100 aspiring actors and acting
experts, acquiring seven emotional classes: happy, surprised, neutral, fearful, disgusted,
angry, and sad. A total of 10,351 videos and voices were included by performing speech
and acting, 100 times per emotion. The speech files were configured as shown in Figure 18.
Data samples are as shown in Figure 19.
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6.4. Gaussian Data Selection

When speech is divided into time domains according to the model input size, unnec-
essary sections unrelated to the features to be classified and predicted are generated. To
effectively select and exclude this section, GDS preprocessing using a Gaussian distribution
and correlation coefficients was performed. Figure 20 shows the number of sequence
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segmentations for each file in the training data before applying the GDS and the number of
sequence segmentations for each file in the training data after the application. The data
before application are divided, consisting of 165,240 data points. After the application,
unnecessary sections are reduced to 140,885, a total of 24,385 data points are excluded, and
the data are reduced by 15%. These results confirm that the learning time and the time
consumed computing resources can be saved.
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7. Experimental Findings and Results
7.1. Training Environment and Parameters

The hardware used for the experiments was NVIDIA GeForce GTX TITAN X, 32G
RAM, and Intel(R) Xeon(R) CPU E5-1650 v3. The parameters of the audio filter and
STFT for conversion to a log-Mel spectrogram were adjusted considering the hardware
performance and experimental time. Table 4 lists the hyperparameters used to learn the
designed network after data preprocessing. The optimization function uses adaptive
moment estimation (Adam), which is frequently implemented in deep learning.

Table 4. Training hyper-parameter.

Solver Training Rate Epoch Batch Size

Training hyper-parameter Adam 0.01 20 128

7.2. Accuracy Analysis per Class

Classification was performed on the sequence segmentation sections using the above
model. The accuracy values of the sections corresponding to the original data were synthe-
sized, and the average value was used to define the class. Learning and validation data
were conducted by mixing data from the entire dataset and dividing it into 85:15 ratios.
Figure 21 shows the accuracy of the developed fusion model, demonstrating high accuracy
in classifying the four core emotions. As shown in Figure 22, the GDS is applied to remove
data that do not affect learning. Its accuracy was analyzed using test data in which the
same data selection was applied. The total number of data points was not affected, and as
the number of sequence segmentation sections corresponding to each data point decreased
by 15%, the learning time decreased, while the accuracy remained similar.
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Table 5 shows the evaluation of the classification performance before and after apply-
ing the GDS. The results indicate a similar classification accuracy with and without GDS.
However, the training time demonstrates a reduction from approximately 90 min to 70 min,
resulting in a 22% decrease in time and memory consumption. Following the classification,
various explainable models were applied to the network to analyze the focused areas. This
analysis aimed to identify the sections used for correct classification and those leading to
incorrect classifications. Such insights allow model users to understand the model behavior
and facilitate efforts to improve its performance in the future.

Table 5. Comparison of performance before and after Gaussian data selection (GDS).

Accuracy Recall F1 Score Training Time

Before GDS
Results 86.54% 0.8681 0.8653 89.87 (min)

After GDS
Results 85.82% 0.8614 0.8583 70.62 (min)

Figure 23 compares the performances before and after applying the GDS to the de-
signed fusion model and existing transfer learning models, VGGish and YAMNet, in terms
of accuracy, recall, and F1 score. Recall is an evaluation indicator representing the ratio
of what the model predicts as positive to actual positives. The F1 score is the harmonic
average of the model precision and recall and is an indicator of the evaluation by consider-
ing the two. YAMNet shows the lowest performance, and VGGish outperforms YAMNet.
The designed model shows improved performance in terms of all evaluation indicators
compared to the existing transfer learning model. There is only a small difference before
and after applying the GDS.
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7.3. Focus Area Analysis with Explainable Model

Various preprocessing and training were performed to train the time–frequency char-
acteristics related to emotion in the input data. Explainable techniques were subsequently
used to confirm the features’ components used for classifying the emotions in the model.
Figure 24 shows the characteristics of the frequency domain. The activation for each emo-
tion can be determined based on the statistics of the entire dataset. In the case of anger and
happiness, relatively high-frequency regions are commonly activated, whereas in the case
of neutrals and sadness, lower-frequency regions are activated.
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Figure 25 shows the activated area when the speech obtained using lines related to
anger is converted into a spectrogram. The focused area is analyzed using the trained model
and Grad CAM. The above method can be seen in the red area, where the time–frequency
region influences the decision-making of the model. It is confirmed that the model focuses
on areas with large values and combines areas with various values to classify emotions.
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Figures 26–29 show images that verify the model’s decision-making process by apply-
ing Grad CAM, LIME, and occlusion sensitivity to the speech spectrograms. In images in
which the explainable technique is applied, areas of the input spectrogram that influence
the model’s decision-making can be identified. Grad CAM uses gradient information
through class scores in the model. Therefore, it has a high level of interpretation regarding
which areas are important. In the case of LIME and occlusion sensitivity, by checking
the extent to which a certain area influences the model classification, the areas that affect
classification differently from Grad CAM can be determined.
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Figure 29. Happy emotion spectrogram (raw signal, Grad CAM, LIME, and occlusion sensitivity).

7.4. Applying the Focus Areas of the Explainable Models to Audio

Figure 30 shows that the influence of the frequency, obtained from Grad CAM, is
added to the time domain to examine time features rather than frequency features in
the input image. Many frequency areas are considered to be concentrated in specific
periods, indicating that words or intonation during these times play an important role
in classification. When the parameters used for spectrogram conversion are reversed to
restore the size of the original speech signal, it becomes difficult to perceive it audibly due
to noise. Therefore, convolution with a filter value of one is applied to a rapidly vibrating
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part and postprocessed to stabilize it, ensuring it sounds natural when heard. Speech from
areas with positive activation values are then extracted to determine which words, phrases,
and intonations influence the classification decision.
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data, YAMNet and VGGish were combined, resulting in the generation of structural 
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Figure 31 shows, among the happy emotion lines, the line “Call for sure, I love skiing
so much.” The line is analyzed by restoring the audio resolution to the area that the model
focused on when classifying the emotion. When analyzing the visually expressed activation
area by applying it to speech, the model focuses on the sections “for sure” and “so much”.
Therefore, it is confirmed that the focus is on the emotional characteristics that appear in
each emotion’s intonation or word elements during speech. In the case of a neutral emotion,
we identified the focus on uniform distribution throughout the dialogue.
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8. Conclusions

In this study, we conducted a study to learn the emotion classification model through
various Korean-based data and to increase the reliability of the classification results. In
order to enhance the accuracy of model decision-making, uncertain factors must be mini-
mized during the learning process, and generalization capabilities must be achieved by
extracting a lot of information from input data. To do this, we created refined data through
a Gaussian data selection algorithm that selects the data needed as a correlation coeffi-
cient by representing data from three datasets converted into spectrograms with STFTs
as Gaussian distributions for each segmented interval. Through this algorithm, unnec-
essary elements were reduced to make learning clearer, and the required learning time
and computing resources could be reduced. In order to learn accurate features from the



Appl. Sci. 2024, 14, 1553 22 of 23

refined data, YAMNet and VGGish were combined, resulting in the generation of struc-
tural features for each model. This confirmed that combining each model in the proposed
manner has higher performance than using it individually. The trained model confirmed
the decision-making process in many aspects by applying various explanatory techniques.
By analyzing the two-dimensional activation area in both time and frequency domains,
respectively, the frequency domain activated for each emotion was identified, and the
model’s concentration area was converted into an audio file to directly check the process.
In this study, the activation area of the model was converted into an audio file so that it
could be confirmed. However, there is a limitation wherein people may not understand the
output if the model does not focus on word features. In future studies, it is expected that
this research will contribute to the classification of voice emotions by assessing whether
high performance is maintained in data from other languages and by further investigating
whether the activation area can be correctly identified.
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Abbreviations

SER Speech emotion recognition IEMOCAP Interactive emotional dyadic motion capture database
STFT Short-time Fourier transform MUOC Massive open online course
Grad CAM Gradient-weighted class activation mapping EMO Emotional speech database

LIME
Local interpretable model-agnostic

CASIA Chinese Academy of Sciences Institute of Automation
explanations

VGGish
Visual geometry group-like audio

VCTK Voice cloning toolkit
classification model

YAMNet Yet another mobile network DCASE
Detection and classification of acoustic scenes
and events

GDS Gaussian data selection DIRAMS Dongnam Institute of Radiological & Medical Sciences
CNN Convolutional neural network AI Artificial intelligence
LSTM Long short-term memory CSU Chosun University
UA Unweighted accuracy RF Random forest
WA Weighted accuracy MLAs Machine learning algorithms
MFCC Mel-frequency cepstral coefficients UAR Unweighted average recall
SVM Support vector machine MAA Macro average accuracy
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