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Abstract: A speech emotion recognition (SER) model for noisy environments is proposed, by using
four band-pass filtered speech waveforms as the model input instead of the simplified input fea-
tures such as MFCC (Mel Frequency Cepstral Coefficients). The four waveforms retain the entire
information of the original noisy speech while the simplified features keep only partial information
of the noisy speech. The information reduction at the model input may cause the accuracy degra-
dation under noisy environments. A normalized loss function is used for training to maintain the
high-frequency details of the original noisy speech waveform. A multi-decoder Wave-U-Net model
is used to perform the denoising operation and the Wave-U-Net output waveform is applied to an
emotion classifier in this work. By this, the number of parameters is reduced to 2.8 M for inference
from 4.2 M used for training. The Wave-U-Net model consists of an encoder, a 2-layer LSTM, six
decoders, and skip-nets; out of the six decoders, four decoders are used for denoising four band-pass
filtered waveforms, one decoder is used for denoising the pitch-related waveform, and one decoder
is used to generate the emotion classifier input waveform. This work gives much less accuracy
degradation than other SER works under noisy environments; compared to accuracy for the clean
speech waveform, the accuracy degradation is 3.8% at 0 dB SNR in this work while it is larger than
15% in the other SER works. The accuracy degradation of this work at SNRs of 0 dB, −3 dB, and
−6 dB is 3.8%, 5.2%, and 7.2%, respectively.

Keywords: speech emotion recognition; emotion classification; SER; noisy environment; deep learning;
speech waveform; denoising; band-pass filter; pitch; Wave-U-Net

1. Introduction

Emotion recognition will be widely used for human–machine interaction, where
the machine responds to humans differently depending on the human emotions. The
recognized emotions can be used for health care [1,2], disease diagnosis [3], education [4],
vehicle safety [5], and music recommendation [6].

The emotion recognition can be conducted either by face or speech. Usually, the face
emotion recognition (FER) is more accurate than the speech emotion recognition (SER),
especially under noisy environments [7]. However, SER is more convenient than FER
because of the smaller data size required and also when emotion recognition is a part of a
larger speech application.

Most SER models focused on clean speech [8–16]. Only a few works are published for
the SER under noisy environments [7,17–22]. Chakraborty et al. (2019) [17] uses MFCC (Mel
Frequency Cepstral Coefficient) as the input feature, eliminates the noisy components from
the input MFCC feature, and then classifies the emotion of an utterance from the cleaned-
up MFCC using a conventional classifier. Huang et al. (2019) [18] compared the accuracy
of FER and SER under noisy environments; for SER, a WPCC (Wavelet Packet Cepstral
Coefficient) feature is generated from a noisy speech waveform and a deep neural network
(DNN) classifies the WPCC feature into four emotions. Tiwari et al. (2020) [19] proposed
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a generative noise model, where a randomly generated noise waveform is added to an
utterance waveform at each epoch. The randomly generated noise waveform is obtained by
multiplying a randomized frequency envelope by the frequency spectrum of white noise
and then performing the inverse Fourier transform on the resultant frequency spectrum.
An algorithm is used to extract a 6552 vector feature from an utterance. A DNN classifies
the 6552 vector into four emotions. Xu et al. (2021) [7] generates an MFCC vector from a
noisy speech waveform at every 32 ms, accepts the MFCC matrix for an utterance as the
input feature, classifies into four emotions after passing the input feature through several
CNN (convolutional neural network) layers, an attention layer, and a DNN classifier. Nam
and Lee (2021) [20] used two CNN blocks in series; one CNN block accepts the Short-time
Fourier Transform (STFT) of a noisy speech as input and generates the cleaned-up STFT
as output, the other CNN block accepts the cleaned-up STFT as input and performs the
emotion classification. Leem et al. (2022) [21] used a CNN block to rank the input features
based on the noise resiliency, and then used only the high-ranked input features for the
emotion recognition operation. After the above-mentioned work, Leem et al. (2023) [22]
cleaned up the low-ranked input features in terms of the noise resiliency by using GAN, and
then used all the input features including the cleaned-up ones for the emotion recognition.

The above-mentioned SERs for noisy environments tend to simplify the input speech
waveform into rather compact features, such as MFCC, WPCC, and the 6552 vector for
an utterance. Hence, a significant portion of information can be lost during the over-
simplifying step, and the accuracy might be degraded especially under noisy environments.

In this work, the entire time-domain waveform is used as the input to the deep learning
model without generating the simplified input features from the waveform. Besides, the
input waveform is converted into four band-pass waveforms in order to preserve the
small-magnitude high-frequency components. To perform the speech enhancement and
the emotion classification at the same time during the training step, a Wave-U-Net [23]
architecture was chosen in this work for the speech enhancement, because the Wave-U-
Net accepts a waveform as input and generates the same size waveform as output. The
Wave-U-Net of this work consists of an encoder, an LSTM (long short-term memory) layer,
six decoders, and the associated skip-nets. The six decoders generate four band-pass
waveforms, a pitch-related waveform, and an input waveform to the emotion classifier.
One of the six decoders generates the pitch-related waveform because the large-magnitude
pitch may be resilient to noise. The emotion classifier consists of a CNN layer followed by
a DNN layer.

Because the Wave-U-Net of this work is trained to fit the four band-pass waveforms
and the pitch-related waveform generated by the five decoders to the corresponding
ground-truth waveforms with the normalized function, this work eliminates the noise
components in the small-magnitude high-frequency signals as well as the large-magnitude
low-frequency signals. Due to the denoising operation of the above-mentioned five de-
coders, the noise components in the input waveform to the emotion classifier are reduced,
since all the six decoders share the encoder and the LSTM layer.

Section 2 explains the proposed U-Net-based deep learning model. Section 3 presents
the experimental results. Section 4 discusses this work.

2. Proposed Deep Learning Model

The model proposed in this work accepts a noisy waveform (x) of an utterance as input
and generates the probabilities of four emotions as output. The model consists of a block of
four band-pass filters, a Wave-U-Net, and an emotion classifier (Figure 1). The passbands of
the band-pass filters are 0∼1 kHz, 1 kHz∼2 kHz, 2 kHz∼4 kHz, and 4 kHz∼8 kHz. Three
401-tap FIR (finite impulse response) low-pass filters with bandwidths of 1 kHz, 2 kHz,
and 4 kHz are used to generate the four band-pass waveforms.

The Wave-U-Net consists of an encoder, a 2-layer LSTM block, six decoders, and
skip-nets which deliver the intermediate outputs of the encoder to the decoders. The six
decoders generate four cleaned-up waveforms (ŷ1, ŷ2, ŷ4, and ŷ8), a pitch-related waveform
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(ŷp), and a waveform (ŷemo) which will be the input to the emotion classifier. The emotion
classifier generates the probabilities of four emotions (angry, happy, sad, and neutral).
The sample rate of the noisy input waveform (x) is 16 kS/s. The waveform is applied
to the band-pass filter, and the four band-pass filter outputs are up-sampled to 64 kS/s
before being applied to the encoder. All the six decoder outputs are down-sampled back to
16 kS/s.

The encoder is composed of five CNN layers in series connection (Figure 2a); each
CNN layer consists of a series connection of a down-sampling Conv1D layer with K = 12
and S = 4, GELU, a Conv1×1 layer, and GLU; K is the kernel size of the 1D CNN and S is
the stride. The shapes of the noisy waveform (x) and the band-pass filter output (xbp f ) are
[T] and [T,4], respectively; T is the number of sample points of an utterance at the sample
rate of 16 kS/s. The encoder input (x′bp f ) has the shape of [4*T, 4]. The output channel size
of each CNN layer increases from 20, 40, 80, 160, and 320, as the encoding step proceeds.
The output of each CNN layer is sent to both the upper-level CNN layer and the skip-net.
The encoder output (z, [T/256, 320]) is sent to the 2-layer bi-directional LSTM to generate
the same-shape output (z′).

Figure 1. The proposed model for speech emotion recognition, a multi-decoder Wave-U-Net.
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The LSTM output (z′) is sent to six decoder blocks. Each decoder block consists of
a Conv1×1, a decoder, and a 4× down-sampler, and a skip-net. To maintain the same
number of trainable parameters for the encoder and the six decoders, the input channel size
of a decoder is around 1/

√
6 times the output channel size of the corresponding encoder.

The Conv1×1 layer of each decoder block reduces the channel size from 320 to 131. Each
decoder of the decoder block is composed of 5 CNN layers in series connection; each
CNN layer consists of a series connection of a Conv1×1 layer followed by GLU and an
up-sampling TransposedConv1D layer with K = 12 and S = 4, and GELU. GELU is not
added at the last CNN layer of the decoder. The input channel size of the CNN layers
of a decoder is 131, 65, 33, 16, and 8, respectively. The shape of the final CNN layer of
the decoder is [4*T]; this is down-sampled by 4× at the final stage of the decoder block
to generate ŷ with the shape of [T]. The skip-net of each decoder block consists of five
Conv1×1 layers; they reduce the output channel size to compensate for the channel size
difference between the encoder and the decoder.

Figure 2. Detailed structure of the proposed speech emotion recognition model shown in Figure 1
(a) encoder and decoder block with skip-networks; (b) emotion classifier.
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The emotion classifier accepts the input ŷemo with the shape of [T] and generates four
probabilities (p̂emo, [4]) for the emotions. The emotion classifier is composed of four Conv1D
layers with K = 12 and S = 4 followed by the Global average layer, two linear layers, and a
softmax layer (Figure 2b). The Global average layer performs the time-averaging operation
and converts the input with the shape of [T/256, 256] to the output with the shape of [256].

Table 1 lists the number of parameters of each block of the proposed model. The
encoder, the LSTM, and the decoder blocks use 1.1 M, 1.2 M, and 1.7 M parameters,
respectively. For training, all the blocks of Figure 1 are activated and 4.2 M parameters are
used. For inference, the decoder blocks including the five decoders on the upper left-hand
side of Figure 1 are turned off and only 2.8 M parameters are used.

Table 1. Number of parameters of each component of the proposed model in million units.

Step
Component

Total
Encoder LSTM Decoder Blocks Emotion Classifier

Training 1.1 1.2 1.7 0.2 4.2
Inference 1.1 1.2 0.3 0.2 2.8

The model parameters are trained to fit the five waveforms (ŷ1, ŷ2, ŷ4, ŷ8, and ŷp)
and an emotion probability vector (p̂emo) to the ground-truth counterparts. Among the
ground-truth counterparts, the emotion probability vector (pemo) is a one-hot vector ([4])
corresponding to the ground-truth clean speech waveform. The ground-truth band-pass
waveforms (y1, y2, y4, and y8) are generated by applying the three FIR low-pass filters
to the ground-truth clean speech waveform (Figure 3). The ground-truth pitch-related
waveform (yp) is generated from the pitch mark timing data, which are provided by running
REAPER [24] on the ground-truth clean speech waveform. Because the discrete-time pitch
mark timing is difficult to train with the deep learning model, the pitch mark timing is
replaced by a continuous-time pitch-related waveform (yp); the pitch-related waveform is
a sinusoidal wave during the voiced period and is 0 during the unvoiced period. Because
the pitch mark timing is not uniform in time, the ground-truth pitch-related waveform (yp)
is a sine wave with non-uniform periods; the rising zero-crossing time of the sine wave
matches the pitch mark timing and the amplitude of the sine wave follows the envelope of
the ground-truth clean speech waveform. The envelope follows the absolute value of the
ground-truth clean speech waveform with the exponential rise and fall decays; the time
constant is 5 ms.

The loss function (Equation (1)) is the sum of the wave loss function (Equation (2))
and the emotion loss function (Equation (3)). The wave loss function is a normalized L1
loss averaged over N utterances and summed over five waveforms (1, 2, 4, 8, and p); the
waveform is normalized by the standard deviation and ϵ is 10−4. The emotion loss function
is a cross-entropy function.

Ltotal(ŷ, y) = Lwave(ŷ, y) + Lemo(ŷ, y) (1)

Lwave(ŷ, y) =
1

N × T ∑
m∈M

N

∑
n=1

T

∑
t=1

|ŷm,n(t)− ym,n(t)|
σym,n + ϵ

, where M = {1, 2, 4, 8, p} (2)

Lemo( p̂, p) = − 1
N

N

∑
n=1

C

∑
c=1

pn,c log( p̂n,c) (3)
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Figure 3. Generation of the ground-truth waveforms used for training. (a) ground-truth clean
speech waveform, (b) ground-truth y1, (c) ground-truth y2, (d) ground-truth y4, (e) ground-truth y8,
(f) ground-truth yp, the vertical red dotted lines are the pitch mark timings.

3. Experimental Results

In this work, the clean speech utterances were taken from the 7-h-long IEMOCAP [25]
with 5531 utterances with four emotions (angry, happy, sad, and neutral) (Table 2); 4425
(80%) utterances were assigned for training, 555 (10%) utterances were assigned for valida-
tion, and 551 (10%) utterances were assigned for the test. The average and the standard
deviation of the time duration of the IEMOCAP utterances are 4.5 s and 3.2 s, respectively.
The time duration of the clean speech utterance was fixed at 7.5 s by taking only a 7.5 s
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portion of the IEMOCAP utterances longer than 7.5 s and zero-padding the IEMOCAP
utterances shorter than 7.5 s.

Table 2. Dataset used in this work, ‘tr’: training, ‘va’: validation, ‘te’: test.

Type Dataset Subset Usage Time
(hours)

Clean IEMOCAP [25]
5531 utterances of four classes

(angry, happy, neutral, sad) tr, va, te 7.0

Noise

CHIME3 [26] backgrounds tr, va 8.4

MS-SNSD [27] noise_train tr 2.8
noise_test va 0.5

NoiseX92 [28] - te 1.0

The noise datasets in CHIME3 [26] and MS-SNSD [27] were used for training and
validation. The NoiseX92 [28] was used for the test. The data augmentation was used for
training; a noisy speech waveform is generated by adding a clean speech utterance and
randomly selected noise data with a random SNR among −6, −3, 0, 3, 6, and ∞ (clean) dB,
at every epoch. To enhance the reliability of the test accuracy, the 551 utterances assigned
for the test were multiplied by 15 times to 8265 utterances; an utterance out of the original
551 utterances was added to all the 15 noise files of the NoiseX92 dataset to generate
15 noisy speech waveforms.

The accuracy of this work was compared to the published SER works under noisy
environments (Table 3). While the published SER works use simplified input features
such as MFCC, WPCC, and a 6552 vector, this work uses the original speech waveform
as input without any simplification process. It is estimated that the information loss of
the simplified input features may be susceptible to accuracy degradation due to noise.
The accuracy values of this work are 66.2% and 62.4% for SNRs of ∞ (clean) and 0 dB,
respectively; the accuracy degradation at an SNR of 0 dB is 3.8% in this work, while the
accuracy degradations of other works at an SNR of 0 dB are 15.5% or larger. The accuracy
degradations of this work at SNRs of −3 dB and −6 dB are 5.2% and 7.2%, respectively.

Table 3. Performance comparison of speech emotion recognition models under noisy environments
at different SNR values, diff. is the accuracy difference between clean (∞) and 0 dB SNR.

Methods Input Params
Accuracy (%)

∞ 0 dB diff.

[17] MFCC - 51.2 32.1 −19.1
[18] WPCC - 70 30 −40
[7] MFCC - 72.3 48.0 * −24.3
[19] 6552 vector 19.7 M 62.7 47.2 −15.5

This work waveform 4.2 M 66.2 62.4 −3.8
* 1.4 dB SNR.

The accuracy comparison of this work with [19] with SNR down to −6 dB (Table 4)
presents that the accuracy degradations of this work due to noise are 0.7%, 2.4%, and 3.8%
at SNRs of 20 dB, 5 dB, and 0 dB, respectively, while those in [19] are 2.2%, 11.1%, and
15.5%, respectively. This demonstrates that this work is more resilient to noise than [19].

Table 4. Accuracy comparison with SNR down to −6 dB.

Methods Params
Accuracy (%)

∞ 20 dB 5 dB 0 dB −3 dB −6 dB

[19] 19.7 M 62.7 60.5 51.6 47.2 - -
This work 4.2 M 66.2 65.5 63.8 62.4 61.0 59.0
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To assess the effect of the four band-pass waveforms used for input and ground-truth
on the accuracy, the accuracy values of the three models are compared in Table 5. The
six-decoder model (proposed model) uses the four band-pass filter waveforms (xbp f ) as
input and generates four band-pass waveforms (ŷ1, ŷ2, ŷ4, and ŷ8) and a pitch-related
waveform (ŷp) to compare with the ground-truth waveforms. Out of the six decoders, five
decoders generate the above-mentioned five waveforms (ŷ1, ŷ2, ŷ4, ŷ8, and ŷp) and the
remaining one decoder generates the emotion classifier input waveform (ŷemo). The three-
decoder model uses the raw speech waveform as input and generates a speech waveform
and a pitch-related waveform to compare with the ground-truth waveforms. Out of the
three decoders, two decoders generate a speech waveform and ŷp and the remaining one
decoder generates the emotion classifier input waveform (ŷemo). The two-decoder model
uses the raw speech waveform as input and generates a speech waveform to compare with
the ground-truth waveform. Out of the two decoders, one decoder generates a speech
waveform, and the other decoder generates the emotion classifier input waveform (ŷemo).
On average, the accuracy of the six-decoder model (proposed model) is better than the
three-decoder model and the two-decoder model by 4.3% and 5.7%, respectively. The
pitch-related waveform enhanced the accuracy by 1.4% on average. The ablation study was
performed to find out the significance of each of the five waveforms (ŷ1, ŷ2, ŷ4, ŷ8, and ŷp)
used in the proposed model.

Table 5. Performance comparison of this work with six decoders with the model with two or three
decoders.

Methods
Accuracy (%)

∞ 20 dB 5 dB 0 dB −3 dB −6 dB

Proposed (six decoders) 66.2 65.5 63.8 62.4 61.0 59.0
speech waveform, pitch (three decoders) 61.9 61.4 60.1 57.7 57.1 53.9
speech waveform (two decoders) 58.6 58.8 58.3 57.7 56.8 53.4

Table 6 lists the accuracy values at different SNR values for the proposed model and
the models where one of the five waveforms is removed from the proposed model; to
remove a waveform from the proposed model, the corresponding decoder is also removed
from the proposed model.

Table 6. Ablation study of this work.

Methods
Accuracy (%)

∞ 20 dB 5 dB 0 dB −3 dB −6 dB

Proposed 66.2 65.5 63.8 62.4 61.0 59.0
w/o 0∼1 kHz 60.7 60.5 59.9 57.5 56.4 53.5
w/o 1 kHz∼2 kHz 61.9 61.4 60.0 58.7 57.1 54.9
w/o 2 kHz∼4 kHz 63.2 62.3 61.9 60.8 59.6 57.2
w/o 4 kHz∼8 kHz 62.1 62.5 62.2 60.8 59.0 56.6
w/o pitch 63.8 63.4 61.8 60.6 59.5 57.5

Table 7 presents the averaged accuracy of the ablation study models (Table 6); the
accuracy values of each model were averaged w.r.t. SNR to obtain the averaged accuracy.
The accuracy degradation data compared to the proposed model reveals that the 0∼1 kHz
waveform is the most important, and the 1 kHz∼2 kHz waveform is the second most
important. Besides, the high-frequency waveforms (2 kHz∼4 kHz and 4 kHz∼8 kHz) play
substantial roles in emotion recognition. The pitch-related waveform is also helpful in
enhancing the accuracy.
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Table 7. Average accuracy for different SNRs of the ablation study models in Table 6 and the accuracy
degradation from the proposed model.

Removing Component

- 0∼1 kHz 1 kHz∼2 kHz 2 kHz∼4 kHz 4 kHz∼8 kHz Pitch

Avg. acc. (%) 63.0 58.1 59.0 60.8 60.5 61.1
Acc. deg. (%) 0 −4.9 −4.0 −2.2 −2.5 −1.9

Because the IEMOCAP dataset is a relatively small dataset (7 h long), the model
trained on the IEMOCAP dataset may be susceptible to the overfitting problem. Unseen
test datasets (RAVDESS [29] and EmoDB [30]) were applied to the models trained with
different datasets (IEMOCAP, ESD [31], and IEMOCAP + ESD) to assess the overfitting
problem (Tables 8 and 9). The models trained with a single dataset (IEMOCAP or ESD) are
susceptible to the overfitting problem, while the model trained with a combined dataset
(IEMOCAP + ESD) is resilient to the overfitting problem. ESD is a 29-h dataset in English
and Mandarin with five emotions [31]. RAVDESS is an 89-min dataset in English with
eight emotions [29]. EmoDB is a 24-min dataset in German with seven emotions [30]. Only
four emotions are used for the comparison in this work.

Table 8. Accuracy comparison of the RAVDESS [29] test dataset for models with different train-
ing datasets.

Training Dataset
Accuracy (%)

Clean 20 dB 5 dB 0 dB −3 dB −6 dB

IEMOCAP 47.2 47.3 46.3 45.3 45.1 44.6
ESD * [31] 48.7 48.8 48.4 47.5 46.1 44.3
IEMOCAP + ESD 58.8 58.7 57.9 56.4 55.1 52.7

* English only.

Table 9. Accuracy comparison of the EmoDB [30] test dataset for models with different train-
ing datasets.

Training Dataset
Accuracy (%)

Clean 20 dB 5 dB 0 dB −3 dB −6 dB

IEMOCAP 55.2 55.8 57.4 58.8 59.8 59.7
ESD * [31] 69.3 69.5 67.7 66.9 66.0 64.0
IEMOCAP + ESD 75.2 75.7 75.3 73.9 73.0 71.4

* English only.

4. Discussion

A noise-robust speech emotion recognition model is proposed in this work. The
proposed model generates an emotion probability vector for four emotions (angry, happy,
sad, and neutral) from a noisy speech waveform corresponding to an utterance. The
input noisy speech waveform is converted to four band-pass filtered waveforms (0∼1 kHz,
1 kHz∼2 kHz, 2 kHz∼4 kHz, and 4 kHz∼8 kHz) by using 401-tap FIR filters.

The model consists of a multi-decoder Wave-U-Net and an emotion classifier. The
multi-decoder Wave-U-Net of this work is composed of the band-pass filters, 4× up-
samplers, a five-stage down-sampling encoder, a 2-layer LSTM, six five-stage up-sampling
decoders, skip-nets, and 4× down-samplers. The noisy speech waveform input has the
shape of [T] at the sample rate of 16,000 Samples/s, the following band-pass filters generate
a [T,4] shaped signal, the following 4× up-samplers generate a [4*T, 4] shaped signal,
the following encoder generates a [T/256, 320] signal, then the 2-layer LSTM generates a
[T/256, 320] signal, then the six decoders generate a [4*T, 6] signal, and then the 4× down-
samplers generate a [T, 6] signal. The outputs of the six decoder blocks ([T, 6]) consist of
four band-pass filtered waveforms, one pitch-related waveform, and one emotion classifier
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input waveform. The emotion classifier generates an emotion probability vector of [4] from
the emotion classifier input waveform.

The six decoder blocks perform the denoising operation to generate a cleaned-up
emotion classifier input waveform from a noisy speech waveform input. The six-decoder
architecture reduces the number of model parameters to 2.8 M for inference from 4.2 M for
training by turning off the five decoder blocks for the four band-pass filtered waveforms
and the pitch-related waveform.

The model is trained to fit the five decoder block outputs (four band-pass filtered
waveforms, a pitch-related waveform) and an emotion probability vector to the ground-
truth counterparts by using a loss function which is the sum of the wave loss function
and the cross-entropy emotion loss function. Because of the normalized L1 loss function
used for the wave loss function, the high-frequency details are well retained in the emotion
classifier input waveform.

The IEMOCAP [25] was used for the clean speech dataset. The noise datasets
CHIME [26] and MS-SNSD [27] were used for training and validation, and NoiseX92 [28]
was used for test. REAPER [24] was used to extract the pitch mark timing from the
clean speech; the pitch mark timing data were used to generate the ground-truth pitch-
related waveform.

The accuracy degradation for a noisy speech input waveform with the 0 dB SNR is
3.8% in this work while it is larger than 15% in the published SER works for the noisy
environments [7,17–19]. It is estimated that the use of the four band-pass filtered wave-
forms of a noisy speech as an input to the model contributes to the robust operation of
this work under noisy environments. The four band-pass filtered waveforms retain the
entire information of the noisy speech input without any loss of information. Because the
published SER works for noisy environments use simplified input features such as MFCC
as input to the model, it is conjectured that a significant amount of information may be lost
during the simplification process of the input features. The accuracy degrades by 5.2% and
7.2% at SNRs of −3 dB and −6 dB, respectively, compared to the clean speech case.

If the four band-pass filtered waveforms are replaced by the raw speech waveform in
this work, the accuracy averaged over different SNR values down to −6 dB degrades by
4.3% compared to the clean speech case. If the pitch-related waveform is further removed
in the above case, the averaged accuracy degrades by 5.7%.

The ablation study indicates that the 0∼1 kHz waveform is the most important (accu-
racy degradation of 4.9% compared to the proposed model), and the 1 kHz∼2 kHz wave-
form is the second most important (4.0%). The high-frequency waveforms (2 kHz∼4 kHz
and 4 kHz∼8 kHz) cannot be neglected in the emotion recognition (2.2% and 2.5%, respec-
tively). The pitch-related waveform is also helpful to enhance the accuracy (1.9%).

The model trained with a combined dataset (IEMOCAP + ESD) is resilient to the
overfitting problem compared to the models trained with a single dataset (IEMOCAP
or ESD).

All the SER datasets [25,29–31] used in this work are recorded by actors, not by
ordinary people. Because the emotions from actors may be over-emphasized compared to
the emotions from ordinary people in real life, the models trained with the datasets from
actors might suffer from accuracy degradation in real-life applications. Although the SER
datasets recorded by ordinary people in real life are not available nowadays except for the
video challenge [32] to the best of the authors’ knowledge, it is considered desirable to use
the SER datasets recorded by ordinary people in real life for future works.
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