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Abstract
In recent years, classification-based speech emotion recognition
(SER) methods have achieved high overall performance. How-
ever, these methods tend to have lower performance for neutral
speeches, which account for a large proportion in most practi-
cal situations. To solve the problem and improve the SER per-
formance, we propose a neutral speech detector (NSD) based
on the anomaly detection approach, which uses an autoencoder,
the intermediate layer output of a pretrained SER classifier and
only neutral data for training. The intermediate layer output of
a pretrained SER classifier enables the reconstruction of both
acoustic and text features, which are optimized for SER tasks.
We then propose the combination of the SER classifier and the
NSD used as a screening mechanism for correcting the class
probability of the incorrectly recognized neutral speeches. Re-
sults of our experiment using the IEMOCAP dataset indicate
that the NSD can reconstruct both the acoustic and textual fea-
tures, achieving a satisfactory performance for use as a reliable
screening method. Furthermore, we evaluated the performance
of our proposed screening mechanism, and our experiments
show significant improvement of 12.9% in the F-score of the
neutral class to 80.3%, and 8.4% in the class-average weighted
accuracy to 84.5% compared with state-of-the-art SER classi-
fiers.
Index Terms: speech emotion recognition, neutral speech
detection, autoencoder, intermediate representation, screening
mechanism

1. Introduction
Speech emotion recognition (SER) is the task of recognizing
a speaker’s emotional state from his/her speeches. SER has
become an increasingly important task with the rise of voice-
based technologies such as virtual voice assistants, call-center
conversation analysis, and dialog systems. Based on deep
learning-based methods, the state-of-the-art SER methods [1–
7] have achieved high overall performance in classifying emo-
tions. However, these methods tend to have lower performance
for neutral speeches than for emotional speeches. Particu-
larly in business conversations, neutral speeches account for a
large proportion, so there is an urgent need to solve this prob-
lem. In general, increasing the amount of training data can be
effective in improving classification performance. However,
it is challenging to balance the number of neutral and emo-
tional speeches because of the high cost of collecting emotional
speeches. Another way to increase the training data is to use
a data augmentation method for SER [8]. However, the main
focus was not to improve the performance of neutral speeches
but on the underrepresented emotions.

In several practical settings, such as business conversation
analysis, most conversations do not contain emotions or are
considered neutral. Emotional speeches might indicate poten-
tial trouble or unanticipated events in conversations. On the ba-

sis of this idea, we focus on the anomaly detection approach that
uses only neutral speeches as training data. The anomaly detec-
tion model learns the representation of the normal data used in
training and identifies anomalous data, that is the data deviat-
ing from normal behavior. Here, normal data can be regarded
as neutral speeches and anomalous data as emotional speeches.
The anomaly detection approach has been investigated in the
acoustics domain, namely anomalous sound detection in ma-
chines [9]. In this approach, raw spectrograms are used as input
and an autoencoder as a reconstructor. Here, the reconstruc-
tor is trained to minimize the reconstruction error of normal
machine sounds. The normal machine sounds therefore will
be successfully reconstructed, whereas the anomalous ones will
not be reconstructed well. The anomalies in faulty machines
were successfully detected from sounds using this approach.

There are several challenges to applying the anomaly de-
tection approach to speech data in an SER domain. First, the
reconstruction of speech is difficult because of the high dimen-
sionality of a spectrogram and the variability of speech length.
Second, it is difficult to deal with textual information, which
is often utilized as input features in SER, to provide additional
hints for possible anomalies in the emotion domain. These two
problems can be solved by representing a raw spectrogram and
textual information with fixed-length low-dimensional vectors.
One way to realize it is to utilize the intermediate layer repre-
sentation of the SER classifier as the input for anomaly detec-
tion, which has been studied in the field of image anomaly de-
tection [10] and proven to be effective in improving the anomaly
detection performance.

Inspired by the results of the study on the anomalous sound
detection and tackling the classification task problems, we aim
to improve the classification performance of SER through the
anomaly detection approach combined with existing SER meth-
ods. First, we propose a neutral speech detector (NSD) that
uses an autoencoder and the output of an intermediate layer in
a pretrained SER classifier. The NSD reconstructs the output of
the intermediate layer extracted by the feature extraction part of
the pretrained SER classifier instead of reconstructing the raw
speech spectrogram. The pretrained SER classifier extracts both
the acoustic and text features and produces the fixed-length vec-
tor representation containing richer and optimized information
for SER tasks. Then, we propose the combination of the SER
classifier and the NSD used as a screening mechanism. Here,
the NSD is employed to screen neutral speeches. The remain-
ing speeches except for ones detected as neutral are classified
according to the class probability of the SER classifier. The
screening mechanism corresponds to the correction of the class
probability of the speeches detected in the neutral class, which
are incorrectly recognized in the SER classifier. We investigate
the performance of the proposed method by comparing it with
the state-of-the-art SER methods.
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Figure 1: Architecture of base SER

2. Overview of base SER classifier
The SER classifier illustrated in Fig. 1 is based on our previous
work [5]. The SER classifier consists of the acoustic feature
extractor, the text feature extractor, and emotion classifier. The
SER classifier receives input of speech and its automatic speech
recognition (ASR) result, which are then fed to the acoustic and
text feature extractor, respectively. The extracted feature rep-
resentations of acoustic and text are then concatenated and fed
to the emotion classifier to obtain the output of emotion class
probability.

The input acoustic feature in the pretrained SER classi-
fier consists of Mel-frequency cepstrum coefficients (MFCCs),
constant Q-transform (CQT), and fundamental frequency (F0).
These features are then fed to the bidirectional LSTM (BLSTM)
[11] network to obtain ei, which is defined as

ei = gi ⊕ hi, (1)

where gi, hi, and ⊕ represent the forward hidden states of
BLSTM, backward hidden states of BLSTM, and concatena-
tion, respectively. ei is then weighed for its importance by the
self-attention mechanism [12] defined as

αi = softmax(witanh(WeT
i )). (2)

Here, αi is the attention weight for each frame, and wi and W
are trainable parameters. Therefore, the weighted sum v from
BLSTM and attention weights is defined as

v =
T∑

i=1

αiei. (3)

After the weighted sum v is calculated, it is fed to a single fully
connected layer to obtain a fixed-length intermediate layer rep-
resentation, zacoustic, of acoustic features.

The text feature extraction in the pretrained SER classifier
uses the ASR text from the same speech data as the input. The
ASR result is first encoded by BERT word embedding [13]. The
resulting features are then fed to the text feature extractor, with
the flow similar to that of the acoustic feature extractor with the
addition of the self-attention correction mechanism explained
in our previous paper [5]. Here, we obtain the fixed-length in-
termediate layer representation ztext of text features.

The emotion classifier receives the output of the interme-
diate layer z = zacoustic ⊕ ztext, which is then fed to layers
of a dense network, providing emotion class probabilities. The
emotion class is selected from the highest emotion class proba-
bility.

3. Proposed method
3.1. Overview
The process flow of the proposed method is illustrated in Fig. 2.
The proposed method consists of the feature extractor, the NSD,
and the screening mechanism part. The feature extractor is
taken from the pretrained SER classifier explained in Sect. 2,
following the steps until the output of the intermediate layer
representation z, which is then fed to the autoencoder-based
NSD. The NSD works by reconstructing z, resulting in the re-
constructed feature vector ẑ and having the reconstruction error
calculated as the anomaly score. When the anomaly score ex-
ceeds the decision threshold value, the input speech is classified
as emotional (anomalous). Otherwise, it is classified as neutral
(normal). Finally, the screening mechanism part decides the
emotion class by correcting the neutral class probability based
on the anomaly score.

3.2. NSD
The NSD of our proposed method consists of a deep autoen-
coder [14], which is a deep-learning architecture primarily used
to represent higher-dimensional data, typically for efficient di-
mensionality reduction. In the proposed method, the autoen-
coder, which consists of the encoder E and the decoder D in the
form of two neural networks, is used to learn the representation
of neutral speech through the output of the intermediate layer z
of the SER classifier. The most attractive feature of our NSD is
that it can deal with not only acoustic information but also tex-
tual information as the target of reconstruction. z is transformed
into a compact bottleneck representation v with the encoder E ,
whereas the decoder D maps back the bottleneck representation
into the reconstructed intermediate layer representation ẑ. The
process is defined as

v = E(z|θE), (4)
ẑ = D(v|θD), (5)

where θE and θD represent the parameter set of an encoder and
a decoder respectively. The reconstruction error of the autoen-
coder, hereby defined as the anomaly score, is computed as the
mean square error (MSE)

r =
dim∑

i=1

∥zi − ẑi∥2, (6)

where dim is the dimension of z. As the autoencoder is trained
using only neutral speeches, z here represents the intermediate
layer representation of neutral speeches.

We investigated the anomaly scores of the neutral speeches
in the training data by the reconstruction experiment. As a re-
sult, it was found that the distribution of the anomaly scores is
asymmetric. So the neutral/emotional decision is conducted us-
ing a decision threshold obtained from the value applied to the
percentile point function of the Gamma distribution [15] of the
anomaly scores in the training data.

3.3. Screening mechanism
We introduce a screening mechanism to combine the results of
SER and the NSD to improve the SER performance further. In
the screening mechanism, the NSD is utilized as the main de-
cider for the final class decision, where speeches detected as
neutral are automatically regarded as neutral in the SER result.
In the following equation, we will assume p1, p2, ..., pk, ..., pC
as the SER class probability, C as the number of emotion
classes, pk as the neutral probability, and r as the reconstruction
error. We compare two screening mechanisms in this study.

Weak screening Speeches detected as neutral by the NSD
are regarded as neutral in the final SER class decision. On the
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Figure 2: Proposed method flow

other hand, the class decision for speeches not detected as neu-
tral will defer back to the initial SER class probability. This is
described as

pk =

{
1, r ≤ T ,

pk, r > T
(7)

where T is the decision threshold.
Strong screening This is similar to the weak screening in

terms of speeches detected as neutral. However, speeches not
detected as neutral are regarded as any class other than the neu-
tral class. In this case, the SER class decision takes the neutral
class probability out of the equation and takes the remaining
class with the highest probability as the result. The mechanism
can be described as

pk =

{
1, r ≤ T ,

0, r > T .
(8)

4. Experiments
4.1. Overview
The experiment aims to examine the effectiveness of the pro-
posed method in improving SER performance. First, we eval-
uate the performance of the NSD by reconstructing zacoustic,
ztext, and z, then comparing the F-score of neutral class with
the result of the pretrained SER classifier. Then, we evaluate
the overall performance of our proposed method of using the
NSD as a screening mechanism by comparing with the state-of-
the-art SER methods.

4.2. Dataset
In this study, we used the Interactive Emotional Dyadic Mo-
tion Capture (IEMOCAP) dataset [16], one of the benchmark
datasets for emotion recognition, to evaluate the effectiveness
of the proposed method. The IEMOCAP dataset consists of
scripted and improvised emotional speeches divided into five
sessions, each containing one male and one female speaker.
There are ten speakers (five males and five females) in the
IEMOCAP dataset.

For the pretrained SER classifier, we used the data from
four classes (happy, sad, neutral, and angry). To make it similar
to previous works, we included the utterances labeled as excited
to the utterances labeled as happy. The experiments were per-
formed in five fold cross-validation. The training set comprises
four sessions, and the test set comprises the remaining one ses-
sion to ensure speaker independence. The F-score reported are
based on the combined results from all five folds, not from av-
eraging the F-score in each fold. The details of the dataset are
shown in Table 1.

For the NSD, we used the same five fold cross-validation
setting with the pretrained SER classifier. However, because we
aim to train the neutral data representation, the training set con-
tains only the neutral speeches from each of the four sessions.

Table 1: Dataset specifications

Dataset IEMOCAP
Speakers 5 males and 5 females
Utterance length 1−19 s
# of utterances Happy 1689

Sad 1084
Neutral 1708
Angry 1103

On the other hand, the test set of the NSD uses the same dataset
as that for the SER but with the labels being neutral and the rest
of the classes being emotional.

4.3. Input features
The features inputted to the pretrained SER classifier were di-
vided into two parts for acoustic feature extraction and tex-
tual feature extraction [5]. For the acoustic feature extrac-
tion, we extracted a 33-dimensional feature consisting of 20-
dimensional Mel-frequency cepstral coefficients (MFCCs), 12-
dimensional constant Q-transform (CQT), and one-dimensional
fundamental frequency (F0). All of the acoustic features are
extracted using Librosa [17]. For the textual features, first,
we conducted ASR on the input speeches using a recognizer
pretrained with the Librispeech [18] dataset and Kaldi speech
recognition toolkit [19]. Librispeech consists of approximately
1000 hours of speech sampled at 16 kHz. Next, we encoded
the ASR texts using pretrained BERT [13], which was trained
from lower-case English texts. The pretrained BERT consists
of 12-layer and 110M parameters, resulting in 768-dimensional
textual features.

4.4. SER classifier and NSD specifications
The pretrained SER consists of a feature extractor (acoustic fea-
ture extractor and textual feature extractor) and the emotion
classifier. The feature extractor used BLSTM with 128 units
and a self-attention mechanism with 128 units for the acoustic
feature extractor and the additional confidence measure-based
correction mechanism for the text feature extractor. The re-
sulting intermediate layer representation z from the SER is a
256-dimensional vector, consisting of a 128-dimensional vector
from each of the acoustic and text features.

The NSD is an autoencoder consisting of nine layers with
units (256–128–64–32–16–32–64–128–256). The optimizer is
set to Adam [20] with a learning rate of 0.00001 and dropout to
0.2. For the anomaly score calculation, we use the Gamma dis-
tribution of the reconstruction error of neutral speeches. The de-
cision threshold is taken from the distributions’ percentile point
function with a value of 0.8, which yields the best performance
among the tested percentile values. We evaluate the results for
the NSD using F-score for neutral and the results for the SER
using the average unweighted accuracy (UA), average weighted
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Table 2: Comparison of reconstructed feature

Reconstructed feature Neutral F-score (%)
Base SER method 67.4
Text 61.1
Acoustics 76.0
Acoustics + Text 80.3

Figure 3: Confusion matrices (in %) for base SER method, weak
screening mechanism and strong screening mechanism

accuracy (WA), and F-score of each emotion class. The pre-
trained SER model used as the feature extractor was taken from
the model that yields the highest WA of the test data out of 100
epochs. Meanwhile, the results for the NSD were taken from
the highest neutral F-score of the test data out of 100 epochs.

4.5. Results

Table 2 shows the F-score of our proposed method’s neutral
class in reconstructing the different features. Results of our ex-
periment show that in all the different features reconstructed,
the proposed method outperforms the SER method in terms of
the neutral F-score. The base SER method (pretrained SER
classifier) obtained a neutral F-score of 67.4%. The perfor-
mance in reconstructing only the textual feature representation
and the acoustic feature representation yields neutral F-scores of
61.1% and 76.0%, respectively. On the other hand, the recon-
struction of both the acoustic and text features achieves a neutral
F-score of 81.0%, which shows significant improvement from
the base SER method and the reconstruction of a single feature.
One possible explanation is that the intermediate layer output
from the base SER method is produced by considering both the
acoustic and text features in the training phase. Therefore, it
is necessary for the NSD to use the representation from both
acoustic and text features to achieve the best reconstruction.
From the results, the NSD can be expected to have sufficient
reliability as an input to the screening mechanism.

Table 3 shows UA and WA of our proposed method and the
state-of-the-art SER classifiers with acoustic and text features
as the input. Overall, our proposed method using the NSD for
strong screening mechanism achieved UA and WA of 82.7%
and 83.2% respectively. On the other hand, the use of NSD
for the weak screening mechanism achieved UA and WA of
81.0% and 84.5% respectively. These results indicate the sig-
nificant improvement of our method compared with the base
SER method, achieving UA and WA of 75.9% and 76.1%, re-
spectively. Table 4 shows the F-score of each emotion class of
our proposed method and F-score reported in the state-of-the-art
SER classifiers. The F-score of neutral is improved from 67.4%
to 78.6% and 80.3% in the weak and strong screening mecha-
nisms, respectively. The screening mechanism results indicate
that the SER performance and the F-score of neutral speeches
can be increased simply just by prioritizing the NSD screen-
ing result, where neutral speeches are automatically regarded
as neutral. In results of the weak screening mechanism, most
of the emotional classes show some performance increase be-
cause the speeches incorrectly recognized as emotional classes
were corrected to neutral. However, the strong screening mech-
anism further improves the performance for neutral, angry, and

Table 3: SER performance comparison (UA, WA) with state-of-
the-art methods. The symbol ‘–’ means that the value does not
described in the paper.

Method UA (%) WA (%)
Neumann and Vu [2] – 56.1
Feng et al. [3] 69.7 68.6
Siriwardhana et al. [4] 75.5 –
Base SER method [5] 75.9 76.1
Wang et al. [6] 77.1 76.8
Priyasad et al. [7] 79.2 80.5
(Proposed) Weak screening 81.0 84.5
(Proposed) Strong screening 82.7 83.2

Table 4: SER performance comparison (F-score) with state-of-
the-art methods. The symbol ‘–’ means that the value does not
described in the paper.

Method F-score (%)
Happy Sad Neutral Angry

Neumann and Vu [2] 58.2 51.9 52.8 66.5
Feng et al. [3] 69.1 70.5 61.0 77.3
Siriwardhana et al. [4] 77.1 78.4 64.7 81.9
Base SER method [5] 81.5 76.2 67.4 80.4
Wang et al. [6] – – – –
Priyasad et al. [7] – – – –
(Proposed) Weak screening 85.2 75.6 78.6 82.5
(Proposed) Strong screening 85.0 78.0 80.3 85.3

sad speeches by 1.7%–2.8% from those of the weak screening
mechanism.

The confusion matrices from the base SER method, the pro-
posed method with the weak screening mechanism, and the pro-
posed method with the strong screening mechanism are shown
in Fig. 3. The strong screening mechanism improves the neu-
tral classification performance from the base SER method by
using only the neutral NSD detection result. As a result, it can
be observed that the strong screening mechanism tends to im-
prove the performance of both neutral and emotional classes in
a well-balanced manner. On the other hand, the weak screen-
ing method drastically improves the neutral classification per-
formance by using the NSD detection result and the SER class
decision. However, in the weak screening mechanism, it can
be observed that there is a tendency to incorrectly classify the
emotional speeches as neutral.

5. Conclusions
To improve the performance of SER particularly for neutral
speeches, we proposed an NSD that uses an autoencoder and
the output of the intermediate layer from the pretrained SER
classifier. It can deal with not only the acoustics information
but also the textual information as the target of reconstruction.
We then proposed a screening mechanism to screen the neu-
tral speeches ahead and correct the class probability of the SER
result. Experimental results confirmed that the NSD has a suffi-
cient reliability as an input to the screening mechanism, and the
screening mechanism achieved show significant improvement
of 12.9% in the F-score of the neutral class to 80.3%, and 8.4%
in the class-average weighted accuracy to 84.5% compared with
the state-of-the-art SER classifiers.
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