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ABSTRACT. Stress is a psychological problem that can affect anyone, including children.
Detecting stress in children is a complex problem because they are generally unaware of the
psychological problems they are experiencing and have verbal limitations that affect their
communication skills with their parents. One of the biomarkers that can be used to detect
stress is the voice (speech signal). The use of speech in stress detection has advantages
in terms of convenience for the subject and ease of acquisition. This study proposes a
stress detection model through speech signals in a multi-speaker environment. This model
accepts audio input from the classroom environment, where there is moise and many
speakers’ voices overlap. The audio acquired is then separated using a speech separation
algorithm based on an RNN architecture, producing output as segregated speech. The
speech is then extracted for features and fed to the stress detection model based on CNN
architecture, which predicts the speaker’s stress status. The experimental results show that
the proposed model is capable of speech separation with up to five speakers and predicts
the stress status of the subject with an average accuracy of 95.6%.

Keywords: Stress detection, Child mental stress, Speech separation, Speech signal,
Deep learning

1. Introduction. Psychological stress is a change in a person’s emotional state as a
response to the pressures faced in everyday life. According to the psychological review,
stress or distress is a condition that triggers a person to express negative emotions such as
anger, sadness, panic, fear, and anxiousness [1]. Several studies related to psychological
stress show that prolonged stress is closely correlated with decreased cognitive ability,
motivation, decision-making skills, and spatial awareness of a person [1-4].

Children are a group that is also vulnerable to stress. Based on data from WHO (World
Health Organization), the global prevalence of children with stress-related health problems
is estimated to be around 13 percent of the population of children worldwide which, when
observed statistically, is more or less balanced with the prevalence of mental problems
in adults, which reaches 20 percent of the adult population [5]. This fact may indicate
that mental problems experienced in childhood can be carried over into adulthood if no
intervention is made to address the underlying problems. The main problem with stress
detection in children is that detecting stress in children is more challenging than detecting
stress in adults. Children, especially in pre-and early school age, generally have limited
verbal abilities, which limit their ability to communicate with their parents or caregivers
about the various problems they face; moreover, a child is generally not aware of stress
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itself as a psychological condition that can have a negative effect on them [6,7]. Stressors or
stimuli that trigger stress in children can come from any source, such as family problems,
difficulty following lessons, to bullying problems at school. Stress that occurs at this age
which is still classified as a golden age, if left untreated, can cause problems that interfere
with the growth and development of children [8,9].

Voice (speech) is one of the biomarkers that can be used to detect a state of psy-
chological stress because voice output is a psychophysiological response resulting from
the cooperation of approximately one hundred muscles connected by a network of cra-
nial nerves and spinal nerves and is an integrative part of the psychophysiological stress
system in humans [10,11]. Psychological stress experienced by a person affects how the
body works, such as the emergence of muscular tension, increased respiratory rate, and
excessive saliva production, which then affect voice reproduction, such as voice pitch,
intonation, speech prosody, and many other sound parameters [12]. Using voice signals
to detect stress eliminates the need for sensors or devices to be worn on the body, mak-
ing it more convenient and safe for children. Voice can also be easily obtained from the
microphone, making it possible to build a large database to support the stress detection
model. However, the process of selecting and extracting sound features needed to support
the model is crucial to obtain good accuracy [13].

Many studies on stress detection through speech have been conducted in recent years.
However, this study uses voice acquired in a controlled or stationary environment, where
each subject’s voice is recorded individually with minimal or no ambient sound [10,14-19].
Although this method can achieve high accuracy, it is unlikely to identify the activity or
event that triggers the stressful state (stressor) because the moment of the stressful event
might have passed by the time the subject’s voice was acquired. In addition, acquiring
individual subject voices will increase the number of voice recordings that must be stored
and analyzed. To overcome these problems, this study proposes a stress detection model
that acquires voice directly from the environment where children learn and play. This
environment is generally a non-stationary environment where many sound sources come
from the surroundings, for example, the voices of other children or adults and noise from
the environment. The solution to the problems presented is the primary focus of this
study, which is to detect stress through the speech acquired from a noisy multi-speaker
environment where the speaker’s voices overlap.

Deep learning is used in a wide range of fields due to its ability to analyze large amounts
of data and extract meaningful patterns. With the support of deep learning, areas such
as computer vision and signal processing are experiencing very rapid development [20].
In this study, we use a deep learning approach to separate speech signals obtained from a
multi-speaker environment. The results of separated speech are in the form of segregated
speech from each child in the acquired sound recordings. Then we extract the speech
samples to find discriminant features in detecting stress and use these features to train a
model that can predict the subject’s stress status. This proposed model, which is capable of
detecting stress in a multi-speaker non-stationary environment, is the main contribution of
this study. The results of this study help caregivers or parents better understand the stress
that occurs in children and the potential underlying stressors so that stress mitigation
can be carried out more effectively.

The remainder of the paper is organized as follows. Section 2 discusses the methodology
used in this study, and the proposed model. Section 3 presents the experimental results,
and Section 4 concludes this paper.

2. Model and Methodology. To detect stress through sound acquired from a multi-
speaker environment, we propose a system model as shown in Figure 1.
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Stress detection using speech in real-world applications requires the acquisition of sound
directly from the environment of everyday human interaction. This method aims to get
an overview of the causes (stressors) of the stress experienced. Regarding the interaction
environment for children, the classroom at school is where children spend time. This
environment is generally non-stationary because there are many sound sources with diff-
erent frequency properties. Besides that, speech is naturally a form of non-stationary
signal. In an interactive environment like this, there is more than one subject speaking
simultaneously, so a speech separation approach is needed to deal with this problem. The
problem referred as the cocktail party problem is the ability to track the voice of each
specific subject when many subjects speak simultaneously, especially in an environment
with noise [21,22]. Although this problem is easy for humans because the human senses can
separate signals originating from multiple sources and focus on recognizing and tracking
one particular source, it is a challenging task for computers [23].

In this study, we acquired sound directly from the classroom through a single-channel
high-gain microphone placed in the middle of the room. The classroom size is 16 m? with
five 1st grade elementary school students who are the subjects involved in this study.
All the students and their parents agreed to participate in this study. This research was
assisted by a child psychologist who designed and implemented various activities using
the Trier Social Stress Test method, which aims to emulate stress caused by stressors
children often face in everyday life at school [2,24]. Each child will do activities that involve
public speaking and answering challenging math problems. Throughout the activity, the
psychologist will observe the behaviour and gestures of each child for signs of stress. Before
and after the activity, a saliva sample from each child will be taken to measure whether
there is an increase in the hormone cortisol (stress hormone). Based on the theory, the
cortisol hormone will increase 9 to 15 times from normal baseline levels during periods
of stress and will last for several hours afterwards [25]. The results of the psychologist’s
observations, which were double-validated with the subject’s cortisol hormone count, were
used to label each child’s speech as stressed or unstressed on the audio recording.

We use a deep learning approach to perform speech separation, producing segregated
speech from each subject. Each sound recording is then cut into sound samples between 1
and 2 seconds long. After the data validation, we obtained 500 sound samples, each con-
sisting of 223 samples labelled stressed and 277 samples labelled unstressed. Furthermore,
for a more detailed discussion, Section 2.1 will explain in detail the speech separation
model we use, and Section 2.2 will elaborate on the stress detection model in detail.

2.1. Speech separation. Before being fed into the speech separation module, the speech
acquired first goes through the preprocessing phase for noise reduction and silence removal.
The model shown in Figure 2 is derived from the latest development of the speech sepa-
ration model based on dual path RNN (Recurrent Neural Network) [26-28]. Input in the
form of an audio signal (waveform) containing speech mixture x € R” is entered into the
encoder network and will produce an output of N dimensional z of size 7" = (2T'/L) — 1
where T' is input length and L is the encoding compression factor, which then produce
Formula (1)
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z = E(x) (1)
where E is a 1D convolutional layer network with kernel size of L and stride of L/2,
subsequent by non-linear ReLU (Rectified Linear Unit) activation function, x is speech
mixture from audio signal, and z is resulting latent representation. The 3D tensor v =
[v1,...,vg] € RV*EXE ig obtained by concatenating each chunk on a single dimension.
Then v will be sent to the separation network Y, which is made up of b RNN blocks
[27]. The even blocks Bsy; will be used along chunk dimensions of size K, while odd blocks
Bsy; 1 will be used along the time dependent dimension. The RNN block used contains
Multiply and Concat (MULCAT) blocks with two sub networks. It then uses two separate
bidirectional LSTM (Long Short-Term Memory) networks to multiply its outputs and
combines its inputs to produce a module output using Formula (2)

Bi(v) = B([M; (v) © M (v),v]) (2)

where P, is a learned linear project that converts an input’s dimension (v) into the di-
mension of the output obtained by concatenating the product of the two LTSMs denoted
by M} and M?, ® is the element-wise product operation, and B; is resulting RNN block.
An overview of the RNN block pairs can be seen in Figure 3. In this method after each
pair of blocks processed requires model to reconstruct the original audio. The 3D tensor
via PreLLU initialized at 0.25. The decoder is a 1 x 1 convolution with a C' output channel.
Each pair of blocks will be decoded using the same PreLU and decoder parameters. We
use the add and overlap operators to convert back the tensor to audio. This operator is
used to reverse the chunking process and add overlapping frames from the signal.
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FIGURE 2. Speech separation model
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FIGURE 3. Multiply and Concat (MULCAT) block
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For the speech separation model in this non-stationary environment, we use the open-
source dataset LibriMix, derived from LibriSpeech (clean speech) and WHAM! Noise.
We generate two to five speech mixtures, namely LibriMix-2 to LibriMix-5. Each dataset
consists of 20 hours of training and 10 hours of validation and test sets. Each speech
separation model will be trained with these datasets, which correlate with the number of
possible output channels (number of students in the class).

Because the number of speakers from the sound acquired can vary up to 5 speakers,
the selection process begins by using a model trained using the largest number of sounds
C, which is five. The detection of each output channel is carried out. If an empty channel
(silence) is obtained, the model selection is repeated using the model with the C' — 1
output channel. The process will continue to be repeated until all the channels are filled,
representing the correct C' output model for the speech mixture. Figure 4 shows a flow-
chart of the model selection algorithm to match the number of speakers in the audio
mixture. For implementation, we use batch size 2 with ADAM optimizer. Input kernel
size 4. The architecture uses 6 MULCAT blocks where each LSTM layer contains 128 neu-
rons. To evaluate the model, the Si-SNRi metric (Scale-invariant Signal-to-Noise Ratio
improvement) is used to measure the quality of the speech separation results [29].

h

Use model with C
output channels for
speech separation

Is there silence

on one of the
channels ?

F1GURE 4. Flowchart of model selection to match the number of speakers
in audio sample

2.2. Stress detection. To build this stress detection model, in addition to using our
own built dataset, we also use audio data from the open source TESS (Toronto Emotion-
al Speech Set) and SAVEE (Surrey Audio-Visual Expressed Emotion) datasets, which
contain 2,800 and 480 audio files, respectively. Both datasets consist of audio files that
represent various emotional speeches. Following the review of the psychological theory
that stress is a change in psychological reactions that are manifested in various negative
emotions [30], based on this theory, we conduct a relabeling process for the dataset used.
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The original dataset files labelled sad, angry, disgusted, and fearful were relabeled with
the stress label, while files labelled pleasant, pleasantly surprised and neutral were rela-
beled with the unstressed label. After relabeling and adding our own built dataset, 1,973
data were labelled with stressed labels and 1,807 with unstressed labels.

To enrich the dataset with better generalization capabilities for various noise signal
disturbances, we perform a data augmentation process to create new synthetic sample
data. Each original audio file is added with two additional variations. The first varia-
tion is the original audio file with additional noise injection. The second variation is the
original audio with a modified pitch. Thus, 11,340 sound sample files are obtained after
this augmentation. Figure 5 shows the waveform of the original audio data and the two
additional different versions resulting from the augmentation process.

For the model to perform the classification process, it is necessary to perform feature
extraction to convert the audio signal to a format the model can comprehend. Our stress
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FIGURE 5. The original speech waveform (top), noise added modification
(mid), and pitch shifting modification (bottom)
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detection model, as shown in Figure 6, is based on the CNN (Convolutional Neural Net-
work) architecture with the Convolution 1D (Conv 1D) sequential model, which consists
of 4 convolution layers and two dense layers followed by a flattened layer. Each convolu-
tion layer has a max pooling layer to get maximum pattern variations. From each audio
sample, various features in the signal domain are extracted related to the speech sig-
nal’s attributes. This signal domain consists of the time, frequency, and cepstral domain
[31,32]. Time domain features refer to characteristics or properties of an audio signal that
are derived from the waveform. The frequency domain feature refers to the analytic space
in which mathematical functions or signals are conveyed in terms of frequency, rather than
time, which result from conversion from the time domain using the Fourier transforms.
The cepstral domain is a feature in the cepstral domain obtained by the inverse Fourier
transform of the logarithm spectrum of the signal. Cepstrum is often used as a feature
vector to represent human voices and musical sounds. So to get the properties of speech,
cepstral is a feature widely used, such as for speech recognition needs.
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Extraction
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FIGURE 6. Stress detection model

For feature extraction needs to be fed to the model, we will experiment using the
cepstral domain features and also a combination of the cepstral domain features with the
time domain and frequency domain features to see if there is an increase in accuracy to be
obtained by combining the three signal domain features. Table 1 shows the audio features
used in each signal domain for feature extraction.

TABLE 1. The audio features used in signal domain

Signal domain feature | Audio features used
Amplitude Envelope (AE)
Time domain Zero Crossing Rate (ZCR)
Root Mean Square (RMS)
Spectral Centroid (SC)

Frequency domain Spectral Rolloff (SR)
Spectral Bandwidth (SB)
Cepstral domain Mel Spectogram

The model was trained using a 75 : 25 random training — testing split for the training
phase. The softmax activation model is used in a dense layer with two neurons. CNN
was trained for 40 epochs with a batch size of 32 using the Adam optimizer. In addition
to calculating the model’s accuracy, three additional metrics are used to evaluate model
performance: Precision, Recall, and F1 Score. The Precision (P) metric compares True
Positives (TP) and the number of data predicted to be positive. Recall (R) compares the
True Positive (TP) and the number of positive data. The F1 Score (F1) is the harmonic
average of precision and recall.

3. Experiment Result. This section will explain the experimental results, performance
evaluation of the model’s speech separation and stress detection.
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3.1. Speech separation model result. We evaluate the speech separation model using
the SI-SNRi metric to see the quality of the sound separations obtained. The model trained
with the sound sample C,,, can train audio samples with the number of speakers C' as long
as C,, > C. Suppose the number of speakers in the model used exceeds the number of
speakers in the audio sample. In that case, the separation results will produce an unused
channel containing a silent signal. Utilizing a model that corresponds to the number of
speakers in the sound sample will provide more optimal performance; therefore, for sound
samples when C' is unknown, the model selection algorithm outlined in Section 2 will be
utilized, which will select the right model based on channel activity detection. Table 2
shows the obtained SI-SNRi values. Based on these results, the separation performance
is better when the model is used on par with the number of speakers in the audio sample.

TABLE 2. SI-SNRIi score of various models used for the number of speakers
in the audio sample

The number of speakers
Used model in the audio sample

2 3 4 5
2-speaker model 17.5 — - —
3-speaker model 12.3 13.6 — —
4-speaker model 9.6 10.8 9.7 —
5-speaker model 6.5 8.7 8.4 7.5

3.2. Stress detection model result. We tested the model using each feature in the
signal domain. Besides that, we also tried to use a combination of the three signal domain
(time, frequency and cepstral) features to see whether combining all signal domain fea-
tures for the model can improve the accuracy of the stress detection model. The dataset
used for the training and test procedures combines the open source dataset and our own
built dataset, which aims to provide the model with better generalization ability and
applicability in various speech acquisition environments. The results obtained in Figure
7 show that the cepstral domain feature is a discriminant feature for stress detection
with an average accuracy of 95.6% and an average F1 Score of 94.8%. The result also
confirms that cepstral-based audio features such as the Mel spectrogram correlate with
how the human ear perceives sound and are very good at representing various speech
signal properties. Based on the results, audio features in the time and frequency domains
are less accurate for sound stress detection. Likewise, when the two feature groups are
combined with cepstral-based audio features, they do not significantly affect the model’s
performance.

We also conducted tests to compare the performance of models trained using open-
source datasets and trained using our own built dataset. Both models were trained using
cepstral domain features as extracted features. The results, as shown in Figure 8, show
that using an open-source dataset produces model performance with an average accuracy
of 97.4% and an average F1 Score of 96.5% which is significantly better than using our
own built dataset with an average accuracy of 88.2% and an average F1 Score of 90%.

The difference in performance obtained is mainly because the open source dataset used
comes from audio samples acquired in a controlled room where there is no noise or other
sound sources, whereas, in our own built dataset, the audio was acquired directly from
the child’s learning environment which is a room that is relatively noisy with multiple
speakers can talk simultaneously. In addition, the performance of the speech separation
model also influences the performance of the stress detection model because the speech
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sample in our own built dataset is derived from segregated speech as a product of the
speech separation model performed.

4. Conclusion. This study proposes a stress detection model through speech in a multi-
speaker environment. Audio is acquired directly in the children’s learning environment, a
non-stationary environment with much noise and many speakers’ voices overlapping. The
proposed model performs speech separation to produce segregated sounds. The results
of the segregated voice samples then are extracted using cepstral audio features that are
discriminant in detecting stress. Then, the results are fed to the model to predict the
stress status of the subject. Based on the experimental results, it was found that the
proposed model can detect stress in subjects with high accuracy. Using a combination of
open source datasets and our own built dataset, we obtain an average accuracy of 95.6%
and an average F'1 Score of 94.8%.
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We have yet to achieve real-time detection in this proposed model due to high compu-
tational costs, especially in speech separation. Also, for the same reason, the number of
overlapping voices that can be separated in this model is a maximum of 5 in the acquired
voice sample. In future work, we will explore the possibility of optimizing the speech
separation algorithm so that the model can achieve real-time detection, which allows the
model to detect and monitor the psychological condition of the subject directly through
conversation.
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