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Introduction: Human emotions vary with temperature factors. However,
most studies on emotion recognition based on physiological signals overlook
the influence of temperature factors. This article proposes a video induced
physiological signal dataset (VEPT) that considers indoor temperature factors to
explore the impact of different indoor temperature factors on emotions.

Methods: This database contains skin current response (GSR) data obtained from
25 subjects at three different indoor temperatures. We selected 25 video clips and
3 temperatures (hot, comfortable, and cold) as motivational materials. Using SVM,
LSTM, and ACRNN classification methods, sentiment classification is performed on
data under three indoor temperatures to analyze the impact of different temperatures
on sentiment.

Results: The recognition rate of emotion classification under three different indoor
temperatures showed that anger and fear had the best recognition effect among the
five emotions under hot temperatures, while joy had the worst recognition effect.
At a comfortable temperature, joy and calmness have the best recognition effect
among the five emotions, while fear and sadness have the worst recognition effect.
In cold temperatures, sadness and fear have the best recognition effect among the
five emotions, while anger and joy have the worst recognition effect.

Discussion: This article uses classification to recognize emotions from physiological
signals under the three temperatures mentioned above. By comparing the recognition
rates of different emotions at three different temperatures, it was found that positive
emotions are enhanced at comfortable temperatures, while negative emotions are
enhanced at hot and cold temperatures. The experimental results indicate that there
is a certain correlation between indoor temperature and physiological emotions.

indoor temperature stimuli, emotion recognition, physiological signals, video stimulus,
classification model

1. Introduction

Currently, many scholars conduct research on emotion recognition around facial expressions
(Singh and Nasoz, 2020; Zhang et al., 2020), speech (Wang et al., 2020; Wani et al., 2021), body postures
(Piana et al.,, 2016), and texts (Makiuchi et al., 2021; Braunschweiler et al., 2022). The modalities of these
emotional studies mentioned above are all about people’s subjective consciousness and easy to disguise.
Emotion recognition using physiological signals can solve the above problems (Joesph et al., 2020).
Physiological signals are generated when the human body’s internal nervous system and human tissues
carry out physiological activities. These generated physiological signals are real, obvious, and objective,
which are not affected by skin color, race and culture.
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In psychological research, researchers have found that temperature
can affect people’s emotions (Boix-Vilella et al., 2021; Cai et al., 2021).
Meteorological psychologists pointed out that temperature affects
peoples body, spirit, speech and behavior (Dijksterhuis et al., 2005;
Kopec, 2018). Keller et al. (2005) found that warmer temperature in
spring improved mood and memory compared to cooler temperature in
winter. Noelke et al. (2016) found that hot temperature significantly
reduced positive emotions and increased negative emotions compared
with average temperature. Bushman’s study (Bushman et al., 2005) found
that warmer temperature can make people nervous and irritable.
Anderson etal. (2000) pointed out that high temperature increases anger
and hostility, reduces vigilance and energy, and increases aggression and
violence, while cold temperature shows the exact opposite effect. Some
researchers (Tsai et al., 2010; Gbyl et al., 2016) analyzed the internal
mechanism of temperature s influence on emotion from the physiological
level. They found that weather regulates mood by affecting the brain’s
serotonin and central dopamine systems. Warmer temperature increase
serotonin levels, while boosting dopamine production, making people
feel more positive emotional and mental energy. The above studies have
shown that there is a certain correlation between temperature and mood.

In this study, we focused on the correlation between physiological
emotions and three different indoor temperatures, namely hot, comfort
and cold. We established an emotion dataset of the Galvanic Skin Response
(GSR) physiological signals under indoor temperature. We selected 25
videos describing five different emotional states (i.e., happy, angry, fear,
sad, and calm) as eliciting material. In different indoor temperature,
subjects watched inspirational video and recorded the subjects’ skin
resistance data at the same time. The contents of the database are shown
in Table 1. Moreover, we analyzed the physiological emotion and explore
the correlation between indoor temperature and physiological
emotions, using SVM, LSTM and ACRNN models. The major
contribution of this article can be summarized as follows: (1) we develop
anovel GSR physiological signal database considering indoor temperature.
(2) we adopt three models to recognize emotions on the database. (3)
we explore the correlation between different indoor temperature and
emotions. This article is organized as follows. In Section 2, we give an
overview of existing physiological databases and the models used in this
paper. Section 3 describes the establishment of the physiological signal
database under indoor temperature in detail. Section 4 introduces the
processing of physiological signals. Section 5 presents the experimental
results and discusses the correlation between indoor temperature and
emotion. Section 6 presents conclusions and future work.

2. Related works
2.1. Physiological emotion databases

Researchers use different incentive sources to stimulate emotions to
build a database of physiological signals. We summarize these databases
in Table 2. According to the survey, emotional stimuli are generally
divided into three types, namely pictures, music and videos. Studies
(Plass-Oude Bos et al.,, 2006; Savran et al., 2006; Brown et al., 2011;
Petrantonakis and Hadjileontiadis, 2011) use the International Affective
Picture System (IAPS) to stimulate the different emotions of test subjects.
The advantage of using pictures as emotion-evoking material is that the
picture material is easy to obtain, but this method cannot continuously
stimulate the tester’s emotions. Another studies (Lin et al, 2010;
Hadjidimitriou and Hadjileontiadis, 2012) use music to induce emotions,
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TABLE 1 Summary of the database content.

Elicitation material

Number of videos 25

Video source Film clips, Video-sharing Platforms

Video length 60s

Number of temperature 3

Type of temperature Hot temperature, comfort temperature, cold

temperature
Self-report Pleasure, arousal, and dominance
Subjects
Number of subjects 25

Emotion categories Joy, anger, fear, sad, and calm

Recorded signals Galvanic skin response, at a sampling rate of 50 HZ

and it is also proved that music can continuously induce the emotions of
test subjects to a certain extent. Other studies (Koelstra et al., 2012;
Soleymani et al., 2012; Zheng and Lu, 2015; Katsigiannis and Ramzan,
2018; Li et al,, 2018; Song et al., 2019) adopt the pictures, music, and
videos as emotion-inducing materials. The experimental results show
that videos can induce the emotions of test subjects for a long time.
Therefore, using video as a stimulus material to induce emotions is
popular. Although recent research studied physiological emotion elicited
by pictures, music, and videos, but they did not consider the impact of
temperature on emotions. Therefore, it is necessary to establish a database
of physiological signals under different indoor temperature conditions
and analyze the emotion between temperature and emotion.

2.2. Methods for physiological emotion
recognition

Classification models are used for emotion recognition from
physiological signals. SVM is a powerful classification algorithm with the
ability to handle data well. The core idea of SVM is to maximize the
distance between the hyperplane and the shortest distance between
samples of different categories, so as to realize binary classification or
multi-classification tasks. As a special RNN, long short-term memory
(LSTM) uses memory cells to deal with the problem of gradient
disappearance and solve the problem of long-term time dependence.
LSTM have been applied to solve many difficult problems such as speech
emotion recognition (Atmaja and Akagi, 2019), facial expression
recognition (Kabir et al., 2021), and text annotation (AlBatayha, 2021).
Soleymani et al. (2011) applied LSTM to emotion recognition from
physiological signals. Tao et al. (2020) proposed an attention-based
convolutional recurrent neural network (ACRNN) for sentiment analysis
and obtained good classification results. In this paper, we use SVM,
LSTM, and ACRNN to evaluate the database.

3. Temperature-video physiological
signal database

In order to study the influence of different indoor temperature on
emotions, we designed three temperature, hot, comfortable and cold.
We stimulated emotions through videos, collected the corresponding GSR
emotional signals under these three temperature, and established a video-
evoked physiological signal dataset under indoor temperature (VEPT).
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TABLE 2 Physilogical emotion database summary table.
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Database Stimuli  Sub Feature extraction Emotional states Emotional model
method and classifier

ENTERFACE/06 (Savran et al., 2006) IAPS 5 STFT features and TBM Positive, negative and neutral Discrete model

Plass-Oude Bos et al. (2006) IAPS,IADS 5 Fourier analysis, PCA and FDA Valence and arousal Dimensional model

Petrantonakis and Hadjileontiadis (2011) IAPS 16 Asymmetry index of alpha and beta | Positive and negative Dimensional model
power, SVM

Brown et al. (2011) IAPS 11 Spectral power features, KNN Positive, negative and neutral Dimensional model

Lin et al. (2010) Music 26 PSD, DASM, RASM features, SVM Joy, anger, sadness, pleasure Discrete model
and MLP

Hadjidimitriou and Hadjileontiadis (2012) Music 9 SPG, HHS, ZAM features, KNN, Liking and disliking Discrete model
QDA, and SVM

MAHNOB-HCI (Soleymani et al., 2012) Video 27 Spectral power features, SVM and Valence and arousal Dimensional model
Adaboost

DEAP (Koelstra et al., 2012) Video 32 Spectral power features, Gaussion Valence, arousal and liking Dimensional model
naive Bayes classifier

SEED (Zheng and Lu, 2015) Video 15 PSD, DE, DASM, RASM, DCAM Positive, negative and neutral Discrete model
features, SVM, KNN and DBN

RCLS (Li et al., 2018) Video 14 PSD, DE, HOC, FD, Wavelet, Hjorth | Positive, negative, and neutral Discrete model
features, GRSLR, GSCCA, GraphSC,
CCA, SVM, and RF

DEAMER (Katsigiannis and Ramzan, 2018) | Video 23 PSD features, KNN, LDA, and SVM | Valence, arousal, and Dimensional model

dominance

MPED (Song et al., 2019) Video 23 PSD, STFT, HHS, HOC, Hjorth Joy, funny, disgust, anger, fear, Discrete model
features, KNN, and SVM sad, and neutrality

Our database Video, 25 SVM, LSTM, and ACRNN Joy, anger, fear, sad, and calm Discrete model

temperature

3.1. Emotional model

Emotional model is critical when building the physiological
signal database. At present, there are two kinds of emotion models
that are widely used. One is the discrete emotion model and the other
is the dimensional emotion model. Dimensional emotion models use
two or more dimensions to define emotion. How to convert
emotional states into two-dimensional or high-dimensional spatial
locations and quantify emotional states in space is the main focus in
the study of dimensional emotional models (Russell, 1980). The
discrete emotion model refers to the idea that emotions are composed
of basic emotions. Plutchik (2001) believes that the basic human
emotions include fear, anger, happiness, sadness, surprise, disgust,
tolerance, and anticipation. Ekman summarizes the characteristics of
basic emotions and proposes six common basic emotions: joy, anger,
sadness, fear, surprise, and disgust (Ekman, 1972). This discrete
emotion model had a profound impact on human emotion research.
In actual experiments, it was found that the emotions of surprise and
disgust were difficult to stimulate, so we removed the emotions of
surprise and disgust and added calm emotions on the basis of
Ekman’s 6 basic emotions. This article uses these five emotions to
build our VEPT database.

3.2. Video clip material

We selected 225 initial stimulus videos from video websites
by retrieving emotional keywords, and edited them into 1-min
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segments. The video was viewed and assessed by 8 graduate
student volunteers (4 males, 4 females). Volunteers watched
these 225 videos sequentially. After watching the videos, the
volunteers used discrete questionnaires to label the videos with
emotion and give a 5-point rating to the videos according to
their real feelings. According to the scoring results, the five
videos with the highest ratings in each emotion are selected, and
a total of 25 videos are used as the final emotional
stimulation materials.

3.3. Temperature settings

Based on physiological signals, we induced subjects with
different emotions in different indoor temperature by controlling
temperature and variables. All the experiments were carried out in
the laboratory. Three different temperatures are set: hot,
comfortable, and cold. According to research (Cui et al., 2013;
Barbosa Escobar et al., 2021), the hot temperature of the human
body is between 30 and 40°C, the comfortable temperature is
between 22 and 26°C, and the cold temperature is between 0 and
10°C. In this paper, the indoor temperature is controlled between
30 and 40°C to adapt to the hot temperature conditions, the room
temperature is controlled between 22 and 26°C to adapt to the
comfortable temperature conditions, and the room temperature is
controlled at 0 and 10°C to adapt to cold temperature conditions.
During collection, subjects were not disturbed by other
external stimuli.

frontiersin.org
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FIGURE 1
Example of use of collection equipment.

3.4. Physiological signals sampling

3.4.1. Experimental equipment

Physiological signals were relatively weak electrical signals
generated by the human body, and the equipment used for acquisition
would affects the accuracy of the data. In this paper, the physiological
signal acquisition equipment consisted of a self-customized skin
sensor’ and a USB interface, which provided power to the instrument.
The sampling frequency was 50 Hz. The skin resistance sensor adopts
an external current elicitation method to measure the change signal
of human skin resistance. For this reason, amplifiers were added to
the sensor to make the output data more precise. There was a serial
port debugging assistant to receive the data, which saved the data as
a hexadecimal txt format file.

3.4.2. Experimental subjects

The emotional changes of the experimental participants are the
most important part of the collection process. Therefore, it is necessary
that the test subjects are physically and mentally healthy, which
ensures that they can watch the video carefully during the experiment.
There were a total of 25 subjects in the experiment. Before the
experiment, the subjects filled out a questionnaire containing personal
information and ensured their physical health and the SCL-90
assessment scale for psychological evaluation, which was to ensure
that their mental health was in good condition. Finally, the
experimenter explained the experimental situation and obtained
signed consent.

3.4.3. Experimental process

First, we let the subjects fully familiarize themselves with the
laboratory temperature and they sit on the chair to adjust to a
comfortable sitting position. The electrodes of the electrical skin
sensor were placed on the index finger and middle finger of the
subject’s left hand, and the palm was placed flat on the table, as shown

1 http://www.hfhuake.com
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in Figure 1. In order to ensure the accuracy of the collected data, the
subjects were allowed to rest for 2 min before the experiment to ensure
that they were in a calm state. At this time, five emotional videos were
randomly selected from the motivational material, and subjects
watched five emotional video clips sequentially in three temperature,
and their skin resistance data were recorded. Then we played relaxing
music to help them to rest for 2 min. After they calmed down, the next
emotional video clip was displayed, until all emotion tests were over.
Video clips were presented in the following order: joy, sadness, anger,
fear, and calm. Finally, the skin electrical signals in different
temperature were obtained.

4. Feature extraction from
physiological signals

4.1. Data preprocessing

4.1.1. Data denoising

The galvanic skin signal is relatively weak, and it is easily affected
by the noise of the acquisition instrument and the electromagnetic
interference in the temperature during the acquisition process, so it is
necessary to denoise the galvanic skin signal. The ButterWorthFilter
is the simplest among the four classical filters. It can effectively remove
the baseline and useless information and restore the signal. In this
paper, the first-order ButterWorthFilter is used to denoise the GSR
signal with the cut-off frequency set to 0.3Hz. As shown in the
Figure 2, the GSR signal is compared before and after denoising.

It can be clearly seen that the signal is more disturbed by noise
before denoising, and the signal becomes smoother after denoising.

4.1.2. Data normalization

There are great differences in different people’s skin electrical
benchmarks, even in the same person in different states. Therefore, in
order to accurately study the relationship between the electrical skin
signal and emotional state, it is essential to eliminating individual
differences in the signal. The specific operation is to subtract the data
of a tester in the five emotional states from the mean value of the data
in his corresponding calm state, so that the obtained data has removed
individual differences, that is, normalized processing. The following
formula, which Xcaim represents the mean value of the subject’s
corresponding calm emotion, X ¢morion represents the 3,000 data points
of a certain emotion of the tester, and x is the normalized emotional
data of the tester, which is also 3,000 data points after normalization.

- (1)

X = Xemotion — Xcalm

4.2. Feature extraction

After preprocessing the skin electrophysiological signal, the

individual differences and noise interference of the skin
electrophysiological response signal were removed, and then the data
was analyzed to calculate the original characteristics of the signal.
Figure 3 shows the skin electrophysiological signals collected by the
testers in the five emotional states. From Figure 3, we can see that the

skin electrophysiological levels are different in different emotional
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FIGURE 2
Galvanic skin response (GSR) signal comparison before and after denoising.
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states. And the range of change is also different, especially the
emotion of joy is the most obvious, followed by sadness. In the
experiment, we can observe that when the same tester watches
different emotional stimulation materials, the skin galvanic level
changes obviously with the different emotional categories and
strengths. Visually, it can be clearly seen that the electrodermal signal
contains rich emotional change information in the time domain.
Therefore, it is advisable to extract the statistical value of the galvanic
skin response signal in the time domain as the feature value.
Reference (Kim and André, 2006) in this paper uses a time window
of 1s to segment the original GSR signal after denoising and
normalization. In each time window, the average value, standard
deviation, first-order difference and second-order difference are,
respectively, extracted as the features of emotion recognition.

5. Experimental results and discussion
5.1. Support vector machine

Support vector machine (SVM) (Liu and Guifang, 2021; Tuncer
etal., 2021; Satyanarayana et al., 2022) is a kind of machine learning
classification and regression algorithm, which is a typical representative
of supervised machine learning model. The basic principle of SVM is
to classify by maximizing the distance between the hyperplane and the
closest distance to samples of different categories. For linearly separable
binary classification problems, SVM finds an optimal hyperplane in the
feature space, which maximizes the distance (i.e., interval) from the
sample point closest to the hyperplane to the hyperplane. The sample
points closest to the hyperplane (those on the dashed line) are called

Frontiers in Neuroscience 05

support vectors because they determine the location of the hyperplane.
The goal of SVM is to minimize the number of misclassified points
while maximizing the interval, so the optimization problem of SVM
can be transformed into a quadratic programming problem for
solution. If the data set is not linearly separable, the kernel function can
be used to map the data into a high-dimensional space for classification.

5.2. Deep learning classification model for
emotion recognition

5.2.1. Long short term memory

The LSTM (Long Short Term Memory) (Du et al., 2020; Lew et al.,
20205 Li et al, 2021) network is a neural network obtained by
improving the traditional recurrent neural network (RNN). The
innovation in LSTM is the introduction of the state of cell, which can
be understood as a long-term memory. If the state is not modified, it
will be passed on directly. But the memory will always change, so it is
necessary to add some modules to modify the memory. Here is to add
some concepts of “gates” The gate is to allow some information to pass
through, and some information is filtered by the gate. For example, a
sigmoid layer is used to output a A vector with a value between 0 and
1. Multiply the vector and the cell state point by point (this is an
information filtering operation). There are three such “gate” structures
in Istm. Among them, the functions of the three gates of LSTM are:
(1) Forgetting gate: determine how much information needs to
be forgotten in the state of the memory unit at the last moment, and
how much information is retained in the state of the current memory
unit. (2) Input gate: control how much information of the input
information candidate state at the current moment needs to be saved

frontiersin.org
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FIGURE 3
Galvanic skin response signals under five emotions.

to the current memory unit state. (3) Output gate: Control how much
information of the memory unit state at the current moment needs to
be output to the external state.

5.2.2. Attention-based convolutional recurrent
neural network

The ACRNN (Tao et al, 2020) network is inspired by
Convolutional Recurrent Neural Networks (CRNN). Extract spatial
information of GSR signals using CNN. Two LSTM layers are then
used to extract temporal information, and an attention mechanism
is integrated into the LSTM to explore the importance of different
GSR samples, where the LSTM cell structure is shown in Figure 4.
Among them, f; is the forget gate, which is a vector, in which each
element is between 0 and 1, which determines which features of C, ;)
are used to calculate C,. C ) is the value of the memory cell at the
previous time point, and X, is the current input. f; usually uses the
sigmoid function as the activation function, and the calculation
expression of f, is as follows.
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fi=0(Wr-[Si1, X:]+br) @)

i, is the input gate, and like f,, it is also a vector, where each element
is between 0 and 1, which is used to control which features of C, are
used to update C.. C, is the cell state update value, calculated from X;
and Cy ). The sigmoid function is also used as the activation function
here, and the calculation expression of i is as follows.

i,:G(Wl--[S,_l,X,]+b,-) (3)
Cr = tanh (W, [Si-1, X, ]+ bc ) @
Cr=fCa+i" Cy (5)
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o, is the output gate, which is also a vector to control which
memory values in the memory unit are output. The sigmoid function
is also used as the activation function here, and the calculation
expression of o, is as follows.

0r =0 (Wo -[Si-1, X1 ]+ b,) (©6)

Finally, the output S, of the hidden node is calculated, which is
calculated by the output gate o, and the unit state C,. The calculation
expression of S, is as follows.

St =0t * tanh(Ct) (7)

Moreover, the attention mechanism can update the weights
according to the similarity of GSR signals, so it can obtain more
discriminative temporal features of GSR signals.

5.3. Comparison of different classifier

The GSR signals collected in a comfortable temperature are
processed as the input of SVM, LSTM and ACRNN models,
respectively, and the models are trained for five classifications. The
data obtained after denoising and normalizing the GSR signal
collected at a comfortable temperature are processed as the input of
the SVM, LSTM and ACRNN models, respectively. After model
training, five classifications are carried out. The five categories of
emotions are: anger, fear, happy, calm, sad. The classification results
of each model are shown in Table 3. This paper uses the skin
resistance data for classification calculation. Traditional classification
methods ignore the variation of skin resistance value in the time
dimension, and LSTM, ACRNN models solve this problem. It can
be seen from the table that the recognition accuracy of ACRNN,

St

L ®

tanh

i o 9
Ce
Sis \_"f_l \_f'f_l | tanh | \_t"_l 5
—

fe

FIGURE 4
Long short-term memory (LSTM) unit architecture.

TABLE 3 Emotion recognition rate at comfortable temperature.

10.3389/fnins.2023.1180407

LSTM is higher than that of the SVM algorithm. By comparison, the
effect of the ACRNN model is the best among the four classification
methods. In this paper, we will use LSTM and ACRNN to perform
emotion recognition on physiological signals in three indoor
temperature, further discussing the correlation between temperature
and emotion.

5.4. Experimental results under three
temperature

5.4.1. Experimental results under comfortable
temperature

Table 3 shows the emotion recognition results of SVM, LSTM
and ACRNN at a comfortable temperature. From Figure 5, we can
clearly see the emotion recognition results of the three models at
a comfortable temperature. Judging from the classification results
of each model alone, the emotion of joy is the emotion with the
best classification effect in each model, followed by the emotion
of calm. The emotions Fear and Anger were similarly recognized
across the models, but not as good as Joy and Calm, while Sadness
was the worst emotion among the models. From the overall
perspective of the five emotions, it can also be seen that the
recognition effect of joy is better than that of other emotions on
the whole. Joy is more easily aroused than other emotions at a
comfortable temperature. This shows that the amplitude of the
electrodermal signal of joy emotion will increase at a comfortable
temperature, and its corresponding time-domain features are
more obvious than those of other emotions, and are easier to
be recognized by the classification model. However, the three
emotions of anger, fear, and sadness were less recognized than the
other two emotions, which indicated that the characteristics of
these three emotions were not as obvious as joy at the
comfort temperature.

5.4.2. Experimental results under hot temperature

Use three classification models to perform emotion
recognition on five emotions under hot temperature, and analyze
the influence of hot temperature on various emotions according
to the classification results in Table 4. From Figure 6, we can
clearly see the emotion recognition results of the three models at
hot temperature. Also from the classification results of each
model, the two emotions of anger and fear are the emotions with
the best classification effect in each model, and the classification
effect of calmness, joy and anger in each model is not as good as
the other two emotions. Emotion. Looking at the five emotions
as a whole, it can also be seen that anger and fear are generally
better recognized than the other three emotions, which shows
that the characteristics of anger and fear are more obvious than
other emotions at hot temperatures.

Emotion Model Anger Fear Happy Sad Calm Average

SVM 0.513 0.487 0.652 0.462 0.583 0.539

LSTM 0.525 0.574 0.724 0.509 0.695 0.605

ACRNN 0.634 0.648 0.845 0.610 0.769 0.701
Frontiers in Neuroscience 07 frontiersin.org
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FIGURE 5
Sentiment classification results at comfort temperature.
TABLE 4 Emotion recognition rate at hot temperature.
Emotion model Anger Fear Happy Sad Calm Average
SVM 0.541 0.501 0.445 0.478 0.476 0.488
LSTM 0.653 0.581 0.533 0.574 0.534 0.575
ACRNN 0.832 0.782 0.603 0.657 0.644 0.704

5.4.3. Experimental results under cold
temperature

Use three classification models to carry out emotion recognition
on five emotions under cold temperature, and analyze the influence
of cold temperature on various emotions according to the
classification results in Table 5. As shown in Figure 7, the emotion
recognition results of the three models at cold temperatures can
be clearly seen. Judging from the classification results of each model
alone, the two emotions of sadness and fear are the emotions with the
best classification effect in each model. Followed by calm, joy and
anger, the two emotions are the worst emotions in each model.
Looking at the five emotions as a whole, it can also be seen that the
recognition effect of sadness and fear is higher than that of the other
three emotions.

5.4.4. Comparison of emotion recognition results
at three temperatures

In this section, based on the ACRNN model with the best
recognition effect, this paper draws and compares the results of
physiological signal emotion recognition at three temperatures, and
analyzes the impact of different temperatures on human emotions
based on the classification results at three temperatures. Figure 8

Frontiers in Neuroscience

shows the recognition rate of five emotion classifications by ACRNN
at three different temperatures. Comparing the five emotions at the
comfortable temperature and the hot temperature can clearly see the
recognition effect. Compared with the comfortable temperature, the
recognition rate of the two emotions anger and fear is improved at
the hot temperature. The recognition rates of joy and calm were lower
in hot temperature than in comfort temperature. Comparing the five
emotions at the comfortable temperature and the cold temperature,
it can be seen that the recognition rate of the two emotions of sadness
and fear is improved in the cold temperature compared with the
comfortable temperature. However, the recognition effect of joy and
anger was reduced in the cold temperature compared with the
comfortable temperature. Compared with the other two temperatures,
the overall recognition rate of joy and calm was relatively better at the
comfortable temperature. In general, compared with high
temperature and cold temperature, positive emotion recognition
effect is relatively better in comfortable temperature. Compared with
the comfortable temperature, the effect of negative emotion
recognition in hot and cold temperatures is relatively better. This
suggests that comfortable temperature promotes positive emotions
to a certain extent, while hot and cold temperatures promote negative
emotions to a certain extent.
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FIGURE 7
Sentiment classification results at cold temperature.

6. Conclusion and future work

temperature, while negative emotions were promoted in a hot and cold
temperature. Studies have found that indoor temperature has a certain
impact on people’s positive and negative emotions. There are still some
shortcomings in this experiment. The age group of the subjects is relatively

In this paper, a physiological signal emotion database including three
indoor temperatures is established. Three classification models are used
to recognize the emotion of GSR signals in three temperatures, and the  single and the number is limited. In future experiments, the range of

recognition results are compared and analyzed. The experimental results ~ subjects should be expanded to improve the overall effect of
showed that positive emotions were promoted in a comfortable  the experiment.
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TABLE 5 Emotion recognition rate at cold temperature.

10.3389/fnins.2023.1180407

Emotion model Anger Fear Happy Sad Calm Average
SVM 0.452 0.553 0.472 0.519 0.496 0.498
LSTM 0.526 0.651 0.537 0.723 0.545 0.596
ACRNN 0.624 0.748 0.631 0.826 0.648 0.695
100
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FIGURE 8
Sentiment classification recognition rate of ACRNN under three temperatures.

Data availability statement

The raw data supporting the conclusions of this article will
be made available by the authors, without undue reservation.

Ethics statement

Ethical review and approval was not required for the study on
human participants in accordance with the local legislation and
institutional requirements. The patients/participants provided their
written informed consent to participate in this study. Written informed
consent was obtained from the individual(s) for the publication of any
potentially identifiable images or data included in this article.

Author contributions

KW: design, methodology, and writing — reviewing. ZZ: data
collection, software, and writing — original draft preparation. XS:
investigation. KW and TY: writing - editing. All authors contributed
to the article and approved the submitted version.

Frontiers in Neuroscience

10

Funding

This work was supported by the National Natural Science Foundation
of China (grant no. 62001004), the Academic support project for
top-notch talents in disciplines (majors) of colleges and universities in
Anhui Province (gxbjZD2021067), the Research and development fund
of Anhui University of Architecture (JZ202118), and the open project of
Anhui Key Laboratory of building acoustic environment, Anhui
University of Architecture (AAE2021ZR02).

Acknowledgments

The authors would like to thank those subjects who participated
in the experiment.

Conflict of interest

The authors declare that the research was conducted in the
absence of any commercial or financial relationships that could
be construed as a potential conflict of interest.

frontiersin.org


https://doi.org/10.3389/fnins.2023.1180407
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org

Wang et al.

Publisher’'s note

All claims expressed in this article are solely those of the authors
and do not necessarily represent those of their affiliated

References

AlBatayha, D. (2021). Multi-topic labelling classification based on LSTM. In
Proceeding of 12th International Conference on Information and Communication
Systems (ICICS), 471-474.

Anderson, C. A., Anderson, K. B., Dorr, N., Deneve, K. M., and Flanagan, M. (2000).
“Temperature and aggression, Advances,” in Experimental Social Psychology Vol. 32.
(Academic Press), 63-133.

Atmaja, B. T, and Akagi, M. (2019). Speech emotion recognition based on speech
segment using LSTM with attention model. In Proceeding of 2019 IEEE International
Conference on Signals and Systems (ICSigSys), 2019, 40-44.

Barbosa Escobar, E, Velasco, C., Motoki, K., Byrne, D. V., and Wang, Q. J. (2021). The
temperature of emotions. PLoS One 16:€0252408. doi: 10.1371/journal.pone.0252408

Boix-Vilella, S., Saiz-Clar, E., Le6n-Zarcefo, E., and Serrano, M. A. (2021). Influence
of air temperature on school teachers’ mood and the perception of students’ behavior.
Sustainability 13:9707. doi: 10.3390/su13179707

Braunschweiler, N., Doddipatla, R., Keizer, S., and Stoyancheyv, S. (2022). Factors in
emotion recognition with deep learning models using speech and text on multiple
corpora. IEEE Signal Process Lett 29, 722-726. doi: 10.1109/LSP.2022.3151551

Brown, L., Grundlehner, B., and Penders, J. (2011). Towards wireless emotional
valence detection from EEG. In Proceeding of Annual International Conference of the
IEEE Engineering in Medicine and Biology Society, 2188-2191.

Bushman, B. J., Wang, M. C,, and Anderson, C. A. (2005). Is the curve relating
temperature to aggression linear or curvilinear? Assaults and temperature in
Minneapolis reexamined. J. Pers. Soc. Psychol. 89, 62-66. doi: 10.1037/0022-3514.89.1.62

Cai, H,, Lin, Q, Liu, H,, Yu, S., Li, X,, and Xiao, H. (2021). The effects of indoor light
environment on mood and alertness through physiological measurements. In Processing
2021 International Conference on Sensing, Measurement & Data Analytics in the era of
Artificial Intelligence (ICSMD), 1-4.

Cui, W, Cao, G,, Park, J. H., Ouyang, Q., and Zhu, Y. (2013). Influence of indoor air
temperature on human thermal comfort, motivation and performance. Build. Environ.
68, 114-122. doi: 10.1016/j.buildenv

Dijksterhuis, A., Smith, P. K., van Baaren, R. B., and Wigboldus, D. H. J. (2005). The
unconscious consumer: effects of environment on consumer behavior. J. Consum.
Psychol. 15, 193-202. doi: 10.1207/s15327663jcp1503_3

Du, X., Ma, C., Zhang, G., Li, J., and Wang, H. (2020). An efficient LSTM network for
emotion recognition from multichannel EEG signals. In Proceeding of IEEE
Transactions on Affective Computing.

Ekman, P. (1972). Universals and cultural differences in facial expressions of emotion.
Nebraska Sympos. Motivat. 19, 207-282.

Gbyl, K., Ostergaard Madsen, H., Dunker Svendsen, S., Petersen, P., Hageman, I.,
Volf, C., et al. (2016). Depressed patients hospitalized in southeast-facing rooms are
discharged earlier than patients in northwest-facing rooms. Neuropsychobiology 74,
193-201. doi: 10.1159/000477249

Hadjidimitriou, S. K., and Hadjileontiadis, L. J. (2012). Toward an EEG-based
recognition of music liking using time-frequency analysis. I.E.E.E. Trans. Biomed. Eng.
59, 3498-3510. doi: 10.1109/TBME.2012.2217495

Joesph, C., Rajeswari, A., Premalatha, B., and Balapriya, C. (2020). Implementation of
physiological signal based emotion recognition algorithm. In Proceeding of 2020 IEEE
36th International Conference on Data Engineering (ICDE), 2075-2079. doi: 10.1109/
ICDE48307.2020.9153878

Kabir, M. M., Anik, T. A., Abid, M. S., Mridha, M. E, and Hamid, M. A. (2021). Facial
expression recognition using CNN-LSTM approach, In Proceeding of 2021 International
Conference on Science & Contemporary Technologies (ICSCT), 1-6.

Katsigiannis, S., and Ramzan, N. (2018). DREAMER: a database for emotion
recognition through EEG and ECG signals from wireless low-cost off-the-shelf devices.
IEEE ]. Biomed. Health Inform. 22, 98-107. doi: 10.1109/JBHIL.2017.2688239

Keller, M. C., Fredrickson, B. L., Ybarra, O., Cote, S., Johnson, K., Mikels, J., et al.
(2005). A warm heart and a clear head: The contingent effects of weather on mood and
cognition. Psychol. Sci. 16, 724-731. doi: 10.1111/§.1467-9280.2005.01602.x

Kim, J, and André, E. (2006). Emotion recognition using physiological and speech signal
in short-term observation, E. Springer Berlin, Heidelberg, 402, 53-64.

Koelstra, S., Muhl, C., Soleymani, M., Jong-Seok Lee, , Yazdani, A., Ebrahimi, T., et al.
(2012). DEAP: A database for emotion analysis; Using physiological signals. IEEE Trans.
Affect. Comput. 3, 18-31. doi: 10.1109/T-AFFC.2011.15

Frontiers in Neuroscience

11

10.3389/fnins.2023.1180407

organizations, or those of the publisher, the editors and the
reviewers. Any product that may be evaluated in this article, or
claim that may be made by its manufacturer, is not guaranteed or
endorsed by the publisher.

Kopec, D. (2018). Environmental psychology for design. doi: 10.5040/9781501316852

Lew, W,, Wang, D., Shylouskaya, K., Zhang, Z., Lim, J., Ang, K,, et al. (2020). EEG-
based emotion recognition using spatial-temporal representation via Bi-GRU. In
Proceeding of 2020 42nd Annual International Conference of the IEEE Engineering
in Medicine & Biology Society (EMBC), 116-119.

Li, Y., Zheng, W, Cui, Z., Zong, Y., and Ge, S. (2018). EEG emotion recognition based
on graph regularized sparse linear regression. Neural. Process. Lett. 49, 555-571. doi:
10.1007/s11063-018-9829-1

Li, X., Zheng, W., Zong, Y., Chang, H., and Lu, C. (2021). Attention-based spatio-
temporal graphic LSTM for EEG emotion recognition. In Proceeding of 2021
International Joint Conference on Neural Networks (IJCNN), 1-8.

Lin, Y.-P, Wang, C. H,, Jung, T. P, Wu, T. L,, Jeng, S. K., Duann, J. R,, et al. (2010).
EEG-based emotion recognition in music listening. LE.E.E. Trans. Biomed. Eng. 57,
1798-1806. doi: 10.1109/TBME.2010.2048568

Liu, Y., and Guifang, F. (2021, 2021). Emotion recognition by deeply learned multi-
channel textual and EEG features, Future Generation Computer Systems, vol. 119,
1-6.

Makiuchi, M. R., Uto, K., and Shinoda, K. (2021). Multimodal emotion recognition
with high-level speech and text features. In Proceeding of the 2021 IEEE Automatic
Speech Recognition and Understanding Workshop (ASRU), 350-357.

Noelke, C., McGovern, M., Corsi, D. ], Jimenez, M. P, Stern, A., Wing, I. S., et al.
(2016). Increasing ambient temperature reduces emotional well-being. Environ. Res. 151,
124-129. doi: 10.1016/j.envres.2016.06.045

Petrantonakis, P. C., and Hadjileontiadis, L. J. (2011). A novel emotion elicitation
index using frontal brain asymmetry for enhanced EEG-based emotion recognition.
IEEE Trans. Inf. Technol. Biomed. 15, 737-746. doi: 10.1109/TITB.2011.
2157933

Piana, S., Stagliano, A., Odone, E, and Camurri, A. (2016). Adaptive body gesture
representation for automatic emotion recognition. ACM Trans Interact Intell Syst 6, 1-31.

Plass-Oude Bos, D. (2006). EEG-based emotion recognition. Influence Vis. Auditory
Stimuli 56, 1-17.

Plutchik, R. (2001). The nature of emotions. Am. Sci. 89:344. doi: 10.1511/2001.28.344

Russell, J. A. (1980). A circumplex model of affect. J. Pers. Soc. Psychol. 39, 1161-1178.
doi: 10.1037/h0077714

Satyanarayana, K. N. V,, Shankar, T., Poojita, G., Vinay, G., Amaranadh, H.N. S. V. L.
S., and Babu, A. G. (2022). An approach to EEG based emotion identification by SVM
classifier. In Proceeding of 2022 6th International Conference on Computing
Methodologies and Communication (ICCMC), 2022, 650-654.

Savran, A., Ciftci, K., Chanel, G., Mota, ]., and Rombaut, M. (2006). Emotion detection
in the loop from brain signals and facial images. Acta Hortic. 671, 151-157.

Singh, S., and Nasoz, E (2020). Facial expression recognition with convolutional
neural networks. In Proceeding of 10th Annual Computing and Communication
Workshop and Conference (CCWC), Las Vegas, NV, USA, 0324-0328

Soleymani, M., Lichtenauer, J., Pun, T., and Pantic, M. (2011). A multimodal database
for affect recognition and implicit tagging. In Proceeding of the IEEE Transactions on
Affective Computing, 3, 42-55.

Soleymani, M., Lichtenauer, J., Pun, T, and Pantic, M. (2012). A multimodal database
for affect recognition and implicit tagging. IEEE Trans. Affect. Comput. 3, 42-55. doi:
10.1109/T-AFFC.2011.25

Song, T., Zheng, W,, Lu, C., Zong, Y., Zhang, X., and Cui, Z. (2019). MPED: A multi-
modal physiological emotion database for discrete emotion recognition. IEEE Access 7,
12177-12191. doi: 10.1109/ACCESS.2019.2891579

Tao, W, Li, C., Song, R., Cheng, J., and Chen, X. (2020). EEG-based emotion
recognition via channel-wise attention and self attention. In Proceeding of IEEE
Transactions on Affective Computing.

Tsai, H.-Y., Chen, K. C,, Yang, Y. K., Chen, P. S,, Yeh, T. L., Chiu, N. T, et al. (2010).
Sunshine-exposure variation of human striatal dopamine D2/D3 receptor availability in
healthy volunteers. Prog. Neuro-Psychopharmacol. Biol. Psychiatry 35, 107-110. doi:
10.1016/}.pnpbp.2010.09.014

Tuncer, T., Dogan, S., and Subasi, A. (2021). A new fractal pattern feature generation
function based emotion recognition method using EEG. Vol. 144. Chaos, Solitons ¢
Fractals. 110671.

frontiersin.org


https://doi.org/10.3389/fnins.2023.1180407
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://doi.org/10.1371/journal.pone.0252408
https://doi.org/10.3390/su13179707
https://doi.org/10.1109/LSP.2022.3151551
https://doi.org/10.1037/0022-3514.89.1.62
https://doi.org/10.1016/j.buildenv
https://doi.org/10.1207/s15327663jcp1503_3
https://doi.org/10.1159/000477249
https://doi.org/10.1109/TBME.2012.2217495
https://doi.org/10.1109/ICDE48307.2020.9153878
https://doi.org/10.1109/ICDE48307.2020.9153878
https://doi.org/10.1109/JBHI.2017.2688239
https://doi.org/10.1111/j.1467-9280.2005.01602.x
https://doi.org/10.1109/T-AFFC.2011.15
https://doi.org/10.5040/9781501316852
https://doi.org/10.1007/s11063-018-9829-1
https://doi.org/10.1109/TBME.2010.2048568
https://doi.org/10.1016/j.envres.2016.06.045
https://doi.org/10.1109/TITB.2011.2157933
https://doi.org/10.1109/TITB.2011.2157933
https://doi.org/10.1511/2001.28.344
https://doi.org/10.1037/h0077714
https://doi.org/10.1109/T-AFFC.2011.25
https://doi.org/10.1109/ACCESS.2019.2891579
https://doi.org/10.1016/j.pnpbp.2010.09.014

Wang et al.

Wang, J., Xue, M., Culhane, R., Diao, E., Ding, J., and Tarokh, V. (2020). Speech
Emotion Recognition with Dual-Sequence LSTM Architecture. In Proceeding of
ICASSP 2020-2020 IEEE International Conference on Acoustics, Speech and Signal
Processing (ICASSP), 6474-6478.

Wani, T. M., Gunawan, T. S., Qadri, S. A. A., Kartiwi, M., and Ambikairajah, E. (2021).
A comprehensive review of speech emotion recognition systems. IEEE Access 9,
47795-47814. doi: 10.1109/ACCESS.2021.3068045

Frontiers in Neuroscience

10.3389/fnins.2023.1180407

Zhang, F, Zhang, T., Mao, Q., and Xu, C. (2020). Geometry guided pose-invariant
facial expression recognition. IEEE Trans. Image Process. 29, 4445-4460. doi: 10.1109/
TIP.2020.2972114

Zheng, W.-L., and Lu, B.-L. (2015). Investigating critical frequency bands
and channels for EEG-based emotion recognition with deep neural networks.
IEEE Trans. Auton. Mental Develop. 7, 162-175. doi: 10.1109/TAMD.2015.

2431497

12 frontiersin.org


https://doi.org/10.3389/fnins.2023.1180407
https://www.frontiersin.org/journals/neuroscience
https://www.frontiersin.org
https://doi.org/10.1109/ACCESS.2021.3068045
https://doi.org/10.1109/TIP.2020.2972114
https://doi.org/10.1109/TIP.2020.2972114
https://doi.org/10.1109/TAMD.2015.2431497
https://doi.org/10.1109/TAMD.2015.2431497

	Video elicited physiological signal dataset considering indoor temperature factors
	1. Introduction
	2. Related works
	2.1. Physiological emotion databases
	2.2. Methods for physiological emotion recognition

	3. Temperature-video physiological signal database
	3.1. Emotional model
	3.2. Video clip material
	3.3. Temperature settings
	3.4. Physiological signals sampling
	3.4.1. Experimental equipment
	3.4.2. Experimental subjects
	3.4.3. Experimental process

	4. Feature extraction from physiological signals
	4.1. Data preprocessing
	4.1.1. Data denoising
	4.1.2. Data normalization
	4.2. Feature extraction

	5. Experimental results and discussion
	5.1. Support vector machine
	5.2. Deep learning classification model for emotion recognition
	5.2.1. Long short term memory
	5.2.2. Attention-based convolutional recurrent neural network
	5.3. Comparison of different classifier
	5.4. Experimental results under three temperature
	5.4.1. Experimental results under comfortable temperature
	5.4.2. Experimental results under hot temperature
	5.4.3. Experimental results under cold temperature
	5.4.4. Comparison of emotion recognition results at three temperatures

	6. Conclusion and future work
	Data availability statement
	Ethics statement
	Author contributions
	Funding
	Conflict of interest
	Publisher’s note

	 References

