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Abstract. Recently some studies have shown that the major influential factor of our
health is not only physical activities, but the states of our emotion that we experience
through our daily life, which continuously build our behavior and affect our physical health
significantly. Therefore, emotion recognition draws more and more attention for many
researchers in recent years. In this paper, we propose a system that uses off-the-shelf
wearable sensors, including heart rate, galvanic skin response, and body temperature sensors, to read physiological signals from the user and apply machine learning techniques
to recognize emotional states of the user. These states are key steps, toward improving
not only the physical health but also emotional intelligence in advanced human-machine
interaction. Moreover, we consider three types of emotional states and conduct experiments on real-life scenarios. Experimental results shows that the proposed system has
good performance for emotion recognition.
Keywords: Emotion recognition, Machine learning, Physiological signals, Wearable devices.

1. Introduction. The Internet of Things (IoT) [30] have rapidly become one of the
most popular research topics due to its wide range of application scenarios. In general,
these applications can be divided into three categories: (1) smart home [32], (2) smart
transportation [33], and (3) e-health [34]. Wearable technology [31] is often touted as one
of the important applications of the IoT. It consists of low-cost and low-power sensors
which widely used in the market. The existing wearable applications are in their early
phase and currently dominated by physical activities tracking devices. So-called smartband can monitor some of our daily activities, such as walking, running, cycling, and
swimming. It also can track when and how long we sleep. Some of these act as personal
trainers and count how many calories was burned. Although the application of physical
health monitoring applications are booming, only few studies have been conducted on
that of emotional health.
Emotion is an integral part of our health and has a huge impact on our bodies, mental
health, and behavior. Weak emotional state can affect our immune system, making us
more likely to get cold and other minor infections. According to American Psychological
Association (APA) [10], more than 53% of Americans report personal health problems as
a source of stress. This issue of stress which has left unchecked can contribute many health
problems, such as high blood pressure, heart disease, obesity, and diabetes. According to
11
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a study conducted by the American College Health Association (ACHA) [11], a considerable proportion of students said that mental health problems affected their academic
performance, causing them to dropping courses, or receiving low grades in the classes.
Most of the existing studies of emotion recognition are based on visual camera-based
approaches [2, 3, 6], audio speech-based approaches [1, 4, 5, 7] and physiology-based emotion recognition [27, 28]. The visual camera-based approaches that used image processing
technologies to detect users’ emotions. However, this approach requires the users to be
well seen by the cameras, thus made this approaches may fall significantly. With regards
to the audio speech-based approaches [1, 4, 5, 7], the main idea of these approaches is
to use the speakers’ loudness, tone, and intonation patterns in a speech to detect their
emotions. However, conversational properties may vary in different cultures and nationalities, which may lead to worse recognition results from the system. Recently many
studies have shown that less attention was paid to physiological signals analysis for emotion recognition using wearable devices [27, 28]. However, to detect users’ emotions using
physiological signals required a constant and reliable data. It means the autonomous nervous system cannot be controlled consciously by users themselves. Such data will not be
affected by the factors, such as light requirements in video-based or cultural peculiarities
in audio-based approaches.

Figure 1. a)Heart rate sensor; b)Galvanic skin response sensor; c) Temperature sensor
In this paper, we use three non-invasive sensors as shown in Fig. 1: Heart rate sensor
to sense user’s pulse (Beats Per Minute; BPM), Galvanic Skin Response (GSR) sensor
to sense the skin conductivity to modulates the amount of sweat secretion from sweat
glands, and body Temperature sensor (T) to sense temperature value of the user’s body.
Then, we apply sliding window-based segmentation method to segment collected data
and extract candidate features from the segments. After that, we feed extracted features
to classifiers to identify the type of users’ emotional states. We implement the prototype
of the proposed methods on Arduino platform and evaluate the performance of six classification algorithms to train emotion classification models: Random Tree, J48 Decision
Tree, Naive Bayes, SVM, KNN, and Multilayer Perceptron Neural Network.
We collect data from 10 participants using Geneva Affective Picture Database (GAPED)
and International Affective Picture System (IAPS) as a triggering mechanism for experimental investigations of emotion. These databases consist of a set of labeled pictures which
are designed to stimulate particular emotions. The results show high accuracy above 97%
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of user’s emotional conditions recognition using low-cost sensors that are available in current wearable devices. In recognition stage, we consider three general emotional states:
Negative, Neutral, and Positive.
The rest of this paper is organized as follows: Section 2 reviews the related works.
Section 3 introduces the details of the proposed methods and experimental methodology. Performance evaluation and prototype implementation of the proposed system are
described in Section 4. Finally, Section 5 gives conclusion and future works.
2. Related Works. This section discusses about existing studies that fall into three
categories: emotion recognition based on video, audio and physiology approaches.
2.1. Video-based emotion recognition. The approaches in this category can be divided into two types: emotion recognition (ER) based on facial expression [18, 19, 20]
and body movements [17, 21]. Both of them rely on cameras and image processing technologies to detect emotional states. However, in order to detect emotional states, user
has to be in a range of camera vision and even if so, user has to be well seen. In other
words, such system will output an unreliable results or even will not work in a poorly lit
environment. Besides, the user can consciously control facial expression to false classification results. In addition, camera-based emotion recognition systems are stationary and
cannot be properly used as a day-long wearable solution.
2.2. Audio-based emotion recognition. Besides information that we intend to say,
our speech contain information about our emotions [22]. Different methods and algorithms
were designed for audio-based emotion recognition, such as [23, 24]. These methods rely
on microphones and based on speakers’ loudness, tone, and intonation. However, conversational properties vary in different cultures, nationalities, or even differ from human
being to human being [7], so the universality of such systems could be low and may be
tight to a specific area with a specific conversation property. Moreover, in order to detect
users’ emotional states, users have to constantly or continuously talking, which is very
inconvenient in many applications.
2.3. Physiology-based emotion recognition. Using biosensors to detect emotional
states becomes more popular among researchers in recent years. These biosensors are
monitoring physiological signals generated by an autonomic nervous system of human,
which produces visceral sensations that shape emotional experience. Autonomous nervous
system cannot be controlled consciously and it allows to collect reliable data, which is
not affected by factors, such as cultural and national diversities in audio-based approach
or range of vision and light requirements in video-based approach. Besides, both of these
approaches require users to do some actions to know their emotional states. Studies
[27, 28] take advantage of using biosensors for emotion recognition. These studies use
high cost and precision sensors and achieve high recognition accuracy of 96.6% [26]. The
system developed in [28] achieves even higher accuracy. It uses electrocardiogram (ECG)
sensor to read heart’s electrical activity, electromyograph (EMG) sensor to read electrical
activity produced by skeletal muscles, and electroencephalogram (EEG) sensor to detect
electrical activity in brain and respiration rate sensor to detect how fast and deep we
are breathing. However, these devices are costly and cannot be properly integrated in
smart-watches and fitness bands.
3. The Proposed Method. In this section, we introduce the proposed methods and
explain the procedure of physiological signals processing for obtaining user’s emotional
states.
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3.1. System Architecture Overview. In this subsection, we explain the procedure of
physiological signals processing for obtaining user’s emotional states. In our research, we
use three sensors which are connected to Arduino Yun microcontroller to collect users’
data. The users’ data are collected with 10 Hz sampling rate frequency, that further
process three physiological signals collected from non-invasive sensors below:
1. Heart rate (Grove Ear-clip Heart rate Sensor) is used to measure the amount of
heart beats per minute. Heart rate changes are triggered while different emotions
are triggered [13] or even listening to different music styles [14].
2. Galvanic Skin Response (Grove GSR sensor) is used to measure the electrical conductance of the skin. GSR modulates the amount of sweat secreted from sweat
glands. In this case, emotion results to stimulate our sympathetic nervous system.
The stimulus itself has impact on our body which becomes sweaty due to secretions
from sweat glands [15].
3. Temperature sensor (MLX90614) is used to measure the body temperature. As
indicated in [16] body temperature changes while different emotions are triggered.

Figure 2. The Input-Process-Output diagram of the proposed system
The collected sensor data are sent to a server via Bluetooth for further processing. Fig.
2 shows the Input-Process-Output diagram of the proposed system. In this work, we
consider the recognition of three states of emotion; positive, neutral, and negative. The
data generated from the sensors go through four phases before finally recognizing an individual user’s emotional state, which are pre-processing, segmentation, feature extraction,
and emotion classification.

Figure 3. Labeling process for sensor data
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Table 1. The extracted candidate features
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Pre-processing Phase: In this phase, we observe that the collected data tend to
have missing values during a short period (i.e., one to two seconds) just after the
connection stability between the devices are established. In order to address such
problem, we therefore cut off the first two seconds’ data from the collected data to
avoid the interference of the missing data. Such issue may happen due to the ongoing
establishment of the Bluetooth connection.
Feature Extraction Phase: In this phase, we extract candidate features from the
sensor signals in each segment. For instance, let A =< a1 , a2 , ..., an > be a time
series data of a sensor in a segment, where ai (1 ≤ i ≤ n) is the ith sample in A. The
extracted candidate features are shown in Table 1.
• Mean - It measures the central tendency of the data.
• Variance - It represents the expected squared deviation from the mean.
• Energy - It measures the magnitude of A.
• Average Absolute Difference - It is a measurement of statistical dispersion
equal to the average absolute difference of two independent values drawn from a
probability distribution.
• Average Absolute Value - It is the average of the absolute values in A.
• Skewness - It is used to describe asymmetry of A from the normal distribution
in a set of statistical data.
• Kurtosis - It measures whether A are heavy-tailed or light-tailed relative to a
normal distribution.
• Zero Crossing Rate (ZCR) - It is a measurement that reflects the times that
signs of two adjacent values in A, change from positive to negative or vice versa,
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where sign(.) returns 1 if one of the two inputs is positive and another one is
negative; otherwise it returns 0.
• Mean Crossing Rate (MCR) - It is a measurement that reflects how many
times the sign of two adjacent values in A cross mean.
• Root Mean Square - It measures the square root of the data’s mean square.

Figure 4. Data segmentation and overlapping sliding window method
Segmentation Phase: Fig. 4 describes how we apply the overlapping sliding windowbased segmentation to segment the collected sensor data. The segmented window
size is set to θ(θ > 0) seconds and the size of overlapping is set to δ(0 ≤ δ ≤ θ)
seconds. In the experiments, we evaluate the effect of varied window sizes and overlapping sizes on the recognition results of the proposed system.
Emotion Classification Phase: In this phase, the extracted candidate features are
used to build classifiers using classification algorithms in Weka [12]. We consider the
following six different types of classification algorithms: K -Nearest Neighbor (abbr.
KNN), J48 Decision Tree (abbr. J48), Naive Bayes (abbr. NB), Random Tree (abbr.
RT), Support Vector Machine (abbr. SVM), and Multilayer Perceptron Neural Networks (abbr. MP).
3.2. Experiment Methodology. In the experiment, we recruit ten participants, which
are divided into two groups: seven males and three females. Their ages are between
twenty-two and thirty. Fig. 3 shows how we label sensor data using emotional triggering databases. All the experiments are conducted in separate rooms. We request the
participants to leave their phones out during the experiments. Emotion triggering is a
very important part of the experiment. In the emotional triggering, we use two affective
emotion photo databases in our experiments. The first one is Geneva Affective Picture
Database (GAPED) [8] provided by Swiss Center for Affective Sciences, and the second
one is International Affective Picture System (IAPS) [9] provided by Center for The Study
of Emotion and Attention. We choose twenty photos for each type of emotional states
(i.e., positive, neutral, and negative) from the above mentioned databases. Each photo
was shown to the participant for five seconds. We have tried different orders of data
collection, i.e., different emotion stimuli were shown in different days, and different consistency. Such approach was applied to minimize dependencies of one emotional condition
from another one.
We held the experiments three times. The data collected from the first experiment was
never used in the processing. It happened because we realize the participants felt nervous
and strange due to the bunch of sensors and cables connected to their arms, which would
influence participants’ emotion and lead to noise data. However, in the next experiment,
our participants were more familiar with the sensors setup. Therefore, the data collection
from the second and the third experiments are used in the processing phase.
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Table 2. The accuracy of the group models under varied segmentation sizes
Accuracy of each segment size

Classifiers
1 sec.

2 sec.

3 sec.

4 sec.

5 sec.

RT

83.69% 82.90% 82.58% 73.29% 80.52%

J48

90.35% 84.49% 86.48% 87.25% 80.55%

NB

39.46% 39.16% 45.34% 41.62%

34%

KNN

72.76% 74.75% 76.57% 80.45% 79.56%

SVM

47.11% 42.94% 42.64% 44.84%

49%

MP

86.28% 82.30% 79.87% 77.28%

72%

4. Performance Evaluation.
4.1. Experimental Evaluation. In this subsection, we evaluate the recognition performance of the proposed sensing system using different types of classifiers, including RT,
J48, NB, KNN, SVM, and MP. We apply 10-fold cross validation to conduct the performance evaluation. We consider two kinds of classification models, which are named group
model and personalized model, respectively. For the group model, the emotion classifier is constructed by considering all the participants’ physiology signals in the training
phase. While for the personalized model, it is constructed by considering only individual
participant’s physiology signals.
4.2. Experimental Results. Table 2 shows the accuracy of the group models under
different sizes of data segmentation. In this experiment, the overlapping size δ is set
to 0. In Table 2, we can see that the J48 classifier performs better than the other five
classifiers. Besides, when the segmentation size θ is set to 1 seconds, the J48 classifier
achieves up to 90.35% recognition accuracy. Table 3 shows the average, minimum, and
maximum accuracies of the group models in this experiment. As shown in Table 3, the
SVM and NB classifiers are not very effective, their average accuracies are 45.59% and
39.91%, respectively.
Then, we test the effect of δ on the overall accuracy of the proposed system. In this
experiment, the segmentation size θ is set to 5 seconds. Table 4 shows the accuracies of
the group models when the overlapping size is varied from 0.5 seconds to 4.5 seconds.
As shown in Table 4, RT, J48, NB, and KNN generally have better recognition accuracy
than SVM and MP.
Fig. 5 shows the accuracy of the MP, RT, KNN, and J48 classifiers when θ = 5 and
δ= 4.5. As shown in Fig. 5, the accuracy increases with increasing overlapping size in
general. Table 5 shows the performance improvement when the proposed system applies
the overlapping sliding window-based segmentation. The left column of the Table 5 shows
the accuracy of MP, KNN, RT, and J48 when θ = 1 and δ = 0, while the right one shows
that of the four classifiers when θ = 5 and δ = 4.5. As shown in Table 5, the overall
performance of the system is generally enhanced.
From the above experiments, we can observe that the proposed system using KNN
has the best accuracy when θ and δ are set to 5 seconds and 4.5 seconds, respectively.
Therefore, we then evaluate its performance in terms of precision, recall, and F-Measure
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Table 3. Average, minimum, and maximum accuracies of the group models
Classifier

Min

Average

Max

NB

34%

39.92%

45.34%

SVM

42.64%

45.31%

49%

KNN

72.76%

76.82%

80.45%

RT

73.29%

80.59%

83.69%

MP

72%

79.55%

86.28%

J48

80.55%

85.82%

90.35%

Figure 5. The recognition accuracy of different classifiers when θ = 5 and
θ = 4.5
for each class. Table 6 shows the experimental results. As shown in Table 6, the system
using KNN classifier also has good recognition result for each class.
After evaluating the recognition performance of the group models, we then evaluate that
of the personalized models. In this experiments, we consider to build ten personalized
models from data collected from ten participants. Because KNN has the best performance
in the previous experiments, in this experiment, we only consider the KNN classifier and
set the parameters θ and δ to 5 and 4.5 seconds, respectively. Fig. 6 shows the classification results for each personalized model built by the training data collected from each
user. As shown in Fig. 6, the average accuracy of all the personalized models is 97.78%.
Moreover, the maximum and minimum accuracies are 98.2% and 96.8%, respectively.
4.3. Prototype Implementation. In this subsection, we introduce the prototype result
of the proposed system. Fig. 7 shows the detail of system prototype components. We
developed an Android application to recognize users’ emotional state online. It consists
of Arduino side and Android side. On the Arduino side, heart rate, body temperature,
and GSR sensors will continuously collect users’ physiology signals, which will be sent
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Table 4. The accuracy of the group models under different sizes of overlaps
δ

RT

J48

NB

0.5 sec. 84.68 81.92

KNN

SVM

MP

39.63 78.37

49.54 77.92

1.0 sec. 79.51

84.33 38.95 79.11

42.57 80.72

1.5 sec. 85.31

86.01 38.11 77.62

44.40 76.92

2.0 sec. 85.58

85.88 44.44 84.08

48.34 83.18

2.5 sec. 86.53

90.77 44.38 85.28

46.38 83.54

3.0 sec. 87.41

89.27 41.38 84.58

45.28 85.15

3.5 sec. 89.82 88.62

49.11 87.27

49.85 88.47

4.0 sec. 93.11 92.31

46.30 92.11

48.41 88.92

4.5 sec. 94.22

52.14 97.31 48.41 91.78

95.46

Table 5. The accuracy of different classifiers with/without applying overlapping sliding window-based segmentation
Classifier Without Overlapping Method With Overlapping method Improvement
MP

79.55%

84.07%

4.52%

KNN

76.82%

85.08%

8.26%

RT

80.59%

87.35%

6.76%

J48

85.82%

88.29%

2.47%

Table 6. The precision, recall, and F-measure of the proposed system
using KNN
Classifier:
KNN

Group model / 5sec.segm / 4.5 sec. overlap
Training
Testing

Class
Positive

Precision
0.984

Recall
0.980

F-Measure
0.982

Precision
0.973

Recall
0.974

F-Measure
0.974

Neutral
Negative

0.974
0.985

0.979
0.983

0.976
0.984

0.961
0.987

0.969
0.976

0.965
0.981

to the users’ smart-phone via Bluetooth. On the Android side, the collected data will
go through pre-processing, segmentation, feature extraction, and emotion classification
phases. Fig. 8 shows the prototype of the implemented App. On the first screen of the
App, user can click “Connect” button to connect the App with the Arduino device.
When Bluetooth connection is established, the App will go to the second screen, where
user can see three boxes on which shown his/her detected heart beats per minute (show.
as Heart rate. in the interface), GSR (abbr. as Skin resp. in the interface), and body
temperature (abbr. as Tempr. in the interface) data in a real-time fashion. Detected
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Figure 6. The accuracy of each personalized model

Figure 7. System prototype components
user’s emotional state is shown in the upper right side of the App. Online recognition is
done by using the pre-trained classifier inside the smart-phone.
4.4. System Performance Testing. We perform the testing of our system in reallife scenario. We consider different actions, such as: reading paper, scrolling Facebook,
watching funny video, reading article, and watching negative pictures to see what emotions
will be triggered and see if they match our expected results. In Fig. 9, we can see a user
reading article about newly released laptop. While on the left side of the screen, it shows
the application’ prototype result. The output of the App shows “Positive”, which means
the user’s emotional state is identified as “positive”.
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Figure 8. The User Interface of the implemented system prototyping
Based on our experiment, the transition between different emotional states usually takes
approximately 45 - 60 seconds to be perfectly steady and accurate on a given emotional
state. This situation appears because heart rate, temperature, and other physiological
signals cannot change quickly.

Figure 9. A user is reading an article about newly released laptop
5. Conclusions and Future Work. In this work, we consider heart rate, body temperature and galvanic skin response sensors to design wearable sensing system for effective
recognition of users’ emotional states. The proposed system allows recognizing three types
of emotions, including positive, neutral, and negative, in an online fashion. We apply the
machine learning technology to process the physiology signals collected from the user.
The process consists of four main phases: data pre-processing, data segmentation, feature
extraction, and emotion classification. We implement the prototype of the system on Arduino platform with Android smart-phone. Extensive experiments on real-life scenarios
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show that the proposed system achieves up to 97% recognition accuracy when it adopts
the k -nearest neighbor classifier. In the future work, we will consider more types of user’s
emotional states and consider to find a correlation between these emotions and physical
activities for more diverse and novel applications. Below is the demo video, source code,
and dataset of our system (https : //goo.gl/KhhcyA).
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