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Abstract. It is challenging to know emotion status of people at run time as emo-
tion can be influenced by many factors. Speech contents heart rates are used in
our former work on hybrid emotion recognition approach. However, fixed emo-
tional keywords is not enough as there may be unknown and new keywords arise.
Therefore we add semantic similarity to emotional keywords recognition. After
obtaining the content of the user, even if the emotional keywords are not in the
knowledge base, we calculate the similarity between the keywords in the talk of
the user and the words in the knowledge base. A hybrid similarity calculation
algorithm is proposed to alleviate the problems that some words do not exist in
HowNet knowledge base where we combine the similarity calculation method for
Tongyici Cilin. If the similarity is greater than a threshold, then a corresponding
emotion status will be recognized together with the heart rate of the user. The
advantage of using semantic similarity is that it is much more flexible than the
one with only fixed emotional keywords in the knowledge base, together with a
higher recognition accuracy than before.

1 Introduction

Emotion status is an important factor that affects the health status of people. Therefore,
recognizing emotion status is an important step towards the intervention of low emotion
status. Currently, there are quite some emotion recognition technologies, such as the
ones using physiological signals, or using facial expressions and voice contents. Due to
the complexity nature of mind state which can be influenced by the health status of a
person, external events, physiological changes, and many other factors, we proposed a
hybrid emotion recognition approach which combines physiological signal (heart beats)
and speech contents [18].

For speaking, different people may use different emotional keywords to express the
same kind of emotion. At the same time, it is not rare at all that these emotional key-
words may not be in the knowledge base designed for the emotion recognition, and new
emotional keywords may arise. Therefore, to make the emotion recognition really prac-
tical using speech contents, it is necessary to identify the semantic similarity of emotion
keywords spoken by different people or in different situations.

Therefore, in addition to the physiological signals for example heart rates, the seman-
tic similarity of the emotional keywords in a speech should be taken into consideration
during the process of emotion recognition. In our work, we first classify anger, joy, nor-
mal and sadness based on heart rates, then the emotion recognition is further improved
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by emotional key words: first, we segment the sentence of the talk of the user, then de-
pending on semantic similarity we will calculate the result of keywords recognition. We
have initially tested the proposed approach and found that our approach indeed works
well.

The rest of the paper is structured as follows: We show an overview of the proposed
emotion recognition approach in Section 2. Section 3 discusses the implementation of
our emotion recognition approach. We evaluated the proposed approach in Section 4.
Related work is described in 5. Conclusions and future work end the paper.

2 An Overview of Emotion Recognition Using Heart Rate
Monitoring and Emotional Key Words Identification

As we all know that the smart phones is increasingly popular, we adopt heart rate as
one method to identify the emotional status of the user. In order to get the heart rate,
we only need to use the built-in camera on the smart phones. The color for finger is
changing continuously with the heart beats. Therefore the user will only need to shoot
the finger to detect color changes, and henceforth to get the heart rates.

2.1 Heart Rate for Different Emotion Status

Usually people will have different heart rates when they are in different emotion status
[18], as shown in Figure 1 below.

Fig. 1. Relationships of Heart Rates with Emotion

Only heart rate itself can not accurately decide the emotion status as we can see from
Figure 1. It should be combined with other approaches, for example, identifying what a
person is talking may help to recognize the emotion of the speaker.

2.2 Emotional Key Words

As a common sense, people in different emotional status may say different emotional
words[4], which are called emotional key words. Based on the work done by Wu
[13][12], we build our own emotional key words knowledge base, partially shown in
Table 1.
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Table 1. Some keywords of four categories of emotion

emotion keyword1 keyword2 kerword3 keyword4 keyword5

joy –

anger

– – –

normal

– – –

sadness

– – – –

2.3 Emotion Recognition Approach Overview

We show the proposed emotion recognition approach as shown in 2, similar as that in
[18]. It is a hybrid emotion recognition approach combining physiology signal, obtained
through the built-in camera and speech contents, obtained through the microphone on
the smart phones.

First the user needs to shoot his finger around 10 seconds with the built-in camera.
If the average heart beats is obtained successfully, then the preliminary emotion recog-
nition will be conducted. After this, as the talking content will be continuously moni-
tored, and then word segmentation is used to extract some keywords that can represent
the emotion status of the user. Then semantic similarity is calculated to identify emo-
tional keywords, which are reflecting the current emotion status of the user. Finally the
recognition results will be further improved by using semantic similarity in keywords
recognition process.

Fig. 2. Overview of the hybrid emotion recognition approach
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3 Implementation of the Hybrid Emotion Recognition Approach

The emotion recognition can be considered as a sort of context-aware computing [1],
where the contents of talks and heart rates are parts of contexts, and they are managed in
a context-awareness framework based on our previous work [15][17][16]. The overall
architecture of our hybrid emotion recognition application is shown in 3.

Fig. 3. Structure of the emotion recognition on Android smart phones

From 1, we can see that for heart rates, there are overlaps between different emotion
states. The four emotional states can be largely classified as low rates (sadness and
normal) and high rates (joy and anger). To show the decision making more clearly, a
decision tree is shown in 4. We can see that it is not possible to differentiate emotion
status at the third level in the tree. Here the emotional key words identification will help
to improve the recognition process.

The main work flow of the mood recognition is realized in class KeywordActivity as
shown in 5. During this process, the heart rate is used first to make decisions on which
branch the recognition process will transverse 4. With the underlying speech content
retrieved using a speech to text service from the context-awareness framework.

Then we make word segmentation, namely to segment contents of the sentence spo-
ken by a user. After this, we can get the components in the content. For examples, we
will know which are adjectives in the content, which are verbs in the content.

After the segmentation, we extract some specific components of the content that can
represent the emotion of the user. Then by using a word similarity algorithm proposed
in [11], we make comparison of the components and those emotional key words in the
knowledge base.
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Fig. 4. Decision tree for heart rates based emotion recognition

3.1 Sememes Similarity

The calculation of word similarity based on sememes (smallest elements of HowNet
knowledge base) in HowNet is using three basic components:

1. the depth of the sememes: Depth(seme1), where the first sememe is defined as
seme1.

2. the overlaps of the sememes: Spd(seme1,seme2), where the first sememe is defined
as seme2.

3. the dissimilarity of sememes(can be equals to the semantic distance): Dsd(seme1,
seme2).
The formula about the similarity of sememes is generally defined as follows:
Sim(seme1, seme2) = 2∗Spd(seme1,seme2)

Dsd(seme1,seme2)+2∗Spd(seme1,seme2)

Or can be calculated using the following formula:
Sim(seme1, seme2) = 2∗Spd(seme1,seme2)

Depth(seme1)+Depth(seme2)

3.2 Similarity of Words in HowNet

In HowNet, words can be classified as notional words and functional words. For us,
the notional words are meaningful for knowing the emotion status. As in the HowNet,
the words are described by ”{thesememesofsyntax}”and”{thesememesof
relationship}”, when we want to calculate the content words, we need to calculate
the similarity of the two parts, when we calculate the function words, we only need
to calculate the similarity of the two parts that without the braces. The algorithm is
described in [11].

3.3 Similarity of Words Not in HowNet

When we calculate the similarity of the words that have not been concluded in the
HowNet, we usually do as follows: as the concepts of the words can be segmented, just
as O1, O2, ...On, include n concepts. We can calculate the similarity of the n concepts.
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Fig. 5. Work flow of the emotion recognition on Android smart phones

We must be sure that all the n concepts are in the HowNet, then we can calculate the
similarity as the calculation of the words that have been included in the HowNet, if any
concepts in the n concepts that are not included in the HowNet, we must further make
segmentation of the concepts, until every concept is in the HowNet. As we can see, the
words similarity calculation depends on that all concepts are in HowNet. But this is not
true from our experience, therefore, we need to handle the case where some concepts
are missing in HowNet. In this case, we propose to use Tongyici Cilin to alleviate this
problem.

3.4 Words Similarity Combining Tongyici Cilin

Tongyici Cilin1 is another famous thesaurus taxonomy which organized by total differ-
ent manner from the HowNet, but also in a tree way like how WordNet does. Therefore,
We can utilize the tree structure of Cilin to measure the similarity among words as in
[10]. Based on the HowNet-based Chinese word similarity algorithm, and Cilin-based

1 http://download.csdn.net/detail/joy516688/4674656

http://download.csdn.net/detail/joy516688/4674656
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Chinese word similarity algorithm, we propose a hybrid algorithm combined HowNet
and Cilin, the formula is:

Sim(w1, w2) = βSim(w1, w2)HowNet + (1− β)Sim(w1, w2)Cilin

Where Sim(w1, w2)HowNet is the semantic similarity based on HowNet,
Sim(w1, w2)Cilin is the semantic distance based on Cilin, and β is a restrain factor
to adjust the weight of the two parts.

4 Evaluation of the Hybrid Emotion Recognition Approach

We have made experiments to evaluate the proposed hybrid emotion recognition ap-
proach as presented above. During the tests, we are using a Sony Ericsson LT 18i, with
Android 4.1.22. First we need to measure the heart rate of the user, the detail process of
how to get the heart rate is defined in [18]. The speech of the user is recognized(include
record the talk of the user, make word segmentation, use semantic similarity to judge
the emotional status that the special words express)at the same time so that the hybrid
recognition can work. In the following tables showing the measurements, we list the
emotional key words first, following by the figure for a heart rate during the first test,
and then by a ’Y’ or ’N’ to say whether the recognition of a corresponding emotion
status is successful or not.

4.1 Accuracy

We have asked two people to test our system, we call them A, B. The tests for A are
shown in Table 2 3 4 5. From these data, we can see that the total accuracy of emotion
recognition can reach 71%, we can also see that there are some emotion key words
could not be correctly recognized, which lower the accuracy of recognition.

The tests for B are shown in Tables 6 8 9 7. The tests for sadness is shown in the 7.
The accuracy for the sadness is around 72%. The total accuracy of the test for B is only
around 42%. It is much lower than the tests for A. One reason is that we do not make
experiments for all the keywords in the knowledge base for B. So the result of the test
for B can not represent all the conditions accurately. As in the test for A, B, the reason
that some emotional keywords can not be recognized correctly is that we use the tool
of speech to text of Google, so sometimes the unstable of the tool of Google results in
that our keywords can not be recognized correctly. We regard this condition as an error,
if this condition happens, we also regard it as the error of our work in the test. If we
make experiments for B by using all the words in the knowledge base. The accuracy
will be around the accuracy of the test for A, namely around 71%. If we do not regard
the unstable of Google as an error, the accuracy of the test for A can be better than 71%,
the accuracy of the test for B can also be improved.

4.2 Performance

To check the performance of our approach, we record the talk of the user and measure
how long it takes recognize speech contents, and how long it takes to calculate the

2 http://freexperiaproject.com

http://freexperiaproject.com
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Table 2. Test of Normal for A

Keyword first second third forth

51 Y 49 Y 53 Y 41 Y
65 Y 53 Y 51 Y 71 Y
57 Y 47 N 71 Y 59 Y
61 N 59 Y 65 Y 59 Y
71 Y 53 Y 65 Y 65 Y
59 N 65 Y 71 Y 47 Y
53 Y 59 Y 41 Y 59 Y
59 N 47 N 56 N 65 N
65 N 59 N 51 N 47 N
71 Y 71 Y 53 Y 69 Y
71 Y 56 Y 59 Y 65 Y
47 Y 41 Y 53 N 49 Y
65 Y 53 Y 65 Y 59 Y
59 N 65 N 65 N 65 N
47 N 53 N 65 N 53 N
47 Y 41 Y 53 N 49 Y
65 Y 53 Y 65 Y 59 Y
59 N 65 N 65 N 65 N
47 N 53 N 65 N 53 N

Table 3. Test of Sadness for A

Keyword first second third forth

65 Y 53 Y 65 Y 41 Y
59 Y 65 Y 41 Y 59 N
59 Y 59 Y 53 Y 65 Y
53 Y 53 N 59 Y 53 Y
65 N 47 N 59 N 48 N
59 Y 53 Y 41 Y 59 Y
47 N 65 N 53 N 41 N
65 Y 65 Y 59 Y 65 Y
53 N 59 Y 47 Y 59 N
47 Y 59 Y 41 Y 47 Y

Table 4. Test of Anger for A

Keyword first second third forth

107 N 83 N 89 N 87 N
83 Y 95 Y 83 Y 89 Y

107 N 90 N 94 N 107 N
107 Y 83 Y 113 Y 107 Y
95 Y 107 Y 107 Y 83 Y
90 Y 113 Y 119 Y 95 Y
83 Y 94 Y 90 N 107 Y
95 Y 107 Y 107 Y 113 Y

107 Y 119 N 113 Y 107 Y
113 N 107 N 95 N 119 N

Table 5. Test of Joy for A

Keyword first second third forth

77 N 77 N 95 N 77 N
83 N 83 N 77 N 89 N
84 Y 90 Y 83 Y 77 Y
90 Y 83 Y 77 N 95 Y
77 Y 83 Y 77 Y 89 Y
89 Y 83 Y 77 Y 95 N
84 Y 83 Y 89 N 83 Y

Table 6. Test of Normal for B

Keyword first second third forth

69 Y 71 Y 53 N 53 Y
49 N 49 N 61 N 55 N
55 N 71 N 69 N 57 N
61 Y 65 Y 61 Y 59 Y
57 Y 47 Y 51 Y 53 Y
73 Y 71 Y 71 N 65 Y

Table 7. Test of Sadness for B

Keyword first second third forth

41 Y 51 N 55 Y 59 Y
55 Y 55 Y 59 Y 57 Y
47 Y 43 Y 47 N 57 Y
65 Y 55 Y 51 Y 45 Y
43 N 51 N 61 N 63 N

Table 8. Test of Anger for B

Keyword first second third forth

97 N 77 N 85 N 83 N
77 Y 105 Y 103 Y 97 Y
97 N 89 N 103 N 119 N
87 Y 77 Y 107 N 107 Y

Table 9. Test of Joy for B

Keyword first second third forth

87 N 77 N 94 N 85 N
94 Y 85 Y 83 Y 77 N
89 Y 77 Y 79 N 95 Y
85 Y 77 N 87 Y 95 Y
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Table 10. Performance tests

T1(s) T2(s) T(total)(s)

4.8 2.25 8.03
4.58 2.06 7.61
5.43 2.21 7.25
5.05 2.25 7.91
5.05 2.16 7.85
5.03 1.91 7.69
5.25 2.09 8.05
4.91 2.01 7.63
5.03 2.03 7.89

Table 11. Power consumption

Recognition CA

LCD(J) CPU(J) LCD(J) CPU(J) Total(mw)
35.3 20.5 6.3 6.1 927

36 20.9 6.5 6.3 934
35.9 20.3 6.4 6.1 927
35.6 20.9 6.3 6.4 940
35.3 19.8 6.3 6.2 925
36.3 20.5 6.7 6.3 934

36 21 6.2 6.1 936
35.9 20.9 6.3 6.3 925
35.6 21.2 6.5 6.2 927

36 20.8 6.7 6.1 930
34.9 20.6 6.2 6.1 925
34.8 20.4 6.6 6.4 927
35.6 20.5 6.4 6.2 936

semantic similarity, and how long for the whole mood recognition process takes. The
tests are shown in Table 10, where the measurements for the time taken is denoted as T1,
T2, and T3 respectively. We can see that it takes around 5s for speech recognition which
takes the majority of the total recognition time. The process of word segmentation and
semantic similarity calculation takes around 2s, which is reasonable for the current
knowledge base. The total cost of the whole process that from recording the talk of the
user to obtain the final result of emotion recognition is around 7s, which is OK for run
time recognition purpose.

4.3 Power Consumption of the Recognition Application

Table 11 shows the power consumption while conducting the mood recognition process
on a SE LT18i, the last column shows the power consumption of the context awarenss
framework plus the emotion recognition application, which is less than 1 Watt, a rea-
sonable power consumption for an application on Android. All the power consumptions
are measured using the Power Tutor software tool3.

5 Related Work

Using some wearable equipments in order to collect emotion-related physiological sig-
nals such as skin conductivity, heart rate and a skin temperature of the user [8]. There
exist some emotion recognition systems that They used a base unit and gloves with sen-
sor units in order to receive the data transmitted from sensor units. In our approach, we
just avoid using these complex sensors, we make our work more convenient for people,
not need to make the user to wear the equipments on their body, in our work we only
use the built-in camera and microphone on the smart phone, at the same time, as our
work use semantic similarity so we also need the help of the computer, in the future, we
will make our work all on the smart phones, to use our work, just a smart phone and a
computer are enough.

3 http://ziyang.eecs.umich.edu/projects/powertutor/

http://ziyang.eecs.umich.edu/projects/powertutor/
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There is an interesting work on collecting data only from key strokes which is pre-
sented in [5]. In their paper, they are also using the method of decision tree classifier for
15 emotional states, they classify six emotional states including hesitance, confidence,
relaxation, nervousness, tiredness and sadness with around the accuracy of 80% suc-
cessfully. For modern handhold devices, collecting key strokes are impractical where
the main interaction method is touching screen, our work is more practical, as we use
semantic similarity in our work, the accuracy of our work can be around 71%. We re-
gard the unstable of Google as one of the errors in our work, If we not regard this as an
error, the accuracy of our work can be better than 71%.

The recognition of speech emotion using Support Vector Machine is proposed in [3],
where the classifier of Support Vector Machine is used to classify different kinds of
emotional states such as sadness, anger, neutral, happiness, fear, from the Berlin emo-
tional database. In this paper, it is surprising that it gives 93.75% classification accuracy
for Gender independent case 100% for female speech and 94.7% for male. This high
accuracy of the emotion recognition is compared with the work which is introduced in
[7]. On the other hand, these research are exploring the emotion recognition off-line,
not as what we are doing to recognize emotion status online at run time, they use the
features of the voice, we now only use the key words by using semantic similarity. But
in the future, we will consider more voice features definitely like pitch, rhythm and so
on. In our work, we can recognize four kinds of emotional status, the gender has no
influence on the accuracy of our work. Meanwhile by using the semantic similarity, the
accuracy of our work can be 71%. It is reasonable.

The work proposed in [2] introduced automatic emotion recognition from speech
using temporal features and rhythm. They use two kinds of methods to classify the fea-
tures of voice, namely Support Vector Machine and Artificial Neural Network (ANN),
both of them can achieve high accuracy of emotion recognition, by comparing with [7]
and [3]. This emotion recognition is also off-line compared with our work. We now just
use the key words in the talk of the user by using semantic similarity, the accuracy of
our work is around 71%, to further improve the accuracy of our work. Fist we will try
our best to improve the accuracy of the semantic similarity in our work. Then we would
also make full use of the features of voice to improve the accuracy of recognition even
contents may mislead the recognition sometimes.

A similar work that have been done in the paper that is proposed in [6], in this work
where unobtrusiveness is emphasized as ours, as we use key words by using semantic
similarity to judge the emotional status. we just use the feature of the voice, not the
same as them. They collect and analyze user-generated data from different types of
sensors by using the smart phones inconspicuously. These data include typing speed,
frequency of pressing a specific key, maximum text length and so on; the features of
the current environmental conditions around the user: average brightness, discomfort
index, location, time zone and weather condition. Then they only choose ten features,
by using the bayesian network to classify the features. Finally the average accuracy of
seven kinds of emotion recognition is 67.52%. Meanwhile the accuracy of recognition
about happiness, surprise, anger, neutral is around 50%. Because we collect the data
from the smart phones. Then it is convenient for user to use. In this paper, both the
direct features and the indirect features that have influence on people are taken into
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consideration. The disadvantage of the experiment is the collected data are not enough
which result in low accuracy of the recognition of sadness and fear, and the experiment
can not represent most people. We combined the physiology signal instead of only using
those data as in [6]. Although we only use the semantic similarity in the recognition.
We have tested that the accuracy of our work is better.

It is proposed that use a normal WebCam to measure physiological signals [9], where
color channels in facial image caught on a webcam is utilized.By using this approach,
it can obtain respiratory rate, heart rate and heart variability. This work does not need
the attention of the user. To some special situations, it also has good potentials. It makes
use of heart rate, just the same as us, in our work, we combine the heart rate and the key
words( use semantic similarity), now our work just need a smart phone and a computer,
in the future, we will move our work all on the smart phone and improve the accuracy
of the semantic similarity to further improve the recognition accuracy of our work. But
it needs the additional webcam.So our work is more convenient than it.

6 Conclusions and Future Work

It is very important for some people to understand the emotion status of a person. Es-
pecially those people that need health care service in order to keep them in good con-
ditions. It is a great challenge that to recognize emotion status at run time. The existing
approaches mostly work in an off-line way to identify emotional status[3][7], in our ap-
proach, we combine the voice recognition(first record the talk of the user, then segment
the content, finally extract the special components of the content that can represent the
emotional status of the user) and heart rate monitoring to recognize emotional states
at run time. The experiments show that our hybrid approach can get high accuracy of
emotion recognition with the feature of reasonable power consumption.

Our work that introduced in this paper is very simple for people to use. We have
tested our work, the test showed very promising results. As our work still has some
shortcomings. So we will extend our work in the future in a number of directions.
First the recognition of voice contents, we extract only emotional keywords, then make
segmentation, finally choose special components of the content that obtain special emo-
tional status. In the future , we will make full use of the features of the voice, such as
energy, pitch, rhythm and so on. Then use SVM, Bayesian and ANN to further classify
features of voice. As the contents of the user may have different meaning, or totally
different meaning in different situations, we will try our best to make our work more
practical and more reliable by using pervasive cloud infrastructure [14].
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