Hilbert-Huang transform based physiological signals analysis for emotion recognition
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Abstract— This paper presents a feature extraction technique
based on the Hilbert-Huang Transform (HHT) method for emotion
recognition from physiological signals. Four kinds of physiological
signals were used for analysis: electrocardiogram (ECG), electromyogram (EMG), skin conductivity (SC) and respiration changes
(RSP). Each signal is decomposed into a finite set of AM-FM mono
components (fission process) by the Empirical Mode Decomposition
(EMD) which is the key part of the HHT. The information components
of interest are then combined to create feature vectors (fusion process)
for the next classification stage. In addition, classification is performed by using Support Vector Machines (SVM). The classification
scores show that HHT based methods outperform traditional statistical techniques and provide a promising framework for both analysis
and recognition of physiological signals in emotion recognition.
Keywords— Hilbert-Huang transform, physiological signals, emotion recognition.

I. I NTRODUCTION
In human-machine interaction, emotion recognition is now
recognized as a fundamental element. A possible role of
emotion is to make the interaction between humans and
intelligent machines (agents, robots) more natural and sociable
[1]. In other words, these machines should be able to interact
naturally with users in order to improve the services offered.
This process requires advanced signal analysis and pattern
recognition techniques in order to detect and interpret users’
emotional states. There are many ways that humans display
their emotions. Physiological responses are natural responses
that are privileged relative to other channels of communication.
However, as mentioned in [2], biosignals have received less
attention than verbal and non-verval communication channels.
One of the reasons can be attributed to the heterogeneity of
physiological signals. In this paper, we propose to combine
advanced signal processing and machine learning techniques
for the characterization of physiological signals.
Feature extraction is a key step of pattern recognition. If
the features extracted are carefully chosen, it is expected
that the features set will extract relevant information from
the input data in order to perform the desired task. There
are many techniques proposed to extract features from physiological signals in the literature [2], [3], [4], [5]. Kim et
al. [2] extracted different features: conventional statistics,
spectrum, entropy from various analysis domains (time series,
frequency domain). A total of 110 features were obtained
from four physiological signals. After the computation of a
large number of features, the best emotion-relevant features

were selected and then used for classification. Maaoui et
al. [4] acquired six features in time domain for each signal
from 10 subjects in six different affective states. Two pattern
recognition methods have been tested: SVM and Fisher linear
discriminant based classifiers. Although the state-of-the-art
systems seem to perform well enough for emotion recognition,
they have disadvantages. There are some crucial restrictions of
the Fourier transform: the system must be linear; and the data
must be strictly stationary; otherwise, the features extracted via
Fourier transform do not have any physiological significance
[6]. Physiological signals are nonlinear and non-stationary
signals, for which Fourier transform is unsuitable. So, the
conventional methods may not provide accurate frequency
resolution [7]. It is desirable to develop quantitative methods
which do not assume stationarity.
Huang et al. [6] have proposed the Hilbert-Huang transform
method (HHT) as a new tool for the analysis of nonlinear
and non-stationary data. Unlike the Fourier transform, which
is predicated on a priori selection of basis functions that are
either of infinite length or have fixed finite widths, Empirical
Mode Decomposition (EMD) decomposes a signal into finite
basis functions called the intrinsic mode functions (fission
process). After the fission process, the intrinsic mode functions
(IMFs) of interest are then combined in an ad hoc or automated
fashion in order to provide greater knowledge about a process
in hand (fusion process) [8]. Recently HHT has been applied to
process ECG and EMG [7], [9], [10], [11]. Xie et al. [7] used
HHT to estimate the mean frequency and it has been applied
to fatigue EMG signal analysis. The method derived via HHT
showed low variability in terms of robustness to the length
of the analysis window. The mean frequency of physiological
signals seem to provide interesting informations and are also
investigated in this paper.
Section II presents the data corpus of Augsburg [3] and
the four physiological signals used in this work. Section III
describes feature extraction techniques based on the HilbertHuang transform (HHT) method and others derived from
the state-of-the-art (baseline). The experimental protocols and
results are discussed in section V and section VI gives conclusions and some directions for our future works.
II. DATA CORPUS
We use the data of University of Augsburg [3]. In this
database, the physiological signals were recorded at the same

time when the subject was listening to different musics. Four
music songs were used to induce him to feel four different
emotions: joy, anger, sadness and pleasure (see Fig.1). After
having listened the music, he himself carefully annotated the
physiological signals on four categories (four emotions). There
are 25 recordings for each emotion. Moreover, the raw signals
were trimmed to a fixed length of two minutes.

adaptive low-pass filters to remove the peaks (noises) of
signals. For the ECG signal, an R-peak detector was used to
extract the R-R intervals. The sampling period of the R-R
interval signals is by definition irregular and HHT provides
a suitable framework for the analysis of such signals. In
this paper we re-sampled the signal in order to compare the
proposed approach with existing techniques. We employed the
Berger’s algorithm [14] with resampling frequency of 4 Hz.
For the SC signal, we subtracted the baseline to consider only
relative amplitudes. Moreover, the EMG signal is normalized
by its mean and standard deviation.
A. State-of-the-art approach (Baseline)

Fig. 1.

Emotion models

The following four physiological signals are used :
• Electrocardiogram (ECG): An electrocardiogram is a
simple test that records the electrical activity of the heart.
The electrical activity is related to the impulses that
travel through the heart and determine the heart’s rate
and rhythm. It is able to give a precise estimate of heart
rate, R-R interval, and heart rate variability. The changes
in heart rate have been used as indicators of different
emotions.
• Electromyogram (EMG): Electromyography is a technique for evaluating and recording the electrical potential
generated by muscle cells. In psychophysiology, EMG
is often used to find the correlation between cognitive
emotion and physiological reactions [12].
• Skin conductivity (SC): The skin conductivity response
is one of the most robust and well studied physiological
response. It measures the electrical resistance of the skin.
The magnitude of this electrical resistance is effected not
only by the subject’s general mood, but also by immediate
emotional reactions. Thus, it can be used as emotional
indicator [13].
• Respiration changes (RSP): The amount of stretch in the
elastic is measured as a voltage change and recorded. The
depth the subject’s breath and subject’s rate of respiration
are the most common measures of RSP. Moreover, other
measures can be affected by RSP, for example, ECG
measurements, because RSP is closely linked to cardiac
function [2].
III. F EATURE EXTRACTION
Before feature extraction, a pre-processing step is required
in order to reduce noises and artifacts. At first, we used

Even if various features have been employed in [2], [3], we
focus on the statistical features in the time domain (max, min,
mean, median, standard deviation and range) since they are the
most commonly used features. However, for some signals such
as ECG and RSP, frequency based features have been extracted
such subbands analysis similarly to the methods presented in
[2], [3]. The classification results show that the best domain
depends on the signal used ECG: 45% (frequential), 59% (time
domain), RSP: 62%, 42%. The state-of-the-art architecture is
presented in Fig. 2(a).

(a) State-of-the-art approach

(b) The ’Fission’ based features method (based on HHT)

(c) The ’Fusion’ based features method (based on HHT)
Fig. 2.

Three classification systems

B. Hilbert-Huang transform
In this section, we propose a novel method based on the
Hilbert-Huang transform (HHT) [6] to analyze physiological
signals. The HHT comprises the ’Empirical Mode Decomposition’ (EMD) and Hilbert transform. The key part of the
HHT is the EMD method with which any data set can be
decomposed into a finite and often small number of ’Intrinsic
Mode Functions’ (IMF) (fission process). Each IMF satisfies
two conditions [6] : (1) in the whole data set, the number of
extrema and the number of zero crossings must either equal
or differ at most by one; (2) at any point, the mean value of
the envelope defined by the local maxima and the envelope
defined by the local minima is zero.
The EMD provides a framework for both information fission
and fusion [8]. For the fission approach, we extract features
from each IMF and the feature vector is composed by the

combination of these features. The fusion approach aims at
computing directly a feature vector by merging information
from the IMFs. The proposed methods shown in Fig.2 are
presented in the following sub-sections.
1) Fission approach: Given a signal x(t), the effective
algorithm of EMD is as follows :
Step 1 Identify all extrema (maxima and minima) of d0 (t) =
x(t).
Step 2 Interpolate between the maxima and connect them
by a cubic spline curve. The same applies for the
minima in order to obtain the upper and lower
envelopes eu (t) and el (t), respectively.
l (t)
.
Step 3 Compute the average m(t) = eu (t)+e
2
Step 4 Extract the detail d1 (t) = d0 (t) − m(t).
Step 5 Iterate steps 1-4 on the residual until the detail
signal dk (t) satisfies the above definition of an IMF:
c1 (t) = dk (t). The IMF requirements are checked
indirectly by evaluating a stopping criteria. (Sifting
process)
Step 6 All above steps are iterated until the final residual
rn (t) = x(t) − cn (t) is a monotonic function. The
last residual is considered as the trend.
The stopping criteria is important for estimation of IMFs,
which can influence number of IMFs components. Rilling et
al. [15] proposed a criterion based on two thresholds θ1 and
θ2 which guarantee globally small fluctuations in the mean
while taking into account local large excursions. The mode
l (t)
amplitude a(t) = eu (t)−e
is introduced so the evaluation
2
m(t)
function is σ(t) = | a(t) |. The sifting process is iterated until
σ(t) < θ1 for some prescribed fraction (1 − α) of the total
duration, while σ(t) < θ2 for remaining fraction. The default
values are set to α = 0.05, θ1 = 0.05 and θ2 = 10θ2 .
Based on the above algorithm, the original x(t) can be
exactly reconstructed by a linear superposition:
x(t) =

n
X

ci (t) + rn (t)

(1)

for each biosignal varied from nmin to nmax (nmin and nmax
are respectively minimum and maximum number of IMFs for
each biosignal). According to Wang et al. [16], we calculated
root mean square, maximum amplitude of analytic signals,
mean instantaneous frequency and weighted mean instantaneous frequency of each IMF. Four features were extracted
from each IMF. The feature vectors were then constructed
by the features of the first (1, ...,nmin ) IMFs. Finally, by
comparing performances of features based on different number
(1, ...,nmin ) of IMFs, we chose the features of the first m IMFs
which yielded best performance for each biosignal (m is the
optimal number of IMFs). We show the block diagram of the
classification system in Fig.2(b).
2) Fusion approach: The fusion process aims at merging
information from the different IMFs and it is computed by
the characterization of the mean frequency (MNF) of a given
signal. The classification system shown in Fig.2(c) is based
on the following steps: fission (HHT), fusion (MNF estimation), feature extraction (statistics: max, min, mean, median,
standard deviation and range), and classification. The main
difference with the fission approach is the estimation of the
MNF, which requires the following steps. Each signal is first
segmented by using half-overlapped windows. EMD is then
applied to each segment resulting on several IMFs (fission
process). Then the weighted mean instantaneous frequency
W M IF (i) of each IMF (ci (t)) with N samples is defined
by :
PN
2
j=1 fi (j)ai (j)
W M IF (i) = PN
(5)
2
j=1 ai (j)
Xie et al. [7] showed that W M IF (i) can be used as a measure
of the mean frequency (MNF) of the signal in the frequency
band (fusion process), so the MNF with n IMFs is defined as:
Pn
kai kW M IF (i)
M N F = i=1Pn
(6)
i=1 kai k
IV. C LASSIFICATION METHOD

i=1

where n is the number of IMFs.
The second step of the HHT is the Hilbert transform which
is applied to each IMF components:
Z ∞
ci (t0 ) 0
1
dt
(2)
H[ci (t)] = P V
0
π
−∞ t − t
PV denotes the Cauchy principal value of this integral. An
analytic signal is defined as:
jθi (t)

zi (t) = ci (t) + jH[ci (t)] = ai (t)e

(3)

To extract instantaneous frequency information for each
IMF, we calculate the derivative of the phase:
1 dθi (t)
(4)
2π dt
The fission approach is based on the decomposition of the
signal into n IMFs by applying EMD. The number of IMFs
fi (t) =

There are many classification methods that can be employed
[17]. In this study, the Support Vector Machine (SVM) classifier is used [18]. In this paper, we select linear kernel which
performs well on our database. The discriminant function of
SVM is given in following:


M
X
→
→
f (x) = sgn 
yj αj K(−
xj , −
x ) + b
(7)
j=1

where M is the number of training examples, xj is the jth
training example, and yj is the correct output of the SVM
for the ith training example. K is a kernel function that is
used to transform data, αj are Lagrange multipliers of a dual
optimization problem.
In our database, records will be classified into four classes.
Therefore, we used one-against-one decomposition to train
the multi-class SVM classifier [19]. The classification into

N class classes is decomposed into N rule = (N class −
1) ∗ N class/2 binary problems. In addition, a 10-fold cross
validation technique was used to estimate the classification
scores. The feature vectors are normalized (zero mean, unit
standard deviation).
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IM F1,2,3,4

(4 features)

(8 features)

(12 features)

(16 features)

57%

69%

69%

63%
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35%

34%

39%

-

EMG

52%

49%

52%

49%

RSP

60%

57%

52%

-

ECG
(R-R)

V. E XPERIMENTAL RESULTS

Table 1. Comparison of classification results of different number of IMFs
based features (’Fission’ based features)

Fig. 3.

The decomposition of R-R interval signal (emotion of sadness)

An example of R-R interval signal and its IMFs by using
EMD is shown in Figure 3. We can observe that EMD performs a fission process : the R-R interval signal is decomposed
into six IMFs components and a residual component. The
instantaneous frequency of each IMF is then obtained by the
Hilbert transform and Figure 4 shows the results for the first
three IMFs.

As mentioned before (cf. III-B.1), we classified four emotions by different number of IMFs (1, ...,nmin ) estimated
by HHT of each biosignal and compared their classification
results which are shown in Table 1. The minimum number of
IMFs (nmin ) of ECG signal and EMG signal is four; three
for SC and RSP signals. After comparison, the number of
IMFs was optimized by the best performance of each biosignal
(shown in bold). It can be seen that the information of the
first two or three IMFs provides the best performance (69%)
for ECG signal; the first three for SC signal; the first one
or three for EMG signal and the first one or three for RSP
signal. Finally, if classification results of two sets of features
for same biosignal were same, the configuration providing the
lowest number of features is chosen.
HHT-based
Baseline

ECG

59% (TD)

(R-R)

45% (FD)

SC

EMG

RSP

42% (TD)

39% (TD)

’Fission’ based features

’Fusion’ based features

(m: Optimal number of IMFs)

MNF (Optimized window)

69%

56%

(2)

(64 samples)

39%

30%

(3)

(1024 samples)

52%

44%

(1)

(1024 samples)

42% (TD)

60%

59%

62% (FD)

(1)

(512 samples)

Table 2. Recognition rates of four emotions for four biosignals by using
SVM (TD : Time Domain ; FD : Frequency Domain)

Fig. 4. Instantaneous frequency (normalized) for the first three IMFs for
R-R interval signal

Table 2 gives the percentage of correctly classified examples, respectively, for four signals by different feature
extraction techniques mentioned in section III including also
the state-of-the-art methods in both time and frequency domains. For the fusion based HHT features method (MNF),
we optimized the length of the analysis window resulting
in an adaptive window size for the segmentation of each
signal. As a result, the accuracy rates of this method are better
than the baseline for EMG. Concerning the fission approach,

we focused on information of the first m IMFs (m is the
optimal number of IMFs). This approach provides the best
scores regarding the other methods (state-of-the-art and fusion
approaches). For instance, the fission approach outperforms
both time and frequential techniques for the ECG signal
characterization showing the interest of the time-frequency
description defined in the HHT. However, this combination
requires more investigations since the results are dependent
on the signals: for SC, best results are obtained by traditional
methods. One of the reasons might be the less rhythmic
behaviors of this signal compared to the other ones (R-R, EMG
and RSP).
We then combined all features of four biosignals of each
method ( the state-of-the-art method, the fission and the fusion
based HHT features method), and also classified by using the
SVM. The classification results are given in Table 3.
HHT-based

Baseline

Fusion of

’Fission’ based features

’Fusion’ based features

(32 features)

(28 features)

(24 features)

71%

76%

62%

four biosignals

Table 3.

Classification results of feature fusion (four biosignals)

It can be seen, that the highest recognition accuracy is
obtained by using the fission based HHT features method with
28 features, 76% of test cases are correctly classified. Although
the state-of-the-art method achieves a recognition rate of 71%,
it employs more features than the proposed methods based on
fusion and fission approaches.
The results of tables 2 and 3 show that the fission process
obtained by HHT can be exploited for pattern recognition
problems such as emotion recognition from heterogeneous
physiological signals. However, the main problem relies on the
exploitation of the features extracted from this process. And
the results show that efficient performances can be achieved
by an adequate selection of IMFs and by the early and simple
fusion of the feature vectors extracted from each IMF.
VI. C ONCLUSIONS AND FUTURE WORKS
In this paper, we analyzed physiological signals to recognize
four different emotions. Two methods based on the HilbertHuang transform (HHT) were proposed based on the properties of this transformation: fission and fusion approaches.
The former is based on the selection of IMFs and early fusion
of feature vectors. The latter is based on the estimation of the
mean frequency of signal. The approaches have been compared
to state-of-the-art techniques. The experimental results show
that HHT features outperform traditional methods. Additionally, the proposed feature extraction scheme allows to analyze
the heterogeneous signals in a similar framework based on the
estimation of instantaneous amplitudes and frequencies. Our
future works are devoted to the investigation of combination

methods for exploiting the fission-fusion processes provided
by HHT.
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[2] J. Kim and E. André, “Emotion recognition based on physiological
changes in listening music,” IEEE Trans.on Pattern Analysis and Machine Intelligence, vol. 30, no. 12, pp. 2067–2083, December 2008.
[3] J. Wagner, J. Kim, and E. André, “From physiological signals to
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[17] A. Cornuéjols, L. Miclet, and Y. Kodratoff, Apprentissage Artificiel:
Concepts et algorithmes. Eyrolles, August 30, 2002.
[18] C. J. Burges, “A tutorial on support vector machines for pattern
recognition,” Data Min. Knowl. Discov., vol. 2, no. 2, pp. 121–167,
June 1998.
[19] R. Debnath, N. Takahide, and H. Takahashi, “A decision based oneagainst-one method for multi-class support vector machine,” Pattern
Anal. Appl., vol. 7, no. 2, pp. 164–175, 2004.

