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Abstract. Emotional features of speech signals are one of the keys to
human-computer interaction. However, there are still great difficulties
and chances to extract emotional features. There is also great contro-
versy regarding the part of signal preprocessing. This study divides the
speech signal into small frames that overlap with a portion of the previ-
ous frame and adopts an improved empirical mode decomposition (EMD)
based feature extraction method. The aim is to find the most suitable
framing method. Each frame signal is processed by an improved EMD to
generate a set of intrinsic mode functions (IMFs). Multidimensional fea-
tures are extracted by calculating the central frequency and energy inten-
sity of each IMF, and subsequently processing the center frequency of
each IMF. Specifically, we focus on the top three IMFs in terms of energy
intensity. Based on the improved algorithm, we investigate the effects of
different frame lengths and frame shifts on the recognition rates of three
emotion classifications: happy, angry, and sad. We find that the proposed
method can reach the highest recognition rate when we use a 30 ms frame
length with a 25% frame shift to separate the signals.

Keywords: Speech emotion recognition · Improved EMD · Signal
framing · SVM

1 Introduction

Speech is one of the most common communication channels used to express
human emotions. Emotions play an important role in human communication
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because of the rapid development of human-computer interaction and the wide
usage of speech emotion recognition in various fields [1–5], such as automo-
tive applications, aircraft piloting, medical services, and communication appli-
cations [6–8]. The successful detection of emotional states can help improve the
efficiency of human-computer interaction [9–13]. In the domain of speech signal
processing, improving the recognition performance of emotional speech signals
is very important.

Over the past few decades, there has been rapid progress in the development
of techniques used for extracting features from emotional speech signals. Com-
monly used methods are as follows. The main features extracted from speech
emotion studies are rhythmic and phonological features. The features related to
rhythm are the fundamental period, amplitude energy, speech rate, duration,
etc. and their statistical values. Mel frequency cepstral coefficients (MFCCs) are
used for recognition; if there is no interference, the recognition effect is very
good, but in noise interference conditions, the recognition effect drops sharply.
These methods require signal framing before use, but there is little literature
discussing the impact of framing methods on feature extraction methods.

Due to the nonlinear and non-smooth nature of speech signals, some con-
ventional methods have certain limitations and may only be suitable for spe-
cific speech samples. Huang et al. proposed the Hilbert-Huang transforma-
tion (HHT) [14,15], a time-frequency analysis technique for nonlinear and non-
smooth signals. Various applications have demonstrated that it is better suited
for analyzing nonlinear and non-smooth signals compared to conventional tech-
niques.

HHT contains a method of adaptive time-frequency signal processing known
as EMD [16,17]. It decomposes the signal from the timescale and generate a
finite number of IMF components, which are local feature signals containing
different timescales from the original signal. Because HHT has complete adap-
tivity, its EMD process does not need to set the basis functions in advance, which
overcomes the shortcomings of wavelet analysis methods that rely on subjective
experience and responds better to the physical properties of the signal. There-
fore, we adopt an improved EMD feature extraction method to study frame
optimization.

A major drawback of the EMD method is its tendency to exhibit mode
mixing during the decomposition process, which can adversely affect the decom-
position outcome. EMD has been continuously improved and has undergone
several iterations, including EMD [16,17], ensemble empirical mode decom-
position (EEMD) [18,19], complete ensemble empirical mode decomposition
(CEEMD) [20,21], complete ensemble empirical mode decomposition with adap-
tive noise (CEEMDAN) [22,23] and the improved complete ensemble empirical
mode decomposition with adaptive noise (ICEEMDAN) [24,25].

Compared with EMD, EEMD, CEEMD and CEEMDAN, the ICEEMDAN
method is more advanced, and it is an excellent method for signal decomposition
and noise reduction because it solves the problem of noise while avoiding mode
mixing and also improves the decomposition efficiency and accuracy. In addition
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to time-series signals, the ICEEMDAN method is suitable for analyzing and
processing other types of signals, such as images, video, and audio.

The emotion database used in this research paper was developed by the PELL
Lab for Chinese speech. It contains recordings of seven emotions expressed by two
male and two female actors: angry, disgusted, fearful, happy, sad, surprised, and
neutral. These pseudo-sentences have a sentence structure, but not the mean-
ing of the speech itself, and the analysis of such speech data can effectively
exclude the influence of sentence meaning on emotion feature extraction.

Based on the performance of the ICEEMDAN algorithm in removing mode
mixing, we propose a central frequency projection (CFP)-based method for the
combined classification of emotional speech signals [26]. The multidimensional
features obtained using the proposed method can be used to distinguish emo-
tional speech signals when a maximum IMF ranking process is introduced to fur-
ther prevent pattern blending. In Sect. 2, we process the original signals according
to different framing methods to construct a pool of data for classification, which
is used to investigate the effect of framing on feature extraction.

In addition, in Sect. 3, we use the improved EMD method to decompose the
signals within the data pool; features such as the energy intensity and center
frequency of the decomposed IMFs are extracted. To extract multidimensional
features, a method was proposed for rearranging the decomposed IMFs through
IMF ordering, with the top three IMFs being selected. In Sect. 4, we develop a
classification model and randomly build learning and testing datasets to conduct
experiments to obtain the desired classification results, while we compare the
sentiment recognition rates of the data pools built with different frame lengths
and frame shifts in Sect. 2 to find the framing method with the highest recogni-
tion rate. Finally, in Sect. 5, we summarize our main findings regarding emotional
speech signal recognition.

2 Data Pools of Emotional Speech Signals

The speech signals for the three different emotions used in this study were
obtained from a database of Chinese speech emotional developed by the PELL
lab [27]. This emotional speech database was designed to eliminate the influ-
ence of semantics, so that the impact of speech content on emotion could be
excluded.

The database contains speech data of seven emotions-angry, disgusted, fear-
ful, happy, sad, surprised and neutral-recorded by four actors in the absence of
noise. We select three emotion signals between angry, happy and sad for one of
the actors, and use our method for feature extraction and classification. Mean-
while, in order to ensure effectiveness, only one person’s voice data is selected
when classifying and recognizing emotions.

To study the effects of different frame lengths and frame shifts of signals on
feature extraction, we split each type of emotional speech signal into five frames
of lengths 15, 30, 45, 60, and 75 ms [28], with a frame shift equal to 25% of the
frame length. We obtained five data pools of emotional speech signals, which are
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used to study the effect of the frame length. After that, two more data pools
with different frame shifts are obtained for the 30 ms frame length with 50% and
75% frame shifts, and these two data pools are compared with the 30 ms frame
length with 25% frame shift to investigating the effect of frame shift.

3 ICEEMDAN Algorithm and Feature Extraction

To extract emotional features from speech signals, the first step is to process all
signals in the data pool using ICEEMDAN. This method is used to minimize the
mode mixing effect and extract all IMF components of each signal. Next, a max-
imum IMF ordering process is introduced. The center frequency of each IMF is
obtained by averaging its associated instantaneous intensity and frequency. The
center frequency was extracted by calculating the center frequency of each IMF
and rearranging the IMF components based on energy. Using this method, the
center frequencies of all frames in a sentence of speech can be obtained and
processed to generate a set of multidimensional features.

3.1 ICEEMDAN Algorithm

The ICEEMDAN is an improved EMD algorithm. Let the original signal be
denoted as x (t), and the first IMF component obtained by decomposition of the
EMD algorithm is expressed as

IMF1 (t) = x (t) − M (x (t)) (1)

Therefore, the first IMF component obtained from the decomposition of the
original x (t) signal by the ICEEMDAN algorithm can be expressed as

IMF1 (t) = x (t) −
〈
M

(
x(k) (t)

)〉
=

〈
E1

(
x(k) (t)

)〉
(2)

In the above equation, E (·) is the IMF component, M (·) is the local mean,
〈·〉 is the overall average, and x(k) (t) is a noise-added signal which can be
expressed as

x(k) (t) = x (t) + α0E1

(
w(k) (t)

)
(3)

In the above equation, w(k) (t) is the white noise, k=1,2,3,...,K denotes the
number of times the Gaussian white noise is added, and α is the noise amplitude
factor. Thus, the ICEEMDAN algorithm decomposition steps for the signal x (t)
are as follows.

(1) The first noise-added signal x(k) (t) is decomposed by the ICEEMDAN algo-
rithm to produce the first residual component.

r1(t) =
〈
M

(
x(k) (t)

)〉
(4)
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(2) Then the first IMF component is

IMF1 (t) = x(t) − r1(t) (5)

(3) In turn, the i-th residual component can be derived as

ri(t) =
〈
M

(
ri−1 (t) + αi−1Ei(w(k)(t)

)〉
(6)

(4) Then the i-th IMF component.

IMFi(t) = ri−1(t) − ri(t) (7)

(5) After obtaining all I IMF components, x (t) can be expressed as

x(t) =
I∑

i=1

IMFi(t) + rI(t) (8)

The above is the specific process of ICEEMDAN algorithm implementation,
we process each frame signal in the data pool by ICEEMDAN algorithm to
obtain their respective IMF components, which helps us in the subsequent fea-
ture extraction.
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Fig. 1. Flow chart of emotion feature extraction.
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3.2 Multi-dimensional Feature Extraction

We believe that the energy, as well as the magnitude and distribution of the cen-
tral frequencies in the speech signal, are of great importance for distinguishing
different emotions. Therefore, to extract the relevant features, we performe HHT
transform on each frame signal and rearrange the IMF components according
to the energy intensity from largest to smallest to extract their center frequen-
cies, naming them as first center frequency, second center frequency and third
center frequency in turn. Due to the complexity of emotional features in speech
signals, each individual frame signal cannot fully express the features of the entire
sentence. Therefore, the three central frequencies of all frames in the sentence
are divided into three groups, and three data points for maximum, minimum,
and average values are extracted from each group. The three sets of nine data
are used as sentence features. This is the simplest method to extract overall
features from all frame features. As shown in Fig. 1, Groups 1, 2, and 3 are the
three central frequency grouping cases of all frame signals in a speech sentence. If
complete speech is split into M -frame signals, there are M center frequencies in
Groups 1, 2, and 3.

Fig. 2. Comparison of values in Group 1 for the three emotions.

The voice signal in the data pool is essentially devoid of noise interference,
so it is possible to directly perform HHT transform on each IMF component.

̂IMFi(t) =
1
π

∫ +∞

−∞

IMFi(τ)
t − τ

dτ (9)
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The complex resolved signal for the i-th IMF component can be constructed
from IMFi(t) and ̂IMFi(t) as

zi(t) = IMFi(t) + i ̂IMFi(t) = ai(t)eiθi(t) (10)

ai(t) =
√

IMFi(t)
2 + ̂IMFi(t)

2
(11)

θi(t) = arctan
̂IMFi(t)

IMFi(t)
(12)

In the above equation, ai(t) is the instantaneous amplitude and θi(t) is the
instantaneous phase, from which the instantaneous frequency is obtained as fol-
lows:

fi(t) =
1
2π

· dθi(t)
dt

(13)

Fig. 3. Comparison of values in Group 2 for the three emotions.

If the IMF component has N sampling points, then let the instantaneous
frequency at each sampling point be fin and the instantaneous amplitude be ain,
then the instantaneous energy at each sampling point and the average energy of
the whole IMF can then be obtained as follows:

Ein = ain
2 (14)
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Ei =
∑N

n=1 Ein

N
(15)

Then, after sorting each IMF component by average energy from largest to
smallest, the central frequency of each IMF can be defined by the weighted value
of the instantaneous frequency.

fi =
∑N

n=1 (Einfin)∑N
n=1 Ein

(16)

The center frequencies of the top three of these IMF components were selected
as the first, second, and third center frequency.

Fig. 4. Comparison of values in Group 3 for the three emotions.

The three center frequencies of all frames of speech are divided into three
groups according to the above requirements, and the maximum fmax, minimum
fmin and average favg of each group are extracted.

fmax = max(f1, f2, ..., fM ) (17)

fmin = min(f1, f2, ..., fM ) (18)

favg = average(f1, f2, ..., fM ) (19)

f1,f2,...,fM in the above equation are the center frequencies of the M frame
signals, and a total of nine data points from the three groups are combined as the
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sentiment feature parameters of speech. Finally, the nine-dimensional sentiment
feature parameters of all speech are input into the SVM classification algorithm
model for training and testing.

Figures 2, 3, and 4 show the maximum, mean, and minimum values extracted
from Groups 1, 2, and 3. Figure 2 shows that the maximum and average values
of happy emotion are the highest, and angry emotion was the lowest, while the
minimum values of the three emotions are similar. Figure 3 shows that the max-
imum of angry emotion is the lowest and the average value of happy emotion is
the highest, while the minimum values of the three emotions are similar. Figure 4
shows that the maximum value of happy emotion is the highest, the average of
angry emotion was higher than of happy, and the average of happy emotion is
higher than of sad. It is clear that the above nine characteristic values of differ-
ent emotions have different distributions, we can identify emotions based on the
above three groups of nine data points in total.

Fig. 5. Distribution of recognition rate of 1000 KNN random tests after 15 ms frame
length with 25% frame shift and frame splitting processing.

4 Classification Algorithm

To further demonstrate the effectiveness of the ICEEMDAN and multi-IMF
centerfrequency-based feature extraction methods and to investigate the effect
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of frame splitting on feature extraction, we utilized two classification techniques:
the k-nearest neighbor algorithm (KNN) and the support vector machine algo-
rithm (SVM) [29,30].

At the heart of the KNN algorithm is the concept of using the labels of the
k-nearest neighbors from the training set to a test sample as the basis for the
prediction of the label of the test sample. By employing a kernel function, the
SVM algorithm maps the sample points of input features onto a high dimen-
sional feature space, where all training samples are positioned above or below a
hyperplane that maximizes the margin between different categories; the data
are partitioned by the hyperplane to achieve classification. Each of these two
classification algorithms has its own advantages and disadvantages, but they
are suitable for small databases. Therefore, we try these two algorithms to pro-
cess the data.

Fig. 6. Distribution of recognition rate of 1000 SVM random tests after 15 ms frame
length with 25% frame shift and frame splitting processing.

Most traditional frame lengths for speech signals range from 10 to 30 ms,
without a uniform standard. First, we use a 15 ms frame length with a 25%
frame shift to process the signal and analyzed the results. For the KNN classi-
fication experiment, we randomly test 1000 times using 80% of the samples for
training and 20% for testing. We ensure that the three emotions are evenly dis-
tributed in the training samples to improve the training effectiveness. The results
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are shown in Fig. 5, indicating that the emotion recognition rate is mainly dis-
tributed around 60%, but lower recognition rates also appeared several times.

Table 1. Recognition rate of actor CC using SVM algorithm for five frame lengths.

Frame length (ms) Frame Shift (%) Recognition rate (%)

15 25 71.4

30 25 75.6

45 25 71.0

60 25 62.4

75 25 56.6

Subsequently, we used the SVM algorithm to perform 1000 classification
recognition tests on the characteristic parameters of the same sample data; Fig. 6
shows the statistical results. The recognition rates of the main occurrences are
70% and 75%, and they appeare 200 and 186 times, respectively, which basically
occupies half of the 1000 tests. Based on a comparison of the two algorithms,
we find that the KNN algorithm is not suitable for our sample data. Therefore,
we proceed with the SVM algorithm for the feature parameters in subsequent
framing studies.

Table 2. Recognition rate of actor CC using SVM algorithm for three frame shifts.

Frame length (ms) Frame Shift (%) Recognition rate (%)

30 25 75.6

30 50 72.8

30 75 68.6

In Table 1, we compare the average recognition rate of 1000 SVM tests with
different framing methods of the actor CC and find that the recognition rate in
the case of framing with a 30 ms frame length with a 25% frame shift reached
75.6%, which is significantly higher than of other framing methods. Figure 7
shows the recognition rate statistics of the 1000 tests with a 30 ms frame length
25% frame shift, with the main recognition rates appearing being 75% and 80%,
and they appear 204 and 185 times, respectively, occupying half of the number
of 1000 tests. Comparing to Fig. 6, it can be clearly seen that a 30 ms frame
length with a 25% frame shift is more effective.

In Table 2, we compare the recognition rates for different frame shifts for a
frame length of 30 ms. It is found that the recognition rate decreases as the frame
shift increases, which represents the continuity of the features of the emotional
speech signal; therefore, it is necessary to smooth over each frame signal when
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intercepting the signal. In addition, we do the same for the speech data of another
actor GRW in the database and investigated the effect of different frame lengths
and frame shifts on the recognition rate. The recognition rates obtained using
1000 SVMs for the six frame-splitting methods are presented in Table 3. It can
be seen that the recognition rate reaches 65.4% at a frame length of 30 ms and
frame shift of 25%, which is still the highest recognition rate among all the
frame-sharing methods. The overall recognition rate of the actor GRW speech
data is not as good as that of the actor CC speech data, but the frame length
and frame shift still have an impact on the recognition rate.

Fig. 7. Distribution of recognition rate of 1000 SVM random tests after 30 ms frame
length with 25% frame shift and frame splitting processing.

The classification outcomes of our dataset indicate that our feature extrac-
tion method is effective in recognizing emotional speech signals. Moreover, the
implementation of a framing method utilizing a 30 ms frame length with a 25%
frame shift proves to be beneficial in improving the recognition accuracy of emo-
tional speech signals during signal processing.
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Table 3. Recognition rate of actor GRW using SVM algorithm with different frame
length and frame shift.

Frame length (ms) Frame Shift (%) Recognition rate (%)

15 25 64.5

30 25 65.4

30 50 62.2

30 75 61.3

45 25 59.4

60 25 58.6

75 25 56.3

5 Conclusion

In order to effectively study the impact of framing on feature extraction, we
propose a novel combined recognition method that utilizes the ICEEMDAN,
multi-IMF CFP feature extraction, and SVM algorithm. Our approach employs
the ICEEMDAN algorithm to overcome the mode mixing issue associated with
traditional EMD techniques, reduces reconstruction errors of EEMD, and elimi-
nates false modes in CEEMDAN, thus improving the accuracy and efficiency of
signal decomposition. Additionally, our combination of center frequency and IMF
ranking offers an effective means of analyzing emotional speech signals, while also
enhancing the completeness and integrity of decomposed IMFs. Simultaneously
considering the local features and global features of speech signals is a key step in
analyzing the emotional features in speech signals. We recombine the features
of all frame signals of complete speech into a new set of features, which can
incorporate local features without losing global features. Ultimately, our emo-
tional speech signal classifier, constructed using the SVM algorithm, achieved
an overall recognition accuracy of 75.6% during the recognition of 1000 random
tests.

Despite successfully identifying emotional speech signals within the con-
structed data pool, the range of emotions analyzed is limited, and the recognition
rate falls short of current state-of-the-art emotional speech recognition methods.
The proposed method uses improved EMD to decompose speech samples into
IMFs, rearranges them based on energy intensity, calculates central frequen-
cies, and extracts multidimensional features. These features are then classified
using a SVM, thus achieving an effective analysis of the emotional features of
speech signals, and these steps can be used to identify more emotional types.
The algorithm can be used without any prior knowledge for the classification of
emotional speech signals and can identify emotion types based on the classifica-
tion results. We have also study the effects of five frame lengths and three frame
shifts on the recognition rate according to this feature extraction method. The
best framing method obtained had a frame size of 30 ms and a frame shift of
25%.
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