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Abstract
[bookmark: _GoBack]The most common way of communication between humans is the use of speech signals, which also includes the person's emotional states. Bionic wavelet transform entropy has been considered in this study for speaker-independent and context-independent emotion detection from speech. Bionic wavelet Transform decomposition, using wavelet type Morlet, is used after preprocessing and Shannon entropy in its nodes is calculated for feature selection. In addition, prosodic features such as the first four formants, jitter or pitch deviation amplitude, and shimmer or energy variation amplitude besides MFCC features are applied to complete the feature vector. Support vector machine (SVM) is used to classify multi-class samples of emotions. 46 different utterances of a single sentence from the Berlin emotional speech dataset are selected to be analyzed. The emotions that have been considered are sadness, happiness, fear, boredom, anger, and normal emotional state. Experimental results show that proposed features can improve emotional state detection accuracy in the multi-class situation.
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Speech signals are the most common way of communication between humans [1,2]. Any speech that is stated also contains the emotional state of person. In addition to the literal meaning of speech, speech emotion recognition specifies more information for the listener [3,4]. Emotion recognition from speech and classifying it plays an important role in communication between humans and computers. With the rapid development of computers and emotions monitoring and due to recent improvement in recording, storing and processing of multimedia data, the need for these systems is increasing every day [5,6]. These systems could be used in applied computer programs, diagnostic tools for therapists, auto-answering centers, virtual training, Customer-oriented systems, computer games, mobile communications, driver emotions reporting and communication with operator, dialogue systems, disabled people communications with others and etc. However, despite extensive research, there are many problems in these systems. Human emotion is a complex, compound and ambiguous phenomena. Most often in a conversation between people, full, pure and basic emotions are not expressed directly [7,8].
The expression of emotions in speech depend on the culture and language, speech content, gender and age of speaker and many other factors [9], therefore methods of emotion detection systems in speaker-independent when an identical sentence is stated by different speakers and in state-independent when different sentences are stated by an identical speaker, is different. In these systems, some information should be extracted from the speech signal which have the maximum correlation with emotion while they are independent from other factors like speech content and the speaker. All of these issues complicate the processes of emotion detection from speech.
Generally, speech emotion recognition systems consist of two stages: Feature extraction and classification. The extraction stage is essential and selecting unsuitable features extremely decrease the performance of the classifier. The most widely used features in this field are the Mel-frequency cestrum coefficients (MFCC) and their derivatives, linear predictive coefficients (LPC), formants, fundamental frequency, amplitude, jitter or fundamental frequency ranges, shimmer, zero-cross rate, perceptual linear prediction (PLP) and etc. [10,11].
The wavelet transform has been introduced as a tool for non-stationary analysis and its use in speech processing has been increased recently [12,13]. Wavelet transform is decomposition of a function based on mother wavelet [14,15]. In previous works, the wavelet transform was introduced as an effective feature in emotion recognition from speech [16,17].
Bionic wavelet has been found as a new time- frequency method based on auditory model in recent years [18,19]. Bionic wavelet was built through a standard wavelet transform except that bionic wavelet is an active control mechanism based on human auditory model and it sets the wavelet transform based on analytical signal and it improves the resolution. Although this property is applicable in speech processing but it had not been used in the field of emotion recognition yet. The goal of this study was to implement this automotive tool.
Classification is an important stage which is done after feature extraction. In previous papers, some classifiers have been used such as Gaussian mixture model (GMM) [20], hidden Markova model (HMM) [21], neural network (NN) [22], support vector machine (SVM) [23] and etc.
In [24], noise-robust feature extraction (NRFE) procedure has been presented to compute the wavelet packet parameters. In that study, joint wavelet decomposition and autoregressive modelling have been applied. The final results had an improvement of 44.7% and 48.2% based on the MFCC front-end respectively. 
In the other study [25], a mixed-signal processing algorithm has been proposed to reduce the cost of the analogy to digital converter and computational complexity digital back-end as well. Energy consumption was reduced to 0.72 μJ and processing speed increased to 45.79 μs per frame. 
Adaptive sparse NMF feature selection and soft mask have been used to optimize DNN for speech enhancement [26]. Full account simplicity of SNMF and capturing of the salient structure of speech have been taken into account which was suitable for speech with different SNR.  
In some cases, a combination of different methods has been used. SVM is one of supervised learning methods that is used for classification and regression calculations. Due to the suitable efficiency of this method in emotion detection systems, its applications have increased in classification of two-class and multi-class in recent years. SVM works based on linear classification of data. In linear data classification, a line is considered for data separation. However, to automatically classify data with high complexity, data should be transferred to a higher dimension space by an appropriate kernel. The kernels and their parameters are very important in SVM training. Therefore, in order to improve classification accuracy kernels should be chosen properly [27,28].
In this paper, support vector machine (SVM) has been used as a classifier. in addition to the common features previously used, the Bionic wavelet packet was proposed for feature extraction too. for this purpose, the energy in the wavelet tree node is used as an auxiliary feature. The performance of each feature vector for a certain emotion including sadness, anger, happiness and boredom compared to normal state with two-class classification was studied. Moreover, a multi-class classification was also tested on all emotional states. All tests were done using the emotional speech database of University of Berlin in both speaker-independent and context-independent states. This paper is structured as follow: in the next section we describe the features that have been used in our study. Section 2 deals with databased used, section 3 with classification, section 4 with methodology, finally we present obtained result in section 5 and conclude the paper in section 6.
1.  Bionic wavelet transform
Based on an active auditory model, Jun yao proposed a new time frequency method, named bionic wavelet transform (BWT). BWT is distinguished from the standard wavelet transform (WT) in that the resolution in the time-frequency domain achieved by BWT can be adaptively adjusted not only by the signal frequency changes but also by the signal's instantaneous amplitude and its first-order differential [29,30]. this is the adaptability of mother wavelet that makes bionic wavelet compatible. In BWT, the active control mechanism based on the human auditory is modelled by adaptive mother wavelet. in General, the BWT ideas is that, envelope of mother wavelet, changes with time According to characteristics of the input signal, Equation of (1) shows the common mother wavelet used in continuous wavelet transform.

			      (1)


where  is envelop of . To calculate wavelet, transform of the signal x(t) the following equation is used:


					      (2)
where a is scale and  is time shift.
In order to simulate the active control function of the hair cells of the auditory system, a new parameter T is introduced into WT mother function resulting in the BWT mother function. T is related to the signal instantaneous amplitude and its first-order differential. Because of this new parameter, the mother envelope function in BWT can adaptively adjust according to the target signal properties and other parameter settings. So the mother function and the BWT of the analysed signal x(t) is represented as:

		      (3)


					      (4)
It is found that a linear relationship(equation), exists between BWT and WT when using Morlet mother wavelet. Therefore, to realize the fast implementation of continuous bionic wavelet transform the following equations can be used:

			      (5)
where K is:

				      (6)
BWT has been applied in speech signal processing as a rapid and reliable method 
A) Feature selection 
The speech features extracted from speech signal contain valuable information  [31]. Commonly used speech features in speech recognition studies include formant, shimmer, jitter, linear predictive coefficients (LPC), linear prediction cepstral coefficients (LPCC), Mel-frequency cepstral coefficients (MFCC), first derivative of MFCC (D-MFCC), second derivative of MFCC (DDMFCC). Also log frequency power coefficients (LFPC), perceptual linear prediction (PLP), RelAtive SpecTrAl PLP (RastaPLP), log energy and zero crossing rate (ZCR) were used too.
The following features were extracted to train our system because our preliminary studies showed that these features gave better results.
B) Shimmer
A repeating variation in amplitude of the voice. It represents the relative period-to-period change of the peak-to-peak amplitude [32,33].

                        (7)
C) Jitter
It is defined as varying pitch in the voice, which shows the roughness of the sound. Jitter is the unwanted deflection from true periodicity of a supposedly periodic signal. It represents the relative period-to-period variability [34,35].

  	      (8)
D) MFCC (Mel frequency cepstral coefficient)
Mel frequency cepstral coefficient is a parametric display which is widely used in the field of speech emotion recognition. MFCC is designed on the basis of human ear’s hearing system and uses nonlinear frequency units to simulate the human auditory system [36]. The following steps are done to calculated MFCC features. At first fast Fourier transform (FFT) of the signal is calculated [37]. After taking FFT, the power coefficients are calculated   employing triangular band pass filter banks also known as Mel-scale filters. Mapping of linear frequency to Mel-frequency is as follows:

		      (9)
Finally, the log Mel spectrum is converted into time domain by DCT. Number of filter bank used were 26 but only the lower 13 coefficients of MFCCs are used for each sound wave sample.
1. Data
Emotional Speech Database (EMO-DB) from the popular studio recorded Berlin was used in our study [38]. This database consists of different emotions including anger, disgust, fear, joy, sadness and surprise, besides an exchange of surprise in favour of boredom and added neutrality. 46 different utterances of a single sentence from Berlin Emotional Speech Dataset are selected to train and test dataset. These are uttered by 10 speakers in sadness, happiness, fear, boredom, anger, and normal emotional state. The database is recorded in 16 bit, 16 kHz under studio noise free conditions.
1. Classification
SVM has been used in many applications of speech recognition. SVM is one of the supervised learning algorithms which has been used in the classification and regression. In the recent years, this comparatively new method is shown to outperform other older classifications ones such as NN. This method is used to recognize speech emotion state which had resulted in a very good performance. The classifier was trained using a radial basis Gaussian kernel and it was tested using a 2-fold cross validation strategy.
1. Experiments
Fig. 1 shows the structure of the proposed algorithm by using bionic entropy. First, for extraction of stationary features we should divide speech signal, which is a non-stationary signal, to frames of 20-100 ms. In this study, the minimum length of window was considered as 40 mili-seconds with a 50% overlap. this overlap is necessary to smooth changes in features, from one frame to the next. To minimize the impact of the edges on spectrum, hamming windows were used that cause focus on the information existed in the middle. Then by using Bionic filter banks which is composed of 22 bands, each frame of speech is analysed in 22 bands and Shannon entropy for each band is calculated by the following equation:

			    (10)
where e(i) is ith band entropy and sj is the j th bin of the histogram of the BWT coefficients of this band. Then   by combining Bionic entropy and Mel cepstral coefficients, linear prediction coefficients, Formants, jitter and Shimmer, is described and finally support vector machine is used for classification.

5. Results
Tables 1 and 2 shows the results for different features for two class classification as well as multiclass classification in context independent and speaker independent respectively. 



Table 1. Context independent test: recognition rate by using common and combinatory features Based on wavelet transform (context independent)
	Database
	Berlin Database

	Emotion state
Feature
	Anger-normal
	Boredom-normal
	Fear-normal
	Happy-normal
	Sad-normal
	Multi class

	MFCC
	91.42
	65.71
	87.14
	91.42
	81.42
	70.00

	MFCC+ Formants
	80.00
	93.67
	95.00
	75.00
	94.89
	68.33

	MFCC+ Jitter+ Shimmer
	85.00
	91.42
	85.00
	80.00
	90.00
	65.00

	MFCC+ZCR
	85.00
	90.00
	85.00
	75.00
	91.42
	71.22

	MFCC+ Formants+ Jitter+ Shimmer
	90.00
	62.85
	85.71
	91.42
	80.00
	70.00

	BWT Entropy
	74.28
	68.57
	64.28
	71.42
	68.57
	62.00

	BWTEntropy+ MFCC
	91.42
	75.71
	90.00
	85.71
	88,57
	75.00

	BWT Entropy+ formants
	74.28
	51.42
	70.00
	70.00
	70.00
	58.33

	BWT Entropy+ jitter+ shimmer
	65.71
	55.71
	65.00
	75.00
	65.00
	55.00

	BWT Entropy+ formants+ jitter+ shimmer
	70.00
	65.71
	61.42
	68.57
	54.28
	62.00

	BWT Entropy+ MFCC+ formants+ jitter+ shimmer
	95.00
	75.71
	85.71
	92.85
	88.57
	71.66



Table 2. Speaker independent test: recognition rate by using common and combinatory features Based on wavelet transform (speaker independent)
	Database
	Berlin Database

	Emotion state

Feature
	anger
	boredom
	fear
	happy
	sad
	Multi
class

	MFCC
	81.42
	70.00
	76.14
	71.42
	75.71
	66.66

	MFCC+ Formants
	85.00
	80.00
	80.00
	90.00
	80.00
	58.33

	MFCC+ Jitter+ Shimmer
	85.00
	78.00
	75.00
	75.00
	80.00
	65.00

	MFCC+ZCR
	80.00
	60.00
	85.00
	80.00
	85.00
	65.00

	MFCC+ Formants+ Jitter+ Shimmer
	77.14
	70.00
	64.28
	68.57
	78.57
	60.00

	BWT Entropy
	84.28
	65.71
	67.14
	61.42
	75.71
	66.66

	BWT Entropy+ MFCC
	85.71
	75.00
	62.85
	70.00
	75.00
	71.66

	BWT Entropy+ formants
	80.00
	65.71
	52.85
	64.28
	74.28
	72.00

	BWT Entropy+ jitter+ shimmer
	90.00
	65.71
	57.14
	58.57
	68.57
	62.00

	BWT Entropy+ formants+ jitter+ shimmer
	81.42
	65.71
	54.28
	72.85
	72.85
	65.00

	BWT Entropy +MFCC+ formants+ jitter+ shimmer
	84.28
	74.28
	61.42
	72.85
	78.21
	65.00




As seen in table 1 and 2 commonly used features gave the best recognition rate for two class classification but features based on BWT were the most discriminative for multiclass classifications.
6. Conclusion and discussion 
To evaluate our results, studies that used the Berlin database were reviewed. Gaurav [39], used a combination of features such as Mel cepstrum, energy, jitter, Shimmer, zero-crossing rate and performed the classification with SVM and GMM in a multiclass state.  The detection rate was 65% which is declined compared to the results obtained by using bionic wavelet entropy.
Yang and others [40], employed features such as energy, formant, zero crossing rate, and GMM classification and reported   detection rate of 52.7%. The authors of the study [41], used prosodic features and support vector machine classifier which led to the detection rate of 67.7%. Researchers in [42], represented spectral features and various classification. They reported detection rates of 66.83% in multiclass state   Hubner and others [43], used zero-crossing rate and did the classification with MLP neural network. detection rate of 61.42% was obtained in state of happiness. Hassan and others in [44], used spectral features and did multi class state classification with SVM and got detection rate of 63.2%. All these mentioned studies have a lower recognition rate Compared to our results. In our study, we found the most discriminative features for the speech emotion recognition system. We investigated and studied the effectiveness of each feature components that are the most discriminative. The results also show BWT Entropy had a good recognition rate on multiclass SVM classifier in speaker-independent and context-independent condition.
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