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Abstract: Speech emotion recognition (SER) uses acoustic analysis to find features for emotion recognition and examines variations in voice that are caused by emotions. The number of features acquired with acoustic analysis is extremely high, so we introduce a hybrid filter-wrapper feature selection algorithm based on an improved equilibrium optimizer for constructing an emotion recognition system. The proposed algorithm implements multi-objective emotion recognition with the minimum number of selected features and maximum accuracy. First, we use the information gain and Fisher Score to sort the features extracted from signals. Then, we employ a multi-objective ranking method to evaluate these features and assign different importance to them. Features with high rankings have a large probability of being selected. Finally, we propose a repair strategy to address the problem of duplicate solutions in multi-objective feature selection, which can improve the diversity of solutions and avoid falling into local traps. Using random forest and K-nearest neighbor classifiers, four English speech emotion datasets are employed to test the proposed algorithm (MBEO) as well as other multi-objective emotion identification techniques. The results illustrate that it performs well in inverted generational distance, hypervolume, Pareto solutions, and execution time, and MBEO is appropriate for high-dimensional English SER.
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1  Introduction

Speech communication has two channels, the explicit channel which carries linguistic content, and the implicit channel which contains speakers’ paralinguistic information (gender, dialect, emotion, and stress) [1]. Speech emotion recognition (SER) is a technology that extracts features from speech signals to judge human emotions [2]. It is used in various applications such as call center services to understand customers’ responses, vehicle services to gauge drivers’ psychological states and prevent accidents, and medical services to detect various diseases in patients. The process of SER includes pre-processing, feature extraction, and emotion classification [3]. The key focus of SER is extracting and selecting appropriate features, as their quality determines the final performance of emotion recognition.

Commonly used features in SER contain spectral features, sound quality features, intonation features, and corresponding statistical features like maximum, average, range, and variance [4]. Spectral features elucidate the relationship between vocal motion and vocal channel changes and involve cepstral features and linear spectral features. Sound quality features describe the vibration characteristics of sound and the clarity and recognition of speech.

Scholars have suggested numerous effective emotional features. However, they often possess high dimensions and exhibit substantial redundancy. When employing high-dimensional features directly in emotion analysis, it will impact recognition accuracy and prolong the model’s training time. Hence, it is crucial to extract meaningful and informative features for automatic emotion recognition. The presence of irrelevant features diminishes correct classification. Consequently, feature selection methods are employed to reduce the feature set’s size and computational burden. Filter and wrapper approaches represent two common feature selection techniques [5]. Filter approaches evaluate feature subsets based on data’s inherent properties. Wrapper approaches depend on the classifier’s performance, but they have a high computation time. Assuming that n is the number of features, then there will be 2n feature subsets. It is an NP-hard issue to find the optimal feature subset [6–8].

Metaheuristic algorithms, known for their randomness and global search ability, can discover approximate optimal solutions within limited computation time [9–11], and they are widely used in wrapper-based feature selection. Equilibrium optimizer (EO) is a new metaheuristic algorithm introduced in 2020. It draws inspiration from control volume mass balance used in various fields to comprehend dynamic conditions. EO stands out for its simplicity, rapid processing, and excellent ability to find the best solutions among different possibilities. It has demonstrated effectiveness in solving complex problems. Luo et al. utilized the crowding distance to keep the Pareto front well-distributed [12], and they employed dynamic coefficients to fine-tune exploration and exploitation. An equilibrium pool strategy, inspired by the slime mold’s cooperative foraging, enhances the algorithm’s ability to find better solutions. Abdel-Basset et al. proposed a method to enhance EO’s exploration and exploitation abilities [13]. Initially, the exploration factor is high, but it decreases with each iteration. At the same time, the exploitation factor increases to help the algorithm find the best solution efficiently. They also introduce improvement-based reference points to make sure that the algorithm converges well. Because the original EO algorithm uses fixed control settings, it cannot speed up the process of exploration and exploitation. Therefore, Abdel-Basset et al. suggested two improved versions [14]. The first version introduces mathematical equations that change as the number of iterations increases, while the second version adjusts solutions that dominate more gently while applying more significant changes to less dominant solutions. Premkumar et al. utilized the crowding distance mechanism to find a balance between exploration and exploitation [15]. The non-dominated sorting strategy promotes population diversity, which is especially for multi-objective optimization. Chalabi et al. employed an external archive to track the best solutions found [16]. Pareto dominance identifies the most promising solutions from the candidate population, and e-dominance guides the search to balance exploration and exploitation.

Drawing from the aforementioned research, we find that existing EO algorithms for feature selection primarily balance exploration and exploitation. However, they may not fully consider the importance of features and their impact on the EO algorithm’s performance, especially for high-dimensional multi-objective feature selection. In this study, we investigate the recognition of high-dimensional speech emotion with feature selection. This paper’s main contributions are summarized as follows:

1. Propose a system for multi-objective speech emotion recognition.

2. Propose a hybrid filter-wrapper algorithm for high-dimensional feature selection.

3. Propose a multi-objective approach to rank features.

4. Propose a multi-objective EO that improves the initialization, equilibrium pool, and update positions of EO.

5. Validate the suggested algorithm in the application of English SER.

The structure of this paper is organized as follows. Section 2 introduces the related works of SER. Section 3 describes the details of the proposed system. The experimental results with discussions are presented in Section 4, and the conclusions are provided in Section 5.

2  Related Works

SER determines the emotions of speakers by analyzing their speech signals. This assists us in predicting their mental and emotional state. The primary research in the field of single- and multi-objective SER will be presented in this section.

Huang et al. explored acoustic space division information and speech content [17]. First, the comparison of different methods confirms the importance of partitioning information and reveals a novel insight that the number of partitions plays a greater impact on valence than arousal prediction. Second, the phoneme specificity analysis of speech features illustrates that the emotional information of speech is less than the partition information, and it is more crucial for arousal than valence. In [18], Farooq et al. studied the advantages of deep convolutional neural networks (DCNNs) for SER. Pre-trained networks are utilized to extract emotional features, and a correlation-based feature selection algorithm selects the most useful features for SER.

Sun et al. brought a SER system through using genetic algorithm (GA) and decision tree (DT) [19]. To comprehensively express emotional content, acoustic features are first obtianed at the frame-level from speech signals. Next, five statistical variables of these features are obtained at the utterance-level. The Fisher criterion chooses high-performance features. Finally, the proposed SER model is built with the fusion features in which GA finds the weights in an adaptive manner. Mao et al. introduced a hierarchical SER architecture based on an enhanced DT [20]. Emotions that have less confusion are classified at the top level of the DT. GA selects the remaining features for classification and synchronously optimizes the parameters of the support vector machine (SVM). Little consideration is given to the interaction among features generated from the same audio, which may result in unnecessary redundancy and high computational cost. Liu et al. suggested a feature selection algorithm based on Fisher and correlation analysis [21], which effectively eliminates redundant features. To further enhance the accuracy of feature subsets, an emotion recognition approach based on extreme learning machine recognizes different emotions according to confusion.

Apart from recognizing accuracy, some studies have also focused on recognizing emotion faster, optimizing the parameters of classifiers, and making the process more unified. Brester et al. developed a new way to select the best features using cooperative multi-objective GA [22]. It saves computation time due to parallel work and the possibility of combining subsample exchange techniques. Furthermore, the method is effectively used as a pre-processing stage combined with ensemble classifiers. Daneshfar et al. brought an improved SER system [23]. Mel-scale frequency cepstral coefficient (MFCC), variance distortionless response (PMVDR), and perceptual linear predictive cepstral coefficient (PLPC) extract hybrid high-dimensional features from speech signals and glottal waveform signals, and prosodic features are derived from the fundamental frequency. A modified quantum particle swarm optimization algorithm (QPSO) selects the optimal features for classification and optimizes the parameters of the Gaussian mixture model. Li et al. explored a sophisticated approach to recognizing human emotions using multiple sources of information [24]. They utilize deep neural networks to process and analyze this data, and they employ a multi-objective optimization approach to design a more effective emotion recognition system. Yildirim et al. evaluated the performance of NSGA-II and cuckoo search (CS) in SER [25]. Furthermore, they propose improved metaheuristic algorithms for feature selection. Their results present that the proposed methods achieve acceptable classification performance while significantly reducing the number of selected features.

3  Methodology

The proposed system contains pre-processing, feature extraction, feature selection, and predicting the class of speech emotions.

3.1 Pre-Processing

Pre-processing plays an important part in improving the performance of SER models. In speech and audio signal analysis, framing, and windowing are necessary pre-process processes. They serve to enhance signal quality, extract relevant features, and reduce noise and variability, thus enabling more accurate emotion classification.

3.2 Feature Extraction

In our research, we use a toolkit called OpenSmile to collect specific acoustic features from speech data. These features are commonly used and recognized in computational paralinguistics at INTERSPEECH 2010 [26,27]. We managed to extract a total of 1582 features using this toolkit, and the detailed information is presented in Table 1.
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3.3 Multi-Objective Equilibrium Optimizer for Feature Selection

Fig. 1 is the proposed algorithm’s flowchart. We regard the ranking of features as a multi-objective task. First, we utilize the information gain and Fisher Score to rank features and then divide them into multiple rankings according to the non-dominated sorting. Third, unlike metaheuristic algorithms, the initialization of individuals is generated with this ranking, and multi-objective functions are calculated for each individual. Fourth, the equilibrium pool guides individuals to update their positions. Finally, a novel position repair scheme is adopted to remove duplicate solutions.
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Figure 1: The proposed algorithm’s flowchart

3.3.1 Filter Approaches

1. Fisher Score

Fisher Score is a statistical method that quantifies the ability of a feature to distinguish among different classes in a dataset [28]. Suppose nj represents the sample size in the j-th class, and (σji)2 and uji denote the variance and average of the i-th feature of the j-th class. The following equation determines the Fisher Score of the i-th feature:

Fi=∑ij=1Nnj(uji−ui)∑j=1Nnj(σji)2(1)

where N means the number of sample classes.

The Fisher Score measures the discriminative ability of a feature. A higher value indicates a greater likelihood of being selected for the final feature set. Specifically, if a feature is discriminative, it should have a small variance within the same class and a large variance across different classes.

2. Information Gain

Information gain measures the contribution of a specific feature to understanding a dataset or making predictions [29]. The conditional entropy H(X|Y) of a random variable Y is calculated as:

H(X|Y)=H(X,Y)−H(Y)(2)

where H(Y) is the information entropy of Y, and H(X,Y) means the joint entropy of X and Y.

H(Y)=−∑yp(y)log⁡p(y)(3)

H(X,Y)=−∑x∑yp(x,y)log⁡p (x,y)(4)

where p(y) is the probability distribution of Y, and p(x,y) indicates the joint probability distribution of X and Y.

Information gain is defined as follows:

I(X;Y)=H(X)−H(X|Y)=H(Y)−H(Y|X)(5)

Information gain helps us identify which features are the most informative and should be considered when building models. To reduce uncertainty and improve prediction accuracy, features that have higher information gain are more valuable.

3.3.2 Multi-Objective Ranking

Filter methods produce different rankings. Although various approaches, such as technique for order preference by similarity to an ideal solution (TOPSIS), can provide a comprehensive ranking, they may lose some feature evaluations. To better convey the importance of each feature, we employ the non-dominated sorting and treat each filter method as an objective to rank these features. Features in the same ranking layer are considered equally important, and Algorithm 1 describes the ranking process.
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3.3.3 Multi-Objective Equilibrium Optimizer

1. Initialization

The randomness of the initial population results in features having the same selected probability, which is not conducive to expanding population diversity and enhancing the algorithmic efficiency. Therefore, we introduce a new initialization method based on the ranking of features, as shown in Algorithm 2.
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The algorithm’s classification accuracy is quickly improved by high-ranking features with a large probability of being selected. Low-ranking features also have the opportunity to participate in subsequent operations to improve the algorithmic efficiency and classification performance.

2. Equilibrium pool

In the original EO, the equilibrium pool is used to store the four best solutions ever found. These solutions guide all individuals to move. In multi-objective EO, if the number of Pareto solutions exceeds four, they form the equilibrium pool. Otherwise, the equilibrium pool is constructed by the solutions of Pareto front ranks 1 and 2, as shown in Fig. 2.
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Figure 2: Pareto front rank

3. Update positions

Eq. (6) defines the position update of the binary equilibrium optimizer. We adopt the transfer function to implement binarization, which provides a mechanism for changing the algorithm’s continuous search space into binary decision space.

Xlk(t+1)={Xlk(t)if(S(value)>rand)1−Xlk(t)else(6)

where Xlk implies the position of l at the k-th dimension, and t means the iteration. S is the transfer function, and it is calculated as follows:

S(value)=11+e−value(7)

value=(Xl(t)−Xeq(t))F(t)+G(t)λ(1−F(t))(8)
where Xeq is the equilibrium pool that is made up of the positions of the first four solutions as well as their mean position. For every run, the algorithm randomly selects one from Xeq. F is an exponential term, and it is computed as Eq. (9).
F(t)=sign(r−0.5)[e−λn(t)−1](9)

n(t)=(1−tMax_iter)(2tMax_iter)(10)
where Max_iter is the maximum iteration. r and λ mean two random values between [0,1]. Sign represents the signum function. G aids F in achieving superior results, and it is calculated as follows:
GCP={0.5r1 if(r2≥GP)0else(11)

G0(t)=GCP∗(Xeq(t)−Xi(t))(12)

G(t)=G0(t)∗F(t)(13)

where r1 and r2 are randomly selected from [0,1].

4. Repairing duplicate solutions

By merging the previous population (P) with the current population (Q), we can significantly maintain diversity and promote convergence. However, there may be individuals with duplicate positions. To prevent the loss of population diversity and conserve computing resources, we introduce a position repairing scheme, as depicted in Algorithm 3.
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This scheme tries to explore feasible solutions in more unkown space. It expands population diversity but reduces the probability of low-ranking features being selected.

5. Objective function

Multi-objective feature selection mainly involves two objectives, minimizing the number of selected features and minimizing prediction error. Without loss of generality, its mathematical model is depicted as follows:

minF(x)=[f1(x),f2(x)]subject tof1(x)=number(x)f2(x)=1−accuracy(x)(14)

where f1 represents the selected number of feature sets (x) and f2 means the recognition error of x.

3.4 Classifiers

We utilize K-nearest neighbor (KNN) and random forest (RF) to build prediction models, and then we judge the models’ performance using K-fold cross validation. KNN does not need to understand the distribution of data, and it typically performs better in small datasets. RF provides strong generalization performance by integrating multiple decision trees. SVM is sensitive to missing data, while there are no universal solutions for nonlinear problems. Moreover, it is difficult to find a suitable kernel function. Due to the small size of emotional corpus datasets, we employ KNN and RF as classifiers to compare recognition algorithms more comprehensively. In this study, the K is set to 5.

K-fold cross validation separates a dataset into K folds. A classification model is trained and evaluated for K times, and it employs a different fold as a testing dataset and the other folds as a training dataset each time. After all K iterations, the performance indicators (like accuracy, precision, or recall) from each fold are averaged to offer an overall evaluation of the model’s effectiveness. In this study, we define K as 10.

4  Experimental Results and Analysis

4.1 Data Preparation

The proposed model is trained and evaluated with four different datasets, eNTERFACE05, ryerson audio-visual database of emotional speech and song (RAVDESS), surrey audio-visual expressed emotion (SAVEE), and Toronto emotional speech set (TESS).

1. eNTERFACE05

The dataset contains recordings of participants who are asked to perform specific tasks while displaying a range of emotions [30]. It includes anger, disgust, happiness, surprise, fear, sadness, and neutral expressions.

2. RAVDESS

RAVDESS contains recordings of 24 professional actors, evenly divided between 12 males and 12 females, from various backgrounds [31]. These actors portray different emotional states, such as calm, sad, happy, angry, surprised, fearful, and disgusted.

3. SAVEE

SAVEE is a specialized collection of audio and visual recordings designed for research in emotion recognition, speech analysis, and related fields [32]. It includes recordings of a male actor portraying different emotional states, such as surprise, anger, happiness, disgust, fear, and sadness.

4. TESS

TESS offers a variety of emotions, including disgust, fear, anger, sadness, happiness, pleasantness, and surprise. Every emotion is characterized by several actors, adding variability to the dataset.

4.2 Employed Algorithms

The recognition performance is compared with MEO [14], MQPSO [23], NSGA-II [25], and MBEO, and Table 2 describes the key parameters of the algorithms. The algorithms are designed to run 20 times and have a maximum of 100 iterations. The population size is 20. Wilcoxon rank sum and Frideman test are applied to show whether there exists any difference in the acquired experimental results.
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4.3 Experimental Results

4.3.1 The Results Based on KNN

1. Hypervolume

Table 3 presents the HV values of the algorithms where MEAN and STD are the mean and variance of HV. The HV values of MBEO are 0.1145, 0.2502, 0.3220, and 0.6085, respectively. These values are better than the HV values of MEO, indicating that the proposed method improves the multi-objective solution ability of EO. In eNTERFACE05, the values of MEO and MBPSO are both 0, and their solutions do not constitute the final Pareto solutions. The algorithms perform best in TESS, followed by SAVEE, RAVDESS, and eNTERFACE05. The Wilcoxon rank sum shows that they do not exhibit similar statistical data, and MEO, MBPSO, NSGA-II, and MBEO perform well on 0, 0, 1, and 3 datasets, respectively. The average ranks of the algorithms are 3.75, 3.25, 1.75, and 1.25, and the P-value is less than 0.05. Experimental data, the Wilcoxon rank sum, and the Frideman test reveal the excellent performance of MBEO.
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2. Inverted generational distance

Table 4 displays the results of the algorithms. The IGD values of MBEO in the four datasets are 0.0335, 0.0987, 0.0817, and 0.0994, which are smaller than the values of other algorithms. MBEO is superior to the comparison algorithms. Since the Pareto optimal solutions of IGD are composed of Pareto solutions for all solutions, it indicates that the solutions of MBEO are the closest to the Pareto solutions. Conversely, the values of MEO and MQPSO are large, and they only have a small number of solutions forming the final Pareto solutions. The Frideman test shows that MBEO performs best, followed by NSGA-II, MEO, and MQPSO. The Wilcoxon rank sum confirms that MQPSO, MEO, and NSGA-II do not have similar experimental statistical data with MBEO. Table 4 demonstrates the superiority of MBEO.
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3. Pareto solutions

The non-dominated solutions produced by the algorithms after they run 20 times make up the final Pareto solutions, and Fig. 3 presents the Pareto solutions acquired by the test algorithms.
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Figure 3: Pareto solutions found by the test algorithms

In eNTERFACE05, the solutions of MBEO are in low dimension, while the results of MEO and MQPSO fall in medium dimension. NSGA-II finds two feasible solutions in the low dimension, and it has the optimal solutions in the medium dimension. However, the accuracy of the algorithms is below 50%. In RAVDESS, MBEO achieves solutions in low dimensions. The solutions of MEO, MQPSO, and NSGA-II concentrate in the middle dimension, while the accuracy of NSGA-II is higher than that of MEO and MQPSO. In SAVEE, the solutions of MBEO are in the low dimension, while MEO and MQPSO distribute in the middle dimension. The solutions of NSGA-II span low and medium dimensions. In TESS, the algorithms obtain accuracy better than the value in eNTERFACE05, SAVEE, and RAVDESS, and MBEO achieves low recognition error using a small number of features. MEO, MQPSO, and NSGA-II concentrate on the mid-dimensional feature space, and the classification accuracy of NSGA-II outperforms other algorithms.

It can be observed from Fig. 3 that MBEO outperforms other algorithms in the Pareto front of RAVDESS and TESS. MBEO is capable of effectively capturing the intricate and diverse patterns linked to various emotions in RAVDESS and TESS. MBEO achieves high recognition using small features. The proposed algorithm can adapt to the characteristics of the datasets, which results in more robust and accurate emotion recognition in various conditions.

Table 5 is the execution time of the algorithms. It clearly shows that MBEO excels in running efficiency, and its average time on the four datasets is 195.9695, 467.9148, 209.8765, and 1191.9062. The time is smaller than those of the other algorithms. For KNN, its time complexity is O(M * F * F) where M and F represent the numbers of samples and selected features. MBEO focuses on using the top-ranking features for recognition. Although low-ranking features will supplement classification, it finally employs fewer features to complete the classification. MEO, MQPSO, and NSGA-II search for the best recognition results using all available features, so MBEO requires less running time than MEO, MQPSO, and NSGA-II.
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4.3.2 The Results Based on RF

1. Hypervolume

Table 6 presents the HV values of the test algorithms. Specifically, the values of MBEO in eNTERFACE05, RAVDESS, and TESS are 0.3262, 0.3535, and 0.7606, and they are better than other algorithms. In SAVEE, NSGA-II exhibits a better HV value than MEO, MQPSO, and MBEO. The Wilcoxon rank sum demonstrates that they exhibit good performance on 0, 0, 2, and 4 emotion datasets, respectively, and MBEO and NSGA-II have similar statistics in eNTERFACE05 and SAVEE. The average ranks of MEO, MQPSO, NSGA-II and MBEO are 3.75, 3.25, 1.75, and 1.25, and the P-value is 1.26E-02. Table 6 evidences that MBEO outperforms MEO, MQPSO, and NSGA-II on HV.
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2. Inverted generational distance

Table 7 presents the results of the test algorithms on IGD, along with their non-parametric statistical analysis. MBEO demonstrates excellent performance in eNTERFACE05, RAVDESS, and TESS, while NSGA-II outperforms other algorithms in SAVEE. Based on the Wilcoxon rank sum, it is observed that MBEO and NSGA-II have compare experimental results in eNTERFACE05 and TESS, while MEO and MQPSO do not show statistical similarity with MBEO and NSGA-II. The Frideman test reveals that the average rank of MBEO is the lowest (1.25), followed by NSGA-II (2), MEO (3.25), and MQPSO (3.5). Experimental data, the Wilcoxon rank sum, and the Frideman test prove that MBEO is superior to other algorithms on IGD, and MBEO has exceptional multi-objective performance.
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3. Pareto solutions

Fig. 4 displays the Pareto solutions obtained by the algorithms using the RF classifier.
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Figure 4: Pareto solutions found by the test algorithms

The Pareto solutions obtained by the multi-objective algorithms on RF are similar to those acquired on KNN. In eNTERFACE05, the solutions of MBEO and MQPSO are distributed in low and medium dimensions. The outcomes of NSGA-II exist in the low and medium dimensions, while the solutions of MEO primarily occupy in middle and high dimensions. The highest recognition accuracy of the algorithms is 60%, while MBEO can achieve this with a small number of features. In RAVDESS, the solutions of MBEO concentrate in the low dimension, while the results of MQPSO and NSGA-II span in the middle dimension. MEO’s solutions are located in middle and high dimensions. Remarkably, MBEO achieves high recognition accuracy by using a few features. In SAVEE, MBEO shows outstanding performance in the low dimension, but the solutions of NSGA-II and MQPSO are found in the middle dimension. The solutions of MEO tend to reside in medium and high dimensions. In TESS, the algorithms receive excellent experimental results, and their accuracy exceeds 90%. The solutions of MBEO mainly cluster in the low-dimensional feature space, but it still obtains an optimal solution in the middle dimension. The solutions of NSGA-II and MQPSO are in the middle dimension, while MEO’s solutions are in the medium and high dimensions.

Table 8 displays the execution time of the algorithms. It indicates that the algorithms require more time for RF than for KNN, because the time complexity of RF, O(T * (M * F * logM)) where T represents the number of decision tress, is higher than KNN. Nevertheless, MBEO still exhibits a shorter running time compared to other algorithms, and MBEO uses fewer features for emotion recognition. When the number of samples remains constant, fewer features result in a more efficient algorithm. Since there are a lot of samples in TESS, the algorithms spend a significant amount of time processing.
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From Figs. 3 and 4, it can be seen that MBEO uses 10%–30% of features to complete emotion recognition. Among these features, MBEO often chooses MFCCs, loudness, and line spectral pair frequencies. However, through the multi-objective feature ranking, it is found that MFCCs, differential jitter, and shimmer are the most important features that affect emotion classification. The reasons for the inconsistency are that the filter methods only analyze the intrinsic characteristics of features, and they are unable to truly evaluate their impact on classification. This also indicates that when recognizing high-dimensional emotions, the influence of low-ranking features cannot be ignored, and it is necessary to comprehensively evaluate features.

4.3.3 Discussion

1. Analysis of the values of K in KNN

If K is too small, a prediction model will become too specific and fail to generalize well. The model achieves high accuracy on a training set but has poor predictions for new datasets. As a result, we are likely to obtain an overfitted model. If K is too large, a prediction model becomes too general and cannot accurately predict data points in training and test sets. In KNN, the value of K is usually an odd number, and we analyze its impact on the performance of MBEO using the values of 3, 5, and 9. Table 9 presents the analysis based on the Wilcoxon rank sum where MBEO-3, MBEO-5, and MBEO-9 mean that the values of K are set to 3, 5, and 9 in KNN, respectively.
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In eNTERFACE05, MBEO-9 is superior to MBEO-3 and MBEO-5, but MBEO-5 has similar data with MBEO-9 on HV. In RAVDESS, MBEO-5 and MBEO-9 are better than the comparison algorithms on IGD and HV, respectively, while they have similar experimental results on HV. In SAVEE, MBEO-5 and MBEO-9 perform well on IGD and HV, respectively. The algorithms cannot distinguish on HV, and MBEO-5 and MBEO-9 have a statistical similarity on IGD. In TESS, MBEO-5 and MBEO-9 obtain optimal solutions on IGD and HV, respectively, but the algorithms have the same data distribution on HV and IGD. From the above analysis, it can be seen that MBEO-5 and MBEO-9 have the best experimental results in the emotion datasets. K affects the performance of KNN, and KNN runs fast when K is small. Therefore, we utilize 5 as the value of K in this paper.

2. Analysis of the experiments with 3D convolutional neural network

Recently, reference [33] used a 3D convolutional neural network (CNN) for emotion recognition and achieved great accuracy with 1000 extracted features. We employ this architecture and the 1582 features obtained in Section 3.2 to explore emotion recognition with the MBEO algorithm. Since MBEO is a multi-objective algorithm, we compare the maximum accuracy of the obtained Pareto solutions with 3D CNN. Table 10 displays their experimental results.
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3D CNN demonstrates excellent recognition ability in eNTERFACE05, RAVDESS, SAVEE, and TESS. Furthermore, by using our proposed feature selection algorithm, MBEO improves the accuracy of emotion recognition. In eNTERFACE05 and RAVDESS, MBEO is superior to 3D CNN. In SAVEE, MBEO’s performance on KNN is not as good as 3D CNN, but it performs well on RF. MBEO and 3D CNN effectively capture the nuances of speech signals in TESS, so they have high accuracy. The above discussion shows that MBEO exhibits outstanding performance both when using features obtained only through OpenSmile and when using features obtained through the deep learning framework. The algorithm is robust.

5  Conclusions

This paper proposes a novel algorithm for multi-objective high-dimensional speech emotion recognition. The primary objectives are to identify the most suitable emotion recognition model and to extract the most valuable features for emotional representation. Furthermore, we utilize the emotional information carried by features to minimize both recognition errors and the number of features. We employ the OpenSmile tool to extract 1582 features from speech signals. The proposed algorithm uses filter methods to rank these features completed in a multi-objective task, and the features have different rankings. An improved EO implements wrapper-based feature selection. The algorithm outperforms the compared algorithms on KNN and RF with four common English datasets. The HV, IGD, and Pareto solutions of the algorithms on the RF classifier are better than their experimental results on the KNN classifier. As part of our future work, we try to extract more features from speech signals to validate the effectiveness of the proposed algorithm and improve recognition accuracy.
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Algorithm 3: The scheme of repairing duplicate solutions

1. for j = l:dim do

2. if ranks_dim(j) >rand()&& X/ = O then
3 X,j = 1,

4. end

5. else

6 if ranks_dim(j) <rand()&& X/ = 1then
7 X,j = O;

8. end

9. end
10.[", jd] = ismember( X, Positions, ‘rows’);
11. ifjd == 0 then

12.  break;

13. end

14. end
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Table 1: Acoustic features

Features Numbers
Loudness 42
MFCC 630
Logarithmic power of mel band 336

Line spectral pair frequency 336
Envelope of smoothed fundamental frequency contour 42
Voicing probability of the final fundamental frequency candidate 40
Smooth fundamental frequency contour 40

Local jitter & Diftferential jitter 76

Partial shimmer

38
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Table 3: The HV of the test algorithms

Dataset MEO MQPSO NSGA-II MBEO
MEAN STD MEAN STD MEAN STD MEAN STD

eNTERFACEO5  0.0000 0.0000  0.0000  0.0000 0.1607  0.0548 0.1145  0.0282

RAVDESS 0.0275 0.0105 0.066 0.0222  0.1765  0.0265 0.2502  0.0061

SAVEE 0.0581 0.026  0.1032  0.0325 0.2723  0.061 0.3220  0.0331

TESS 0.0264 0.0274  0.1295  0.0776  0.3494  0.0402 0.6085  0.0108

>=< 0/0/4 0/0/4 1/0/3 3/0/1

Rank 3.75 3.25 1.75 1.25

P-value 1.26E-02
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Table 8: The execution time of the test algorithms (seconds)

Dataset MEO MQPSO NSGA-II MBEO
eNTERFACEO5 17974.8648  15402.2889  12609.7895  5966.4618
RAVDESS 66012.3094  53858.3259  41629.7799  20587.6791
SAVEE 20753.3389  18317.9675  14554.5417  7273.1304
TESS 75321.2824  65807.8372  50699.2833  23800.1384
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Table 6: The HV of the test algorithms

Dataset MEO MQPSO NSGA-II MBEO
MEAN STD MEAN STD MEAN STD MEAN STD

eNTERFACEO5 0.1662 0.0348 0.1921 0.0414 0.2663  0.0454 0.3262  0.0223

RAVDESS 0.1916 0.0514 0.2098  0.0563 0.2268  0.0453 0.3535  0.0140

SAVEE 0.2049 0.0764 0.1686  0.0896 0.3480  0.0619 0.2935  0.0834

TESS 0.5005 0.0326  0.5525  0.0327 0.5741 0.0277  0.7606  0.0078

>=< 0/0/4 0/0/4 1/172 3/1/0

Rank 3.75 3.25 1.75 1.25

P-value 1.69E-02
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Algorithm 1: The ranking based on the non-dominated sorting

1. [, F_ranks] = NonDominatedSorting(ranks);
2. ranks_dim = zeros(1,dim);

3. fori=1:size(F_ranks,2) do

4. j=F_ranks{i};

5. ranks_dim(j) =1 — (1-0.01) = i/size(F_ranks,2);
6. end
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Table 4: The IGD of the test algorithms

Dataset MEO MQPSO NSGA-II MBEO
MEAN STD MEAN STD MEAN STD MEAN STD

eNTERFACEO5 0.3613 0.0205 0.314 0.0209  0.0908 0.0183 0.0335 0.0085

RAVDESS 0.2859 0.0245 0.22 0.0297 0.1227 0.0162  0.0987 0.0159

SAVEE 0.2624 0.0191 0.2091 0.0272 0.0932 0.0171 0.0817 0.016

TESS 0.2747 0.0258 0.1944 0.0427 0.1044 0.0137  0.0994 0.0117

>=x< 0/0/4 0/0/4 0/0/4 4/0/0

Rank 4 3 2 1

P-value 7.38E-03






OEBPS/Images/table-9.png
Table 9: Analysis of the values of K in KNN

Dataset MBEO-3 MBEO-5 MBEO-9
eNTERFACEO05 0 1 2
RAVDESS 0 2 1
SAVEE 1 2 2
TESS 2 2 2






OEBPS/Images/logo.png





OEBPS/Images/table-7.png
Table 7: The IGD of the test algorithms

Dataset MEO MQPSO NSGA-II MBEO
MEAN STD MEAN STD MEAN STD MEAN STD

eNTERFACEO5 0.2545 0.0124  0.2449  0.0118 0.1499  0.0214 0.0997  0.0307

RAVDESS 0.1976 0.0292 0.2234  0.0190 0.2045  0.0078 0.1298  0.0568

SAVEE 0.2323 0.0257 0.2613  0.0326 0.0485  0.0114 0.1992  0.0415

TESS 0.1747 0.0151 0.1665  0.0067 0.1575  0.014  0.1102  0.0402

>=< 0/0/4 0/0/4 0/0/4 4/0/0

Rank 3.25 3.5 2 1.25

P-value 4.40E-02
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Table 2: The key parameters of the test algorithms

Algorithm Parameters
MEO & MBEO al =2; GP=0.5;a2 =1;
MQPSO wMax = 0.9; wMin = 0.4;cl =2;¢c2=2; Vmax = 6;

NSGA-II tournament; mu = 0.2;
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Table 10: The experimental results with 3D CNN

Dataset MBEO (KNN) MBEO (RF) 3D CNN
eNTERFACEO05  75% 76% 73%
RAVDESS 80% 81% 78%
SAVEE 79% 82% 80%

TESS 99% 99% 99%
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Algorithm 2: Initialization

1. for i = 1:Particles_no do
2. forj=I1:dimdo
3. if ranks_dim(j) >rand() then
4. X,j = 1,
5 end

6. end

7. end
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Table 5: The execution time of the test algorithms (seconds)

Dataset MEO MQPSO NSGA-IIT MBEO
eNTERFACEOS 2281.7131  1859.2988  1874.4445 195.9695
RAVDESS 7011.6187  4676.7561  3205.8772 467.9148
SAVEE 2410.8335  1932.3405  1785.3068 209.8765
TESS 19876.6471 11976.4043 6403.2395 1191.9062
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