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Abstract. This paper aims to retrieve speech descriptors that may be useful for 

the classification of emotions in singing. For this purpose, Mel Frequency 

Cepstral Coefficients (MFCC) and selected Low-Level MPEG 7 descriptors 

were calculated based on the RAVDESS dataset. The database contains record-

ings of emotional speech and singing of professional actors presenting six dif-

ferent emotions. Employing the algorithm of Feature Selection based on the 

Forest of Trees method, descriptors with the best ranking results were deter-

mined. Then, the emotions were classified using the Support Vector Machine 

(SVM). The training was performed several times, and the results were aver-

aged. It was found that descriptors used for emotion detection in speech are not 

as useful for singing. Also, an approach using Convolutional Neural Network 

(CNN) employing spectrogram representation of audio signals was tested. Sev-

eral parameters for singing were determined, which, according to the obtained 

results, allow for a significant reduction in the dimensionality of feature vectors 

while increasing the classification efficiency of emotion detection. 

Keywords: Mel Frequency Cepstral Coefficients (MFCC), MPEG 7 Low-Level 

Audio Descriptors, feature selection, singing expression classification 

1 Introduction 

Speech analysis and processing, parametrization as well as automatic classification 

are the areas being thoroughly researched and developed for the last few decades as 

their application is of utmost importance in many domains. To name a few [1]–[4]: 

telecommunications (VoIP, enhanced IP communication services), automatic speech 

transcription, automated speech-to-text technologies in video-over 

IP communications, medical applications such as hearing aids, cochlear implants and 

speech pathology recognition,  language processing for communication services, and 

more recently human-(intelligent) computer communication based on big data [5, 6]. 

The last-mentioned application is within the interest of researches as well as commer-

cial usage.  
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Parametrization is usually the first and often the most crucial block of automatic 

speech recognition (ASR) in combination with machine learning algorithms. It is only 

in the last few years that deep learning methodology has forced a different approach 

to the speech signal processing, in which speech parameters are not retrieved, but the 

signal in the form of 2D images (i.e., spectrograms, cepstrograms, mel-cepstrograms, 

chromagrams, wavenet-like, etc.) [7]–[9] is fed at the net input. On the other hand, 

automatic evaluation of singing quality in the context of its production (e.g., evalua-

tion of the intonation and timbre of the singing voice) is a relatively poorly studied 

issue comparing to the ‘pure’ speech area [3, 10]. It should, however, be remembered 

that singing - like speech - is also a tool for expressing feelings and emotions, thus 

speech descriptors applied to the singing evaluation should be useful. Also, it is inter-

esting whether deep learning-based methodology may be – in a straightforward way - 

applied to the singing expression evaluation. 

The area of emotion detection in speech is quite well studied, in contrast to the de-

tection of emotion in singing. The article presents issues related to the search for 

speech signal parameters that may work in the context of automatic evaluation of the 

quality of expression in singing. For this purpose, a dataset containing recordings of 

emotional speech and emotionally-singing singing was used, followed by the para-

metrization of these signals. Some speech descriptors were evaluated for their usage 

in the feature vector (FV) for singing emotion recognition. 

In the next step, the determined parameters were evaluated and reduced using the 

feature significance algorithm using a Forest of Trees method. Then classification was 

carried out using the Support Vector Machine (SVM) based on the prepared reduced 

feature vectors. The final part of the article presents conclusions regarding the devel-

opment of the proposed methodology to use machine learning methods, including a 

deep learning approach, to assess the quality of singing expression automatically. 

2 Related Work 

2.1 Emotion Detection in Speech 

The detection of emotions in speech is now very much present in the literature, espe-

cially when the possibility of using deep learning for this purpose appeared. Most of 

the studies describe approaches that use artificial neural networks as classifiers (i.e., 

convolutional networks, recursive networks, autoencoders), presenting processed 

spectrograms as input [7, 8, 11]. The use of classical speech signal descriptors (e.g., 

Mel-Frequency-Cepstral-Coefficients, MFCC) is currently less prevalent in speech 

research due to the lower accuracy of emotion recognition (approx.  60%) [12, 13]. 

When 2D image spaces are used as parameters, the classification efficiency can reach 

over 80% [7, 9]. Such efficiency can also be achieved for some chosen emotions us-

ing SVM [8]. 
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2.2 Emotion in Singing 

There exist systems that allow automatic assessment of singing and singing quality. 

The focus of such systems is on assessing the quality of singing individual sounds or a 

specific singing technique [14, 15]. Classification accuracy can be up to 80% for these 

types of systems. Another approach researched is to use the fundamental frequency as 

a parameter to test whether the person singing a given sound or repeating it after the 

system prompt is able to sing it correctly [16]. 

3 Parameter Selection 

3.1 Dataset 

The RAVDESS database of recordings was used to conduct the experiments present-

ed in this paper. This dataset is often used in research studies, thus it may be treated as 

a benchmark in the area of speech emotion recognition. The database contains record-

ings of 24 professional actors (12 women, 12 men) speaking and singing two matched 

English statements with a neutral North American accent. Speech includes expres-

sions of calm, joy, sadness, anger, fear, surprise and disgust, and singing contains the 

emotions of calm, joy, sadness, anger, and fear. Each expression is sung and pro-

nounced at two levels of emotional intensity (normal, enhanced). Additionally, an 

emotionally neutral expression was recorded for each phrase. An example of actors’ 

images presenting a set of emotions available in the database is shown in Fig. 1. 

 

 
 

Fig. 1. Example of the RAVDESS emotion expression [17] 

All emotion recordings are available in three modalities: audio signal (16-bit reso-

lution, 48 kHz sampling frequency, wave format files), audio-video (720 p resolution, 

H.264 video coding, AAC audio coding, 48 kHz sampling frequency), mp4 file for-
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mat) and video signal. The database contains 7356 files (24.8 GB), of which 1440 

recordings are of speech alone, and 1012 recordings are of singing. The database is 

available under a Creative Commons license. Only audio files were used in this study. 

3.2 Parameter Selection 

Two approaches were utilized to parameterize data from the RAVDESS database. 

The FV in the first scenario consists of 40 consecutive normalized MFCCs. In the 

second approach, which uses MPEG 7 descriptors and parameters available in the 

Librosa library [18], FV contains parameters in both time- and frequency-domains. 

Time-domain parameters include zero crossings (Zero-Crossing, ZC), and signal en-

ergy (Root Mean Square Energy, RMS). The following spectral descriptors were used 

[18]: the spectral center of gravity (Audio Spectrum Centroid, ASC) and the spectral 

flatness measure (Audio Spectrum Flatness, ASF). Besides, the spectral roll-off pa-

rameter built into the Librosa library was employed [18]. This set of parameters is 

calculated according to the internal settings of the Librosa library. All the above-

mentioned descriptors are present in the literature [19, 20]; thus their definitions will 

not be recalled here. 

 For the approach based on Convolutional Neural Networks (CNN), spectrograms 

were calculated for each of the utterances and songs from the RAVDESS corpora. 
The audio is sampled at 48000 Hz.  Each audio frame is windowed using the Kaiser 

window of the length of 2048. Fast Fourier Transform (FFT) windows of the length of 

2048 are then applied on the windowed audio samples with the STFT hop-length as 

512 points. As a result of the aforementioned transformations, the bandwidth of the 

audio signal was reduced to 8 kHz. In total, there were more than 24200 samples for 

six classes. That means there were more than 4050 examples for each class.                                    

4 Experiments 

4.1 Significance Ranking 

To reduce the number of parameters used in the classification and, at the same time, 

increase the accuracy of the classification by leaving only significant descriptors, the 

Feature Importance algorithm was employed. The authors have successfully utilized 

this algorithm in earlier publications related to speech classification [21]. The Feature 

Importance algorithm is based on another algorithm called Extremely Randomized 

Trees (ERT) [22]. The concept is derived from Random Forest (RT), which provides 

a combination of tree predictors so that each tree depends on the value of a random 

vector sampled independently and has the same distribution for all trees in the forest. 

The error related to generalization for forests is approaching the limit as the number 

of trees in the forest increases. ERTs generalization error depends on the correlation 

between trees in the forest and the strength of individual trees in the entire set [21, 

22]. 

 The conducted experiments used the implementation of the ERT algorithm con-

tained in the scikit-learn library in Python [25]. The ERT algorithm settings were as 
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follows: n_estimators = '240', criterion = 'entropy', min_ samples_split = 2, 

min_samples_leaf = 1, min_weight_ fraction _leaf = 0.1, max_features = 'auto', 

min_impurity_ decrease = 0.01, min_impurity_split = None, bootstrap = True, ran-

dom_state = True, warm_start = True, class_weight = balanced. 

4.2 SVM-based Classifier 

The SVM algorithm, using the scikit-learn package in Python, was employed for the 

classification. The classifier settings were selected experimentally, ultimately the 

highest accuracy in the classification for all types of emotions studied was obtained 

using a degree 3 polynomial kernel with the parameter C = 0.1 and ‘balanced’ mode 

of adjusting weights of individual classes. For comparing classes with each other, one 

vs. all approach was used. 

4.3 CNN Classifier 

The CNN classifier used for this experiment was created using the Tensorflow library. 

The architecture used for this experiment is shown in Fig. 2. The architecture was 

created in an empirical approach, adding individual layers, and then examining their 

impact on classification results. Inspiration for this architecture was research present-

ed in the literature [24, 25]. The created neural network was trained for 200 epochs 

using a batch size of 32 and data split 60/40 for training and validation set, respective-

ly. Titan RTX graphic processor was employed for training. 

 
Fig. 2. Architecture of CNN used in the presented experiment 

5 Results and discussions 

Below ranking results of the significance of individual parameters and results of emo-

tion classification are shown. Fig. 3a) shows the importance of the MFCCs depending 
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on emotions. According to Fig. 3a) coefficient no. 40 is the most versatile. It is the 

most important feature for several emotions, e.g., joy, calm, sadness, and neutral state. 

Also, feature no. 1 seems to be most important for anger and fear emotions.   Fig. 3b) 

presents the ranking of the parameter importance of speech and singing for all emo-

tions using the MFCC coefficients. As can be seen in Fig. 3b) the most essential pa-

rameters for speech and singing are different. The common one is the coefficient no. 

1, but the rest differs. For speech, more important are coefficients with the lower 

numbers of order, in the case of singing, features with the number higher than 30 were 

indicated. Tabs. 1-3 show several MFCC parameters, the accuracy of classification as 

well as the mean square error (MSE) for individual emotions using SVM. The 

MFCCs shown are derived from the Feature Importance algorithm, which indicated 

the most important features respectively to values presented in Tables 1-3. In most 

cases, the use of four best coefficients provides the best accuracy results. It is worth 

noticing that reducing FV to only 10 best features in most cases results in a significant 

increase in the accuracy score. The emotion of anger is an exception here; accuracy 

values are oscillating all the time around 70%. Tab. 4 contains the classification re-

sults for the second parameterization scenario employing MPEG-7 low-level de-

scriptors.  Tab 5 presents results for the CNN-based classification approach. The 

measure of accuracy is understood as the ratio of the number of correct predictions to 

the total number of input samples [28]. 

 Based on the presented results, it is possible to distinguish a group of MFCC coef-

ficients that are most important in the process of classifying speech and singing within 

a given emotion. Classifying emotions in speech and singing using these factors is 

characterized by high accuracy for most emotions (over 88%). In most cases, the fea-

ture vector reduced to two descriptors consisted of MFCCs nos. 29 and 40. For anger, 

these were coefficients nos. 1 and 39. Among the tested coefficients from the second 

FV variant, the highest result was obtained using spectral centroid (ASC). The low 

efficiency of the zero-crossing (ZC) parameter and RMS energy is puzzling. Based on 

the experiments conducted, it can be observed that MFCC coefficients achieve much 

better classification results. They seem to be a natural direction in further work on the 

system for assessing the quality of expression in singing. There was also a decrease in 

the classification accuracy for anger emotions in all the feature vectors used. This is 

an interesting phenomenon that should be studied based on another database of re-

cordings. Such a difference may result from a significant change in the volume of 

speech and possible changes in formant frequencies in the case of this emotion. Artic-

ulation associated with emotion can also affect the accuracy of classification. The 

accuracy of the classification of other emotions is similar. Results for the CNN ap-

proach are slightly worse than the results for MFCC parameterization. It could be due 

to the fact that spectrograms bandwidth were limited to only 8 kHz. It is worth notic-

ing that the categorical cross-entropy values indicate that there is room for improve-

ment, however, presented values and architecture were the best from all tested archi-

tectures. 
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Fig. 3. Classification results for a) The importance of MFCCs in terms of the researched emo-

tion b) for speech and singing for the normalized ranking of MFCCs 

Table 1. Classification (speech and singing) results for anger 

Quantity of the 

MFCCs retained Accuracy [%] MSE 

40 67.7 0.323 

20 66.81 0.3319 

15 68.58 0.3141 

10 68.59 0.3142 

5 69.47 0.3053 

4 70.35 0.2964 

2 68.58 0.3142 

Table 2. Classification (speech and singing) results for fear 

Quantity of the 

MFCCs retained Accuracy [%] MSE 

40 50.66 0.493 

20 50.66 0.4933 

15 51.33 0.4867 

10 82 0.18 

5 90 0.1 

4 90.67 0.093 

2 69 0.31 

Table 3. Classification (speech and singing) results for neutral emotion 

Quantity of the 

MFCCs retained Accuracy [%] MSE 

40 52.7 0.473 

20 53.38 0.4662 

15 54.05 0.4595 
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10 70.95 0.29 

5 89.19 0.108 

4 91.21 0.0878 

2 97.973 0.02 

Table 4. Emotion classification results for speech and singing based on MPEG 7 descriptors 

Emotion [%] ASC ASF Roll-off ZC RMS 

Neutral 98.52 48.26 34.93 34.53 68.23 

Joy 97.87 52.13 38.66 31.81 67.24 

Sadness 95.69 47.42 37.84 30.15 62.51 

Anger 70.47 27.53 30.92 18.32 47.83 

Surprised 93.36 53.77 33.36 24.36 53.27 

Fear 96.55 43.29 32.67 21.84 56.68 

All 79.39 41.23 35.73 27.27 62.26 

Average 90.26 44.80 34.87 26.90 59.72 

Table. 5. Emotion classification results for speech and singing based on the CNN approach 

Emotion Accuracy [%]  

Categorical Cross-

Entropy 

Neutral 75.85 0.8693 

Joy 51.33 7.8441 

Sadness 57.83 2.9245 

Anger 76.33 0.9483 

Surprised 77.33 1.9979 

Fear 77.00 1.3644 

All 65.96 1.4873 

6 Conclusions 

In this paper, an approach to rank speech features based on RAVDESS emotional 

speech and singing dataset with different approaches to parameterization and classifi-

cation is presented. Significance of particular MFCC parameters for speech and sing-

ing derived from the Feature Importance algorithm is shown. Three different ap-

proaches to parameterization using MFCCs, MPEG-7 low-level descriptors, and spec-

trograms are also demonstrated. The results for each approach are presented and dis-

cussed. 

In the future, the authors intend to focus on creating parameterization based on all 

MPEG-7 low-level descriptors and checking their effectiveness in the classification of 

emotions, both in speech and singing. The next step will also be testing parameteriza-

tion on sets containing opera singing. The basis of such a system could be the detec-

tion of emotions in singing, expanded by a ranking system, using the approach de-

scribed in the article. However, it seems natural to extend research towards the use of 
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deep learning and 2D representation of signals such as cochleagrams or CQT (Con-

stant-Q) transform. 
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