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Abstract. The feature extraction is very important for emotion recognition 
through speech. There are several approaches when dealing with emotion recog-
nition. In this paper, we present different feature extraction approaches as well as 
different models used to differentiate between a neutral speech versus an emo-
tional speech sample. This research is instrumental for the digitization and preser-
vation of cultural heritage, as it allows us to capture and analyze the emotional 
nuances in historical audio recordings, ensuring their accurate representation for 
future generations. We have selected two works consisting of a total of four dif-
ferent methods for emotion recognition. In the first paper by Jacob (2017), we 
look at Decision tree and Logistic Regression. Decision tree attains an 84.45% 
accuracy on the test class whereas logistic regression is able to achieve an accu-
racy of 66.85% after stepwise regression. These methods contribute to the digital 
archiving of cultural heritage by providing robust tools for analyzing and pre-
serving the emotional content of spoken artifacts. In another paper by Bhatti et 
all. (2004), sequential forward selection (SFS) was used to create subsets from 
the given features and relevance of the subsets of features. General regression 
neural network was used to evaluate the accuracy which was found to be 80.69%. 
As a complementary purpose, modular neural network was performed with an 
accuracy of 83.31% with the same dataset. These techniques enhance our ability 
to maintain the integrity and emotional depth of cultural heritage recordings in 
digital archives. 
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1 Introduction 

For decades, machine learning and artificial intelligence have become integral parts of 
human life. They are used in various areas, and the developments are still ongoing. 
Despite all these advancements, machine learning still faces the challenge of adapting 
to human life with an emotional direction. With the continuous development of the new 
generation of human-machine interaction technology and the increasing demands for 
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emotional intelligence in smart home services, human-machine interaction technology 
based on speech emotion recognition has attracted wide research attention. This tech-
nology is also pivotal for the digitization and preservation of cultural heritage, as it 
enables the accurate interpretation and archiving of emotional expressions in historical 
audio recordings. In this paper, we analyze two research papers on the topic of emotion 
recognition through speech and their varying approaches. We dive into their methods 
and results to compare them, highlighting their contributions to preserving the emo-
tional richness of cultural heritage in digital form.  

2 Methods 

In the work done by Jacob (2017 in his paper “Modelling speech emotion recognition 
using logistic regression and decision trees” aims for Speech Emotion Recognition 
(SER) in Malayalam, the native language of Kerala, the most literate state in India. He 
refrains from using the hidden Markov models (HMM) as the process of selection of 
features is challenging. To use the HMM model, the features must fit into the HMM 
structure.     
 

 
Fig. 1. Schematic of the intuitive modelling for the binary classifications of emotions. 

In building intuitive models for Speech Emotion Recognition (SER), the following bi-
nary classifications were considered as relevant as seen in Figure 1: 

• Classification of speech samples as emotional versus neutral. 
• Classification of emotional speech as positive valence vs negative valence 
• Classification of positive valence emotional speech as happy vs surprise.  
Formants are the spectral maximum which results due to sound resonance in the 

vocal track. The first four formants (a) along with their respective bandwidth are con-
sidered as features for this model. The reason for this is that as emotions change, so 
does the intake of air which causes the formants and their respective bandwidth to fluc-
tuate. Formants are computed by solving the roots of the linear predictive coding (LPC) 
polynomial. 

Female speech is considered for emotion recognition as it is assumed to be more 
expressive of the two. This is not proven though, in a study conducted it showed that in 
the vocal channel the speaker’s gender does not systematically affect the reliability of 
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emotional judgement (Lausen & Schacht, 2018). The database for the investigations 
consisted of 10 female native Malayalam speakers. Induced emotional speech was elic-
ited from speakers in neutral and six basic emotions. The non-neutral content was used 
for their investigations. The database thus formed was validated by perpetual listening 
tests by 10 listeners not having any listening disabilities. Further, a five level Mean 
Opinion Score (MOS) was done and only the samples that qualified as ‘Good’ were 
proceeded with. In the end 2800 wav files were selected for feature extraction. For each 
speech file, the first four formants along with their bandwidths were extracted using 
Praat (Boersma & Weenink, 2009). Finally, the importance of this research has a pivotal 
role into the fields of Culture in Wellness and Healthcare, as cited in these studies (Ig-
natova, 2018; Ignatova, 2021; Ignatova, 2022; Ignatova, 2023a; Ignatova, 2023b; Igna-
tova, 2023c), which highlight the significant impact of emotional states on health out-
comes, thereby supporting and broadening the scope of our current review.  

2.1 Decision Trees 

The modelling of the decision tree was done based on the standard Classification and 
Regression Tree (CART). Each feature was assessed algorithmically to select the ones 
necessary. Entire data were considered and binary splits on every predictor were per-
formed and only the split with best optimization criteria was selected. Splitting was 
stopped when the node was pure (containing only one class). Pruning was also done, 
which is the process of turning some branch nodes into leaf nodes and removing the 
leaf node from the original branch. In an optimal pruning scheme, it first prunes 
branches which give the least improvement in error cost. The cost of each node was the 
classification error for the node multiplied by its probability. Matlab was used for mod-
elling.  

2.2 Logistic Regression 

Regression is the second method used by (Jacob, 2017). Regression models the rela-
tionship between a response (Y) and predictors (x1,...,xk). We assume p to be the prob-
ability which is 1. Then we cannot simply write the regression function as p = β0 + 
β1x1 +···+ βkx as the right-hand side of the equation may evaluate to a value greater 
than 1 whereas we need it to be in the range of [0,1] since it is a probability. To obtain 
a valid equation, we need to convert this:  

 
which leads to, 

 
and 
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Using the link function, the author guarantees that the logistic regression maps the 
interval (0,1) onto the whole real line. Estimating the values of coefficients β0, β1,...,βk 
and carrying out tests of significance on these values is known as Logistic regression. 
P-value for each coefficient tests the null hypothesis that the coefficient is equal to zero 
(no effect). A lower p-value would suggest that the feature is meaningful to the model.  

This modelling technique also uses Stepwise regression where the most significant 
variable is systematically added, or the least significant one is removed. To validate the 
obtained results, certain criteria were checked:  

• The categories of dependent variables need to be mutually exclusive.  
• One or more independent variables should be continuous or nominal. 
• There should be independence of observations to prevent repeated measures. 
• There should be no multicollinearity.  
• There should be no outliers. 
Coefficients represent the mean change in the response for one unit of change in the 

predictor while other predictors in the model are constant. To assess the model fit, the 
data was grouped using their estimated probabilities from lowest to highest (in 10 
groups by default) and performed a chi-squared test to check if the observed and ex-
pected frequencies are significantly different. If the p-value is lower than the chosen 
significance level, it is indicated that the predicted probabilities differ from observed 
probabilities. 

Considering the probability that the event occurs as P(1), P (1) = exp (Y’)∕(1 + exp 
Y’)), where Y’ is the algebraic representation of the regression line.  

In the case of Neutral vs Emotional speech, the stepwise regression eliminated the 
fourth bandwidth (eighth predictor) upon determining its contribution as insignificant. 
The new regression equation obtained was as follows:  
 
Y’s = −4.07 − 0.00393 F1 + 0.001854 F2 + 0.00323 F3 − 0.001990 F4 + 0.00489 F5 + 
0.003452 F6 − 0.000995 F7.  
     

whereas the regression model containing all predictors was obtained as: 
 
Y’ = 4.20 + 0.00380 F1 − 0.001839 F2 − 0.00328 F3 + 0.001971 F4 − 0.00487 F5 − 
0.003482 F6 + 0.000987 F7 + 0.000305 F8 
   

In the case of Positive valence vs Negative valence, the stepwise regression obtained 
with the most significant predictors F were as follows: 
 
Y’s =  17.58 − 0.001403 F2 − 0.004967 F3 − 0.001418 F5 + 0.001138 F6− 0.000795 
F7  
     

whereas the model containing all predictors was as follows: 
   
Y’ = 19.03 − 0.001172 F1 − 0.001314 F2 − 0.004697 F3 − 0.000441 F4 − 0.001486 F5 
+ 0.001132 F6 − 0.000814 F7 + 0.000240 F8  
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For the case where the direction of positive valence emotion was tested for happy vs 
surprise. The HL statistic was indicative of a poor fit. The equation obtained was as 
follows: 
 
Y’s = 16.13 − 0.00246 F3 − 0.00208 F4 − 0.002774 F6 
 

whereas the equation with all the predictors is as follows: 
 
Y’ = 15.67 + 0.00439 F1 − 0.00260 F2 − 0.00153 F3 − 0.00200 F4 − 0.00004 F5 − 
0.00290 F6 + 0.00033 F7 − 0.000848 F8  

 
The classification accuracies and Hosmer Lemeshow statistic (HLS) obtained are 

provided in Table 4.   

2.3 General Regression Neural Network 

In the paper of Bhatti et al. (2004) clearly points out that collecting a few features is the 
goal. They first started to explore several features for classifying the speaker effect 
which are phoneme and silent duration, short-time energy, and pitch statistics. To be 
able to focus on the emotional state, they have chosen 17 prosodic features (also known 
as acoustic features) by analyzing the speech spectrogram which can be seen in “Table 
1”.  

Table 1. Feature Description.  

 
 
They proposed an efficient one pass selection procedure which is called sequential for-
ward selection (SFS) (Kittler, 1978). It incrementally constructs a sequence of subsets 
from features by adding relevant features to previously selected ones. To evaluate the 
relevance of the subsets of features, they have chosen to use the general regression 
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neural network (GRNN) (Specht, 1991). GRNN is based on the estimation of a proba-
bility density function. Unlike the conventional multilayer feed-forward neural net-
works, it requires many iterations in training to achieve the desired result. In mathemat-
ical terms, if we have a vector random variable x, a scalar random variable y, let X be 
a particular measured value of x, then the conditional mean of y given X can be repre-
sented as: 

 
However, it is not possible to compute the optimum value of σ since the underlying 

parent distribution is unknown. So, they decided to find the value on an empirical basis. 
Therefore, a leave-one-out cross validation was used to determine the value of σ for 
minimum error. 

3 Consistency-Based Feature Selection & Modular Neural 
Network 

Consistency-based approach was used as complementary to evaluate the relevance of 
the features. The consistency measure formula where the distances are the space of 
features. It is important to get higher values of consistency measures for optimized fea-
tures.  
 

 
 

After computing the consistency measure formula for each feature, they found that 
feature 2 had the highest measure. The top 3 features’ measures were the same as the 
GRNN and SFS which were 6, 7, and 15. Using the combined SFS/GRNN and con-
sistency-based method, they got 12 features. 

 MNN can solve complex computational tasks by dividing the tasks into simple sub-
tasks, and then combining their individual solutions. MNN also offers several ad-
vantages over a single neural network in terms of speed and capability. The architecture 
of MNN consists of 6 sub-networks, where each sub-network specializes in an emotion 
class. The hierarchical MNN architecture can be seen below in Figure 2.  
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Fig. 2. Hierarchical MNN Architecture. 

4 Consistency-Based Feature Selection & Modular Neural 
Network 

4.1 Decision Tree 

From Fig. 6, it was observed that the eight feature x8 present in the fourth bandwidth 
B4 is the least important predictor regarding neutral vs emotional binary classification. 
The root node classification was made on the value of the third formant x3. The subse-
quent classifications have been based on the second formant (x2), fourth formant (x4) 
and third bandwidth (x7). Higher accuracy was obtained with the subset of seven pre-
dictors rather than with the complete set.  

Table 2. Coefficients indicating predictor performance. 

 
 
The SER accuracy obtained on train class was 89.45%.  
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Table 3. Confusion matrix for neutral/emotional classification of test class. 

 

4.2 Logistic Regression Model 

The predictors are fit using an iterative reweighted least squares algorithm to obtain 
maximum likelihood parameters for each of the three binary classification which are (i) 
Neutral vs Emotional (ii) Positive valence vs Negative valence (iii) Happy vs Surprise. 
Although the main objective of the regression procedure was for case (i) as mentioned 
above. 

Table 4. Summary of results of various binary classifications for decision trees. 

 

Table 5. Prediction accuracies for various cases of binary logistic regression. 

 

Through these results, we can summarize that the accuracy obtained when including 
only 7 features, i.e. emitting the fourth bandwidth B4 is higher than when all the data 
is considered. 
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4.3 General Regression Neural Networks 

By applying GRNN and SFS concepts, 17 features were used. The mean square error 
versus feature indexes were plotted as shown in Figure 3.  

 

Fig. 3. Mean Square Error vs. Feature Index. 

According to the graph above, the minimum error was achieved with 11 features but 
also it can be clearly seen that the selected feature number after 9, the error curve is 
almost flat which can be interpreted as the nature of the GRNN modeling process. This 
will make the network difficult to characterize the underlying mapping beyond a certain 
number of features due to the limited number of training samples. The experiments 
were performed on speech samples from 7 different subjects with a variety of four lan-
guages. 580 speech utterances delivered with one of the 6 emotions which was used for 
training and testing. The 6 emotional states were happiness, sadness, anger, fear, sur-
prise and disgust. They chose 435 utterances for training and the rest were left for test-
ing. 

The GRNN was tested with an equal number of nodes and features and the output 
nodes were selected 6 since there were 6 emotional states to be detected. Each emotion 
was in association with 10 nodes. The overall correct recognition was 77.24% on 17 
features and 80.69% was on 12 features. 
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4.4 Modular Neural Network 

As an alternative approach to Bhatti et al. (2004) first approach, check the accuracy, a 
modular neural network (MNN) was tested. MNN is capable of mapping each set of 
input features to one of six emotional states. Even though they used GRNN for feature 
selection, it had the disadvantage of the computational complexity and therefore found 
that GRNN is not suitable for evaluation of new samples. Thus, they have applied the 
MNN based on the backpropagation for classification. 

Fig. 4. Schematic of a pruned decision tree. 

The same amount of training and testing data were used as the GRNN experiment. 
MNN was tested by using 12 features. Each subnet consisted of a 3-layered feed-for-
ward neural network with one 12 element input vector. MNN had the most recognition 
rate of 83.31% with the fastest learning time.  

5 Conclusions  

In this work we have analyzed four different algorithms and approaches from two pa-
pers that can be applied for SER. Although this problem can be approached in many 
ways, the feature selection process for any approach plays a crucial part in the accuracy 
of the prediction. This is particularly significant for the digitization and preservation of 
cultural heritage, where accurate emotion recognition can enhance the authenticity and 
richness of archived audio recordings. As we saw in the approach of the decision tree 
from Figure 4, where we see the Xs the splitting paths we take form each branch, with 
the accuracy obtained using the entire dataset and considering all the predictors was 
lesser compared to when the feature x8, i.e., the bandwidth of the fourth formant, was 
removed. The stepwise logistic regression also eliminated the fourth bandwidth (eighth 
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predictor) upon evaluating its contribution as insignificant. Thus, it is important to se-
lect features that are independent and mutually exclusive. A higher accuracy was ob-
served using the decision tree model compared to the logistic regression model when 
the formants and their bandwidth were considered as features for SER. In contrast, 
when selecting features from “Table 1”, higher accuracy in GRNN and MNN was ob-
tained with a lower number of features (12). These findings underscore the importance 
of feature selection in developing effective SER models, which is essential for the reli-
able digitization and preservation of cultural heritage audio materials.  
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