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Abstract: Speech emotion recognition remains a heavy lifting in natural language processing. It has 

strict requirements to the effectiveness of feature extraction and that of acoustic model. With that 

in mind, a Heterogeneous Parallel Convolution Bi-LSTM model is proposed to address these chal-

lenges. It consists of two heterogeneous branches: the left one contains two dense layers and a 

Bi-LSTM layer, while the right one contains a dense layer, a convolution layer, and a Bi-LSTM 

layer. It can exploit the spatiotemporal information more effectively, and achieves 84.65%, 79.67%, 

and 56.50% unweighted average recall on the benchmark databases EMODB, CASIA, and SAVEE, 

respectively. Compared with the previous research results, the proposed model achieves better 

performance stably. 
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1. Introduction 

Emotion is a momentous element in human beings interactions, and speech contains 

a wealth of emotion information. People can perceive emotion from speech signals, and 

therefore they can capture emotional changes from speech. Speech Emotion Recognition 

(SER) aims to simulate emotion perception process of human beings to dig and decipher 

the emotional information contained in speech [1]. In the past decades, SER has attracted 

widespread concern of researchers, and many tremendous achievements have been 

made. For example, SER finds its applications in Human-Computer Interaction (HCI), 

robotics, mobile computing, and computer games [2-6]. With the fast development of 

Artificial Intelligence (AI), HCI becomes increasingly convenient and friendly by adding 

emotions to machines. To make human-computer interaction more harmonious, it is ur-

gent to enable AI to recognize speech emotions so that machines or robots can act in a 

human-like manner. Hence, the SER research has strong academic and practical value. 

2. Related Work 

Generally, SER contains the undermentioned steps: corpus recording, signal pre-

processing, emotion feature extraction, and classifier construction [7], etc. Among which 

emotion feature extraction is a principal step that extracts representative features for the 

downstream classification, and the classifier is the key part of a SER system that produces 

final SER results.  

So far, a variety of Low-Level Descriptor (LLD) features have been used for SER [8], 

and MFCC is one of them [9]. There are other approaches (e.g., openSMILE) that extract 

the higher-level derivatives of the LLD features to seek deep feature extractions [9]. Be-

sides, Chroma features can also represent emotion well. Compared to their peers, these 
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features are more representative in capturing the affective information both from fre-

quency and time domain for each frame in SER [7]. 

Traditionally, features are fed into acoustic models, and the recognition results are 

acquired through such machine learning based acoustic models as Gaussian Mixture 

Model (GMM), Hidden Markov Model (HMM), Support Vector Machine (SVM), and so 

on [10-12]. These models usually achieve good performance on small-scale data rather 

than large-scale data. 

With the development of deep learning technology, a variety of Artificial Neural 

Network (ANN) [13] is introduced to construct speech recognition classifiers. Compared 

with the early methods, when handling large-scale data, ANNs have better performances 

for their powerful capabilities in feature extraction and learning. Some representative 

deep acoustic models are proposed, such as Convolutional Neural Network (CNN), Re-

current Neural Network (RNN), and Long Short-Term Memory (LSTM) [14-16]. 

The successful applications of the deep learning models have obtained exciting 

outcome in SER research, and it motivates us to develop more powerful models to rec-

ognize speech emotion. The recognition capability of a single network is usually limited. 

Therefore, the combination of different neural networks is suggested in quite a few pre-

vious works. Chen et al. proposed an ACRNN model that integrated CNN with LSTM, 

and 3D spectral features were used as the input of the acoustic model [17]. Trigeorgis et 

al. combined CNN with RNN, and they segmented the original audio data into 

equal-length speech fragments as the input of the classifier [18]. Sainath et al. proposed a 

CLDNN model consisted of a few convolution layers, LSTM layers, and fully connected 

layers in the respective order [19]. The CLDNN model, trained on the log-Mel filter bank 

energies [20] and on the raw waveform speech signals [21], outperformed both CNN and 

LSTM. 

Inspired by the above research works, and to exploit the spatiotemporal information 

more effectively, a distinctive classifier, called Heterogeneous Parallel Convolution 

Bi-LSTM and abbreviated as HPCB hereafter, is proposed for SER. To exploit the spatio-

temporal information more effectively, HPCB employs novel heterogeneous parallel 

learning structures. Furthermore, multi-features are used to dig and learn the complete 

emotional details in a more robust and effective way. HPCB demonstrates an advantage 

over the previous methods in literature on the benchmark databases EMODB, CASIS, 

and SAVEE [22-24].  

The remainder of the study is arranged as follows. Section 2 describes the details of 

the proposed model HPCB. Section 3 presents the experimental and Section 4 concludes 

advantages of the proposed model and possible research directions. 

3. Methods 

Evolving from the preliminary models Bi-LSTM and CNN, the proposed model 

HPCB can process temporal coherence information in the spatial and time domains effi-

ciently because of its well-designed heterogeneous parallel learning architecture that ex-

ploits the advantages of CNN and Bi-LSTM. 

3.1. Heterogeneous Parallel Conv-BiLSTM 

HPCB contains two heterogeneous branches, as shown in Figure 1. The purpose of 

designing the two heterogeneous branches is to project the original data into different 

transformation spaces for calculation, so as to better represent the original emotional 

speech.  

The left one contains two dense layers and a Bi-LSTM layer, and it processes the 

temporal information of input data, the number of neurons in the two dense layers is 512, 

and the number of memory units in the Bi-LSTM layer is 256.  

The right one contains a dense layer, a convolution layer, and a Bi-LSTM layer, and it 

handles the spatiotemporal information of input data. The number of neurons in the 
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dense layer and one-dimensional convolution layer is 512, and the number of memory 

units in the Bi-LSTM layer is 256. 1D convolution is used to extract the spatial infor-

mation of speech emotion signals in the time dimension, and Bi-LSTM is used to extract 

context information from the front and back ends of speech.  

To represent emotional speech more completely, the features extracted from the left- 

and right-branches are fused through ( )Concatenate  operation, where ( )Concatenate  

is the joint feature matrix. This operation increases the dimension of the features de-

scribing the original data, but the information corresponding to each dimension feature 

does not increase. 

A ( )Softmax  function is used to classify emotions according to emotional signals 

from concatenation layer that concatenate and fuse the information from the two heter-

ogeneous branches. The number of neurons in ( )Softmax  layer is equal to the number of 

emotion categories in the corresponding database.  

The proposed parallel learning architecture speedups the convergence in deep 

learning, it also contributes to capture and retrieval spatiotemporal coherence infor-

mation which plays an essential role in improving the learning performance of the mod-

el. 

 

Figure 1. HPCB network topology 

HPCB employs a valid convolution operation, and it performs convolution opera-

tion only for time dimensional tensor. This means that the convolution kernel moves in-

side the one-dimensional tensor. The output h  of convolution is calculated as: 

1 *h F
h f N

S

 
=  

  .                                             (1) 

Where 
1h  denotes the output of dense layer,  1 2 512, ,...,F k k k=

 
denotes the convolu-

tion kernel, N  denotes the number of filters and is set to 512. S  denotes the stride and 

is set to 1 by default. 

Bi-LSTM is adept at context modeling on time series data. Different from the tradi-

tional neural network, there is a connection between any two neurons in the same hidden 
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layer. Bi-LSTM receives the input from the convolutional layer, and it helps the HPCB 

model to extract spatial and temporal time coherence emotion features more effectively. 

The outputs 
B

Ly  and 
B

Ry  of the left and right branches are concatenated in the 

concatenate layer to merge information: 

( ),B B

c L RF concatenate y y=
.                                           (2) 

On the top of model HPCB, there is an output layer using ( )Softmax to classify 

emotion. It is noted that HPCB employs the Adam optimization in its learning procedure. 

Compared to the original Bi-LSTM or CNN, HPCB automatically extracts information 

both in the spatial and time domains in a parallel learning architecture by exploiting the 

pros of the two models. 

4. Experiments 

The proposed model HPCB outperforms its peers on three benchmark datasets de-

scribed in subsection 4.1. 

4.1. Databases 

To query the effectiveness of HPCB in SER, it has been tested on three benchmark 

databases: EMO-DB [22], CASIA [23], and SAVEE [24]. EMO-DB is a German corpus and 

it contains 535 emotional sentences in total. It contains 10 speakers and 7 emotions, 

namely, boredom (B), anger (A), fear (F), sadness (S), disgust (D), happiness (H), and 

neutral (N). EMODB corpus  

CASIA is a Chinese corpus, and it is constructed by the Institute of Automation, 

Chinese Academy of Sciences. The publicly CASIA corpus contains 1200 utterances and 

the average length of each audio is about 1.9s. There are 4 speakers and each speaker 

records 300 words in the same text. There are 6 emotions, namely, anger (A), fear (F), 

happy (H), neutral (N), sad (Sa), surprise (Su).  

SAVEE is an English corpus [24], and it contains 4 speakers and 7 different emotions, 

namely, anger (A), disgust (D), fear (F), happiness (H), sadness (Sa), surprise (Su), and 

neutral (N). The number of samples of neutral is 120 while that of each remainder class is 

60. Totally, there are 480 utterances.  

Figure 2 shows t-SNE distribution of databases EMODB, CASIA, and SAVEE. It can 

be seen from Figure 2(a) that if the samples of database EMODB is projected into the 

two-dimensional space, the degree of confusion is large, and the data are inseparable. 

Figures 2(a) and 2(b) show us that the similar phenomena have also occurred to the 

samples of databases CASIA and SAVEE. This shows that the boundary of emotion clas-

sification is not clear, and it is difficult to identify. 
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(a) t-SNE distribution of corpus EMODB 
 

 

(b) t-SNE distribution of corpus CASIA 
 

 

(c) t-SNE distribution of corpus SAVEE 
 

Figure 2. The t-SNE distribution of databases EMODB, CASIA, and SAVEE 
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4.2. Feature Extraction 

Each speech is segmented into frames with a 25ms window and 10ms shifting step 

size. Each frame is Z-normalized. To each frame, 32D Low-Level Descriptor (LLD) fea-

tures, including 12D Chroma [25] and 20D MFCC [26], are extracted. The High-Level 

Statistical Functions (HSF), such as the mean of Chroma and the mean, variance, and 

maximum of MFCC, are calculated. Totally, 72 D acoustic features are used as the input 

of the model. 

4.3. Experimental Setup 

All experiments are performed on a powerful PC with 64G RAM running under 

Windows 10. CPU speed is 2.10 GHz, core is 40, and logic processor is 80. 2 RTX 2080 Ti 

GPUs are used to accelerate computing. All models are implemented with TensorFlow 

toolkit [27]. 

To prevent possible overfitting, during the training stage, dropout is implemented in 

all layers. Dropout rate is 0.5, batch size is 32, and epoch is 100. In addition, Adam [28] is 

adopted as optimizer. 

The datasets EMODB, CASIA, and SAVEE do not provide a separate training and 

testing set, therefore, speaker-independent (SI) strategy is employed to do train-test par-

tition. The samples of each dataset are randomly divided into 5 equal parts, and 4 parts 

are used as the training data while the remaining one is used as the testing set. Experi-

ments are repeated 10 times and the average value of all trials are computed. Confusion 

matrix and such evaluation measures as precision, unweighted average recall (UAR), 

accuracy, and F1-score are employed to evaluate the performance. 

4.4. The Performance of HPCB and its peer methods 

To analyze generalization ability, on the datasets EMODB, CASIA, and SAVEE, 

confusion matrices of the model HPCB are obtained by averaging 10 experimental re-

sults, as shown in Figures 3. The diagonal entry of each confusion matrix represents the 

recall rate. The prediction results of the three confusion matrices are summarized as fol-

lows. 

First, on the test sets of databases EMODB, CASIA, and SAVEE, the average UARs 

of the model HPCB are 84.65%, 79.67%, and 56.50% respectively. Obviously, it achieves 

the best performance on the EMODB database. 

Second, on the test set of the EMODB database, emotions Fear (F) and sadness (S) 

achieve 100.00% UAR, which is a very impressive recognition result because it has rarely 

achieved in the previous literature. Similarly, emotions Neutral (N) and Surprise (Su) 

achieve 95.35% and 89.36% UAR on the test set of the CASIA database, emotions Hap-

piness (H) and Neutral (N) achieve 81.25% and 92.00% UAR on the test set of the SAVEE 

database. 

Third, on the test set of the EMODB database, it is noted that the emotions Boredom 

(B) and Neutral (N) are easily confusing pairs, so do Happiness (H) and Anger (A). On 

the test set of the CASIA database, it is noted that the emotions Fear (F) and Sadness (Sa) 

are easily confusing pairs. On the test set of the SAVEE database, emotions Anger (A), 

Disgust (D), and Fear (F) have a low-level recognition performance. 
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(a) Confusion matrix of HPCB on database EMODB 

 

(b) Confusion matrix of HPCB on database CASIA 

 

(c) Confusion matrix of HPCB on database SAVEE 

Figure 3. The confusion matrices of HPCB on the datasets EMODB, CASIA, and SAVEE 

Table 1 to 3 summarizes the improvement of the performances of HPCB in terms of 

UAR to the related peer methods on databases CASIA, EMODB, and SAVEE. Among 

them, literatures [7], [29-30], [32] used the research results of previous researchers as the 
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baseline, while literature [21] was originally proposed in the research of automatic 

speech recognition. When researchers in literature [34-37] applied it to speech emotion 

recognition, the database used was also inconsistent with the database used in this study. 

Therefore, this study adopts the model structure proposed in the literature [21], [34-37], 

and verifies the model performance on the four databases used in this study. Final re-

sults are shown in Table 1-Table 3. 

Table 1. Performance comparisons (%) of the model HPCB to those of the peers in liter-

ature on CASIA database 

Model WAR UAR 

GA-BEL [29] 38.55 38.55 

HuWSF [30] 43.50 43.50 

RDBN [32] 48.50 48.50 

PCRN [7] 58.25 58.25 

Bi-LSTM [34] / 75.00 

Bi-GRU [35] / 72.50 

CNN [36] / 76.67 

CLDNN [21] / 61.67 

CapsNet [37] / 63.33 

HPCB(Ours) / 79.67 
 

Table 2. Performance comparisons (%) of the model HPCB to those of the peers in liter-

ature on EMODB database 

Model WAR UAR 

HuWSF [30] 81.74 / 

RDBN [31] 82.32 / 

LNCMSF [32] / 74.46 

ACRNN [33] / 82.82 

PCRN [7] 86.44 84.53 

Bi-LSTM [34] / 71.03 

Bi-GRU [35] / 70.09 

CNN [36] / 78.50 

CLDNN [21] / 56.07 

CapsNet [37] / 77.57 

HPCB(Ours) / 84.65 
 

Table 3. Performance comparisons (%) of the model HPCB to those of the peers in liter-

ature on SAVEE database 

Model WAR UAR 

GA-BEL [29] 44.18 / 

HuWSF [30] 50.00 / 

RDBN [31] 53.60 / 

PCRN [7] 62.49 59.40 

Bi-LSTM [34] / 44.79 

Bi-GRU [35] / 41.67 

CNN [36] / 54.17 

CLDNN [21] / 43.75 

CapsNet [37] / 56.25 

HPCB (Ours) / 56.50 
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 The databases CASIA and EMODB, performances of model HPCB are better than 

the previous model structures. Among them, the model HPCB has achieved 79.67% and 

84.65% recognition performance on databases CASIA and EMODB, respectively. On da-

tabase SAVEE, the model HPCB has achieved 56.50% recognition performance, the UAR 

of HPCB on the SAVEE database is only 2.90% lower than that in the literature [7]. This 

suggests that the proposed model has good robustness and generalization. 

5. Conclusion and discussion 

In this study, a novel heterogeneous parallel acoustic model called HPCB is pro-

posed for speech emotion recognition. It exploits the spatiotemporal information more 

effectively. It is characterized by its two heterogeneous branch structures: the left one is 

composed of two dense layers and a Bi-LSTM layer, while the right one is composed of a 

dense layer, a convolution layer, and a Bi-LSTM layer. The 72D high-level statistical 

functions (HSF) features are calculated to verify the robustness and generalization of the 

model HPCB. Experimental results on the databases EMO-DB and CASIA suggest that 

HPCB demonstrate stable advantages over the previous methods in the literature.  

In the future, the effectiveness of HPCB will be further verified by applying it to 

other emotion databases and analyzing possible overfitting risks., HPCB can also be ex-

tended to other audio recognition or image classification problems for its superior 

learning capabilities. Furthermore, it will be compared with other deep learning models 

such as Generative adversarial network (GAN) in SER besides zero-shot learning tech-

niques. 

The proposed model demonstrates an impressive performance in SER by retrieving 

spatiotemporal information in deep learning. It suggests that the spatiotemporal signals 

extraction can be essential to achieve high-performance SER. On the other hand, how to 

decrease possible overfitting risk can be another interesting topic to explore further. This 

is because the proposed HPBC may face possible overfitting though the 0.5 dropout is 

employed in learning for its complicate learning architecture. We plan to evaluate the 

learning performance in comparison with other peer deep learning models to query 

whether the integration of different types of neural networks will lead to an increase of 

overfitting and how should we overcome it efficiently if it were to happen. 
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