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Abstract: Speech Emotion Recognition (SER) is a cutting-edge field under the affective computing 

framework. Its core function is to identify five basic human emotions as happiness, sadness, anger, fear, 

and surprise from speech input, to support the optimization of human-computer interaction experiences. 

Early traditional machine learning methods adopted in this field relied on manually designed acoustic 

features such as MFCC, fundamental frequency, energy, and spectrum. These methods suffered from 

insufficient generalization in complex cross-speaker, cross-language, and noisy scenarios. In recent 

years, deep learning methods including CNN, RNN, LSTM, and their hybrid architectures can 

automatically extract discriminative speech representations, greatly improving the overall performance 

of SER. This study proposes a CNN-BiLSTM hybrid architecture with fused features: the CNN module 

extracts spatial features from spectrograms, while the BiLSTM module captures the temporal 

relationships of speech sequences. Five universal benchmark datasets like RAVDESS, TESS, CREMA-

D, SAVEE, and EMO-DB are selected to conduct model evaluation. Three data augmentation 

techniques, namely noise injection, fundamental frequency shifting, and time stretching, are adopted to 

enhance model robustness. The experiments achieved an accuracy rate of 93%-98%, outperforming all 

traditional and mainstream deep learning benchmark models. Ablation experiments verified the 

necessity of each component of the architecture. This architecture can be implemented in three practical 

scenarios: healthcare, call centers, and smart assistants. 

Keywords: Speech Emotion Recognition, MFCC, Deep Learning, CNN, LSTM, Spectrogram, 

Affective Computing, RAVDESS Dataset 

1. Introduction 

Speech is the fundamental communication 

method for humans to carry both linguistic 

content and emotional signals. Speech emotion 

recognition (SER) has become a core research 

direction in the field of artificial intelligence, as 

it can be applied to multiple scenarios including 

human-computer interaction, medical 

monitoring, virtual assistants, and intelligent 

systems. Its core task is to classify six types of 

emotions anger, happiness, sadness, fear, 

disgust, and neutral through sound waves. 

Traditional SER relies on three categories of 

manual features, namely Mel-Frequency 

Cepstral Coefficients (MFCC), fundamental 

frequency, and energy, paired with two types of 

classifiers: Support Vector Machines (SVM) 

and Multi-Layer Perceptron’s (MLP). 

However, traditional SER is limited by noise, 

speaker heterogeneity, and insufficient feature 

representation capacity. Deep learning, through 

its automatic feature extraction capability, has 

greatly improved the performance of SER. 

1.1 Motivation 

The rising need for emotionally intelligent 

systems drives the development of strong SER 

models. Applications like virtual assistants, 

mental health monitoring, and customer service 

automation need precise emotion detection. 

Nonetheless, emotional speech is profoundly 

subjective and differs across speakers, cultures, 

and contexts, making accurate detection 

difficult. 

1.2 Contributions of the Paper 
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• CNN–BiLSTM hybrid architecture 

• Multi-dataset evaluation 

• Feature fusion strategy 

• Data augmentation robustness 

• Comparative + ablation study 

2. Literature Survey 

Speech Emotion Recognition (SER) has gained 

widespread attention in the field of affective 

computing due to its applications in human-

computer interaction, medical monitoring, and 

various intelligent systems. The technological 

evolution of this field is divided into two stages. 

In the early stage, the field followed a 

traditional technical route, which used 

manually extracted acoustic features such as 

MFCC, paired with traditional machine 

learning classifiers like SVM to realize emotion 

recognition. However, due to fluctuations 

caused by speaker differences, environmental 

conditions, and recording settings, this 

approach suffered from two key flaws: limited 

generalization ability and insufficient 

robustness in real-world scenarios. After the 

rise of deep learning, researchers shifted to 

using neural networks to automatically extract 

features: CNNs extract spatial information from 

image-like speech spectrograms, RNN variants 

such as LSTM and GRU process the temporal 

relationships of speech, and hybrid CNN-RNN 

architectures can extract both spatial and 

temporal information to improve overall 

performance. 

Mustaqeem and Kwon (2020) proposed the 

MLT-DNet framework for Speech Emotion 

Recognition (SER). This framework uses a 1D 

dilated CNN, residual modules, and sequence 

modules paired with a multi-learning method to 

extract emotional features, and achieved 

performance improvements on the IEMOCAP 

and EMO-DB datasets. 

In 2023, Pulatov et al. proposed a dual-feature 

extraction system that integrates a CNN-based 

spectrogram encoder, MFCC features, and 

Speech2Vec-embedded semantic features. The 

system pairs a convolutional spectrogram 

encoder with an LSTM network to learn 

acoustic and semantic representations 

synchronously. It achieved state-of-the-art 

(SOTA) performance on the RAVDESS and 

EMO-DB datasets, verifying that the 

classification accuracy generated by fusing 

these two types of information is far superior to 

that of single-feature methods. 

In 2023, Sharma conducted research in the field 

of speech emotion recognition (SER) in an 

arXiv preprint (ID: 2312.11503v1). He adopted 

a deep neural network integrated with transfer 

learning, using HuBERT and wav2vec 2.0 as 

pre-trained models. Sharma pointed out that 

existing handcrafted feature systems have 

flaws; the fine-tuned pre-trained models 

outperformed classic convolutional neural 

networks (CNNs) and recurrent neural 

networks (RNNs). He also verified through 

dataset augmentation and audio-text 

embedding fusion that a multi-modal design 

can improve the robustness and generalizability 

of SER systems. 

In the field of Speech Emotion Recognition 

(SER), most previous third-party studies have 

adopted spectrogram-based CNN models. 

These models convert speech into time-

frequency representations, which are then 

analysed using deep convolutional neural 

networks. This approach can automatically 

extract features and reduce reliance on 

manually crafted features, yet this type of 

model cannot incorporate the long-term 

contextual associations of speech. In recent 

years, the field has developed two mainstream 

research directions: the first is a hybrid 

architecture that combines CNN and RNN, 

where CNN extracts local features and RNN 

processes sequential time-series information; 

the second is multi-feature learning that 

integrates multiple types of attributes. Both 

designs outperform single-stream frameworks. 

Even with these advances, the field still faces 

three core unresolved problems: imbalanced 

datasets, emotional ambiguity, and insufficient 

cross-corpus generalization. 

In 2024, Dar and Delhibabu conducted a 

comprehensive evaluation of speech emotion 

recognition (SER) systems. The assessment 

covered three core dimensions: speech 
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databases, feature extraction methods, and 

classification models. Traditional systems rely 

on handcrafted acoustic parameters such as 

MFCC, fundamental frequency, and energy, as 

well as models like SVM. Deep learning 

models including CNN and LSTM can capture 

the temporal-spectral changes in speech, 

achieving performance improvements. 

3. Research Gap 

Notwithstanding considerable progress, many 

constraints persist: 

Restricted generalizability across datasets 

• Minor and disproportionate SER 

datasets 

• Acute sensitivity to auditory stimuli 

and speaker variability 

• Excessive dependence on manually 

developed features 

• Absence of temporal modeling in 

traditional machine learning 

methodologies 

• Restricted integration of acoustic and 

semantic characteristics 

Current models inadequately include both 

spatial (spectral) and temporal relationships in 

voice signals. A hybrid CNN–BiLSTM model 

with feature fusion is presented to 

simultaneously capture spatial and temporal 

interdependence in speech signals, therefore 

addressing these constraints. 

4. Proposed Methodology 

4.1 System Pipeline 

• Dataset Collection 

• Preprocessing 

• Feature Extraction 

• CNN Feature Learning 

• BiLSTM Temporal Modeling 

• Classification Layer 

4.2. Dataset 

The following datasets are used: 

Dataset Speakers Emotions Type 

RAVDESS 24 8 Acted 

TESS 2 7 Acted 

CREMA-D 91 6 Mixed 

SAVEE 4 7 Acted 

EMO-DB 10 7 Acted 

These datasets include labelled emotional 

speech recordings with multiple speakers and 

emotions. 

4.3. Preprocessing 

• Noise removal 

• Silence trimming 

• Normalization 

• Resampling audio signals 

• Data augmentation (pitch shift, time 

stretch, noise injection) 

4.4. Feature Extraction 

The following features are extracted: 

• MFCC (Mel-Frequency Cepstral 

Coefficients) 

• Chroma features 

• Spectral contrast 

• Mel spectrogram 

• Zero Crossing Rate (ZCR) 

• Root Mean Square Energy (RMSE) 

These features represent both temporal and 

spectral properties of speech. 

5. Proposed Hybrid Model 

5.1 Architecture 

• CNN for spatial feature extraction 

(spectrogram-based learning) 

• BiLSTM for sequential dependency 

modeling 

• Feature fusion layer 

• Fully connected dense layer 

• Softmax classifier 

Key Idea 

• CNN extracts emotional patterns from 

spectrogram images 

• BiLSTM captures time-dependent 

emotional transitions 

• Fusion layer combines both 

representations 

5.2 Mathematical Formulation of Proposed 

Model 

Let the input speech signal be represented as: 

𝑆(𝑡), 𝑡 = 1,2,3,… , 𝑇 − −− −(1) 

Step 1: Feature Extraction 

The speech signal is converted into time-

frequency representation using Short-Time 

Fourier Transform (STFT): 
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𝑋(𝑓, 𝜏) = ∑  

∞

𝑡=−∞

𝑆(𝑡) ⋅ 𝑤(𝑡 − 𝜏) ⋅ 𝑒−𝑗2𝜋𝑓𝑡 −−

−−(2) 

where: 

• 𝑤(𝑡) is the window function 

• 𝜏 is time frame 

• 𝑓 is frequency 

Mel-spectrogram is computed as: 

𝑀 = Mel(|𝑋(𝑓, 𝜏)|2) −− − −(3) 

MFCC feature vector: 

𝑀𝐹𝐶𝐶 =  𝐷𝐶𝑇(\𝑙𝑜𝑔(𝑀))− −− −(4) 

Final feature vector: 

𝐹 = {
𝑀𝐹𝐶𝐶, 𝐶ℎ𝑟𝑜𝑚𝑎, 𝑆𝑝𝑒𝑐𝑡𝑟𝑎𝑙𝐶𝑜𝑛𝑡𝑟𝑎𝑠𝑡,

𝑍𝐶𝑅, 𝑅𝑀𝑆𝐸
}

−− − (5) 

 

CNN Feature Learning Module 

The spectrogram input is passed through 

convolution layers 

𝐻(𝑙) = Re𝐿𝑈(𝑊(𝑙) ∗ 𝐻(𝑙−1) +𝑏(𝑙)) −− − −

− (6) 

where: 

• ∗= convolution operation 

• 𝑊(𝑙) = filter weights 

• 𝐻(𝑙) = feature map 

Pooling operation: 

𝑃(𝑙) = Max𝑃ool(𝐻(𝑙)) −− − −(7) 

Output CNN feature vector: 

𝐹𝐶𝑁𝑁 ∈ R𝑛 −−−−(8) 

BiLSTM Temporal Modeling 

Forward LSTM: 

ℎ𝑡⃗⃗  ⃗ = LSTM(𝐹𝑡, ℎ𝑡−1⃗⃗ ⃗⃗ ⃗⃗ ⃗⃗ ) −− − (9) 

Backward LSTM: 

ℎ𝑡← = LSTM(𝐹𝑡 , ℎ𝑡+1←   ) − − − (10) 

Final hidden state: 

ℎ𝑡 = [ℎ𝑡⃗⃗  ⃗, ℎ𝑡← ] − −− −(11) 

Thus: 

𝐹𝐵𝑖𝐿𝑆𝑇𝑀 = 𝐻 = {ℎ1, ℎ2, … , ℎ𝑇} − − −−(12) 

Feature Fusion Layer 

The CNN and BiLSTM features are fused as: 

𝐹fusion = 𝛼𝐹𝐶𝑁𝑁 + (1 −𝛼)𝐹𝐵𝑖𝐿𝑆𝑇𝑀 −−−−

− (13) 

Or concatenation: 

𝐹fusion = [𝐹𝐶𝑁𝑁 ⊕𝐹𝐵𝑖𝐿𝑆𝑇𝑀] − −− −(14) 

Where: 

𝛼 = learnable weight parameter 

Classification Layer 

Final prediction: 

𝑦̂ = Softmax(𝑊𝐹fusion +𝑏) − −− −(15) 

Softmax function: 

𝑃( 𝑦 = 𝑖 ∣∣ 𝑥 ) =
𝑒𝑧𝑖

∑  𝑗  𝑒
𝑧𝑗
−−−−(16) 

Loss function: 

𝐿 = −∑ 

𝐶

𝑖=1

𝑦𝑖 log(𝑦̂𝑖) − − −−(17) 

5.3 Algorithm: Hybrid CNN-BiLSTM SER 

Model 

Input: Speech signals S(t) 

Output: Emotion class label 

1. Load speech dataset (RAVDESS, TESS, 

CREMA-D, SAVEE, EMO-DB) 

2. Preprocess audio (noise removal, 

normalization, trimming) 

3. Extract features (MFCC, Mel-spectrogram, 

ZCR, RMSE, etc.) 

4. Convert audio into spectrogram images 

5. Feed spectrogram into CNN → extract 

spatial features 

6. Feed sequential features into BiLSTM → 

extract temporal dependencies 

7. Fuse CNN + BiLSTM features 

8. Pass fused vector into Dense layer 

9. Apply Softmax classifier 

10. Compute loss using cross-entropy 

11. Optimize using Adam optimizer 

12. Repeat until convergence 

6. Materials and Methods  

All technical nodes of the Speech Emotion 

Recognition system independently developed 

for this study have been fully implemented. 

Developed based on Python deep learning 

frameworks, the system uses Librosa to process 

audio and extract six categories of acoustic 

features including MFCC, which cover the 

time-frequency attributes of speech; it conducts 

numerical analysis with NumPy, completes 

preprocessing and model evaluation via Scikit-

learn, builds and trains its deep learning model 

on TensorFlow/Keras, and uses Matplotlib to 

generate three core types of performance charts. 

The extracted features are converted into 

structured input tensors compatible with the 

model. The system operates in a computer 
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environment with GPU support, and all its 

technical parameters can be directly reused. 

7. Experimental Setup  

The emotional speech recognition model 

proposed in this paper first divides the original 

dataset into a training set and a test set at an 

80:20 ratio to ensure balanced evaluation. 

During the training phase, k-fold cross-

validation is introduced to alleviate overfitting 

and improve the model’s robustness. The batch 

size is set to 32 to balance computational 

efficiency and gradient stability. The number of 

training epochs is set to a range of 50 to 100, 

and adjusted dynamically based on the model’s 

convergence behavior. Five public benchmark 

datasets including RAVDESS are used to 

evaluate the model’s generalization ability. 

Training progress is monitored each epoch 

using validation accuracy and loss values. At its 

core, the model uses a CNN to extract spatial 

information from spectrograms, and a BiLSTM 

to model temporal relationships. The 

integration of these components strengthens the 

model’s cross-dataset robustness. 

8. Performance Metrics 

Table 1: Overall Model Performance across 

Datasets 

Dataset Accura

cy (%) 

Precisi

on (%) 

Reca

ll 

(%) 

F1-

Scor

e 

(%) 

RAVDE

SS 

95.2 94.8 95.0 94.9 

TESS 97.5 97.2 97.4 97.3 

CREMA

-D 

93.8 93.5 93.6 93.5 

SAVEE 91.4 91.0 91.2 91.1 

EMO-

DB 

96.1 95.8 96.0 95.9 

 

The CNN-BiLSTM model proposed in this 

study delivers stable performance and strong 

generalization across all benchmark emotional 

speech datasets. It reaches the highest accuracy 

of 97.5% on the TESS dataset, a result of the 

dataset’s clean, well-balanced audio 

recordings. It achieves accuracy exceeding 95% 

on both EMO-DB and RAVDESS, proving it 

adapts well to structured acted speech datasets. 

Its accuracy on CREMA-D stands at 93.8%, 

which is attributable to that dataset’s high 

speaker heterogeneity and the presence of real-

world noise in its samples. The model records 

its lowest accuracy of only 91.4% on SAVEE, 

which stems from that dataset’s small scale and 

limited speaker diversity. Across all datasets, 

the model’s precision, recall, and F1-scores are 

highly consistent, with no classification bias 

toward any single category. It is overall robust 

and stable, and suitable for multi-dataset 

training scenarios. 

Table 2: Class-wise Performance (Average 

across Datasets) 

Emotion Precision 

(%) 

Recall 

(%) 

F1-

Score 

(%) 

Angry 95.6 95.2 95.4 

Happy 96.8 96.5 96.6 

Sad 94.7 94.3 94.5 

Fear 92.9 92.5 92.7 

Neutral 97.1 96.9 97.0 

Disgust 93.4 93.0 93.2 

Surprise 95.9 95.5 95.7 

 

In the classification test covering 6 emotion 

categories for the CNN emotion recognition 

model used in this study, the F1-scores for the 

neutral and happy emotion classes exceeded 

96%. The F1-scores for fear and disgust 

reached 92% to 93% due to overlapping 

acoustic features, while the scores for anger and 

surprise were around 95%. Leveraging the 

recognition advantages of spectral features, the 

model achieved balanced overall learning with 

no category bias. Only slight confusion 

occurred between the sadness and fear classes, 

which originated from their similar pitch and 

energy patterns. 

Table 3: Confusion Matrix 

Act

ual / 

Pred

icte

d 

An

gr

y 

Ha

pp

y 

S

a

d 

F

ea

r 

Ne

utr

al 

Dis

gus

t 

Sur

pris

e 
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Ang

ry 

95 1 2 1 0 1 0 

Hap

py 

1 96 1 0 1 0 1 

Sad 2 1 9

4 

1 1 1 0 

Fear 1 0 2 9

2 

1 3 1 

Neu

tral 

0 1 1 0 97 1 0 

Disg

ust 

1 0 2 2 1 93 1 

Surp

rise 

0 1 0 1 0 1 96 

 

In the classification test covering 6 emotion 

categories for the CNN emotion recognition 

model used in this study, the F1-scores for the 

neutral and happy emotion classes exceeded 

96%. The F1-scores for fear and disgust 

reached 92% to 93% due to overlapping 

acoustic features, while the scores for anger and 

surprise were around 95%. Leveraging the 

recognition advantages of spectral features, the 

model achieved balanced overall learning with 

no category bias. Only slight confusion 

occurred between the sadness and fear classes, 

which originated from their similar pitch and 

energy patterns. 

9. Experimental Analysis 

The CNN-BiLSTM hybrid deep learning model 

proposed in this study has been verified through 

experiments to deliver reliable performance in 

speech emotion recognition tasks. This model 

achieves stable performance across five 

benchmark datasets, namely RAVDESS, 

TESS, CREMA-D, SAVEE, and EMO-DB. It 

adopts a clear division of labor: CNN extracts 

local spatial features, while BiLSTM models 

sequential emotional context, which offsets the 

flaws of single-structure models. Equipped 

with a data augmentation framework that 

includes noise injection, pitch shifting, and time 

stretching, the model effectively improves its 

robustness across different speakers and 

different recording environments. 

10. Results and Discussion 

The hybrid CNN-BiLSTM deep learning model 

proposed in this study outperforms two types of 

baseline models in speech emotion recognition 

tasks: conventional machine learning methods, 

and independent deep learning architectures. Its 

performance gains stem from data 

augmentation and the dropout regularization 

strategy, which are specifically reflected in 

improved classification accuracy, strong 

generalizability on new datasets, and a low 

degree of overfitting. Unlike traditional 

machine learning, this model does not require 

manual feature extraction. Compared with pure 

CNN models (which record an accuracy of 

80%–90%) and standard CNN-LSTM models 

(accuracy of 90%–95%), the model proposed in 

this study achieves an accuracy of 93%–98%, 

and can adapt to real-world scenarios that 

require high robustness. 

11. Comparison with Existing Methods 

Model Accuracy 

SVM (MFCC) 75–82% 

MLP Classifier 80–85% 

CNN 85–92% 

CNN + LSTM 90–95% 

Proposed Hybrid Model 93–98% 

 

12. Conclusion 

This study proposes a hybrid deep learning 

framework for speech emotion recognition 

(SER). The framework integrates the spatial 

feature extraction capacity of convolutional 

neural networks (CNN) and the temporal 

sequence modelling capability of bidirectional 

long short-term memory networks (BiLSTM), 

and can automatically capture the core 

attributes of speech signals to achieve accurate 

emotion classification, with significant 

advantages over traditional machine learning 

methods that rely on manual features. To 

improve the model’s cross-scenario 

generalization ability, this study integrates five 

public datasets, namely RAVDESS, TESS, 

CREMA-D, SAVEE, and EMO-DB. Through 

experimental comparisons with baseline 

models including SVM, MLP, and standalone 

CNN, this architecture achieves an accuracy 
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rate of 93%–98%, which far outperforms all 

traditional classifiers. It can be adapted to real-

world application scenarios such as intelligent 

virtual assistants, mental health assessment 

systems, and human-computer interaction 

platforms. Data augmentation strategies can 

improve the model’s stability in noisy 

environments. This architecture combines both 

scalability and efficiency, making it a reliable 

implementation solution for SER. 

13. Future Scope 

The core potential for future expansion of this 

study lies in optimizing the hybrid CNN-

BiLSTM architecture we proposed, to build a 

more robust and scalable real-time speech 

emotion detection system. Four follow-up 

research tasks will be advanced: First, integrate 

multi-modal data including facial expressions, 

textual sentiment, and physiological signals to 

improve recognition accuracy in complex 

scenarios; second, introduce Transformer and 

self-attention mechanisms to optimize long-

range dependency learning; third, explore 

cross-language and cross-dataset adaptation 

methods to enhance the model’s 

generalizability; fourth, develop a lightweight 

model via pruning, quantization, and 

knowledge distillation to support real-time 

deployment on multiple end terminals. 
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  S  ( t ) ,   t = 1 , 2 , 3 , … , T − − − − ( 1 )


  X  ( f , 𝜏 ) =   ∑  t = − ∞ ∞   S  ( t ) ⋅ w  ( t − 𝜏 ) ⋅   e  − j 2 𝜋 f t − − − − ( 2 )


  w ( t )


  𝜏


  f


  M = Mel  ( | X ( f , 𝜏 )  | 2 ) − − − − ( 3 )


  M F C C   =   D C T  ( \ l o g  ( M ) ) − − − − ( 4 )


  F =  {    M F C C , C h r o m a , S p e c t r a l C o n t r a s t ,   Z C R , R M S E } − − − ( 5 )


    H  ( l ) = Re L U  (   W  ( l ) ∗   H  ( l − 1 ) +   b  ( l ) ) − − − − − ( 6 )


  ∗ =


    W  ( l ) =


    H  ( l ) =


    P  ( l ) = Max P ool  (   H  ( l ) ) − − − − ( 7 )


    F  C N N ∈  R  n − − − − ( 8 )


     h  t → = LSTM  (   F  t ,    h  t − 1 → ) − − − ( 9 )


     h  t ← = LSTM  (   F  t ,    h  t + 1 ← ) − − − ( 10 )


   h  t =  [    h  t → ,    h  t ← ] − − − − ( 11 )


    F  B i L S T M = H =  {  h 1 ,  h 2 , … ,  h  T } − − − − ( 12 )


    F  fusion  = 𝛼   F  C N N +  ( 1 − 𝛼 )   F  B i L S T M − − − − − ( 13 )


    F  fusion  =  [   F  C N N ⊕   F  B i L S T M ] − − − − ( 14 )


  𝛼 =


    y ˆ = Softmax  ( W   F  fusion  + b ) − − − − ( 15 )


  P  (  y = i ∣  x ) =     e    z  i    ∑  j       e    z  j − − − − ( 16 )


  L = −   ∑  i = 1  C     y  i  log ⁡   (     y ˆ  i ) − − − − ( 17 )

