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Abstract - Understanding the emotion in a human voice is a complex but crucial part of improving human machine 

interaction. This study explores the potential of a Convolutional Recurrent Neural Network (CRNN), an architecture that 

combines the spatial feature-finding ability of a CNN with the temporal awareness of a BiLSTM. This model was trained 

and tested using the CREMA-D dataset, a collection of audio clips covering six basic emotions including anger, 

happiness, and sadness. To prepare the audio for the model, the signals were converted into log-Mel spectrograms, a 

format chosen for its relevance to human auditory perception. In an effort to improve the model's ability to generalize, 

data augmentation techniques like pitch shifting and time stretching were also implemented. The results suggest that this 

approach was beneficial. Adding data augmentation appeared to lift the validation accuracy to 68.23%, a noticeable 

improvement from the 66.08% achieved without it. The model showed particularly promising performance when it came 

to classifying 'anger' and 'neutral' emotions. Ultimately, this work indicates that the CRNN architecture with BiLSTM 

could be a capable approach for speech emotion recognition, and it strongly underscores the vital role that data 

augmentation seems to play in achieving better performance. Looking ahead, further gains might be possible by 

investigating more sophisticated augmentation methods or by incorporating a richer set of acoustic features for the model 

to learn from. 
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1. INTRODUCTION 

The way a person feels often comes through in their voice, fundamentally shaping how they interact and 

communicate [1]. It is no surprise, then, that as artificial intelligence has advanced, a significant effort has 

gone into creating systems that might be able to understand these human emotions [2]. This has led to the field 

of Speech Emotion Recognition (SER), a computational endeavor to identify feelings from audio clips. The 

potential uses are vast, ranging from building more empathetic digital assistants to providing new tools for 

psychological research. But as it turns out, teaching a machine to hear emotion is an incredibly difficult task 

[3]. 

A key reason SER is so tricky is that people all express emotions in slightly different ways. These personal 

nuances can be shaped by language, speaking style, and cultural background [4]. On top of this, each emotion 

appears to leave its own unique acoustic fingerprint in a soundwave; disgust, for example, often shows up in 

lower frequency bands, while fear might be characterized by higher ones. Trying to build a single model that 

can navigate all this complexity and pull out the right emotional cues from such a diverse range of sounds is 

what makes this field so demanding [5][6]. 

To address complex pattern recognition problems such as this, researchers are increasingly turning to deep 

learning models. One promising strategy is the Convolutional Recurrent Neural Network (CRNN), an 

architecture that combines the advantages of two different types of networks. This network uses a 

Convolutional Neural Network (CNN) to analyze visual representations of sound, such as spectrograms, and 

automatically identify important features. At the same time, it uses a Recurrent Neural Network (RNN) to 
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track the sequence of these features over time, understanding how they are connected from one moment to the 

next [7]. 

Building on that foundation, some interesting refinements have emerged from prior work. For instance, 

research from Zielonka et al. [8] suggests that using mel-spectrograms, which are tuned to human hearing, 

might be a better choice for this task. To get a richer understanding of the audio's temporal context, this work 

also draws on more advanced RNN like Bidirectional Long Short-Term Memory (BiLSTM). These networks 

have the clever ability to analyze a sequence both forwards and backwards, which appears to help them 

overcome some of the memory limitations of standard RNN [9][10]. It has also become clear that for any 

results to be trustworthy, careful attention must be paid to how data is divided between the training and testing 

phases 

Drawing these ideas together, this study sets out to implement and explore a CRNN model that specifically 

integrates a CNN with a BiLSTM. To give the model a better chance at generalizing to new voices, we also 

incorporated data augmentation techniques like pitch shifting and time stretching. Ultimately, the goal here is 

twofold: first, to put this CRNN-BiLSTM architecture to the test using the CREMA-D dataset, and second, to 

carefully evaluate how effective this approach really is at accurately classifying emotions in speech. 

2. RESEARCH METHODOLOGY  

This study employs a comprehensive framework comprising several key stages: data collection, preprocessing, 

augmentation, feature extraction, data preparation, model creation, and evaluation. Figure 1 shows the SER 

research workflow. 

 

Figure 1. SER research workflow. 
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2.1. Dataset 

The research utilizes the Crowd-sourced Emotional Multimodal Actors Dataset (CREMA-D). This dataset 

consists of 7,442 audio clips in English, presented in .wav format, from 91 different actors, with each clip 

having an approximate duration of 3 seconds. The actors uttered one of twelve predefined sentences. Each 

sentence was delivered with one of six distinct emotions (Anger, Disgust, Fear, Happiness, Neutral, and Sad) 

at one of four intensity levels (Low, Medium, High, and Unspecified) [11]. Figure 2 shown class distribution 

of dataset, while Figure 3 displays sample data from each class as a waveform. 

 

Figure 2. Class distribution. 

 

Figure 3. Sample data from each class. 

2.2. Implementation Details 

This research was conducted using Python programming language, which has strong accessibility and 

ecosystem, making it suitable for machine intelligence development [12]. Several major libraries were used 

and played the following roles: 
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a. TensorFlow: designed for high-performance numerical calculations and used to build, compile, and train 

CRNN-BiLSTM model architectures [13]. 

b. Librosa: Employed for all audio processing tasks, including loading files, resampling, trimming, and 

extracting Log-Mel Spectrogram features [14]. 

c. Scikit-learn: Used to divide the dataset into several parts, validation, and testing sets, as well as for feature 

normalization and label encoding [15]. 

d. Matplotlib: Used for data visualization, including displaying audio waveforms, training curves (accuracy 

and loss), and confusion matrix [15]. 

e. Pandas & Numpy: Provides a basis for data manipulation. Pandas was used to manage dataset paths and 

labels, while Numpy was used for numerical operations on audio arrays and feature matrices [15][16]. 

2.3. Preprocessing 

For the model to begin its learning process, the raw audio files first required a fair bit of cleaning and 

preparation to ensure consistency across the entire dataset. The first step was getting all the audio clips on the 

same page, so to speak, by resampling every file to a standard sample rate of 44,100 kHz. Following that, any 

dead air was trimmed away from the recordings. This involved removing the moments of silence at the 

beginning and end of the files which contain little useful emotional information. A noise reduction process 

was run to help quiet down some of the unwanted background hiss and hum from the original signals. Final 

step was duration standardization, where the length of each audio clip was unified to a target of 3 seconds. 

Clips shorter than the target were zero-padded by appending zeros to the end, while longer clips were truncated 

to meet the required length. Respectively dataset was divided into three subsets using a 70:20:10 ratio: 70% 

training, 20% test, and 10% validation. This splitting strategy aims to ensure that the model not only memorizes 

training patterns but can also generalize effectively to new unseen data. figure 4 displays data before and after 

preprocessing. 

      

Figure 4. Data before and after preprocessing. 

2.4. Data Augmentation 

The data augmentation process is applied to increase the quantity and variety of samples in the training data. 

Its primary goal is to mitigate potential overfitting, a condition where the model excessively memorizes the 

training data and fails to generalize well to new data. This process is applied only to the training set to maintain 

the integrity of the validation and test sets [17]. In this study, two data augmentation techniques were used: 

a. Pitch Shifting: This technique modifies fundamental frequency (pitch) of audio signal while keeping its 

duration constant. For this study, pitch of each audio file was raised by 50%. This step aims to simulate 

natural variations in human vocal characteristics that may occur due to changes in emotion or mood. 

b. Time Stretching: This technique gently alters speed of an audio clip without making voice sound higher 

or lower in pitch. For this particular study, duration of audio files was extended by 10%. An example of 

this process is shown in Figure 5. 

After Preprocessing 
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Figure 5. Data augmentation. 

2.5. Feature Extraction 

A deep learning model cannot directly listen to raw audio, so the first challenge is to translate the processed 

soundwaves into a more informative and digestible format. For this study, the chosen method was the Log-

Mel Spectrogram, a technique selected for its ability to capture acoustic details in a way that appears to be 

relevant to human hearing. Essentially, this process turns a sound clip into a kind of picture, a visual map of 

the audio's frequency spectrum as it unfolds over time. Turning a soundwave into one of these spectrograms 

involves a few key computational steps. The audio signal is first broken down into tiny, overlapping snippets 

to analyze how its frequency content shifts from one moment to the next using a Short-Time Fourier Transform 

(STFT). These frequencies are then organized according to the Mel scale, a perceptual scale designed to mimic 

the human ear by giving more resolution to lower-pitched sounds [18]. Once this Mel spectrogram is formed, 

its amplitude values are converted to a logarithmic scale. This transformation seems to be quite important, as 

it helps to stabilize the dynamic range of the sound's energy, resulting in features that are seemingly easier for 

the model to analyze. What comes out at the end is a two-dimensional array for each audio clip, which then 

serves as the direct input for the CRNN model [19]. 

2.6. Data Preparation 

With the features extracted, a couple of final steps were needed to get the data ready for the model. The Log-

Mel spectrograms first went through a normalization process using a Z-Score technique. This involved 

calculating the mean and standard deviation across all the feature values and then using them to standardize 

the data. The idea behind this is to adjust all features to a similar scale to help the model learn more effectively 

[20]. At the same time, emotion labels that are still in the form of text or objects are converted to a numerical 

format. To do this, one-hot encoding is used, which converts each emotion object into a simple binary vector 

that can be understood by the model. 

2.7. Model Architecture 

The CRNN model architecture proposed in this study is carefully designed to optimize the process of 

recognizing emotions from voice signals. This model fundamentally combines two main strengths in deep 

learning, namely the spatial feature extraction capability of CNN and the temporal dependency analysis 

capability of BiLSTM. The details of the presented architecture are as follows: 

a. Convolutional Block (CNN): The first part of the model consists of four convolution blocks that extract 

features from the log-Mel spectrogram input. The initial layer uses larger kernels to capture general 

patterns, while the subsequent layers use smaller kernels to detect more detailed features [21]. Each block 

is also equipped with a MaxPooling layer to reduce dimensions and a Dropout layer for regularization to 

prevent overfitting [22]. 
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b. Recurrent Block (BiLSTM): After the features are extracted by CNN, the data format is changed from 

spatial to sequence through the Reshape layer so that it can be processed by the BilSTM layer. This data 

is then processed by two BiLSTM layers with 128 units. The ability of BiLSTM to analyze data from two 

directions (forward and backward) allows it to capture the temporal context of the entire audio signal more 

comprehensively [23]. 

c. Classification Block (Dense Layer): The final part is the classification layer, which makes the final 

decision. Features from the BiLSTM are processed by a dense layer before being passed to the output 

layer. This output layer has 6 neurons, corresponding to the number of emotion classes, and uses a Softmax 

activation function to generate a probability distribution as the final prediction output. 

To ensure an optimal and efficient training process, two callbacks were applied. EarlyStopping was used to 

prevent overfitting by monitoring the validation loss; if no improvement occurred for 15 epochs, training was 

automatically halted, and the best model weights were restored. ReduceLROnPlateau adjusted the learning 

rate during training, reducing it by 50% if the validation loss stagnated for 5 epochs. The detailed CRNN model 

architecture is presented in Table 1. 

Table 1. CRNN model architecture. 

Layer Name Filter Kernel Dropout 

Conv 1 Conv2D 64 (9, 9) 0.3 

Pool (2, 2) 

Conv 1 Conv2D 64 (7, 7) 0.3 

Pool (4, 4) 

Conv 1 Conv2D 128 (5, 5) 0.3 

Pool (4, 4) 

Conv 1 Conv2D 128 (3, 3) 0.3 

Pool (4, 4) 

BiLSTM BiLSTM  128 0.3 

BiLSTM BiLSTM  128 0.3 

Dense Softmax  6 0.4 

 

2.8. Evaluation Metrics 

The model's performance evaluation in this study was conducted using a Confusion Matrix. This is a table that 

presents a comparison between the predicted values generated by the model and the actual values from the 

data, which effectively measures performance on classification problems. From this confusion matrix, metrics 

such as Accuracy, Precision, Recall, and F1-score are calculated to provide a comprehensive analysis [24]. 

Accuracy is the proportion of all correct predictions compared to the total number of samples. Accuracy 

provides an overview of how often the model predicts the correct class, whether it is positive or negative [24]. 

Accuracy can be calculated using Equation (1). 

Accuracy = 
𝑇𝑃+𝑇𝑁

𝑇𝑃+𝑇𝑁+𝐹𝑃+ 𝐹𝑁
       (1) 

Precision is an evaluation metric that measures how well a model makes correct predictions for positive classes 

out of the total positive predictions made. Precision helps calculate how often a model correctly predicts 

positive classes, among all positive predictions made by the model [19]. Precision can be calculated using 

Equation (2). 

Precision = 
𝑇𝑃

𝑇𝑃+𝐹𝑃
        (2) 
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Recall is an evaluation metric that describes how well a model correctly identifies positive classes [19]. Recall 

can be calculated using Equation (3). 

 Recall = 
𝑇𝑃

𝑇𝑃+𝐹𝑁
        (3) 

F1-Score is an evaluation metric that reflects the balance between Precision and Recall. The F1-Score value 

provides information about how well our model combines Precision and Recall capabilities, allowing to 

understand how effective our model is in performing classification. [19]. The F1-score can be calculated using 

Equation (4). 

 F1-Score = 2 ×
𝑅𝑒𝑐𝑎𝑙𝑙 × 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛

𝑅𝑒𝑐𝑎𝑙𝑙+ 𝑃𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
      (4) 

3. RESULTS AND DISCUSSION 

This section describes the results of the implementation and evaluation of the CRNN-BiLSTM model, which 

was designed in accordance with the methodology described above. The discussion will focus on analyzing 

the model's performance during the training process to understand the impact of data augmentation, as well as 

a comprehensive evaluation of the model's final performance on the test data to measure its effectiveness in 

classifying speech emotions. 

3.1. Model Training 

Finding the right set of hyperparameters was a key step in guiding the model's learning process toward a good 

balance of quality, efficiency, and stable convergence. To give the model enough time to see and learn from 

the complex patterns in the data, the training was set to run for 100 full cycles, or epochs. During each cycle, 

the data was processed in small batches of 32 samples at a time, a choice that helps find a middle ground 

between computational speed and making steady, stable updates to the model's internal weights. For the 

optimization algorithm itself, the Adam optimizer seemed like a fitting choice given its ability to adapt the 

learning rate on the fly, which often leads to a smoother and faster convergence. The starting learning rate was 

kept quite low at 0.0001. This conservative approach encourages the model to make very fine and careful 

adjustments, reducing the risk of it jumping past the best possible solution. Furthermore, the training was 

dynamically regulated by two callbacks: EarlyStopping was configured to halt the process if the validation 

loss did not improve for 15 consecutive epochs to prevent overfitting, and ReduceLROnPlateau was set to 

decrease the learning rate by 50% if performance stagnated for 5 epochs, allowing the model to find a more 

refined solution. The complete hyperparameter configuration is detailed in Table 2. 

Table 2. Hyperparameter CRNN. 

Parameter Value 

Epoch 100 

Learning Rate 0.0001 

Batch-size 32 

Dropout 0.3, 0.4 

Optimizer Adam 

Callback Reduce Learning Rate, Early Stop 

 For the baseline model trained without augmentation, a significant gap emerged between the training and 

validation performance. The training accuracy continuously rose to approximately 80%, while the validation 

accuracy plateaued at around 66.08%. This divergence, coupled with a validation loss that remained high and 

stagnant while the training loss steadily decreased, is a clear indication of overfitting, a condition where the 

model memorized the training data but struggled to generalize to new, unseen samples [25]. In contrast, the 

model trained with augmentation demonstrated markedly improved generalization.  
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The validation accuracy achieved a higher peak of 68.23%, representing a significant improvement over the 

baseline. More importantly, the gap between the training and validation curves was visibly reduced. While a 

slight degree of overfitting was still present, the augmented model's ability to generalize was far superior to its 

non-augmented counterpart. This improvement can be attributed to the success of the augmentation techniques; 

by exposing the model to variations in pitch and tempo, it was compelled to learn the more robust and 

fundamental acoustic features of each emotion rather than superficial characteristics of the original audio files. 

Figure 6 shows the training accuracy and loss graphs. 

 

Figure 6. Training accuracy and loss graphs without augmentation (a) and with augmentation (b). 

3.2. Model Evaluation 

Based on the confusion matrix for the model without augmentation, several classes experienced significant 

misclassifications. The 'fear' and 'disgust' classes showed considerable classification errors, with many 

predictions incorrectly classifying these emotions as other classes. Meanwhile, 'neutral' and 'happiness' had 

more accurate predictions. For the model with augmentation, the confusion matrix shows a considerable 

improvement in the classification of 'anger' and 'neutral', with fewer errors. The 'anger' class had more correct 

predictions, and 'neutral' also showed improvement. However, 'fear' and 'sadness' still exhibited some 

misclassifications, although the number of errors was reduced with augmentation. The model succeeded in 

reducing classification errors for 'disgust' and 'sadness'. Figure 7 shows confusion matrix for CRNN model. 
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Figure 7. Confusion matrix of CRNN model without augmentation (a) and with augmentation (b). 

Overall, the model with augmentation demonstrated better performance compared to the model without 

augmentation, with an increase in accuracy to 68.23%. Furthermore, augmentation helped reduce classification 

errors for several emotions, particularly 'anger', 'disgust', 'fear', and 'neutral'. The classification report can be 

used to calculate accuracy. Accuracy is the proportion of all correct predictions relative to the total number of 

samples. The classification report can be seen in Table 3. 

Table 3. Classification report. 

 With Augmented Data Without Augmented Data Support 

Class Precision Recall F1-Score Precision Recall F1-Score  

Anger 0.82 0.74 0.77 0.80 0.80 0.80 254 

Disgust 0.61 0.60 0.61 0.67 0.65 0.66 254 

Fear 0.63 0.54 0.58 0.63 0.56 0.59 255 

Happiness 0.68 0.63 0.65 0.72 0.66 0.69 254 

Neutral 0.63 0.79 0.70 0.69 0.80 0.74 218 

Sad 0.62 0.69 0.65 0.60 0.65 0.62 254 

Accuracy   0.6608   0.6823 1489 

 

3.3. Error Analysis 

Further analysis of the prediction errors reveals two main issues causing misclassifications. The first issue is 

that the model sometimes focuses too much on minor details and loses the broader context. For example, an 

audio clip that was actually neutral and calm was misidentified as 'fear'. This occurred because there was a 

single, very brief and sharp spike in the audio amidst an otherwise calm signal. The second issue is that some 

emotions can produce very similar acoustic patterns. For instance, a 'happiness' clip was incorrectly guessed 

as 'disgust'. Upon inspection, the pattern for laughter ('happiness') produced a waveform with rapid and strong 

fluctuations, which turned out to be very similar to the pattern of a sharp vocal burst associated with 'disgust'. 

Figure 8 shows a comparison of correct and incorrect predictions by the CRNN model. 
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Figure 8. Comparison of correct and incorrect predictions. 

Feature extraction using log-Mel spectrograms proved to be effective in capturing essential information from 

the audio signals, closely mirroring human auditory perception. This representation allows the model to extract 

spatially relevant patterns for emotions. Additionally, log-Mel spectrograms offer a more compact 

dimensionality, which reduces computational complexity compared to other techniques. The CRNN model, 

combining CNN and BiLSTM, was capable of identifying local patterns within the log-Mel spectrograms and 

understanding temporal context by capturing relationships in sequential data from both directions, delivering 

a reasonably good performance of 68.23%. However, the model still exhibited overfitting, identified by the 

significant gap between the training and validation accuracies. 

4. CONCLUSIONS 

This study successfully implemented an effective CRNN-BiLSTM model for speech emotion recognition, 

leveraging CNN for feature extraction from log-mel spectrograms and BiLSTM for temporal analysis. The 

model achieved a validation accuracy of 68.23%, with data augmentation proving essential in enhancing 

performance, particularly in the classification of 'anger' and 'neutral' emotions. The primary contributions of 

this study are the empirical validation of the CRNN-BiLSTM architecture's effectiveness and the confirmation 

of data augmentation's critical role in SER tasks. Future research could focus on exploring more advanced 

augmentation methods and incorporating additional acoustic features for further improvement.   
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