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Speech emotion recognition (SER) is an important application in Affective Computing and Artificial 
Intelligence. Recently, there has been a significant interest in Deep Neural Networks using speech 
spectrograms. As the two-dimensional representation of the spectrogram includes more speech 
characteristics, research interest in convolution neural networks (CNNs) or advanced image recognition 
models is leveraged to learn deep patterns in a spectrogram to effectively perform SER. Accordingly, 
in this study, we propose a novel SER model based on the learning of the utterance-level spectrogram. 
First, we use the Spatial Pyramid Pooling (SPP) strategy to remove the size constraint associated with 
the CNN-based image recognition task. Then, the SPP layer is deployed to extract both the global-level 
prominent feature vector and multi-local-level feature vector, followed by an attention model to weigh 
the feature vectors. Finally, we apply the ArcFace layer, typically used for face recognition, to the SER 
task, thereby obtaining improved SER performance. Our model achieved an unweighted accuracy of 
67.9% on IEMOCAP and 77.6% on EMODB datasets.

Keywords  Speech emotion recognition, Deep learning, Convolution neural network, Loss layer, 
Spectrogram, Emotion recognition

Speech signals are an important carrier of emotions in human interactions, i.e., they convey affective information 
about human emotional states via explicit linguistic and implicit paralinguistic cues. In human speech 
interactions, paralinguistic characteristics such as intonations, emotions, and context are crucial in transmitting 
the underlying intent of messages1. Speech emotional intelligence is considered a key requirement for effective 
human-computer interactions2. Consequently, Speech Emotion Recognition (SER), has garnered increasing 
attention from researchers. SER is the extraction of emotional information from speech signals to recognize the 
emotional states of users. This has been used in many Human-Computer Interaction (HCI) applications such as 
storytelling, e-tutoring3, customer service and call attendants appraisal4,5. More recently, SER has been suggested 
as a decision support tool in mental health6,7.

SER applications and their potential benefits motivate many efforts in developing Artificial Intelligence 
(AI) models for automatic emotion recognition. SER model development differs in the use of speech features 
including low-level descriptors (LLD)8–10 and spectrograms2,11,12. LLDs are closely related to the signal itself and 
require hand-crafted procedures in extracting the audio features like pitch and Zero-Crossing Rate (ZCR) for 
training a classifier13. The performance of deep representation learning techniques in automatically learning 
high-level features from low-level data in this domain has accelerated the progress of detecting emotions from 
speech signals14,15. As a result, more attention has been given to spectrograms, which are often associated with the 
automatic extraction of deep emotional patterns using Deep Neural Networks (DNNs). A spectrogram is a 2D 
visual representation of the speech energy distribution across frequency bands over time. Speech signal can be 
transformed to typical 2D spectrograms by representing using Short-Time Fourier Transform (STFT). A signal’s 
2D representative characteristic is often used to leverage the advantage of the Convolution Neural Network 
(CNN) and its derivatives in computer vision and image recognition.

While CNNs with spectrograms have been used in SER, existing approaches face several key challenges: (1) 
the gridding effect in dilated CNNs that leads to information loss, (2) inconsistent performance across different 
emotional states due to class imbalance, and (3) limited generalizability across different datasets and speaker 
populations. Therefore, our work aimed at enhancing the performance of an SER system using a multi-dilated 
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CNN structure. We explored state-of-the-art loss layer, commonly used for face recognition, to determine 
whether it can also be effective for the SER task. This study has the following contributions: 

	1.	� A novel multi-dilated CNN model SER feature extraction that systematically prevents information loss from 
the gridding effect.

	2.	� An adaptive feature extraction framework combining a spatial pyramid pooling (SPP) and ArcFace loss that 
significantly improves class-balanced performance. This also address the spectrogram learning issue associ-
ated with varied lengths in the time domain.

	3.	� Adapting a state-of-the-art loss layer traditionally used for face recognition to the SER model to further 
improve its performance.

Building upon existing techniques, our work represents a novel combination and adaptation of these methods 
specifically for SER. Based on the improvements in Unweighted Accuracy (UA) and the detailed analysis of 
our approach, it can be concluded that the proposed multi-dilated CNN architecture is a more effective feature 
extraction method.

The structure of this paper is as follows. Section “Related work” provides a review of the relevant literature. 
Section “Proposed framework” explains the adapted research methodology, followed by the description of the 
experiments in section “Experiments”. The research results are discussed in section “Discussion”, and the paper 
concludes with Section “Conclusions and future work”.

Related work
Spectrogram-based SER has increasingly relied on deep learning, particularly leveraging CNN architectures. 
This is attributed to the inherent 2D presentation of spectrograms and the robust 2D learning capabilities of 
CNNs. Several studies have tried to develop CNN-based models to enhance an SER’s performance.

A CNN-based model, combined with an Extreme Learning Machine (ELM) structure, was developed in16 
to extract emotional patterns from spectrograms for classification. The spectrogram was converted to a 3D 
presentation in15. The 3D presentation consisted of the raw spectrogram, its delta, and the delta of the delta. 
These researchers incorporated the first and the second derivative of energy distribution over time and developed 
a CNN-Bidirectional (Bi) Long short-term memory (LSTM) structure. Their model achieved 64% Unweighted 
Accuracy (UA) on the Interactive Emotional Dyadic Motion Capture Corpus (IEMOCAP) dataset. The work 
in17 further improved the CNN-BiLSTM structure to a Dilated CNN-BiLSTM structure by applying a Dilated 
CNN structure, with residual block18, and then centre loss19 to improve SER performance. This increased the 
UA model on IEMOCAP to 69%.

In another attempt2, FaceNet structure20 and the area attention mechanism were used, obtaining 63% UA on 
the IEMOCAP dataset. FaceNet is well-known for its multi-branch convolution structure and great performance 
in face recognition for emotion recognition based on the speech spectrogram. Despite all these efforts, some 
open issues remain to be addressed in developing SER systems. The first issue is feature learning based on 
different sizes of speech spectrograms. Since the spectrogram is constructed with a range of frequency bands 
over a time period, the longer the raw audio is, the prolonged the spectrogram’s time dimension is. This results 
in some issues when developing an audio dataset for SER. As the lengths of the audio files are usually different, 
their spectrograms have different lengths over the time dimension. This makes training the fully connected (FC) 
layer extremely challenging. FC layers only accept feature maps of the same size and normally form the last 
classification section of deep CNN models. A standard method to address this issue is using a global pooling 
strategy that only extracts the most prominent feature across a batch of feature maps of different sizes, such as 
maximal and average, to form a uniform size of a feature vector to train the FC layer. However, this could cause 
a loss of information.

Previous studies handle this issue using various strategies. For example, some studies split the spectrograms 
into multiple segments with a fixed length and zero-pad the short ones17,21. The authors of22 segmented each 
audio file into different numbers of uniformed sub-segments with a fixed overlapping and leveraged the 
advantage of the Recurrent Neural Network (RNN) with LSTM structure to handle different lengths of timestep 
learning. Fully Convolution Networks (FCNs) were used in20,23 to learn from raw spectrograms of various 
lengths in a time dimension, accredited to the characteristics of the convolutional kernel. However, the splitting 
or segmenting of the audio files could break the natural consistency of the semantic information inside the raw 
speech. Although FCNs can better preserve the raw speech data, they do not seem to lead to better performance 
compared to the splitting/segmenting strategy. Instead, in our work, we use Spatial Pyramid Pooling (SPP) 
introduced in24 and also used in25 to handle the issue of learning from the images of different sizes to address a 
similar problem in spectrogram learning for the SER.

The second issue concerns the identification of a useful CNN-based structure to learn emotional information 
from the speech spectrogram.20 suggested transferring the multibranch structure of FaceNet, from face 
recognition, into the spectrogram learning for SER. However, this complicated structure fails to challenge a 
simple model developed by17 that achieved a 6% higher UA than20. Nevertheless, the dilated CNN structure in17 
had some issues with SER performance. Using multiple layers of convolution layers with the same dilation rates 
or the dilation rates having the greatest common divisors rather than 1 caused the gridding effect (Fig. 1) that led 
to the loss of information consistency26. We applied an iterative schema to use different dilation rates to address 
this issue. However, in some SER experiments, we find that the convolution layers with the same dilation rates 
can lead to better performances when testing on some of the IEMOCAP audio sessions rather than the schema 
of a series of iterative dilation rates (in Supplementary Material). Thus, to achieve a synergy of the two structures, 
we apply and merge them across the whole CNN and name it the multi-dilated CNN structure. The details are 
explained in the Multi-Dilated CNN and SPP sub-section.
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The last issue is associated with using the advanced loss function to further improve the SER model’s final 
performance. The softmax is the traditional loss function for training the DNNs for classification tasks. Still, it 
lacks the optimization of the feature embedding to explicitly encourage the intra-class similarity while diversifying 
the inter-class samples27. To address this issue,17 applied centre loss, together with softmax loss, can effectively 
enlarge the inter-class distance while penalizing the intra-class error to improve the SER model’s performance.20 
also experimented with the centre and triple loss, which were proven to benefit the face recognition model’s 
performance and the general SER model’s accuracy.28 used affinity loss to reinforce the discriminability of the 
features to reduce emotion ambiguity. Motivated by the success of using the advanced loss function to enhance 
the discriminability of the SER model, we apply the ArcFace loss27 to maximize the separability of classes by 
an angular margin, borrowed from the face recognition field to check if it can help improve the SER model’s 
performance. The main idea is to add an additive angular margin penalty between the embedding features and 
the corresponding weight in the last classification layer, thus compacting the intra-class distance while increasing 
the inter-class discrepancy. This has led to better performance and less computationally expensive than other 
loss functions. We present the details of ArcFace loss in section “ArcFace loss”.

To address these issues, we propose a multi-dilated CNN framework with the SPP and the ArcFace layer. 
Inspired by17,21, we used a 3D spectrogram to train our model to enhance performance compared to the raw 
(1D) spectrogram.

Proposed framework
This section discusses our proposed SER model, including the speech features for training, the multi-dilated 
CNN structure, SPP, and the ArcFace layer. The main workflow of the proposed framework can be described as 
follows. First, similar to17,21, we generate the spectrogram from raw speech files and compute its delta and the 
delta of the delta to concatenate into a 3D spectrogram. Second, the 3D spectrogram, after standardization, is 
sent to our novel multi-dilated CNN structure to extract emotional features. Third, the SPP is deployed to obtain 
the most prominent features in multiple scales, followed by the emergence of these features and passing through 
the attention mechanism. Finally, after an initial FC layer, the dimensionally reduced feature vector is sent to the 
ArcFace layer to perform emotion classification. This framework is illustrated in Fig. 2.

3D Log-Mel spectrogram
Spectrogram learning has been quite popular in previous SER studies, as mentioned in section “Relatedwork”. 
The spectrogram is a 2D representation of the speech energy across different frequency bands over the whole 
period30. It is extracted based on two steps:

Step 1: Transform the audio signal from the time domain into the frequency domain using the Short-Time 
Fourier Transform (STFT). The main objective is to incorporate the frequency information, as the raw audio 
signal contains only the amplitude and the time features. The Fourier Transform (FT) is designed to replace any 
type of signal with a series of sinusoids of different frequencies and phases, to convert the amplitude information 
in the signal into the frequency representation, which can be described by:

	
f(t) =a0

2 +
∑

an ∗ sin
(
nωt + φn

)
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a0

2 +
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Figure 1.  The gridding effect of the dilated CNN structure, adapted from29.
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where f(t) is the amplitude. ω represents the frequency, and φ stands for the phase. The outcome of Eq. 1 will 
be integrated into Eq. 2 by the orthonormal basis e

(
−jωt

)
, which represents the signal points denoted by cosθ 

and isinθ in the complex number coordinate system. Furthermore, the STFT additionally considers the time 
information by recurrent multiplication of the signal with a sliding window while applying the FT to minimize 
stationarity31.

Step 2: Scale the raw spectrogram of linear frequencies into their log − mel ranges. This is a simulation 
of the human’s hearing pattern, which does not follow a linear pattern, while a mel-scale can better reflect the 
hearing process by augmenting the small changes at low frequencies and alleviating them at high frequencies32. 
The core component of this conversion is the mel − filter bank. It is created by transforming polar (the lowest 
and the highest) frequencies into the mel-scale, formulating the frequency band with evenly distributed points 
within the range of the mel-scale polar frequencies, inverse conversion of the mel-scale points into frequencies, 
the rounding of the frequency points to their nearest frequency bins, and the drawing of the triangular filters. 
T﻿he conversion between mel − spectrum and the original frequency range can be described by Eq. 3:

	
fMel = 2595 ∗ log

(
1 + f

700
)

� (3)

Two important parameters in Step 1 and Step 2 are the length of the STFT and the number of filter banks. We 
set the length of the STFT as 512 (common length in STFT33,34), and the number of filter banks as 40 based on 
the outcome of35 experiment. Before this, the hamming window with a width of 25ms and an overlap of 15ms is 
applied to frame the signal. Then, the signal is fed into the filter banks to realize the log-mel spectrum via Eq. 4:

	
LMSpec = log

∑ (
F B(i) ∗ X(i)2)

� (4)

where FB(i) stands for the output of the filter bank at the point i of the Fast FT (FFT). X(i)2 is the power of the 
magnitude, in other words, the signal’s energy.

In addition to the 40 log-mel spectrogram features, we also extract the delta and delta-delta features from 
the log-mel spectrum, following the approach described in17,21. However, we set N = 9 to capture dynamic 
information over a longer range, as our goal is to develop an utterance-level speech emotion recognition (SER) 
model rather than one based on shorter audio segments.

	
∆(LMSpec) =

∑N

k=1 k
(
LMSP ect+k − LMSP ect−k

)

2 ∗
∑N

k=1 k2
� (5)

	
∆∆(LMSpec) =

∑N

k=1 k
(
∆(LMSP ec)t+k − ∆(LMSP ec)t−k

)

2 ∗
∑N

k=1 k2
� (6)

where t is the number of frames. Finally, the raw log-mel spectrum, its delta, and the delta of its delta are 
concatenated to form a 3D representation X ∈ R(f,t,c), where f represents the 40 mel − filter banks, t is the 
time, and c is like the image RGB channel which consists of three feature maps: the spectrum, its delta, and the 
delta of the delta respectively.

Figure 2.  The multi-dilated CNN, SPP, and ArcFace SER framework.
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Multi-dilated CNN and SPP
In this study, we propose a novel multi-dilated CNN structure for the SER task. Our choice of a CNN-based 
architecture, particularly the multi-dilated CNN structure, was driven by several key considerations related to 
SER’s unique challenges. While RNNs and traditional DNNs are viable alternatives for processing sequential 
data, CNNs offer distinct advantages for processing speech spectrograms36. The 2D nature of spectrograms, 
representing frequency distributions over time, aligns naturally with CNN’s ability to capture spatial relationships 
and hierarchical patterns. This is particularly relevant for emotion recognition, where emotional cues often 
manifest as specific patterns across both frequency bands and temporal sequences.

The dilated CNN (Fig. 3) is introduced by37 to replace the traditional pooling layers for semantic segmentation. 
It has the advantage of extracting features from a larger receptive field while training and can well capture the 
fine details of the feature map. The important hyper-parameter of the dilated CNN is the dilation rate, which 
directly impacts the size of the receptive field. However, if stacking more dilated CNN layers, the dilation rates 
thereof should be well determined to avoid the gridding effect (Fig. 1). This issue is caused by passing the feature 
map through multiple dilated CNN layers, with the dilation rates having the highest common divisor except for 
1. In this case, particular pixels in a feature map will always be ignored across multiple layers. To address this 
issue, we define the dilation rates of a stack of 3 CNN layers with various dilation rates.

Theoretical analysis of multi-dilated architecture
The effectiveness of our multi-dilated CNN architecture can theoretically be justified by analyzing the coverage 
of the reception field (RF). The dilation rates are determined following two criteria: one is avoiding having the 
greatest common divisor (excluding 1); two is having the same RF to the same number (3) layers of dilation rates 
of 2. The RF is calculated as follows:

	
RF = 2 ∗ (K − 1) ∗

l∑
n

drl + 1� (7)

where K stands for kernel size. drl is the dilation rate of the lth convolution layer. n is the total number of 
convolution layers that RF wants to calculate based on.

When the kernel size and the number of convolution layers are fixed, the RF is only influenced by the sum 
of the dilation rates across all the convolution layers. RF grows exponentially with layer depth L and this growth 
comes at the cost of the gridding effect, where some pixels in the receptive field are systematically ignored. Our 
multi-dilated approach addresses this through controlled dilation rate variation, suggested by26,37 where di and 
dj  represent the dilation rates of different layers in our multi-dilated CNN architecture, and i, j are layer indices.

	 gcd(di, dj) = 1 for i ̸= j� (8)

This guarantees complete coverage of the receptive field while maintaining the benefits of enlarged RF. We 
demonstrate this through visualisation of attention maps in section “Discussion”. Furthermore, it is easy to 
identify that a 3-convolution-layer block with dilation rates of 1, 2, and 3 will have the same RF as the one with 
the uniformed dilation rates of 2, as both of the two dilation-scheme have a summation rate 6. Thus, we establish 
a block of 3 dilated convolution layers with dilation rates of 1, 2, and 3 to replace the fixed learning rates of 2. 
However, some of our practical experiments show that the dilated convolution layers with a fixed learning rate 

Figure 3.  The traditional convolution layer versus the dilated convolution layer adapted from38.
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of 2 lead to better testing performance on some speakers of some sessions of the IEMOCAP dataset. This could 
be duedifferencesence between the speech spectrogram and the standard RGB image, which will be further 
discussed in section “Discussion”. Therefore, we innovate a multi-dilation schema to incorporate the advantages 
of both dilation schemes.

The core component of our multi-dilation schema is the multi-dilation convolution block (MDCB), which 
comprises two dilated convolution layers in a single or multi-branch structure (Fig. 4). Each group of two dilated 
convolution layers in one block is a result of the Filter Factorization (FF) of a 5 ∗ 3 convolutional kernel. This 

Figure 4.  Multi-dilated CNN blocks.
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treatment in our study is motivated by39, which reduces computational complexity and leads to slightly better 
performance in multiple image classification tasks. This schaggregatesting the extracted feature maps foth the 
convolution layer with dilation rate 2 and the one with dilation rate 1 or 3. This is realized by defining the dilation 
rate iteratively according to the block’s position. For the 3 ∗ i + 1 block, there are two branches of factorized 
convolution operations, with a dilation rate of 1 and 2, respectively. For the 3 ∗ i + 2 block, only one branch of 
the convolution operation with a dilation rate of 2 is deployed. The structure of the 3 ∗ i + 3 block is similar to 
the 3 ∗ i + 1 block, and the outputs of the two branches of these two blocks are merged to realize the combined 
learning effect, the only difference is the dilation rate 1 being replaced with 3. Molayers, the leaky rectified linear 
unit activation function is deployed after each convolution ope to incorporate the non-linear operation across 
different convolution layersration. There are 7 MDCBs in total for the whole convolution section.

Finally, the output from this section is passed through the SPP layer, which incorporates a multi-scale pooling 
strategy to extract different numbers of prominent features from each feature map. The SPP is introduced by25 
to optimize deep learning for images of varying sizes. Traditional deep CNNs rely on fixed image sizes, which 
affects recognition accuracy when faced with scale variations. Moreover, the FC layers, which often form the final 
classification section of the deep CNNs, can be only trained by the feature vectors of the fixed lengths. However, 
images of varied sizes passed through the CNN section will generate feature vectors of different lengths. To 
address these two problems, a pooling strategy is used between the CNN section and the FC layers to ensure the 
extracted feature vector has the unformed size according to the particular schema, e.g., max, and average. The 
traditional pooling strategy is based on a global level over the whole feature map, like global maximal pooling. 
This can address the issue regarding the FC layer learning but is still useless in alleviating the issue associated 
with deep CNN learning. Regarding this, the SPP strategy is designed to address these two problems. The SPP 
will extract the prominent feature vectors based on different pooling scales on the entire feature map, which is 
different from the global pooling schema. A comparison between the global pooling and the SPP with (2, 2) 
schema is shown in Fig. 5. The SPP (2, 2) means partitioning the feature map into 2 ∗ 2 grids and then applying 
the pooling schema for each grid. Generally, if the partition is (k,  j), the number of feature vectors extracted 
from the SPP is k ∗ j. If k = j = 1, the SPP is the same as the global pooling, which is an extreme case. The SPP 
strategy uses a group of spatial bins of multiple levels to split the feature map into divisions from finer to coarser 
levels, which can extract a variety of local information rather than global pooling.

For the SER task, a similar issue arises, as described above in the context of image recognition. The utterance-
level spectrogram has various sizes for different speeches, as their periods are different. The SPP is expected 
to address the issue by extracting a series of feature vectors from different scales of frequency-time bins. This 
enables the classification section (FC layers) to incorporate a broader range of localized information derived 
from the extracted feature map.

Attention
To guide the feature extraction in the SPP layer, we also add a simple attention layer between the SPP and FC 
layers. The attention model has been proposed by40 and is to follow the rationale of:

	 v =σ(wT · x + b) � (9)

	 alpha =Softmax(v · u) � (10)

	 y =x · alpha � (11)

Figure 5.  Global pooling versus SPP.
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where w and b are the weight and bias vectors to measure the input feature importance. u is the context vector for 
computing the normalized importance weight alpha. The output y results from applying the importance weight 
alpha onto the input x · σ and alpha are the sigmoid and Softmax activation functions, respectively.

ArcFace loss
As mentioned in section two, traditional softmax loss functions have been widely used in deep learning while 
they face fundamental limitations in tasks requiring fine-grained feature discrimination such as face recognition 
and SER. The conventional softmax loss cannot explicitly optimize feature embedding to promote intra-class 
compactness while maximizing inter-class separation simultaneously27. This limitation is particularly critical in 
SER, where emotional expressions can have subtle variations within the same class (e.g., different intensities of 
“happy”) or sharing some acoustic characteristics across classes (e.g., high arousal in both “angry” and “excited” 
states).

To address this issue, we treated speech signals analysis as an image analysis. For this, as discussed in section 
“3D Log-Mel spectrogram”, we converted the speech signal into the 2D presentation of a Spectogram (image of the 
speech energy across different frequency bands over the whole time period—Fig. 2). Then we adopted ArcFace 
loss for SER, motivated by several theoretical considerations. First, like face recognition, SER requires the model 
to capture fine-grained discriminative features that can distinguish between closely related classes while being 
robust to intra-class variations41,42. Second, both domains benefit from learning angular relationships in their 
feature spaces. For example, in face recognition, this relates to facial geometry, while in SER, it corresponds to 
the distribution of spectro-temporal patterns characteristic of different emotions.

The ArcFace loss achieves this through its innovative approach to feature space optimization. Its ingenuity 
transforms the dot product between the feature vector extracted by the deep CNN and the weight of the output 
FC layer into a cosine distance. This transformation allows for identifying the angle between the feature vector 
and the target weight of the ground truth label by an arc-cosine function. Then, an angular margin can be 
added to the angle to realize the separability of the classification boundary.27 provided an intuitive comparison 
between the softmax loss and ArcFace regarding their decision boundaries in a binary classification case. This 
type of decision boundary separation can effectively increase the inter-class distance while compacting the 
intra − class error.

The implementation of the ArcFace loss was mainly based on modifying the FC output layer of a deep CNN 
model. The aim of the modification was to derive the angle between the input feature vector and the target weight 
in the last FC layer to realize the additional angular margin. The modified FC layer was called the ArcFace layer. 
It was based on the calculation of the logit of the output layer:

	
logit = W T

j ∗ xi =
∣∣∣∣
∣∣Wj

∣∣
∣∣∣∣ ∗

∣∣∣∣
∣∣xi

∣∣
∣∣∣∣ ∗ cos θj � (12)

where xi is the input feature. Wj  is the weight of the FC layer. θj  is the angle between them. To obtain θj  and 
apply the additive penalt, several transformations are required to convert the last FC layer into the ArcFace 
layer. First, the feature vector xi and the last FC layer’s weight Wj  are scaled with l2 normalization to ensure ∣∣∣∣
∣∣xi

∣∣
∣∣∣∣ = 1, 

∣∣∣∣
∣∣Wj

∣∣
∣∣∣∣ = 1.

Next, the bias of the last FC layer is set to 0 to make the logit equal to θj . To calculate θj , the arccosine of the 
logit is taken. A margin penalty m is then added to the target angle θyi , which represents the angle between xi 
and its ground truth weight Wyi .

The cosine of the adjusted angle θj , including θyi , is taken to transform it back to logits. Finally, the logits are 
multiplied by a feature scale s to compensate for the scale loss due to l2 normalisation:

	
logit =

{
S ∗ cos θj

S ∗ cos(θyi + m) � (13)

The logit from the ArcFace layer will be used to calculate the softmax loss:

	
L = − 1

B

B∑
i=1

log

(
e

s·cos
(

θyi+m

)

e
s·cos

(
θyi+m

) +
c∑

j=1,j ̸=yi

es·cos θj

)
� (14)

where B is the batch size, c is the number of classes for prediction. The larger m is, the more angular penalty 
will be added to the training set. It will significantly influence the final performance. s is the loss scale factor; 
the higher it is, the larger the loss it generates and thus the larger gradients of the model weights will result. Due 
to time limitations, exhaustively experimenting on these two hyper-parameters is impossible. So, after several 
experiments on different combinations of the two hyper-parameters and observing the respective training curve, 
we determined to use m = 0.5, which is the default value used in27. However, we define the feature scale s = 2, 
considering slowing and thus stabilizing the training process for the class imbalance training.

Experiments
The experimental setup, dataset, procedure, and results are discussed in this section.
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Datasets
We evaluated our proposed SER framework using two datasets: IEMOCAP43 and Berlin Database of Emotional 
Speech (EMODB)44. The IEMOCAP dataset comprises 10,039 utterances in dyadic sessions (five sessions with 
two actors each). Each session has a pair of male and female actors generating the speech data based on two 
methods. One method is to act according to the theatrical scripts; the other is acting in improvised affective 
scenarios. Each utterance in the dataset is labeled in seven emotions—angry, excited, frustrated, happy, neutral, 
sad, and surprise—by at least 3 human annotators. The average duration of the speeches is 4.5 seconds with 16kHz 
sampling rate. The EMODB contains 535 audio recordings from 5 male and 5 female actors. These recordings are 
all from daily life and are predefined by seven emotion labels, including joy, anger, fear, sadness, disgust, boredom, 
and neutral. The sampling rate of the EMODB speech data is 44.1kHz, which is down-sampled to 16kHz in all 
the experiments. In our study, only the improvised utterances were selected for all the experiments. That is, all 
the theatrical scripts were withdrawn and we only considered the speech data for four emotions: angry, happy, 
sad, and neutral in the IEMOCAP dataset similar to some previous SER studies45–47. On the other hand, all the 
utterances of the seven emotion classes in the EMODB were adopted in our experiments.

Experiment setup
In all our experiments, the 3D spectrogram extracted from the utterance level was used, as we wanted to 
maximally preserve the natural audio information. Hence, we neither employ uniform length segmentation 
(with zero-padding for shorter samples) as done by17,21 nor did we divide the entire signal into overlapping 
segments as suggested in22. The raw spectrogram, its delta, and the delta of the delta are standardized by their 
respective global mean and standard deviation. The utterance-level 3D spectrogram was sent to our proposed 
multi-dilated CNN structure, passed through the SPP, and finally classified by the FC layer and the ArcFace layer. 
All experiments were carried out with the NVIDIA Graphics card RTX 3080. The model was implemented with 
the Tensorflow framework48.

Model hyper-parameter determination
Given the complexity of the model and the high number of involved hyper-parameters, exhaustive fine-tuning 
to determine their values was almost impractical. Therefore, we conducted experiments to identify the main 
structural components: 

	1.	� The number of convolution layers (not to be filter factorized), including the initial convolution layers. We 
experiment on 4, 6, 8, 10, 12, 16, 20 − layer the structure of the plain CNN model for the SER. The 8-layer 
model resulted in the best performance. Then, we upgraded the plain model gradually to form our proposed 
model.

	2.	� The number of partitions in the SPP layer. We experimented with global pooling, together with the group of 
two or three values in 2, 5, 6, 8,  and 10 for height and width divisions, for a few epochs to observe the training 
curves. Then, we selected the most promising combinations and “ran” the whole training. The combination 
of the global pooling with the 5, 10 partitions resulted in the best validation performance and was selected by 
us for all the SPP experiments.

	3.	� For m and s of the ArcFace layer, we experimented with m = 0.3, 0.5, and 0.7;   s = 60 (the default value 
in27), 2,  and 1.5. By observing the training curves, we found when m = 0.5 and s = 2, the model training 
is most stable and promising.

For the number of filters in the convolution layers, we set it as 128, which followed the configuration in many 
previous SER studies49,50. The FC layer after the SPP layer was set to have 32 neurons.

Speaker-independent experiment
We exclusively conducted all the experiments in speaker-independent (SI) mode to address the generalizability 
challenge indicated in52,52. In contrast, the speaker-dependent (SD) style allows the model to learn specific 
characteristics of individual speakers during training, potentially making it easier to achieve high accuracy on 
the test data. Thus, evaluating a model’s performance in the SI style provides a more rigorous assessment of its 
ability to generalize to unseen speakers. The SI experiment can also reflect the effectiveness of our model in 
practical scenarios, as it is impossible to gain the speech of all people in the world to train an SER model. For the 
IEMOCAP dataset, we trained the model with the speech data from four sessions and used the data of one actor 
in the rest session as the validation set and the other as the testing set. For EMODB, we also used the speech of 
eight out of the ten actors as the training set, one as the validation, and one as the testing set. All experiments 
were performed in a 10-fold cross-validation style and the average UA was reported.

We used UA as the metric to evaluate the model’s performance. This is because the speech data in the 
IEMOCAP dataset is highly imbalanced53. For example, the quantity of ambiguous samples between anger and 
frustration is abundant, while that between anger and sadness is very few. It is more reliable to evaluate the 
model’s performance based on the average accuracy across different emotion classes. The model is trained until 
the UA reaches its best on the validation set. The testing UA is then reported based on the trained model.

Furthermore, to reflect the effectiveness of the techniques we proposed in section “Proposed framework”, an 
ablation study was conducted to compare the models with and without the techniques. We first developed an 
8-layer plain CNN structure with the Global Maximal Pooling (GMP) and 2 FC layers, trained with the Softmax 
loss function as the baseline. Then we gradually applied the Filter Factorization (FF) to the convolution kernel, 
substituted the GMP with the SPP, upgraded the normal convolution kernel with a dilation strategy of a fixed 
rate 2, used the multi-dilated convolution structure, and replaced the last FC with the ArcFace layer. The UA of 
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the above models for the two datasets is shown in Table 1. We also compare our model and the models in other 
SER studies based on the spectrogram learning in Table 2.

Model training
For training the model, we considered two important criteria. One was the imbalanced training, as the IEMOCAP 
dataset is highly imbalanced. The model was expected to pay more attention to the minority class and pay less 
attention to the majority class. We followed the screw-robust training strategy mentioned in56 to assign class 
weights to the training losses. The class weight rc is determined based on:

	
rc = α ∗ N

Nc
� (15)

where N is the total number of samples. Nc stands for the number of samples under class c. α is a scale factor. To 
optimize the training process, we use the Cyclical Learning Rate (CLR) strategy57 to determine the learning rate. 
This was introduced to avoid the issue of a fixed learning rate training process. Too large a learning rate can lead 
to the fluctuation of the optimizer around the optimal loss point and thus, the model cannot converge or even 
step towards the undesired direction.

The minimal learning rate slows the training process, and the model can easily be trapped in the local 
minimal point. The CLR method runs an initial number of epochs with a series of respective learning rates in 
each epoch to observe the training curves. The learning rate leading to the obvious increase of the UA and the 
one resulting in the decrease of the UA are selected as the minimal and the maximal learning rates. Then, train 
the model with an iterative series of the learning rates between the minimal lrmin and maximal lrmax learning 
rates according to:

	 lrt = lrmin + (lrmax − lrmin) · max(0, (1 − x))� (16)

where lrt is the learning rate in tth batch x can be defined by:

	
x =

∣∣∣∣
∣∣ t

stepsize
− 2 ∗ cycle + 1

∣∣
∣∣∣∣� (17)

where the cycle is the number of batches in a cycle of learning rates change.

Research works

Unweighted accuracy

IEMOCAP EMODB
22 63.98 -
23 63.9 -
21 64.74 82.82
17 69.32 85.39
54 66.5 -
55 66.1 -
2 68.96 (spectrogram + waveform) -

63.13 (only spectrogram) -

Our model 67.9 77.6

Table 2.  The comparison between our model and other SER models across both the IEMOCAP and EMODB 
datasets.

 

CNN section Pooling Loss function

Unweighted accuracy

IEMOCAP EMODB

Traditional CNN Global Maximal Pooling (GMP) Softmax 59.6 67.7

CNN with Filter Factorization (FF) GMP Softmax 60.3 62.7

CNN with FF Spatial Pyramid Pooling (SPP) Softmax 66.3 77.8

Dilated CNN (dilation rate = 2) with FF SPP Softmax 66.7 75.8

Multi-dilated CNN with FF SPP Softmax 67.5 75.8

Multi-dilated CNN with FF SPP + Attention Softmax 67.7 73.2

Multi-dilated CNN with FF SPP + Attention ArcFace 67.9 72.1

Multi-dilated CNN with FF SPP ArcFace - 77.6

Table 1.  The unweighted accuracy for our proposed SER framework in the ablation study of the IEMOCAP 
and EMODB datasets.
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cycle =

⌊
1 + t

2 ∗ stepsize

⌋
� (18)

where stepsize is defined as:

	
stepsize =

[
N

Batchsize

]
� (19)

where N is the number of training samples, and batch size is the number of samples in one training batch.

Discussion
Unlike existing dilated CNN approaches that often suffer from information loss due to “gridding” effects, in 
this research, we introduce a multi-dilated convolution block. This block dynamically adapts dilation rates to 
preserve semantic information and prevent loss of pixel information. Unlike existing approaches using dilated 
CNNs that often experience information loss due to “gridding” effects, our research introduces a multi-dilated 
convolution block. This block dynamically adjusts the dilation rates to preserve semantic information better 
and prevent pixel data loss. This method transforms feature extraction in speech spectrograms while directly 
addressing the challenge of maintaining information integrity in dilated convolution networks.

Furthermore, we incorporate Adaptive Spatial Feature Extraction through Intelligent Pooling, also known as 
SPP, and utilize ArcFace loss-a technique originally developed for face recognition. This combination represents 
a paradigm shift in how we conceptualize emotion as a computational problem, applying insights from biometric 
recognition to enhance our understanding of speech emotion.

From the experimental results, we can identify that the models gain significant improvement after replacing 
the GMP with the SPP. This could be associated with the functionality of the pooling layer. The GMP only 
extracts one prominent feature vector across the whole feature map generated from the CNN section during 
the feed-forward operation. This forces the CNN section to update the weights only relevant to the prominent 
feature vector in the back-propagation process. On the other hand, the SPP strategy, in our case, not only 
considers the feature at a global level but also considers multiple local features from finer to coarser levels. 
These local features on the feature map mean a series of time-frequency regions in various scales. This allows 
the model to select the emotion-related features from multiple regions of different ranges, as we do not know 
which time-frequency region of what size, or even the whole time-frequency map, in the speech spectrogram has 
the most emotional characteristics beforehand. Various feature vectors are extracted from the SPP based on the 
global pooling schema and the regions of multiple scales and are sent to the FC layer to automatically weigh the 
importance of these features for emotional classification purposes. Furthermore, when we investigate different 
SPP schemes, the selection of the pooling partitions substantially affects the final performance (Table 3).

We conducted the experiments using the plain 8-layer CNN structure to train and validate the IEMOCAP 
dataset. Two informative observation results could be derived. First, the number of partitions in the SPP layer 
is preferably the divisor of the feature map dimensions. To demonstrate the point, a representative plot for four 
SPP schemes (all based on our final scheme) is shown in Fig. 6. In this figure, the training set is sessions 2 to 5, 
and the validation is the female actor in session 1.

In this research, the input feature map from the CNN section is 20 * t (the time length varies according to 
different speech lengths). When the 6- or 8-partition schema (which are not the divisors of 20) schema is added 
to the SPP, the training curve seems more unstable, especially for 6 as it introduces factor 3, than not using them. 
This means the model design could not capture the features well for classification. Then, we select the relative 
promising scheme SPP(1,2,5,10), SPP(1,2,5,8,10), and SPP (1,5,10) to do full training and present the results in 
Table 3. Compared to the other two schemes, the SPP(1,5,10) leads to the best results, as its training/validation 
curve suggests.

Second, a too large frequency-time region in the SPP may generate a loss for the model. When comparing the 
SPP(1,2,5,10) and SPP(1,5,10), the latter has a better result than the former. This could be due to separating the 
feature map of varied length (in time dimension) into two partitions, which is thetic.

For the dilation strategy in the CNN section, the multi-dilated schema leads to a better result than the fixed 
dilation rate one in general. The multi-dilated structure can both leverage the advantage of the dilated CNN (of 
fixed dilation rate) and avoid the grinding effect. Especially for the IEMOCAP dataset, which is a difficult dataset 
to achieve desirable results in SER studies, the multi-dilated model improves the UA by around 2% rather than 
the CNN with a fixed dilation rate. For the EMODB dataset, the two dilation schemes lead to the same average 
UA. The reason is inferred to be associated with the ineffectiveness of the dilated CNN for the EMODB dataset. 

SPP configurations with different Unweighted Weighted

Pooling partitions Accuracy Accuracy

1 (Baseline) 52.02 63.72

1, 5, 10 68.48 73.02

1, 2, 5, 10 66.51 70.23

1, 2, 5, 8, 10 65.89 67.91

Table 3.  CNN with FF comparison and experiments on SPP strategies.
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As Table 1 shows, the raw CNN kernel (with FF) results in a slightly higher UA than both of the two dilated 
CNN models, including the fixed dilation rate and the multi-dilation rates. Hence, using the latter one does 
not necessarily lead to better performance than the former one. On the other hand, the lower effectiveness of 
the dilated CNN for the EMODB dataset contradicts the similar results in17, which demonstrates the dilation 
strategy can enhance the UA of the plain CNN up to 1.76% for the EMODB dataset. The reason could be due to 
data insufficiency and different data processing schemes.17 segments the audio files into 3s, the shorter ones are 
zero-padded and then normalized by the mean and standard deviation. This could act as a data augmentation 
strategy to increase the sample size drastically. In our experiment, we use the original EMODB dataset and 
develop the SER model based on the utterance-level speech features. The total number of samples is 535, and 
the training samples we use to develop the model are 428 for 7 emotion classes. It is obvious that our model 
has more complexity (or deeper and wider structure) compared to that of17, hence requiring more data to feed. 
Especially, the dilated CNN, which has a larger receptive field, probably requires more data to capture the desired 
pattern. Thus, when using the dilation strategy, both the fixed dilation rate and the multi-dilation rate scheme 
lead to worse performance than the plain CNN structure. Similarly, the attention mechanism leads to worse 
performance on the EMODB dataset, which is also estimated to be associated with the insufficient number of 
training samples. Thus, increasing the model complexity will be detrimental in this case. On the contrary, the 
IEMOCAP dataset has enough training size and thus results in better performance when adding the attention 
layer.

For the ArcFace layer, it successfully improves the model’s performance for both of the two datasets. The 
ArcFace loss is applicable for the SER model based on spectrogram learning. It reduces the intra-class distance 
and increases the decision boundary between different classes to enhance the model’s discriminability. It seems 
performing even better for the EMODB dataset, which has seven emotional labels. Although the dilation 
strategy reduces the UA of the model for the EMODB dataset, as discussed in the last paragraph, the ArcFace 

Figure 6.  Performance comparison of 8-layer plain CNN with different SPP schema—training (red line)/
validation (blue line).
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layer drags the model’s UA back by nearly 2%. As the paper of the ArcFace suggests, it was originally designed 
to address the ambiguity of recognizing the infinite number of human faces. This indicates it is naturally suitable 
for the recognition problem of more classes. In a nutshell, our framework proves the suitability of transplanting 
the ArcFace layer from the face recognition sphere to the SER area, and even better for more emotion-class 
recognition.

This model could be more suitable for practical use-cases as it is trained by utterance-level speech spectrograms 
of different sizes. Particularly, for the IEMOCAP dataset, the spectrograms originated from the audio clips from 
0.58s to around 29s. This means there is also a huge discrepancy in the speech spectrogram sizes regarding the 
time axis. Our model can well learn from these spectrograms and make emotion classification to achieve the 
UA (0.679), which is close to that of17, which achieves a great UA (0.69) among previous SER studies. The study 
also, to some extent, uses some data augmentation (as discussed in the paragraph before the last) to increase the 
sample size, which can improve the deep learning model’s performance in common sense. Besides, our model 
also has higher performance than other previous models, as Table 2 shows. Especially compared with2, which is 
a recent study that uses the well-known face recognition model - FaceNet and also trains the model only using 
the utterance-level spectrogram, our model leads to nearly 4.8% higher UA on the IEMOCAP dataset.

Conclusions and future work
In this study, we propose a novel SER model based on utterance-level spectrogram learning. Our model leveraged 
the advantage of the dilated CNN and well addresses the gridding effect. After using it to extract the feature maps 
from the spectrogram, the SPP layer is deployed to extract both the global-level prominent feature vector and 
multi-local-level feature vectors, followed by an attention model to weigh the feature vectors. Then, the FC 
layer selects the useful feature vectors and thus reduces the feature dimensionality. Finally, the ArcFace layer 
makes emotion classification based on the feature vectors, with the style of compacting the intra-class error and 
enlarging the inter-class distance. The final performance of our model is better than that of many previous SER 
studies and is comparable to that of the best SER model.

While our results are promising, we acknowledge several limitations in our current evaluation framework. 
Although IEMOCAP and EMODB are widely used benchmarks in the field, validation on additional datasets 
such as RAVDESS, CREMA-D, or MSP-IMPROV would provide more comprehensive insights into model 
generalization. The imbalanced nature of IEMOCAP’s emotion classes also presents particular challenges 
for model evaluation, and while we addressed this through weighted training strategies, future work would 
benefit from more detailed per-class performance metrics. For the same reason, UA was chosen as the primary 
evaluation metric to have a fair evaluation across emotion classes. Therefore, future work would benefit from 
more detailed performance metrics, including confusion matrices and per-class performance measures, to better 
understand the model’s strengths and weaknesses across different emotion categories. Additionally, cross-dataset 
evaluation, where models trained on one dataset are tested against others, would provide stronger evidence of 
generalization capabilities.

The model might also be further improved by incorporating the temporal learning model. As our study 
mainly focuses on extracting the emotional features based on the CNN-based model, the Recurrent Neural 
Net-based model, like Long-Short Term Memory, was not explored. Future research can also explore data 
augmentation strategies. This is associated with one limitation of our model on the EMODB dataset. Our MDCB 
even leads to slightly lower UA, as the EMODB has a lower training sample size. Therefore, augmenting the data 
can fully leverage our MDCB’s capacity to capture the emotional feature. Finally, incorporating our proposed 
framework with linguistic information could possibly lead to better performance.

Data availability
The data that support the findings of this study are openly available in the EMO-DB repository at ​h​t​t​p​s​:​​/​/​w​w​
w​.​​k​a​g​g​l​e​​.​c​o​m​/​d​​a​t​a​s​e​​t​s​/​r​e​v​​o​l​u​t​i​o​​n​a​r​y​b​u​​k​h​a​r​i​/​i​e​m​o​c​a​p reference number44 and in the IEMOCAP repository at 
https://sail.usc.edu/iemocap/ reference number43.
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