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 A B S T R A C T

Speech emotion recognition (SER) faces two recurring difficulties, namely the fuzzy nature of emotional 
expression and the limited transparency of mainstream classifiers. Concept-cognitive learning (CCL) offers an 
alternative classifier design in which decisions are made by matching samples to concepts in a hierarchical 
concept space. This study integrates CCL into an SER pipeline. A self-attention (SA) frontend refines acoustic 
low-level descriptors (LLDs) including mel-frequency cepstral coefficients (MFCC), log-mel spectrograms (LMS), 
zero-crossing rates (ZCR), chromagrams, and root mean square (RMS) energy. A weighted fuzzy CCL classifier 
with attribute weights supplied by extremely randomized trees (ERT) then maps the refined features into a 
fuzzy concept space where each utterance is matched to its closest progressive concept. The resulting model 
is denoted as ERT-WFCCL. On the EMO-DB dataset, the SA frontend contributes an improvement of 2.55 
percentage points over a softmax classifier utilizing raw LLDs, the ERT-WFCCL classifier adds a further 0.38 
percentage points, and the full pipeline reaches an accuracy of 81.11%. Two-tailed paired 𝑡-tests across four 
public benchmarks covering English, German, and Chinese, namely EMO-DB, RAVDESS, SAVEE, and CASIA, 
show that ERT-WFCCL outperforms nine of ten baselines on EMO-DB and remains competitive with the 
strongest neural and linear baselines on the other datasets. For each prediction, the classifier also records 
the matched concept and a ranked list of attribute contributions as a computational decision trace.
1. Introduction

Speech is a natural medium for conveying not only semantic mean-
ing but also complex psychological states, making automatic speech 
emotion recognition (SER) a core component of empathetic human–
computer interaction (de Lope and Graña, 2023; Hashem et al., 2023). 
Recognizing emotional expression from speech is a long-standing task 
that has been studied across several application domains (Liu et al., 
2024).

The overall process of a speech emotion recognition system is 
illustrated in Fig.  1. After standardizing audio lengths through initial 
preprocessing, we extract features from both time and frequency do-
mains. While common features include spectral (Cummins et al., 2015) 
and Teague energy operator-based types (Akçay and Oğuz, 2020), this 
study utilizes low-level descriptors (LLDs) (Ahmed et al., 2023) to 
capture short-term acoustic changes (Liu et al., 2024). We segment the 
speech signal into frames and extract ZCR, RMS, chromagram, LMS, 
and MFCC features to provide foundational time–frequency information 
reflecting emotional fluctuations.

Early SER systems relied on linear and statistical models, sup-
port vector machines (SVM) partitioned the feature space with hy-
perplanes (Luengo et al., 2005), while hidden Markov models and 

∗ Corresponding author.
E-mail addresses: chxuwh@swu.edu.cn (W. Xu), hkp0922@email.swu.edu.cn (K. Hu).

Gaussian mixture models captured the temporal dependence and non-
stationary characteristics of speech signals (Nwe et al., 2003; Latif 
et al., 2021). Although effective, these methods depend heavily on 
hand-crafted features and struggle to model high-level emotional pat-
terns. Deep learning methods, including convolutional neural networks 
(CNNs), recurrent neural networks (RNNs), and long short-term mem-
ory networks (LSTM) (Zhao et al., 2019; Li et al., 2021), overcame 
this limitation by automatically learning complex representations and 
improved recognition accuracy on a range of SER benchmarks. Their 
complex internal structures, however, lack decision trace, limiting their 
transparency in practical applications. Standard neural networks usu-
ally apply rigid decision boundaries. Human emotions are intrinsically 
fuzzy, and their acoustic features frequently overlap. Motivated by 
these two characteristics, we examine concept-cognitive learning (CCL) 
as an alternative classification framework for SER.

Concept-cognitive learning (CCL) is an emerging learning paradigm 
in artificial intelligence and cognitive computing (Guo et al., 2024; J. 
Li et al., 2017). Rather than imposing hard classification boundaries, 
CCL operates on a hierarchical concept space in which membership 
is graded. Each prediction can additionally be associated with the 
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Fig. 1. The general workflow of SER tasks. The framework consists of three stages: preprocessing, feature extraction combining manual LLDs and SA-based deep 
features, and classification.
matched concept and a ranked list of attribute contributions, which 
provides a per-sample decision trace. CCL has been applied to other 
domains, including medical diagnosis (Guo and Xu, 2023). CCL has 
been extended along multiple directions. Early efforts explored fuzzy-
based (Mi et al., 2020) and memory-based (Guo et al., 2023b) formu-
lations to enrich concept representation. Subsequent work broadened 
the framework through incremental (Zhang et al., 2023) and semi-
supervised (Mi et al., 2022) strategies, while two-way (Xu et al., 
2023) and three-way (Guo et al., 2023a) models further refined the 
granularity of cognitive decisions. Among these, weighted fuzzy CCL is 
particularly relevant to this study because it allows flexible selection of 
weighted concepts to improve the applicability of concept analysis. A 
central challenge in this direction is how to determine attribute weights 
effectively. Existing studies have addressed this from complementary 
perspectives, including information entropy (Zhang et al., 2012), at-
tribute weight correlation (Singh et al., 2017), and decision information 
granules (Zhang et al., 2023), each contributing to more robust weight 
computation. More recently, Xu and Zhang (2025) combined random 
forest (RF) with fuzzy CCL to optimize prediction results. Despite its 
advantages, RF requires an exhaustive search for optimal split points, 
which slows training and can weaken generalization. To overcome 
this, we adopt ERT (Geurts et al., 2006), which introduces greater 
randomness to reduce variance and provides a more efficient solution 
for fuzzy formal concept analysis. 

In this study, we evaluate the proposed ERT-WFCCL model on four 
widely used public benchmark datasets: EMO-DB (Burkhardt et al., 
2005), RAVDESS (Livingstone and Russo, 2018), SAVEE (Jackson and 
Haq, 2014), and CASIA (Y. Li et al., 2017). Acoustic features are 
extracted following Ahmed et al. (2023), refined by the self-attention 
front-end, and passed to the ERT-WFCCL classifier for emotion class 
assignment.

∙ The weighted fuzzy CCL framework is adapted to SER. The fuzzy 
concept space replaces a hard decision boundary with graded similar-
ity to weighted concepts, and ERT-derived feature importance scores 
supply the attribute weights. This configuration is referred to as ERT-
WFCCL.

∙ ERT-WFCCL is integrated with a self-attention frontend that re-
fines acoustic LLDs. A controlled ablation on EMO-DB demonstrates 
that compared to a softmax on raw LLD baseline, the SA frontend 
contributes the larger share of the accuracy improvement by 2.55 per-
centage points, while the ERT-WFCCL classifier applied to SA features 
adds a smaller incremental margin of 0.38 percentage points. The 
framework therefore primarily operates by refining an already strong 
spectral representation.

∙ The integrated pipeline is evaluated on four public benchmarks 
including EMO-DB, RAVDESS, SAVEE, and CASIA covering three lan-
guages. Evaluation is conducted under stratified ten-fold and leave-
one-speaker-out cross-validation using two-tailed paired 𝑡-tests against 
2 
ten classical and deep baselines utilizing shared SA refined features. 
A decision trace consisting of the matched concept and the ranked 
attribute contributions is reported for each sample. This trace serves 
as a computational property of the classifier rather than a semantic or 
perceptual explanation.

The rest of this paper is organized as follows. Section 2 introduces 
the related concepts of fuzzy formal concept analysis (FFCA) and ERT. 
Section 3 discusses the cognitive learning process of weighted fuzzy 
concept space in detail, including how to classify the class label and dy-
namically update the weighted fuzzy concept space. Section 4 describes 
the dataset, the feature extraction method, and the implementation 
of the model classification. The experimental results and analyses are 
discussed in Section 5. The final section summarizes the study and 
outlines future research directions.

2. Preliminaries

This section introduces a novel method for learning weighted fuzzy 
concepts based on feature importance derived from an ensemble clas-
sifier.

2.1. Fuzzy formal concept analysis

In the framework of FFCA, the concept of a fuzzy formal context was 
first introduced by Yahia et al. (2000), and it serves as a mathemati-
cal instrument for both data analysis and knowledge representation. 
This context typically involves non-empty finite sets of objects and 
attributes, along with a fuzzy relation that connects the two sets, which 
is be crucial for the subsequent discussion. Let 𝐸 represent a generic 
universe, and let 𝐹  be a fuzzy set defined over 𝐸, characterized by a 
membership function 𝐹 (⋅) ∶ 𝐸 → [0, 1]. For any element 𝑒 ∈ 𝐸, the 
value 𝐹 (𝑒) is the fuzzy membership degree of 𝑒 within the fuzzy set 𝐹 . 
The set of all fuzzy subsets of 𝐸 is denoted as (𝐸).

Let 𝐹1 and 𝐹2 be two fuzzy sets defined over the universe 𝐸. If 
∀𝑒 ∈ 𝐸, it holds that 𝐹1(𝑒) ≤ 𝐹2(𝑒), we say that 𝐹1 is contained within 
𝐹2, denoted as 𝐹1 ⊆ 𝐹2. Additionally, we use (𝐸) to represent the 
collection of all crisp subsets of 𝐸.

A fuzzy formal context is represented by a triplet (𝑈, 𝑉 , 𝑆̃), where:

• 𝑈 = {𝑢1, 𝑢2,… , 𝑢𝑛} denotes the set of objects;
• 𝑉 = {𝑣1, 𝑣2,… , 𝑣𝑚} denotes the set of attributes;
• 𝑆̃ ∶ 𝑈 × 𝑉 → [0, 1] represents the fuzzy relation, indicating the 
degree of membership of object 𝑢𝑖 to attribute 𝑣𝑗 .

Consider a fuzzy formal context represented by (𝑈, 𝑉 , 𝑆̃), for any 
object subset 𝐴 ⊆ 𝑈 and fuzzy attribute set 𝐵̃ ∈ (𝑉 ), we define the 
following two operators 𝐻 ∶ (𝑈 ) → (𝑉 ) and 𝑂 ∶ (𝑉 ) → (𝑈 ): 
𝐻(𝐴)(𝑣𝑗 ) =

⋀

𝑆̃(𝑢𝑖, 𝑣𝑗 ), ∀𝑣𝑗 ∈ 𝑉 . (1)

𝑢𝑖∈𝐴
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Table 1
A fuzzy formal decision context.
 𝑈 𝑣1 𝑣2 𝑣3 𝑑 
 𝑢1 0.4 0.6 0.8 0 
 𝑢2 0.7 0.5 0.4 1 
 𝑢3 0.3 0.9 0.6 0 
 𝑢4 0.8 0.7 0.5 1 

𝑂(𝐵̃) = {𝑢𝑖 ∈ 𝑈 |∀𝑣𝑗 ∈ 𝑉 , 𝐵̃(𝑣𝑗 ) ≤ 𝑆̃(𝑢𝑖, 𝑣𝑗 )}. (2)

A pair (𝐴, 𝐵̃) forms a fuzzy concept if 𝐻(𝐴) = 𝐵̃ and 𝑂(𝐵̃) = 𝐴 where 
𝐴 is referred to as the extent and 𝐵̃ as the intent.

Let (𝑈, 𝑉 , 𝑆̃) and (𝑈,𝐷, 𝑇 ) represent two distinct fuzzy formal con-
texts, where:

• 𝑆̃ ∶ 𝑈 × 𝑉 → [0, 1] denotes the fuzzy relation in the first context;
• 𝑇 ∶ 𝑈 × 𝐷 → {0, 1} represents the crisp relation in the second 
context.

When the intersection of 𝑉  and 𝐷 is empty, the structure (𝑈, 𝑉 , 𝑆̃, 𝐷,
𝑇 ) is referred to as a fuzzy formal decision context. In this context, 𝑉
is the set of conditional attributes, while 𝐷 corresponds to the set of 
decision attributes.

Example 1. In this fuzzy formal decision context as in Table  1, 𝑈 =
{𝑢1, 𝑢2, 𝑢3, 𝑢4} represents the object sets, while 𝑉 = {𝑣1, 𝑣2, 𝑣3} contains 
the attribute sets used for emotion recognition. Specifically, 𝑣1 denotes 
the speech rate, 𝑣2 refers to pitch, and 𝑣3 indicates energy. The decision 
attribute 𝑑 defines the emotion class, where 𝑑1 corresponds to a happy 
emotion and 𝑑2 represents a frustrated emotion. The fuzzy relationship 
𝑆̃ is shown in Table  1, where 𝑆̃(𝑢1, 𝑣1) = 0.4 means that the sample 𝑢1
has a membership degree of 0.4 in 𝑣1. The decision attribute 𝑑 divides 
the set 𝑈 into two classes: 1 = {𝑢1, 𝑢3} for happy emotions, and 
2 = {𝑢2, 𝑢4} for frustrated emotions. The generated fuzzy concepts 
are summarized in Table  2, where the concept ({𝑢1, 𝑢3}, ( 0.3𝑣1 ,

0.6
𝑣2
, 0.6𝑣3

)) is 
condensed as (13, (0.3, 0.6, 0.6)) for simplicity.

2.2. Extremely Randomized Trees

Extremely Randomized Trees (ERT) is an ensemble learning method,
introduced by Geurts et al. (2006), that extends the concept of decision 
trees by introducing an additional layer of randomness. While con-
ceptually similar to RF, Extremely Randomized Trees differ from RF 
by amplifying the degree of randomness in the tree-building process, 
particularly during node splitting. This greater degree of randomness 
helps reduce the variance of the model, thereby improving its ability 
to generalize to unseen data. Simultaneously, because the split points 
are chosen randomly, computational overhead is substantially reduced 
compared to traditional decision trees.

Feature importance analysis is a crucial tool for measuring the 
contribution of individual features to the predictive performance of a 
model. By analyzing the importance of features, it becomes possible to 
discern which features exert the most influence on the model’s predic-
tions, enabling not only the selection of the most relevant features but 
also simplifying the model and enhancing its decision trace. In the con-
text of both Random Forests and Extremely Randomized Trees, feature 
importance is typically assessed through the cumulative reduction of 
the Gini index and the amount of information gain achieved by each 
feature.

The Gini index itself is a metric that gauges the ‘‘impurity’’ of a 
dataset, where higher values signify a more chaotic and less structured 
distribution of the data (Zhang et al., 2024). The Gini index for a node 
is derived from the distribution of class labels among the objects within 
3 
Table 2
Fuzzy concepts of Table  1.
 Concept Concept name 
 (𝑈 , (0.3, 0.5, 0.4)) 1  
 (24, (0.7, 0.5, 0.4)) 2  
 (13, (0.3, 0.6, 0.6)) 3  
 (4, (0.8, 0.7, 0.5)) 4  
 (3, (0.3, 0.9, 0.6)) 5  
 (2, (0.7, 0.5, 0.4)) 6  
 (1, (0.4, 0.6, 0.8)) 7  
 (∅, (1, 1, 1)) 8  

that node 𝑞. The equation used to compute the Gini index is presented 
in Eq. (3). 

𝐺 = 1 −
𝛾
∑

𝑚=1
𝑝2𝑚. (3)

Here, 𝛾 represents the total number of categories, and 𝑝𝑚 denotes 
the likelihood of an object belonging to class 𝑚. In both RF and ERT, 
each individual tree performs data splits based on distinct features, 
each of which contributes to lowering the overall Gini index, thereby 
improving the model’s capacity to differentiate among categories. The 
importance of a feature is quantified by aggregating the total reduction 
in the Gini index attributable to that feature when it is used as a 
splitting criterion in all trees. In other words, the more a feature 
reduces the Gini index, the greater its contribution to the model’s 
overall performance, and thus, the higher its importance. The following 
formula and steps outline the process for calculating feature importance 
in this context through Eq. (4). 

𝑉 𝐼(𝑣𝑖) =
1
𝑇

𝑇
∑

𝑡=1

∑

𝑛∈𝑁𝑡 ,𝑣𝑛=𝑣𝑖

𝑃 (𝑛) ⋅ 𝛥𝐺(𝑣𝑖, 𝑛), (4)

where 𝑉 𝐼(𝑣𝑖) denotes the importance score of feature 𝑣𝑖, and 𝑇  denotes 
the overall count of trees within the forest. Each tree 𝑡 consists of a set 
of nodes 𝑁𝑡, where a node 𝑛 splits the data using a feature 𝑣𝑛. 𝑃 (𝑛)
represents the weight of node 𝑛 (the proportion of samples in the node 
to the total number of samples). The term 𝛥𝐺(𝑣𝑖, 𝑛) captures the change 
in impurity induced by the split at node 𝑛, defined as 

𝛥𝐺(𝑣𝑖, 𝑛) = 𝐺(𝑛parent) −
(

𝐺(𝑛left) + 𝐺(𝑛right)
)

. (5)

Here, 𝐺(𝑛parent), 𝐺(𝑛left), and 𝐺(𝑛right) denote the Gini values cor-
responding to the parent node, left child, and right child nodes indi-
vidually. Common measures of impurity include the Gini index and 
entropy. To compute 𝑉 𝐼(𝑣𝑖), all nodes where 𝑣𝑛 = 𝑣𝑖 are identified, 
and their respective 𝛥𝐺(𝑣𝑖, 𝑛) values are summed across all trees. The 
total contribution of feature 𝑣𝑖 is then averaged over the total number 
of trees 𝑇 , yielding the final importance score.

The resulting importance score 𝑉 𝐼(𝑣𝑖) is a non-negative value, 
with higher values indicating a greater contribution of the feature to 
reducing impurity. Importantly, the importance scores of all features in 
the model are normalized such that their sum equals 1. This framework 
effectively ranks features based on their ability to influence the model’s 
decisions, providing a valuable decision trace tool for feature selection 
and model evaluation.

3. ERT-WFCCL

This section presents the ERT-WFCCL classifier, which is built from 
three components. An attribute weighting step first assigns ERT-derived 
importance scores to the input features, a construction step then builds 
a weighted fuzzy concept space from these weights, and an incremental 
update mechanism subsequently revises the concept space whenever 
new objects are introduced. The remainder of this section formalizes 
each component.
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3.1. Weight calculation using feature importance

In a fuzzy formal decision context, denoted as (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ), 𝑈 =
{𝑢1, 𝑢2,… , 𝑢𝑛} represents the objects, and 𝑉 = {𝑣1, 𝑣2,… , 𝑣𝑚} represents 
the attributes. The set of decision attributes is 𝐷 = {𝑑1, 𝑑2,… , 𝑑𝑟}, 
and the decision partition of 𝑈 with respect to 𝐷 is given by 𝑈∕𝐷 =
{1,2,… ,𝑡}, which divides 𝑈 into distinct decision classes based on 
the decision attributes.

Definition 1.  Let (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ) be a fuzzy formal decision context. 
The fuzzy relation 𝑆̃ ∶ 𝑈 × 𝑉 → [0, 1] indicates the membership degree 
𝑆̃(𝑢, 𝑣) of object 𝑢 ∈ 𝑈 to attribute 𝑣 ∈ 𝑉 . Then the feature importance 
𝑉 𝐼(𝑣) for each 𝑣 ∈ 𝑉  is computed using the Eq. (4). The attribute 𝑣 is 
assigned a weight, represented by 𝜔(𝑣), which is expressed as 
𝜔(𝑣) = VI(𝑣), (6)

where 𝜔(𝑣) satisfies ∑

𝑣∈𝑉 𝜔(𝑣) = 1. The weight vector
𝜔 = (𝜔(𝑣1), 𝜔(𝑣2),… , 𝜔(𝑣𝑚)). For a fuzzy concept pair (, ̃), where 
 ⊆ 𝑈 denotes the extent and ̃ ∈ (𝑉 ) denotes the intent, the weight 
of this fuzzy concept (, ̃, 𝜔) is expressed as follows: 

𝜔 = 1
|𝑉 |

∑

𝑣𝑖∈𝑉
̃(𝑣𝑖)𝜔(𝑣𝑖), (7)

where ̃(𝑣𝑖) represents the degree of fuzzy membership of the at-
tribute 𝑣𝑖 in the intent. The weight 𝜔 represents the average informa-
tion importance of extent , reflecting the significance of the multi-
attribute intent in the fuzzy concept. Given two weighted fuzzy con-
cepts (1, ̃1, 𝜔1) and (2, ̃2, 𝜔2), the hierarchical order relation is 
defined as
(1, ̃1, 𝜔1) ≤ (2, ̃2, 𝜔2)

⟺ 1 ⊆ 2

⟺ ̃2 ≤ ̃1(or 𝜔2 ≤ 𝜔1). (8)

This hierarchical order implies that the inclusion relation among 
fuzzy concepts depends on the subset relationship of extents, the mem-
bership degree relationship of intents, and the weight magnitudes. The 
weighted fuzzy concept lattice, denoted as 𝐿𝜔(𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ), is formed 
by the set of all weighted fuzzy concepts.

The following proposition demonstrates the constructiveness of 
weighted fuzzy concepts using weights derived from ERT.

Proposition 1. Consider a fuzzy formal decision context (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ). 
In which 𝜔 indicates the vector of weights associated with the attributes in 𝑉
computed using the ERT. For any 1 ⊆ 𝑈 , the triple (𝑂(𝐻(1)),𝐻(1), 𝜔1)
is a weighted fuzzy concept.

Proof. In accordance with Definition  1, for any 1 ⊆ 𝑈 , (𝑂(𝐻(1)),
𝐻(1)) is a fuzzy concept that satisfies 𝑂(𝐻(1)) = 1. The weight 𝜔(𝑣𝑖)
is computed as the weighted sum of attribute importances, normalized 
over all attributes. Since 𝜔(𝑣𝑖) satisfies the normalization condition 
∑

𝑣𝑖∈𝑉 𝜔(𝑣𝑖) = 1, it follows that the triple (𝑂(𝐻(1)),𝐻(1), 𝜔1) satisfies 
Definition  1.

Example 2.  (Following Example  1) To explain the calculation process 
of weighted fuzzy concepts, we first analyze the attributes in the data 
and calculate their corresponding fuzzy weights based on each attribute 
in Table  1 and Eq. (7) as 𝜔(𝑣1) = 0.4075, 𝜔(𝑣2) = 0.2350, and 𝜔(𝑣3) =
0.3575. Subsequently, we list the weighted fuzzy concepts in Table 
3. In Table  3, the intention of each weighted fuzzy concept node is 
represented by a set of assigned weights to quantify the importance 
and relative value of the node.

In cognitive processes, individuals typically prioritize certain nodes 
and selectively extract relevant information based on their preferences 
and needs. For instance, if a person is more inclined towards nodes 
with weights greater than 0.1819, then nodes such as  ,  ,  , 
1 2 3

4 
Table 3
The weighted fuzzy concepts obtained from Table  1.
 Weighted fuzzy concepts Concept name 
 (𝑈 , (0.3, 0.5, 0.4), 0.1276) 1  
 (24, (0.7, 0.5, 0.4), 0.1819) 2  
 (13, (0.3, 0.6, 0.6), 0.1592) 3  
 (4, (0.8, 0.7, 0.5), 0.2231) 4  
 (3, (0.3, 0.9, 0.6), 0.1828) 5  
 (2, (0.7, 0.5, 0.4), 0.1819) 6  
 (1, (0.4, 0.6, 0.8), 0.1967) 7  
 (∅, (1, 1, 1), 0.3333) 8  

Table 4
A new fuzzy formal decision context.
 𝑈 𝑣1 𝑣2 𝑑 
 𝑢1 0.12 0.54 0 
 𝑢2 0.15 0.63 0 
 𝑢3 0.08 0.49 0 
 𝑢4 0.25 0.72 0 
 𝑢5 0.69 0.42 1 
 𝑢6 0.82 0.51 1 
 𝑢7 0.67 0.29 1 
 𝑢8 0.79 0.35 1 
 𝑢9 0.27 0.65 0 

and 6 will be excluded, leaving only 4, 5, 7, and 8. 
This approach illustrates the adaptability of weighted fuzzy concepts, 
offering a more efficient method for solving human-centric problems 
and enhancing cognitive learning. By enabling the rapid gathering of 
relevant knowledge, this strategy significantly reduces the need for 
excessive storage space.

From the preceding discussion, we derive the desired weighted 
fuzzy concepts. Notably, in Example  1, as the number of object dimen-
sions increases, the exhaustive calculation of fuzzy concepts expands 
exponentially. Information granules, as a core concept in granular 
computing (Grc) theory, play a vital role in human cognition. To 
mitigate the computational complexity in cognitive learning, integrat-
ing information granules into the learning process becomes essential. 
Ultimately, the challenge lies in utilizing these weighted fuzzy granular 
concepts to construct a complete concept space, which remains a key 
area of focus in cognitive learning.

3.2. Generation of fuzzy concept space

In this subsection, we present a novel classification algorithm based 
on weighted fuzzy concepts and granular computing (Grc), aimed at 
constructing and refining concept spaces derived from weighted fuzzy 
granular concepts. The framework consists of two primary components: 
the establishment of an initial concept space to form the foundation for 
classification, and the continuous refinement of the concept space to 
adapt to data changes and meet classification requirements.

Consider (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ) as a fuzzy formal decision context, where 
𝑈∕𝐷 = {1,2,… ,𝑖} denotes the partition of the set of objects 
𝑈 based on the decision attributes 𝐷, and 𝜔 represents the vector 
of weights assigned to the attributes in 𝑉 . For each subset 𝑖, the 
associated weighted fuzzy concept space 𝑖, is given by 

𝑖 =
{

(((𝑣)),(𝑣), 𝜔) ∣ 𝑣 ∈ 𝑖
}

. (9)

Furthermore, we denote  = {1,2,… ,𝑖} as the weighted fuzzy 
concept space, where each 𝑖 is considered a weighted fuzzy subspace 
of . It is crucial to emphasize that every object can be compre-
hensively learned, which aids in improving classification accuracy. 
Building on the prior explanation, we present the steps for constructing 
the weighted fuzzy concept space in Algorithm 1.
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Algorithm 1: Constructing Weighted Fuzzy Concept Space
Input: A fuzzy formal decision context (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ).
Output: The weighted fuzzy concept space .

1 for 𝑖 ∈ 𝑈∕𝐷 do
2 Initialize 𝑖 ← ∅;
3 for every 𝑣 ∈ 𝑖 do
4 Calculate the weight value 𝜔 for the multi-attribute;
5 Retrieve the weighted fuzzy concept (((𝑣)),(𝑣), 𝜔);
6 Add this concept to the corresponding subspace: 

𝑖 ← 𝑖 ∪ {(((𝑣)),(𝑣), 𝜔)};
7 Append the subspace to the overall fuzzy concept space: 

 ←  ∪ {𝑖};
8 return  = {1,2,… ,𝑖}

Example 3. Table  4 outlines a novel fuzzy formal decision context 
(𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ), where the eight objects are classified into two distinct 
groups according to the decision attribute 𝑑, namely 1 = {𝑢1, 𝑢2, 𝑢3, 𝑢4}
and 2 = {𝑢5, 𝑢6, 𝑢7, 𝑢8}. From Eq. (7), the attribute weight is given 
by 𝜔 = (0.73475, 0.26525). Consequently, the weighted fuzzy concept 
subspace 1 associated with class 1 is expressed as

1 =

{
(

{𝑢1}, (0.12, 0.54), 0.0969
)

,
(

{𝑢1, 𝑢2, 𝑢3}, (0.08, 0.49), 0.0617
)

.

Similarly, the weighted fuzzy concept subspace 2 corresponding to 
class 2 is given by:

2 =

⎧

⎪

⎪

⎨

⎪

⎪

⎩

(

{𝑢6}, (0.82, 0.51), 0.4352
)

,
(

{𝑢5, 𝑢6}, (0.69, 0.42), 0.3429
)

,
(

{𝑢6, 𝑢8}, (0.79, 0.35), 0.3709
)

,
(

{𝑢5, 𝑢6, 𝑢7, 𝑢8}, (0.67, 0.29), 0.2929
)

.

The relationship between two weighted fuzzy concepts within 𝑖 is 
not only influenced by the decision class 𝑖, but also by data noise. 
Such noise can diminish the strength of the correlation, making it 
essential to filter out the weighted fuzzy concepts affected by it. To 
tackle this challenge, we define a similarity measure, which is presented 
below.

Definition 2.  Consider a fuzzy formal decision context (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ), 
where 𝜔 represents the weight vector associated with the attributes. 
Given a fuzzy subspace after weighting 𝑖 and a threshold 𝜀. If (𝑈1, 𝑉1,
𝜔1) denotes a weighted fuzzy concept within 𝑖, and (𝑈2, 𝑉2, 𝜔2) is its 
subconcept, the similarity between these two weighted fuzzy concepts 
is defined by the following equation: 

𝜂𝑖1,2 =
|𝑈1 ∩ 𝑈2|

|𝑈1 ∩ 𝑈2| + 2
(

𝜆|𝑈1 − 𝑈2| + (1 − 𝜆)|𝑈2 − 𝑈1|
) , (10)

where 𝜆 = |𝜔1 − 𝜔2|, and |𝑈1| represents the cardinality of 𝑈1 with 
respect to the concept (𝑈1, 𝑉1, 𝜔1).  Here, 𝜔1 and 𝜔2 denote the concept-
level weights computed via Eq. (7), not the shared attribute weight 
vector 𝜔. Since different concepts possess distinct intents 𝑉𝑘, their 
concept weights 𝜔𝑘 vary accordingly, and 𝜆 = |𝜔1 − 𝜔2| captures the 
difference in information importance between concept pairs.

Since (𝑈2, 𝑉2, 𝜔2) is a subconcept of (𝑈1, 𝑉1, 𝜔1), we know that 
|𝑈2 − 𝑈1| = 0, so the equation can be simplified to 

𝜂𝑖1,2 =
|𝑈1 ∩ 𝑈2|

|𝑈1 ∩ 𝑈2| + 2𝜆|𝑈1 − 𝑈2|
, (11)

where 𝜂𝑖1,2 quantifies the degree of similarity between (𝑈1, 𝑉1, 𝜔1) and 
(𝑈2, 𝑉2, 𝜔2). A larger value of 𝜂𝑖1,2 indicates a stronger similarity. When 
𝜂𝑖1,2 > 𝜀, the prominence of the two fuzzy concepts with weights 
increases. On the other hand, when 𝜂𝑖 ≤ 𝜀, their importance decreases.
1,2

5 
In practice, a weak connection between two concepts with weighted 
fuzzy relations may arise due to noise within 𝑖. In such cases, (𝑈2, 𝑉2,
𝜔2) should be excluded from the construction of the weighted fuzzy 
concept space.

From the above, it is clear that the threshold 𝜀 plays a crucial 
role in controlling the scale of the concept space assigned weights. As 
𝜀 increases, the resulting space becomes smaller. The procedure for 
updating this space is described in Algorithm 2.

Algorithm 2: Updating the Fuzzy Concept Space Assigned 
Weights

Input: An initial weighted fuzzy concept space  and a 
threshold 𝜀.

Output: An updated weighted fuzzy concept space 𝜀.
1 for 𝑖 ∈  do
2 for (((𝑣𝑡)),(𝑣𝑡), 𝜔𝑡) ∈ 𝑖 do
3 Initialize 𝜀

𝑖,𝑡 ← ∅;
4 if (((𝑣𝑗 )),(𝑣𝑗 ), 𝜔𝑗 ) is a fuzzy subconcept of 

(((𝑣𝑡)),(𝑣𝑡), 𝜔𝑡) within 𝑖 then
5 Compute 𝜂𝑖𝑡,𝑗 as defined in Definition  2;
6 if 𝜂𝑖𝑡,𝑗 > 𝜀 then
7 Add (((𝑣𝑗 )),(𝑣𝑗 ), 𝜔𝑗 ) to 𝜀

𝑖,𝑡;

8 𝜀
𝑖 ←

⋃

((𝑣𝑡))∈𝑖 
𝜀
𝑖,𝑡;

9 Set 𝜀 ← 𝜀
𝑖 ;

10 return 𝜀 = {𝜀
1 ,

𝜀
2 ,… ,𝜀

𝑡 }

Example 4.  Given a threshold of 𝜀 = 0.34, The similarity of the fuzzy 
concepts involving weights for 1 is calculated by: 𝜂11,2 = 0.341 > 0.34. 
Thus, 1 is updated to 𝜀

1 , which is represented as

𝜀
1 =

{
(

{𝑢1, 𝑢2, 𝑢3}, (0.08, 0.49), 0.0617
)

,
(

{𝑢1}, (0.12, 0.54), 0.0969
)

.

Similarly, the weighted fuzzy concept similarity for 2 is calculated 
as follows: 𝜂21,2 = 0.372 > 0.34, 𝜂21,3 = 0.374 > 0.34, 𝜂21,4 = 0.185 <
0.34, 𝜂22,3 = 0.333 < 0.34.

Therefore, 2 is updated to 𝜀
2 as

𝜀
2 =

⎧

⎪

⎨

⎪

⎩

(

{𝑢6}, (0.82, 0.51), 0.4352
)

,
(

{𝑢5, 𝑢6}, (0.69, 0.42), 0.3429
)

,
(

{𝑢6, 𝑢8}, (0.79, 0.35), 0.3709
)

.

Definition 3.  Let (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ) be a fuzzy formal decision context, 
where 𝜔 representing the attribute weights. Assume that a weighted 
fuzzy subspace 𝑖

𝜀 contains fuzzy concepts (𝑈1, 𝑉1, 𝜔1), (𝑈2, 𝑉2, 𝜔2),… ,
(𝑈𝑡, 𝑉𝑡, 𝜔𝑡), satisfying the hierarchical relation 𝑈1 ⊆ 𝑈2 ⊆ ⋯ ⊆ 𝑈𝑡. 
Under these conditions, (𝑈𝑡, 𝑉𝑡, 𝜔𝑡) is defined as the supremum concept. 
The evolving fuzzy concept with weights is then constructed in the 
following form: 

𝑈 𝜀
𝑖,𝑗 = 𝑈1 ∪ 𝑈2 ∪⋯ ∪ 𝑈𝑡, (12)

𝑉 𝜀
𝑖,𝑗 =

1
2𝑡−1

(

𝑉1 + 𝑉2 + 2𝑉3 + 4𝑉4 +⋯ + 2𝑡−2𝑉𝑡
)

. (13)

The base-2 progressive weighting scheme assigns proportionally larger 
weights to larger extents while the normalization factor 1

2𝑡−1  keeps the 
computation in closed form.

Accordingly, (𝑈 𝜀
𝑖,𝑗 , 𝑉

𝜀
𝑖,𝑗 , 𝜔

𝜀
𝑖,𝑗 ) represents a progressive weighted fuzzy 

concept, where 𝜔𝜀
𝑖,𝑗 is computed as 

𝜔𝜀
𝑖,𝑗 =

1
|𝑈 |

∑

𝑥𝑖∈𝑋
𝑉 𝜀
𝑖,𝑗 (𝑥𝑖)𝜔(𝑥𝑖). (14)
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The overall space of evolving fuzzy concept with weights, denoted 
by 𝜀, can be described as a collection of subspaces {𝑀𝜀

1 ,𝑀
𝜀
2 ,… ,𝑀𝜀

𝑠 }, 
where each subspace is defined by 

𝑀𝜀
𝑖 = {𝑀𝜀

𝑖,𝑗 ∣ 𝑗 = 1, 2,… , 𝑚} = {(𝑈 𝜀
𝑖,𝑗 , 𝑉

𝜀
𝑖,𝑗 , 𝜔

𝜀
𝑖,𝑗 )}. (15)

Here, 𝑚 represents the total count of fuzzy concepts contained in the 
subspace 𝑖. The intent 𝑉 𝜀

𝑖,𝑗 quantifies the size of a progressive weighted 
fuzzy concept, where the weights assigned to intents vary based on their 
extents. Specifically, the extent 𝑈𝑖 has a direct influence on the weight 
assigned to its corresponding intent 𝑉𝑖, with larger extents contributing 
to greater weights. The total weight of all intents is normalized to 
1. Lastly, the procedure to compute the progressive weighted fuzzy 
concept space 𝜀 is detailed in Algorithm 3.

Algorithm 3: Constructing the Evolving Fuzzy Concept Space 
With Weights

Input: An updated fuzzy concept space with 
weights𝜀 = {𝜀

1 ,
𝜀
2 ,… ,𝜀

𝑡 } and a threshold 𝜀.
Output: The evolving fuzzy concept space with weights 

𝜀 = {𝑀𝜀
1 ,𝑀

𝜀
2 ,… ,𝑀𝜀

𝑡 }.
1 for 𝜀

𝑖 ∈ 𝜀 do
2 Initialize 𝑄𝑖, 𝑄̂𝑖, 𝑆̂𝑖 ← ∅;
3 for (((𝑣𝑗 )),(𝑣𝑗 ), 𝜔𝑗 ) ∈ 𝜀

𝑖  do
4 for (((𝑣𝑘)),(𝑣𝑘), 𝜔𝑘) ∈ 𝜀

𝑖  do
5 Set 𝑇𝑖,𝑗 ← ∅;
6 if (((𝑣𝑘)),(𝑣𝑘), 𝜔𝑘) is a sub-concept of 

(((𝑣𝑗 )),(𝑣𝑗 ), 𝜔𝑗 ) then
7 Update 𝑄𝑖 and 𝑇𝑖,𝑗 by adding 

(((𝑣𝑗 )),(𝑣𝑗 ), 𝜔𝑗 ) and (((𝑣𝑘)),(𝑣𝑘), 𝜔𝑘)
respectively;

8 Set 𝑇̂𝑖 ← 𝑇𝑖,𝑗 ;
9 for 𝑇𝑖,𝑛 ∈ 𝑇̂𝑖 do
10 if there exists exactly one concept (((𝑣𝑡)),(𝑣𝑡), 𝜔𝑡) in 

𝑄𝑖 such that all concepts in 𝑆𝑖,𝑛 are sub-concepts of 
(((𝑣𝑡)),(𝑣𝑡), 𝜔𝑡) then

11 Set 𝑆𝑖,𝑛 and 𝑄̂𝑖 ← {(((𝑣𝑡)),(𝑣𝑡), 𝜔𝑡)};

12 Compute the evolving weighted fuzzy concept 
(𝐸𝜀

𝑖,𝑛, 𝐹
𝜀
𝑖,𝑛, 𝜔

𝜀
𝑖,𝑛) as defined in Definition  3;

13 Set 𝑀𝜀
𝑖 ← (𝐸𝜀

𝑖,𝑛, 𝐹
𝜀
𝑖,𝑛, 𝜔

𝜀
𝑖,𝑛);

14 return 𝜀 = {𝑀𝜀
1 ,𝑀

𝜀
2 ,… ,𝑀𝜀

𝑡 }

Example 5.  According to Definition  3, the progressive weighted fuzzy 
concepts are as follows:

𝑀𝜀
1,1 =

(

{𝑥1, 𝑥2, 𝑥3}, (0.14, 0.76), 0.07136
)

;
𝑀𝜀

2,1 =
(

{𝑥5, 𝑥6, 𝑥5, 𝑥8}, (1.125, 0.495), 0.6357
)

.
Each decision class is associated with a single progressive weighted 

fuzzy concept. These concepts not only preserve the crucial infor-
mation but also eliminate unnecessary weighted fuzzy concepts, thus 
optimizing the efficiency of the CCL process.

3.3. Evolving weighted fuzzy concept-based incremental cognitive learning

In a fuzzy formal decision context (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ), the progressive 
weighted fuzzy concept space demonstrates strong performance in data 
classification. Determining the class label for a newly introduced object 
𝛥𝑢 presents a significant challenge that merits further exploration. Fur-
thermore, incorporating 𝛥𝑢 modifies the evolving fuzzy concept space 
with weights derived from the initial context. This subsection describes 
the incremental learning mechanism used to build the evolving fuzzy 
concept space with weights.
6 
Algorithm 4: Class Label Prediction
Input: The updated fuzzy concept space 

𝜀 = {𝑀𝜀
1 ,𝑀

𝜀
2 ,… ,𝑀𝜀

𝑡 } and new object 𝛥𝑢.
Output: Predicted class of 𝛥𝑢.

1 for 𝑀𝛿𝑖 ∈ 𝜀 do
2 for 𝑀𝜀

𝑖,𝑙 ∈ 𝑀𝜀
𝑖  do

3 Compute 𝑑(𝛥𝑢,𝑀𝜀
𝑖,𝑙) from Definition  4;

4 Find the minimum distance: 𝑚𝑑𝑖 = min(𝑑(𝛥𝑢,𝑀𝜀
𝑖,𝑙));

5 Identify the index 𝑖∗ = argmin𝑖∈{1,2,…,𝑡} 𝑚𝑑𝑖, where 𝑚𝑑𝑖 is the 
minimal distance for the 𝑖-th concept in 𝜀;

6 return Predicted label of 𝛥𝑢

3.3.1. Estimating class labels following the inclusion of new objects
Within a concept space, one can assess the similarity between 

objects by calculating the Euclidean distance based on their attribute 
characteristics. Simply put, a smaller distance corresponds to a greater 
similarity between the objects. Therefore, to label the new object 𝛥𝑢, it 
is essential to calculate the distance between 𝛥𝑢 and the fuzzy concept 
with weights in 𝜀.

Definition 4.  Consider a fuzzy formal decision context (𝑈, 𝑉 , 𝑆̃, 𝐷, 𝑇 ), 
where 𝜔 denotes a vector of attribute weights. For an object 𝛥𝑢 newly 
introduced into the system, with a membership value 𝑈̃ relative to 𝑆̃, 
the Euclidean distance calculated from 𝛥𝑢 to the 𝑙th evolving concept 
(𝑈 𝜀

𝑖,𝑙 , 𝑉
𝜀
𝑖,𝑙 , 𝜔

𝜀
𝑖,𝑙) within 𝑀𝜀

𝑖  is expressed as 

𝑑(𝛥𝑢,𝑀𝜀
𝑖,𝑙) =

√

∑

𝑏∈𝑀

(

𝜔(𝑏)
(

𝑉 (𝑏) − 𝑉 𝜀
𝑖,𝑙(𝑏)

))2
. (16)

The value of 𝑑(𝛥𝑢,𝑀𝜀
𝑖,𝑙) measures how similar 𝛥𝑢 is to the concept 

(𝑈 𝜀
𝑖,𝑙 , 𝑉

𝜀
𝑖,𝑙 , 𝜔

𝜀
𝑖,𝑙). A smaller value of this distance indicates a stronger 

similarity, whereas a larger value reflects a weaker similarity. Clas-
sification of 𝛥𝑢 follows the principle of selecting the concept with 
the smallest distance. If several distinct concepts share an identical 
minimum distance, 𝛥𝑢 is classified based on a recognition priority rule.

Example 6.  Within the fuzzy formal decision framework illustrated in 
Table  4, objects 𝑢1 through 𝑢8 are taken from Example  2, while 𝑢9 is a 
newly introduced object. For the object 𝑢9, the membership values with 
respect to 𝑆̃ are given as 𝑉 = (0.27, 0.65), and its true label is 0. The 
following step focuses on determining the Euclidean distance from 𝑢9
to the present evolving fuzzy concept space 𝜀 with weights, outlined 
below

𝑑(𝑢9,𝑀𝜀
1,1) = 0.0121, 𝑑(𝑢9,𝑀𝜀

2,1) = 0.553.

Here, the smallest distance occurs between 𝑢9 and 𝑀𝜀
1,1 within 𝜀, 

indicating that 𝑢9 should be assigned to decision class 𝐷1, which aligns 
with its true label of 0.

The subsequent section introduces Algorithm 4, which elaborates on 
the method for determining class labels upon the random addition of 
new objects.

3.3.2. Dynamic update approach for the evolving weighted Fuzzy concep-
tual space

Upon the addition of a new element 𝛥𝑢, the first step involves 
predicting its class label using Algorithm 4. Let the predicted label 
be 𝑐, which leads to 𝑈 ′

𝑐 = 𝑈𝑐 ∪ 𝛥𝑢. To avoid recomputing all the 
weighted fuzzy concepts within 𝑈 ′

𝑐 , Algorithm 5 presents a method for 
dynamically updating the evolving fuzzy concept space with weights.

The core idea behind this approach, especially in steps 3–9, assumes 
that the class label of 𝛥𝑢 is 𝑐. Initially, the weight vector is updated 
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Fig. 2. The process of constructing and updating the fuzzy concept space with weights.
Algorithm 5: Dynamic Update of Evolving Weighted Fuzzy 
Concepts with New Object Addition

Input: The fuzzy concept space with weights 
 = {1,2,… ,𝑡}, the evolving fuzzy concept space 
with weights 𝜀 = {𝑀𝜀

1 ,𝑀
𝜀
2 ,… ,𝑀𝜀

𝑡 }, the decision 
partition 𝑈∕𝐷 = {1,2,… ,𝑡}, the newly added 
object 𝜀𝑢, and the threshold 𝜀.

Output: The newly updated evolving fuzzy concept space with 
weights ̂𝜀 = {𝑀̂𝜀

1 , 𝑀̂
𝜀
2 ,… , 𝑀̂𝜀

𝑡 }.
1 for 𝜀𝑢 do
2 Compute the membership degree of 𝜀𝑢 to 𝑆̃, denoted as 𝐴̃;
3 Use Algorithm 4 to determine the class label of 𝜀𝑢, which is 

𝑐;
4 Update the weight vector 𝜔 and adjust the multi-attribute 

intent 𝐴̃ in 𝑀𝜀
𝑎  (𝑎 ≠ 𝑐);

5 Store the updated concept in 𝑀̂𝜀
𝑎 ;

6 Set ̂𝜀 ← 𝑀̂𝜀
𝑎 ;

7 Set ̂𝑐 ← ∅;
8 for 𝑢𝑐 ∈ 𝐷𝑐 do
9 if 𝑆̃(𝜀𝑢, 𝑣) ≥ 𝑆̃(𝑢𝑐 , 𝑣) for all 𝑣 ∈ 𝑉  then
10 Set 𝑢⋆⋆𝑐 ← 𝜀𝑢 and update ̂𝑐 ← (𝑢⋆⋆𝑐 , 𝑢⋆𝑐 , 𝜔𝑐 );

11 Update ̂𝑗 by computing (𝜀𝑢⋆⋆, 𝜀𝑢⋆, 𝜔);
12 Update the fuzzy concept space, resulting in ̂𝜀

𝑐  using 
Algorithm 2;

13 The updated evolving fuzzy concept space with weights is 
denoted as ̂𝜀

𝑐 , as defined in Definition  4;
14 return ̂𝜀 = {𝑀̂𝜀

1 , 𝑀̂
𝜀
2 ,… , 𝑀̂𝜀

𝑡 }

based on the newly introduced data. Following this, the recalculation 
of the attribute-based weight values for intents in 𝑀𝜀

𝑎  (with 𝑎 ≠ 𝑐) 
takes place. Subsequently, it becomes clear that 𝑀𝜀

𝑎  is transformed into 
𝑀̂𝜀

𝑎 . Let |𝑈 | and |𝑉 | denote the sizes of the object and attribute sets, 
respectively, and let |𝐷| represent the number of class labels, while 
|𝑎| corresponds to the size of the classification set within the decision 
partition. In this case, the computational complexity in the third step 
is given by: 𝑂

(

∑

|𝐷|

𝑎=1 |𝐷|(|𝑎|
2 + |𝑀𝜀

𝑎 |)
)

.
The primary distinction between the dynamic and static updat-

ing algorithms lies in how the newly generated weighted fuzzy con-
cept area ̂𝑐 is constructed. In the process of updating the fuzzy 
concept with weights for class 𝑎, the difference between 𝛥𝑢 and 𝑥𝑐
is first calculated, requiring 𝑂(|𝑉 |) time. Afterward, computing the 
extent of the updated fuzzy concept is carried out in 𝑂(|𝑉 |(|𝑈 | −
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𝑢⋆⋆𝑐 )). Therefore, the time complexity for steps 4–9 can be written 
as: 𝑂

(

∑
|𝑐 |
𝑐=1 |𝑉 |

(

1 + (|𝑈 | − 𝑢⋆⋆𝑐 )
)

)

. In contrast, the static updating ap-
proach necessitates a full recalculation of all fuzzy concepts with 
weights, resulting in a time cost of: 𝑂 (

|𝑉 |(1 + |𝑈 |

2)
)

. To summarize, 
the overall time complexity for Algorithm 5 can be expressed as:

𝑂

(

|𝐷|

∑

𝑎=1
|𝐷|

(

|𝑎|
2 + |𝑀𝜀

𝑎 |
)

+
|𝑐 |
∑

𝑐=1
|𝑉 |

(

1 + (|𝑈 | − 𝑢⋆⋆𝑐 )
)

)

.

From the analysis above, it is clear that the dynamic updating 
approach for the evolving weighted fuzzy concept space not only im-
proves learning efficiency but also reduces the number of unnecessary 
iterations, as compared to the static updating method.

The effective integration of new objects with the foundational evolv-
ing fuzzy concept space with weights is a critical challenge in incremen-
tal learning, which warrants further exploration. Initially, the label of 
each newly introduced unlabeled data point is determined, after which 
the evolving fuzzy concept space is updated for incremental learning. 
This procedure utilizes a mechanism for dynamic updates based on 
concept learning, which effectively leverages the information granu-
larity of the newly introduced object, enhancing classification under 
uncertainty and greatly improving classification efficiency. Algorithm 
6 introduces a mechanism for dynamically updating the multi-object 
evolving fuzzy concept space with weights.
Algorithm 6: Adaptive Update of Evolving Weighted Fuzzy 
Concepts with the Addition of Multiple Objects

Input: The weighted fuzzy concept space  = {1,2,… ,𝑡}, 
the evolving fuzzy concept space with weights 
𝜀 = {𝑀𝜀

1 ,𝑀
𝜀
2 ,… ,𝑀𝜀

𝑡 }, the decision partition 
𝑈∕𝐷 = {1,2,… ,𝑡}, the newly added object set 
𝐴 = {𝐴1, 𝐴2,… , 𝐴𝑘}, and threshold 𝜀.

Output: The updated evolving weighted fuzzy concept space 
̂𝜀 = {𝑀̂𝜀

1 , 𝑀̂
𝜀
2 ,… , 𝑀̂𝜀

𝑡 } along with the class labels of 
the added objects.

1 for 𝐴𝑖 ∈ 𝐴 do
2 for 𝑎𝑗 ∈ 𝐴𝑖 do
3 Determine the class label 𝑐𝑖,𝑗 of 𝑎𝑗 using Algorithm 4, 

and set (𝑖, 𝑗) = 𝑐𝑖,𝑗 ;
4 Apply Algorithm 5 for updating the evolving weighted 

fuzzy concept space, resulting in 
̂𝜀 = {𝑀̂𝜀

1 , 𝑀̂
𝜀
2 ,… , 𝑀̂𝜀

𝑡 };

5 return The class labels of 𝐴 and the updated space ̂𝜀

As illustrated in Fig.  2, starting from a fuzzy formal decision con-
text that includes a set of decision attributes, both the fuzzy concept 
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Table 5
Introduction to the speech datasets used in this study.
 Dataset Language Speakers Total samples Emotions Ref. Download 
 EMO-DB German 10 (5M, 5F) 535 7 Burkhardt et al. (2005) Download 
 RAVDESS English 24 (12M, 12F) 1440 8 Livingstone and Russo (2018) Download 
 SAVEE English 4 (Male) 480 7 Jackson and Haq (2014) Download 
 CASIA Chinese 4 (2M, 2F) 1200 6 Y. Li et al. (2017) Download 
subspace with assigned weights and the traditional decision concept 
space can be generated. To further refine the classification process, the 
updated fuzzy concept space, which incorporates importance factors, 
is introduced based on Definition  3. Each subspace, characterized by 
specific weights, is then linked to a distinct class label. In alignment 
with human cognitive processes, a refined fuzzy concept, adjusted for 
intensity, is created to remove any redundant information. For classi-
fying multiple objects, their respective labels are identified within the 
newly constructed fuzzy concept space, which is organized according 
to priority. Consequently, the incremental learning strategy enhances 
classification precision by systematically integrating fresh data. 

4. Experimental analysis

The SER framework is composed of two primary elements. One com-
ponent is the preprocessing module, responsible for extracting relevant 
features from the speech data in the dataset. The other component is the 
classifier, which applies these features to perform the speech emotion 
recognition task. In this section, we describe in detail the benchmark 
datasets used, the specific process of feature extraction, the process of 
training the model and the specific implementation parameters set to 
ensure the reproducibility of the experimental results.

4.1. Public datasets of speech emotion

To ensure reproducibility and comprehensively validate the pro-
posed model, we briefly describe the benchmark datasets used in this 
study. For a more nuanced evaluation of the proposed model, four 
datasets are used in this study: EMO-DB, SAVEE, RAVDESS, and CASIA 
covering three languages: English, German, and Chinese. These datasets 
are briefly described in the following.

4.1.1. The Berlin Emotional Speech Database (EMO-DB)
The Berlin Emotional Speech Database (Burkhardt et al., 2005) is 

widely recognized as the most prominent and extensively employed 
dataset within the research community focusing on Speech Emotion 
Recognition (SER). Speech samples are recorded at a frequency of 
16 kHz with a precision of 16-bit depth. The database contains 535 
recordings in German, which are categorized into seven distinct emo-
tion types: ‘‘anger’’, ‘‘fear’’, ‘‘sadness’’, ‘‘happiness’’, ‘‘disgust’’, ‘‘bore-
dom’’ and ‘‘neutral’’ (Ahmed et al., 2023). However, this dataset ex-
hibits class imbalance, as anger samples significantly outnumber other 
emotional classes.

4.1.2. The Ryerson Audio-Visual Database of Emotional Speech and Song 
(RAVDESS)

RAVDESS (Livingstone and Russo, 2018) is a widely used dataset 
for SER tasks. It comprises English sentences performed by 12 male 
and 12 female actors, showcasing eight distinct emotional expressions 
through audio and video recordings. In this study, only audio samples 
were used. The dataset contains 1440 audio files with a sampling 
rate of 48 kHz, with each actor participating in 60 trials. The sample 
employed in this study encompasses the following eight emotion cat-
egories: ‘‘sad’’, ‘‘happy’’, ‘‘angry’’, ‘‘calm’’, ‘‘fear’’, ‘‘surprise’’, ‘‘disgust’’ 
and ‘‘neutral’’. While the dataset is generally balanced, the ‘‘neutral’’ 
category contains slightly fewer samples than other categories.
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4.1.3. The Surrey Audio-Visual Expressive Emotion Dataset (SAVEE)
The SAVEE dataset (Jackson and Haq, 2014) contains 480 record-

ings from four British male actors aged 27–31, spanning seven emotion 
categories: ‘‘anger’’, ‘‘happiness’’, ‘‘neutrality’’, ‘‘disgust’’, ‘‘sadness’’, 
‘‘fear’’ and ‘‘surprise’’. All recordings were captured at 44.1 kHz with 
16-bit precision. However, this dataset exhibits class imbalance, as 
the ‘‘neutral’’ category contains nearly twice the samples of other 
categories. Only speech audio samples were used in this study.

4.1.4. The CASIA Chinese Emotion Corpus (CASIA)
The CASIA dataset (Y. Li et al., 2017), created by the Institute 

of Automation, Chinese Academy of Sciences, includes 1200 Chinese 
speech examples. Each recording was captured at 16 kHz and encoded 
with 16-bit precision. The dataset covers 6 emotion categories: ‘‘anger’’, 
‘‘fear’’, ‘‘happiness’’, ‘‘calm’’, ‘‘sadness’’, and ‘‘surprise’’. Each of the four 
actors recited 300 sentences from the same text and 100 sentences 
from different texts. The acquired speech signal is almost noise-free and 
of high quality. This dataset does not suffer from the class imbalance 
problem and there are 200 samples for each sentiment category. Table  5 
shows an introduction to each speech dataset and the official download 
link.

4.2. Feature extraction

The effectiveness of SER systems heavily relies on the richness and 
accuracy of emotion-related characteristics derived from audio signals. 
High-quality features can reveal deep emotional patterns in speech, 
thereby helping the model to achieve more accurate emotion classifi-
cation. The hand-crafted features contain rich emotional information, 
including both local instantaneous features and global vocal character-
istics. In this study, we first extracted five different spectral features as 
input to the SER model. These features include mel-frequency cepstral 
coefficients (MFCC), log-mel spectrogram (LMS), zero crossing rate 
(ZCR), chromagram, and root mean square values (RMS).

After the initial feature extraction, we further integrate the self-
attention mechanism to refine these features. By leveraging this mech-
anism, we can efficiently capture the relationships and dependencies 
between the features. This process not only improves the expression 
ability of features, but also mines the potential global context infor-
mation, which provides more accurate input for sentiment classifica-
tion. The self-attention mechanism enables the model to dynamically 
adjust the weight between different features, highlighting the most 
discriminative signals in emotion variations and ultimately optimizing 
classification accuracy. The following presents a brief summary of the 
features extracted.

4.2.1. Mel-frequency cepstral coefficients (MFCC)
MFCC is ubiquitous in speech and audio technology, and is used in 

applications such as automatic speech recognition, language identifica-
tion (Joysingh et al., 2025). Research has shown that the human ear has 
varying sensitivity to different frequencies, especially within the 200 Hz 
to 5000 Hz range, which is crucial for speech clarity. Specifically, 
when there is a significant difference in the loudness of two frequency 
components, the louder component tends to mask the quieter one, a 
phenomenon known as the ‘‘masking effect.’’ The advantage of MFCC 
lies in its independence from the specific nature of the input signal, 
without making additional assumptions or restrictions.

http://emodb.bilderbar.info/docu/
https://zenodo.org/record/1188976
http://kahlan.eps.surrey.ac.uk/savee/
https://gitcode.com/open-source-toolkit/bc5e6
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Fig. 3. Visualization of acoustic features for selected emotions. (a) Waveform and (b) MFCC of disgust. (c) Waveform and (d) Spectrogram of happiness. (e) 
Waveform and (f) Chromagram of sadness. High-arousal emotions exhibit sharp energy bursts, while sadness shows a flatter envelope.
The process of calculating MFCC involves several key steps: Initially, 
pre-emphasis is applied to enhance the high-frequency components of 
the speech signal, improving the signal-to-noise ratio, especially when 
the high-frequency components are weak. The signal is then segmented 
into short frames, with each frame typically lasting between 20 ms and 
40 ms, and a 50% overlap between adjacent frames. Subsequently, the 
fast Fourier transform (FFT) is applied to convert each frame from the 
time domain to the frequency domain (Khare et al., 2024), thereby 
extracting spectral information. This transformation is accomplished by 
multiplying each sample of the signal by a corresponding complex ex-
ponential factor and summing over all samples to obtain the amplitude 
of the frequency components. Specifically, for a discrete signal 𝑥[𝑚] of 
length 𝑀 , the FFT process is defined by the following Eq. (17). 

𝑋[𝜅] =
𝑀−1
∑

𝑚=0
𝑤[𝑚] ⋅ 𝑥[𝑚] ⋅ 𝑒−𝑗

2𝜋
𝑀 𝜅𝑚, 𝜅 = 0, 1, 2,… ,𝑀 − 1, (17)

where 𝑥[𝑚] is the time-domain signal, 𝑋[𝜅] is the frequency-domain 
signal, and 𝑀 is the length of the signal (El Ayadi et al., 2011). To avoid 
spectral leakage, every frame is windowed using a window function. 
Common window functions include rectangular windows, Hamming 
windows, and Hanning windows (Wagner et al., 2023). The Hamming 
window 𝑤[𝑚] is defined as in Eq. (18): 

𝑤[𝑚] = 0.54 − 0.46 cos
( 2𝜋𝑚
𝑀 − 1

)

, 𝑚 = 0, 1, 2,… ,𝑀 − 1. (18)

Once each frame is processed with a windowing function, the FFT 
is performed to extract the frequency spectrum. The mel filter bank is 
subsequently employed to mimic the human ear’s frequency perception 
characteristics, transforming the speech signal’s frequency spectrum 
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into the mel frequency scale, as defined by Eq. (19): 

𝑓𝑀𝑒𝑙 = 2590 log10

(

1 +
𝑓
700

)

, (19)

here, 𝑓 is the physical frequency and 𝑓𝑀𝑒𝑙 represents the mel frequency 
scale.

4.2.2. Chroma features
Chroma features include chroma vector and chromagram, two con-

cepts that are commonly used as feature representations in audio 
analysis. The chrominance vector consists of 12 elements, each repre-
senting the energy of 12 pitches in a specific time period, say a frame. 
The values of these elements are calculated by accumulating the energy 
of pitches of different octaves. Chrominance features are highly robust 
to timbre variations and can effectively extract and represent harmonic 
and melodic structures in music. It is unique in that notes that differ 
in pitch by an octave are perceived by the human ear to be similar 
in timbre. Therefore, pitch can be understood and analyzed in two 
dimensions: pitch itself and chrominance. In this study, we extracted 
12 chrominance features from each audio file for further analysis.

4.2.3. Log-mel spectrogram (LMS)
The log-mel spectrogram is a widely used audio feature extrac-

tion method in speech recognition and voiceprint recognition. In this 
method, the audio signal is first preprocessed and Fourier transformed, 
and then the mel filter bank is used to extract the energy in different 
frequency bands. Then, the feature map that can effectively reflect the 
audio frequency distribution is generated by logarithmic transforma-
tion and normalization. Compared with traditional feature extraction 
methods, log-mel spectrogram shows higher robustness and accuracy in 
speech recognition tasks. In this study, we extracted 128-dimensional 
LMS features from each audio file for subsequent analysis.
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Fig. 4. The module structure of self-attention. The 155-dimensional input features pass through four stacked self-attention blocks and are compressed to a 
64-dimensional representation for the ERT-WFCCL classifier.
4.2.4. Zero crossing rate
Zero crossing rate (ZCR), a frequently used feature in audio signal 

processing, represents the count of instances where a signal crosses the 
zero value within a specific time interval. Specifically, ZCR quantifies 
how often an audio signal transitions between positive and negative 
polarities, providing insight into the signal’s spectral properties. ZCR 
is widely used in many tasks, such as speech and silence discrimi-
nation, pitch variation and timbre analysis. In the task of SER, ZCR 
can effectively capture the frequency fluctuations of the speech sig-
nal and is particularly significant in distinguishing various emotions. 
Emotional changes directly affect the speaker’s pronunciation char-
acteristics. For instance, high-arousal emotions, like frustration and 
enthusiasm, often exhibit swift variations in frequency and high en-
ergy, whereas low-arousal emotions, such as calmness and sadness, 
are marked by slow and steady frequency fluctuations. Integrated with 
additional attributes, like pitch and intensity, ZCR can provide richer 
input information for emotion recognition models, thereby enhancing 
the precision of emotion detection.

4.2.5. Root mean square value
RMS is a commonly used feature in signal processing that represents 

the mean power or magnitude of a signal. It reflects the signal’s overall 
power by computing the root of the mean squared amplitude over a 
given time interval. It is calculated as follows: 

𝑅𝑀𝑆 =

√

√

√

√
1
𝑁

𝑁
∑

𝑛=1
𝑥2𝑛, (20)

where 𝑁 is the total number of samples in the signal, and 𝑥𝑛 denotes the 
magnitude of the 𝑛 sampling point. The RMS of the signal was obtained 
by squaring the amplitude of each sampling point and calculating the 
mean value after taking the square root. In speech signal processing, 
RMS is often used to evaluate the energy of audio signals, especially 
for measuring the loudness and dynamic range of speech. In emotion 
recognition, RMS reveals the energy differences of speech signals under 
different emotional expressions. For instance, emotions with intense 
energy like anger and enthusiasm are typically associated with ele-
vated RMS levels, while low-energy emotions such as tranquility and 
melancholy, tend to exhibit reduced RMS levels. Therefore, RMS, as an 
energy feature, can effectively improve the accuracy of speech emotion 
recognition. The total number of features extracted in this study is 13 
MFCCs, 12 chromagrams, 128 LMS, and two ZCR and RMS, forming an 
initial feature vector of dimension 155 (128 + 13 + 12 + 1 + 1 = 155).

Fig.  3 displays random waveforms from the datasets. Associated 
spectrogram, MFCC, and chromagram features are also provided for 
different emotional states. The waveforms of disgust and happiness 
show sharp energy bursts. Sadness presents a flatter and wider en-
ergy envelope. These changes over time are mapped across frequency 
bands by the spectral features. The visual patterns reveal an uneven 
distribution of emotional cues across the speech signal. Important 
acoustic information is often concentrated in short frames. Silence or 
background noise fills the remaining parts. A direct combination of 
raw features fails to capture these dynamic changes. The proposed 
self-attention mechanism assigns higher weights to the most expressive 
frames. Redundant segments are filtered out by this module before the 
refined features enter the cognitive classifier.
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4.2.6. Self-attention
A feature refinement module based on self-attention is integrated 

into the model. This design effectively captures inherent temporal 
dependencies over long distances in speech signals and extracts deep 
emotional cues. Through a network structure composed of multiple 
layers, low-level descriptors are transformed into abstract feature repre-
sentations with higher discriminative power. Given the variable length 
of speech signals and the limitations of traditional absolute position 
coding, the module incorporates the rotary position embedding (RoPE) 
strategy. Standard approaches often rely on stacking absolute position 
vectors directly. Addressing this limitation, RoPE encodes position data 
into a block diagonal rotation matrix, which then acts on both the query 
and key vectors. This ensures that the calculation of attention scores 
depends entirely on the relative distance between tokens. By building 
explicit relative position awareness into the system, temporal dynamics 
between speech frames are captured with greater precision.

The main structure of the model consists of four stacked self-
attention blocks. Each block contains a multi-head attention mechanism 
and a feed-forward neural network, and uses residual connections to 
promote gradient propagation (Vaswani et al., 2017). The input 155-
dimensional acoustic features are first mapped to the high-dimensional 
space by linear projection, and then the features are reconstructed 
by four self-attention layers in turn. In this process, the feature di-
mension is gradually extended to 512 dimensions. This progressive 
dimension expansion strategy helps the model decouple complex emo-
tional features in higher dimensional semantic space. After deep feature 
interaction and fusion, in order to adapt to the subsequent weighted 
fuzzy concept cognitive learning classifier and reduce the computa-
tional complexity, the high-dimensional features are compressed into 
a compact 64-dimensional representation in the output layer. Fig.  4 
visually shows the complete architecture of the module with the data 
flow.

4.3. Model classification

The final stage maps the extracted deep features into the fuzzy 
concept space for classification using the proposed ERT-WFCCL model. 
Before the features are passed to the concept-cognitive layer, each 
conditional attribute is rescaled to the unit interval so that membership 
values across attributes are directly comparable. The rescaling adopted 
in this work is min–max normalization, defined as follows: 

𝛽(𝜇, 𝜈) =
𝜌(𝜇, 𝜈) − 𝜌min(𝜈)
𝜌max(𝜈) − 𝜌min(𝜈)

, (21)

where 𝛽(𝜇, 𝜈) indicates the value of object 𝜇 corresponding to attribute 
𝜈, and 𝜌max(𝜈) as well as 𝜌min(𝜈) denote the maximum and minimum 
values of 𝜈, respectively. Eq. (21) is therefore a normalization step. 
Consequently, the fuzzy aspect of the present framework should be 
understood as structural. The graded behavior of the classifier comes 
from the hierarchical concept space, the similarity threshold 𝜀, and the 
progressive concept aggregation in Definition  3. 

The normalized data are then fed into a weighted fuzzy concept 
cognitive learning classifier. The extremely random tree algorithm is 
used to calculate the feature importance to guide the construction of 
weighted fuzzy concept lattice. A key hyperparameter in this process is 
the similarity threshold 𝜖, which controls the granularity of the concept 
space. In this study, we dynamically optimize 𝜖 in the range of [0.1, 0.9]
to balance the generalization ability and discriminative accuracy of the 
model.
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4.4. Implementation details

To ensure the reproducibility of our work and provide a comprehen-
sive understanding of the experimental process, this section details the 
hardware and software configurations, as well as the specific training 
strategies and hyperparameter settings employed in this study.

4.4.1. Experimental setup
All experiments were completed on a computer equipped with an 

Apple M2 processor and 8 GB of memory running macOS Ventura 
13.4 operating system. We build deep learning and CCL models based 
on Python 3.11.7 language and PyTorch framework, and use Librosa 
library to extract audio features. We fixed the random seed to ensure 
the reproducibility of the experimental results. The global random seed 
value is set to 42 for all backends in Python and the NumPy library and 
PyTorch framework.

4.4.2. Training strategy
In this study, stratified 10-fold cross-validation was adopted to 

ensure the fairness of model comparison and the robustness of eval-
uation results. By strictly keeping the sample proportion of each class 
consistent with the original data set, this strategy effectively eliminates 
the possible bias caused by random division in imbalanced data sets.

The training of the self-attention network is based on the Adam 
optimizer, and the parameters are set to 𝛽1 = 0.9, 𝛽2 = 0.999, and 𝜖 =
10−8. For the optimization of the convergence process, we introduce the 
Cosine Annealing Learning Rate Schedule strategy, which dynamically 
adjusts the learning rate 𝜂𝑡 of the current round 𝑡 according to the 
following equation: 

𝜂𝑡 = 𝜂𝑚𝑖𝑛 +
1
2
(𝜂𝑚𝑎𝑥 − 𝜂𝑚𝑖𝑛)

(

1 + cos
(

𝑇𝑐𝑢𝑟
𝑇𝑚𝑎𝑥

𝜋
))

, (22)

where 𝜂𝑚𝑎𝑥 = 10−5 and 𝜂𝑚𝑖𝑛 = 10−7. We set the batch size to 32 and the 
maximum number of training rounds to 10,000 with an early stopping 
mechanism.

In view of the class imbalance in EMO-DB and SAVEE datasets, the 
standard cross-entropy Loss is replaced by Focal Loss, which is defined 
as follows: 

𝐹𝐿(𝑝𝑡) = −𝛼(1 − 𝑝𝑡)𝛾 log(𝑝𝑡), (23)

where 𝑝𝑡 represents the predicted probability of the true class. By 
setting the focus parameter to 𝛾 = 2.0 and the balance parameter to 
𝛼 = 0.25, the model is forced to pay more attention to samples that are 
difficult to classify. In addition, we impose an L1 regularization on the 
model weights 𝑤 to promote model sparsity and suppress overfitting 
according to the following equation: 

𝐿𝑟𝑒𝑔 = 𝜆
∑

𝑖
|𝑤𝑖|. (24)

The regularization factor 𝜆 is set to 0.001.
The self-attention front-end uses 8 heads per layer, a hidden di-

mension of 512, and a dropout rate of 0.1, with residual connections 
and layer normalization between blocks. Early stopping is triggered 
when the validation loss does not decrease for 50 consecutive epochs. 
The ERT classifier is implemented with the scikit-learn defaults: 100 
trees, no maximum depth, a minimum of 2 samples to split an internal 
node, a minimum of 1 sample at a leaf, and the Gini criterion for split 
quality. Stratified 10-fold splits are generated once with the fixed seed 
and reused across all classifiers compared in Section 5. Within each 
iteration, the training folds are further split into a model fitting set 
for the ERT classifier and a validation set for the SA frontend early 
stopping, strictly ensuring that the test fold remains completely unseen 
during all training and feature refinement phases.
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5. Results and discussion

In the speech emotion classification task, performance evaluation 
centers on metrics derived from the confusion matrix. Following the 
refinement of LLD based acoustic features through the SA mechanism, 
this section presents a granular analysis of the experimental outcomes. 
We benchmark the proposed ERT-WFCCL against a comprehensive suite 
of models, including classical neural networks (CNN, RNN, DNN) and 
mainstream machine learning methods (SVM, LR, KNN, NB, RF, LDA, 
DT). All baselines in this section share the SA-refined feature space 
with ERT-WFCCL. This protocol is designed to compare classifiers on a 
common feature representation; it is not an end-to-end comparison of 
deep models in their native operating regime, since deep classifiers such 
as CNN and RNN are typically designed to ingest raw acoustic input 
together with their own representation learning stages. The reported 
numbers should therefore be interpreted as the relative behavior of 
different classifier heads on shared SA features, not as the upper-
bound performance of those deep architectures on these benchmarks. 
End-to-end comparisons with self-supervised speech models such as 
wav2vec 2.0 (Baevski et al., 2020) and HuBERT (Hsu et al., 2021) are 
an important complementary evaluation that we do not pursue in the 
present work.

Two further structural facts should be kept in mind throughout this 
section. First, the LMS feature group dominates the input on EMO-DB. 
LMS alone reaches 77.45% accuracy and accounts for 72.6% of the ERT 
importance mass, while the full pipeline reaches 81.11%. Removing 
LMS drops the accuracy by 11.3 percentage points. The framework 
therefore operates by refining an already strong spectral representation. 
Second, the SA frontend accounts for the larger share of the improve-
ment over a softmax baseline by 2.55 percentage points, whereas the 
ERT-WFCCL classifier on top of SA features adds a smaller incremental 
margin of 0.38 percentage points. These observations frame the rest 
of this section, as ERT-WFCCL is most usefully read as a lightweight 
classifier head with a traceable decision path.

5.1. Evaluation metrics

In our research, we assess the effectiveness of various algorithms 
using key evaluation metrics, including Accuracy, Precision, Recall, 
and Macro-F1. They are particularly important in the presence of class 
imbalance, as they offer a thorough evaluation of model performance. 
For each emotional label 𝐿𝑖, the evaluation depends on four terms: 
true positives (TP), true negatives (TN), false positives (FP), and false 
negatives (FN). Each metric is calculated based on the counts of these 
terms for each class label 𝐿𝑖.

Accuracy represents the overall efficiency of the SER classifier, 
measuring the fraction of examples that the model correctly predicted. 
It is calculated as follows 

Accuracy =
∑

𝑖(TP𝑖 + TN𝑖)
∑

𝑖(TP𝑖 + TN𝑖 + FP𝑖 + FN𝑖)
. (25)

Precision is the fraction of examples predicted to be positive that 
are actually positive. It is calculated as follows 

Precision =
∑

𝑖 TP𝑖
∑

𝑖(TP𝑖 + FP𝑖)
. (26)

Recall represents the fraction of instances that were actually positive 
and were correctly identified as positive. It is calculated as follows 

Recall =
∑

𝑖 TP𝑖
∑

𝑖(TP𝑖 + FN𝑖)
. (27)

Macro-F1 is the harmonic mean of precision and recall, which 
combines the two into a single comprehensive metric, especially for 
class imbalance problems. In multi-class emotion recognition tasks, F1 
score can capture the characteristics of precision and recall at the same 
time. It is calculated as follows 

F1-score𝑚𝑎𝑐𝑟𝑜 = 2 ⋅
∑

𝑖 Precision𝑖 ⋅
∑

𝑖 Recall𝑖
∑ ∑ . (28)
𝑖 Precision𝑖 + 𝑖 Recall𝑖
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Table 6
Performance of different models on EMO-DB, RAVDESS, SAVEE and CASIA datasets (Accuracy, Precision, Recall, 
F1).
 Model Dataset Accuracy Precision Recall Macro-F1 
 
ERT-WFCCL (Ours)

EMO-DB 81.11 81.12 81.12 80.99  
 RAVDESS 66.32 66.16 66.32 65.36  
 SAVEE 74.58 76.09 74.58 74.05  
 CASIA 76.58 76.51 76.58 76.49  
 
CNN

EMO-DB 77.75 77.90 77.76 77.50  
 RAVDESS 64.93 64.74 64.93 64.55  
 SAVEE 74.37 75.18 74.37 73.98  
 CASIA 71.75 71.87 71.75 71.33  
 
RNN

EMO-DB 68.43 68.33 68.41 67.83  
 RAVDESS 65.06 62.39 65.06 63.29  
 SAVEE 69.37 70.30 69.37 68.27  
 CASIA 43.50 44.85 43.50 43.22  
 
DNN

EMO-DB 67.87 67.95 67.89 67.32  
 RAVDESS 64.51 62.24 64.51 62.13  
 SAVEE 66.04 67.12 66.04 63.29  
 CASIA 75.41 75.73 75.41 75.37  
 
SVM

EMO-DB 74.18 74.26 74.21 73.47  
 RAVDESS 57.43 61.79 57.43 59.16  
 SAVEE 71.04 72.30 71.04 69.07  
 CASIA 77.83 77.86 77.83 77.78  
 
LR

EMO-DB 72.89 72.51 72.90 72.37  
 RAVDESS 66.11 65.98 66.11 65.78  
 SAVEE 72.50 72.48 72.50 71.90  
 CASIA 77.41 77.63 77.41 77.50  
 
KNN

EMO-DB 68.58 68.53 68.60 68.48  
 RAVDESS 59.86 60.16 59.86 59.30  
 SAVEE 68.12 68.11 68.12 67.39  
 CASIA 68.66 69.82 68.66 68.05  
 
NB

EMO-DB 47.09 53.56 47.10 46.34  
 RAVDESS 39.86 43.91 39.86 38.53  
 SAVEE 49.79 51.59 49.79 47.39  
 CASIA 47.16 51.20 47.16 46.09  
 
RF

EMO-DB 69.70 68.84 69.72 68.34  
 RAVDESS 61.04 61.84 61.04 60.33  
 SAVEE 72.70 73.87 72.70 71.90  
 CASIA 72.66 72.24 72.66 72.38  
 
LDA

EMO-DB 71.42 71.19 71.40 71.24  
 RAVDESS 60.00 61.39 60.00 59.92  
 SAVEE 49.37 46.91 49.37 46.82  
 CASIA 75.16 76.05 75.16 75.35  
 
DT

EMO-DB 54.74 54.05 54.77 54.33  
 RAVDESS 40.83 40.99 40.83 40.86  
 SAVEE 55.41 56.84 55.41 55.40  
 CASIA 56.33 56.33 56.33 56.30  
5.2. Comparative analysis of classification performance

The accuracy, precision, recall, and F1 score of each method across 
the four datasets are summarized in Table  6, where all classifiers are 
trained on the same self-attention features. ERT-WFCCL achieves the 
best accuracy on EMO-DB and SAVEE, and yields 66.32% on RAVDESS, 
close to the 66.11% obtained by LR. On CASIA, its score of 76.58% 
trails SVM and LR by roughly one percentage point. These results sug-
gest that the fuzzy concept space is particularly useful when emotion 
categories overlap in the feature space. For EMO-DB and SAVEE, where 
several emotions share similar arousal levels, fuzzy membership offers 
a softer decision boundary than hyperplane-based classifiers. CASIA 
samples, by contrast, are acoustically cleaner and can be well separated 
by linear models, so the concept layer brings little additional benefit 
on this dataset. The confusion matrices on EMO-DB are presented 
in Fig.  5. ERT-WFCCL attains high true positive rates for Anger and 
Sadness, while most of the remaining errors occur between Happiness 
and Anger, two high-arousal emotions with similar spectral envelopes.

Table  7 breaks down the EMO-DB performance by emotion class. 
Focal loss is used during feature extraction to give more weight to 
minority samples. Despite containing only 46 instances, the Disgust 
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Table 7
Class-wise performance metrics of the proposed ERT-WFCCL model on the 
EMO-DB dataset.
 Emotion Precision (%) Recall (%) F1-score (%) Support 
 Anger 87 91 89 127  
 Boredom 76 77 76 81  
 Disgust 76 74 75 46  
 Fear 75 84 79 69  
 Happiness 80 66 72 71  
 Sadness 89 87 88 62  
 Neutral 81 80 80 79  
 Accuracy 81.11 535  
 Macro Avg 80 80 80 535  
 Weighted Avg 81 81 81 535  

class still attains an F1 score of 75%, while majority classes such 
as Anger and Sadness reach 89% and 88%, respectively. The per-
class F1 scores fall within a relatively narrow range of 72% to 89%, 
indicating that the model does not collapse onto majority classes. A 
similar behavior is also observed on SAVEE, where the minority Neutral 
class does not dominate the predictions.
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Fig. 5. Confusion matrix of all the compared experimental models in the EMO-DB dataset.
The deep baselines exhibit larger performance swings across
datasets. CNN reaches 77.75% on EMO-DB and 74.37% on SAVEE, 
yet drops to 64.93% on RAVDESS, while RNN falls to 43.50% on 
CASIA. Such instability is commonly observed when deep classifiers are 
trained on small datasets containing only a few hundred to a thousand 
samples. By comparison, ERT-WFCCL remains within a narrower range 
of 66%–81% across the four datasets, partly because the fuzzy concept 
classifier has fewer trainable parameters than the deep baselines and 
is therefore less prone to overfitting on small folds. However, that the 
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stability reported here is measured within curated benchmarks and may 
not extend to naturalistic recording conditions.

Linear classifiers perform strongly on CASIA, with SVM and LR 
reaching 77.83% and 77.41% respectively, both slightly above ERT-
WFCCL at 76.58%. The gap is on the order of one percentage point, 
and the paired 𝑡-test in Section 5.4 returns 𝑝 = 0.34 for SVM and 
𝑝 = 0.54 for LR, indicating that the differences are not statistically 
significant. A plausible explanation is that CASIA samples are acous-
tically cleaner than those of the other three datasets, a condition that 
favors linear decision boundaries. The pattern is reversed on RAVDESS, 
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Table 8
Comparison of model performance under stratified 10-fold CV and leave-one-speaker-out (LOSO) CV strategies.
 Dataset Validation strategy Accuracy Precision Recall Macro-F1 Acc. Drop (Δ) 
 EMO-DB 10-Fold CV 81.11 81.12 81.12 80.99

↓ 1.30%  
 LOSO 79.81 79.71 79.81 79.56  
 RAVDESS 10-Fold CV 66.32 66.16 66.32 65.36

↓ 1.67%  
 LOSO 64.65 64.65 64.65 64.25  
 SAVEE 10-Fold CV 74.58 76.09 74.58 74.05

↓ 3.13%  
 LOSO 71.45 72.04 72.04 70.32  
 CASIA 10-Fold CV 76.58 76.51 76.58 76.49

↓ 3.92%  
 LOSO 72.66 72.24 72.66 72.38  
Table 9
Feature ablation on EMO-DB. Performance of individual LLD feature groups, 
full combination, and leave-LMS-out configuration. All settings share the same 
self-attention front-end and ERT-WFCCL classifier.
 Input Features (Dim) Accuracy (%) F1-score (%) 
 MFCC (13) 68.37 ± 4.20 64.85  
 LMS (128) 77.45 ± 6.40 72.99  
 Chromagram (12) 39.13 ± 5.65 34.14  
 ZCR + RMS (2) 45.83 ± 6.85 47.06  
 w/o LMS (27) 69.78 ± 3.60 67.53  
 ALL Combined (155) 78.56 ± 5.73 75.18  

Table 10
Impact of the self-attention module on EMO-DB.
 Model Accuracy (%) F1-score (%) 
 LLDs + SA 80.73 ± 4.75 80.55  
 LLDs + SA + ERT-WFCCL 81.11 ± 4.99 80.99  
 LLDs + ERT-WFCCL 78.56 ± 5.73 75.18  

where SVM drops to 57.43% and NB to 39.86%, whereas ERT-WFCCL 
maintains an accuracy of 66.32%. Linear boundaries appear to be a 
poor fit when acoustic variability is high; the fuzzy concept space copes 
better with such conditions, although it remains marginally below 
the linear baselines on the cleaner CASIA data. The framework also 
produces a decision trace for each sample. Each test sample is assigned 
to the nearest progressive weighted fuzzy concept according to the 
Euclidean distance defined in Eq. (16), and the contribution of each 
acoustic attribute to that distance is quantified by the ERT importance
weights. 
5.3. Speaker-independent evaluation

We conducted a leave-one-speaker-out (LOSO) cross-validation ex-
periment across the four datasets to evaluate the generalization capa-
bility of the model and verify that the classifier does not overfit to 
speaker-specific timbre characteristics. The experimental setup for both 
the SA feature extraction and the ERT-WFCCL classifier was identical 
to the stratified 10-fold cross-validation discussed previously. The key 
difference is that the LOSO strategy tests the model exclusively on 
unseen speakers.

As detailed in Table  8, accuracy decreases by 1.30% on EMO-DB, 
1.67% on RAVDESS, 3.13% on SAVEE, and 3.92% on CASIA when 
moving from stratified 10-fold to LOSO. The drops on SAVEE and 
CASIA are larger than those on the other two datasets, reflecting greater 
speaker variation in these corpora. The four benchmarks consist of 
acted speech recorded in controlled conditions.

5.4. Ablation studies and statistical significance

The contribution of each acoustic feature group is first examined on 
EMO-DB. Table  9 reports that LMS alone reaches 77.45% and stands 
out as the strongest single feature group. This is followed by MFCC at 
68.37%, while Chromagram and ZCR+RMS lag at 39.13% and 45.83% 
14 
respectively. Concatenating all groups raises the accuracy to 78.56%, 
and the full SA and ERT-WFCCL pipeline further pushes it to 81.11%. 
When LMS is removed from the full pipeline, the accuracy drops to 
69.78% and the F1 score to 67.53%. This decrease of 11.3 points 
confirms LMS as the carrier of the most discriminative signal. The full 
framework adds approximately 3.7 percentage points on top of using 
only LMS, increasing from 77.45% to 81.11%. This margin is the upper 
bound of what the SA frontend and ERT-WFCCL classifier can jointly 
contribute beyond the dominant feature family. Fig.  6 presents the ERT 
importance scores which paint a consistent picture. LMS accounts for 
72.6% of the total importance while occupying 82.5% of the input 
dimensions, and ZCR, although having only two dimensions, still ranks 
among the top 20. 

Table  10 separates the contributions of the SA module and the ERT-
WFCCL classifier on the EMO-DB dataset. Removing SA and feeding raw 
LLDs into ERT-WFCCL reduces the accuracy from 81.11% to 78.56%, 
resulting in a drop of 2.55 percentage points. Replacing ERT-WFCCL 
with a softmax head on top of the SA features only lowers the accuracy 
to 80.73%, a drop of 0.38 percentage points. This asymmetry indicates 
that the SA frontend is the dominant contributor on this dataset, while 
ERT-WFCCL provides a smaller incremental contribution along with a 
decision trace for each sample.

A limitation exists in the granularity of this ablation. The current 
design jointly varies two factors inside the classifier, namely the ERT 
derived attribute weights and the fuzzy concept structure including 
progressive concept aggregation, similarity threshold 𝜀, and nearest 
concept matching. The evaluation reports their joint effect against 
a softmax baseline. The ablation does not isolate the fuzzy concept 
structure from the ERT weighting itself. Comparing ERT-WFCCL to a 
softmax classifier on SA features confounds the contribution of the 
structured concept space with that of the weighted distance metric. 
A cleaner decomposition would compare the ERT weighted distance 
to the nearest concept, the ERT weighted distance to class centroids 
without concept structure, and the unweighted nearest concept match-
ing, all using the same SA features. Such a decomposition would clarify 
whether the small margin of 0.38 percentage points originates from the 
concept space or from the weighted distance, which remains a target 
for future work.

Two-tailed paired 𝑡-tests are applied to the fold-wise accuracies of 
each dataset, with Bonferroni correction at 𝛼 = 0.005 to account for 
the ten model comparisons per dataset. Table  11 lists the fold-wise 
accuracies on EMO-DB as an illustration, and the test results across all 
four datasets are summarized in Table  12.

As shown in Table  12, on EMO-DB ERT-WFCCL outperforms nine 
of the ten baselines at 𝛼 = 0.05 and eight of them under Bonfer-
roni correction. The single exception is the comparison against CNN. 
Although the mean accuracy gap of 3.36 percentage points is the 
largest improvement observed on this dataset against a strong deep 
baseline, the paired t test returns 𝑝 = 0.074, which does not reach the 
conventional 𝛼 = 0.05 threshold. The numerical advantage on EMO-DB 
therefore does not constitute a statistically established advantage over 
CNN, whereas the advantage against the remaining nine baselines is 
statistically supported.
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Fig. 6. ERT feature importance analysis on the EMO-DB dataset. Left: top 20 individual feature importance scores. Right: aggregated importance by feature group.
Table 11
The fold-wise accuracy (%) of different models on the EMO-DB dataset.
 Model Mean Acc Fold1 Fold2 Fold3 Fold4 Fold5 Fold6 Fold7 Fold8 Fold9 Fold10 
 ERT-WFCCL 81.11 81.48 81.48 81.48 83.33 83.33 77.36 90.57 75.47 84.91 71.70  
 CNN 77.75 79.63 79.63 83.33 70.37 79.63 71.70 79.25 77.36 83.02 73.58  
 RNN 68.43 64.81 64.81 64.81 61.11 74.07 75.47 73.58 69.81 73.58 62.26  
 DNN 67.87 61.11 61.11 74.07 62.96 72.22 75.47 66.04 67.92 77.36 60.38  
 SVM 74.18 75.93 75.93 79.63 70.37 81.48 71.70 75.47 77.36 71.70 62.26  
 LR 72.89 68.52 70.37 79.63 70.37 77.78 71.70 69.81 73.58 79.25 67.92  
 LDA 71.42 77.78 64.81 70.37 64.81 68.52 73.58 79.25 75.47 75.47 64.15  
 KNN 68.58 72.22 72.22 74.07 66.67 68.52 67.92 73.58 69.81 56.60 64.15  
 RF 69.70 75.93 74.07 74.07 61.11 72.22 67.92 69.81 73.58 69.81 58.49  
 Decision Tree 54.74 48.15 57.41 55.56 64.81 62.96 52.83 52.83 47.17 52.83 52.83  
 NB 47.09 40.74 42.59 51.85 46.30 62.96 49.06 32.08 52.83 49.06 43.40  
Performance on the other three datasets presents a different trend. 
On RAVDESS, the accuracy gaps are 0.21 percentage points against LR, 
1.25 against RNN, 1.39 against CNN, and 1.80 against DNN. These are 
all within two percentage points and none is statistically significant. 
On SAVEE, the gaps are 0.21 percentage points against CNN, 1.88 
against RF, 2.08 against LR, 3.54 against SVM, and 5.21 against RNN, 
which likewise fail to reach significance. On CASIA, ERT-WFCCL trails 
SVM by 1.25 percentage points and LR by 0.83 percentage points, 
and these differences are also not significant. Overall, significant gains 
are concentrated on EMO-DB and against weaker baselines. Against 
the strongest neural and linear competitors on RAVDESS, SAVEE, and 
CASIA, ERT-WFCCL is statistically indistinguishable from the leading 
method and marginally below it on CASIA. The cross dataset behavior 
indicates that ERT-WFCCL is competitive with the strongest baselines 
under the present protocol, achieving significantly better results than 
most competitors primarily on the EMO-DB dataset. 

Table  13 reports the single-fold training time and per-sample in-
ference time for all compared methods on the EMO-DB dataset to 
provide a practical assessment of computational efficiency. Note that 
all methods share the same SA-based feature extraction front-end, and 
only the classifier-specific costs are compared here.

Among all methods, ERT-WFCCL takes the longest to train, at 
22.54 s per fold, mainly because of the construction and traversal of 
the fuzzy concept space. Traditional machine learning methods finish 
training in under one second, and deep learning classifiers typically 
need 1–3 s. That said, training is a one-time offline expense and does 
not affect deployment. On the inference side, ERT-WFCCL processes 
each sample in about 33.56 ms, which is slower than traditional 
methods but still well below the 100-millisecond threshold generally 
considered acceptable for real-time human–computer interaction. The 
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per-sample inference cost of 33.56ms is higher than that of the tradi-
tional classifiers, yet still falls below the 100ms latency commonly cited 
for real-time interactive systems. This cost reflects the construction and 
traversal of the fuzzy concept space during prediction.
5.5. Parameter sensitivity analysis

The depth of feature abstraction directly determines the ability of 
the model to capture emotional information, so the number of SA layers 
is the primary factor affecting the performance. As illustrated in Fig. 
7(a), the experiment compares the influence of the number of layers 
from 1 to 5 on the accuracy, and the results show that the model 
performance does not increase linearly with the increase of the number 
of layers. When the number of layers is 1, the accuracy is only 76.81%, 
which indicates that the shallow network is difficult to fully extract 
long-distance dependencies in high-order acoustic features. With the 
number of layers increasing to 4, the accuracy of the model reaches 
a peak of 81.11%, which proves that the network with appropriate 
depth can effectively aggregate key emotional segments. However, 
when increasing to 5 layers, the performance drops to 79.99%. This 
phenomenon is usually attributed to the overfitting problem on small 
sample datasets, and too deep networks introduce unnecessary param-
eter noise and weaken the generalization ability of the model. In this 
study, the number of SA layers is locked to four layers to balance 
feature expression and model complexity.

The similarity threshold 𝜀 governs the granularity of the concept 
space, in the sense that a small 𝜀 preserves many fine grained concepts 
whereas a large 𝜀 merges them into coarser units. The corresponding 
accuracy on EMO-DB across 𝜀 ∈ [0.1, 0.9] is plotted in Fig.  7b, where 
the curve peaks at 𝜀 = 0.3 with 81.11%, remains above 77% for 𝜀 ≤ 0.5, 
and falls to 66.37% at 𝜀 = 0.9. It should be noted that the search for 𝜀
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Table 12
Two-tailed paired 𝑡-test results of ERT-WFCCL versus competing models across all four datasets, with Bonferroni correction at 
𝛼 = 0.005 accounting for 10 comparisons per dataset. Within each dataset, models are sorted by absolute mean difference from 
ERT-WFCCL in ascending order.
 Dataset Model Mean Diff (%) 𝑡-statistic 𝑝-value Sig. (𝛼=0.05) Bonf. (𝛼=0.005) 
 EMO-DB CNN +3.36 2.017 0.0744 No No  
 EMO-DB SVM +6.93 3.902 0.0036 Yes Yes  
 EMO-DB LR +8.22 4.284 0.0020 Yes Yes  
 EMO-DB LDA +9.69 5.084 0.0007 Yes Yes  
 EMO-DB RF +11.41 5.538 0.0004 Yes Yes  
 EMO-DB KNN +12.54 5.801 0.0003 Yes Yes  
 EMO-DB RNN +12.68 6.457 0.0001 Yes Yes  
 EMO-DB DNN +13.25 5.534 0.0004 Yes Yes  
 EMO-DB DT +26.37 12.889 <0.0001 Yes Yes  
 EMO-DB NB +34.02 9.819 <0.0001 Yes Yes  
 RAVDESS LR +0.21 0.076 0.9410 No No  
 RAVDESS RNN +1.25 0.423 0.6822 No No  
 RAVDESS CNN +1.39 0.427 0.6795 No No  
 RAVDESS DNN +1.80 0.674 0.5175 No No  
 RAVDESS RF +5.28 2.524 0.0326 Yes No  
 RAVDESS LDA +6.32 3.426 0.0076 Yes No  
 RAVDESS KNN +6.46 2.565 0.0304 Yes No  
 RAVDESS SVM +8.89 4.089 0.0027 Yes Yes  
 RAVDESS DT +25.49 12.435 <0.0001 Yes Yes  
 RAVDESS NB +26.46 10.398 <0.0001 Yes Yes  
 SAVEE CNN +0.21 0.098 0.9239 No No  
 SAVEE RF +1.88 0.657 0.5275 No No  
 SAVEE LR +2.08 0.775 0.4583 No No  
 SAVEE SVM +3.54 1.012 0.3381 No No  
 SAVEE RNN +5.21 1.659 0.1316 No No  
 SAVEE KNN +6.46 2.379 0.0413 Yes No  
 SAVEE DNN +8.54 3.568 0.0060 Yes No  
 SAVEE DT +19.17 5.863 0.0002 Yes Yes  
 SAVEE NB +24.79 12.875 <0.0001 Yes Yes  
 SAVEE LDA +25.21 9.670 <0.0001 Yes Yes  
 CASIA SVM −1.25 −1.009 0.3393 No No  
 CASIA LR −0.83 −0.644 0.5356 No No  
 CASIA DNN +1.17 0.760 0.4665 No No  
 CASIA LDA +1.42 0.733 0.4825 No No  
 CASIA RF +3.92 2.404 0.0397 Yes No  
 CASIA CNN +4.84 3.211 0.0106 Yes No  
 CASIA KNN +7.92 4.437 0.0016 Yes Yes  
 CASIA DT +20.25 12.569 <0.0001 Yes Yes  
 CASIA NB +29.42 15.992 <0.0001 Yes Yes  
 CASIA RNN +33.09 10.311 <0.0001 Yes Yes  
Fig. 7. Parameter sensitivity analysis on the EMO-DB dataset. (a) The impact of stacking different numbers of Self-Attention layers on recognition accuracy. (b) 
The trend of model performance with varying threshold parameter 𝜖 in the ERT-WFCCL classifier.
16 
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Table 13
Computational cost comparison of different classifiers on the EMO-DB dataset 
(Apple M2 processor).
 Model Training time (s) Inference time (ms/sample) 
 ERT-WFCCL (Ours) 22.54 33.56  
 CNN 3.19 23.58  
 DNN 1.26 22.50  
 RNN 1.21 23.17  
 RF 0.19 2.11  
 LR 0.09 0.03  
 LDA 0.03 0.03  
 DT 0.03 0.03  
 SVM 0.02 0.09  
 KNN <0.01 0.31  
 NB <0.01 0.13  

is performed on the same EMO-DB folds used to report the main accu-
racy. Because nested cross validation is not implemented, the EMO-DB 
number reflects the selection of 𝜀 on the evaluation data. Additionally, 
the value 𝜀 = 0.3 obtained from the EMO-DB search is transferred to 
RAVDESS, SAVEE, and CASIA without retuning. Because per dataset 
sensitivity curves are not provided for the other three benchmarks, the 
generalization of 𝜀 = 0.3 across corpora is not empirically verified in 
this work. The accuracies reported on the remaining datasets therefore 
represent performance under a single EMO-DB tuned threshold.

6. Conclusions and future work

This paper studies a pipeline level integration of concept cognitive 
learning for speech emotion recognition. The proposed ERT-WFCCL 
framework utilizes a self attention frontend to refine acoustic LLDs, 
followed by a weighted fuzzy CCL classifier with ERT derived attribute 
weights that matches each utterance to its closest progressive concept. 
The approach is evaluated on four public benchmarks spanning English, 
German, and Chinese.

Experimental results demonstrate that ERT-WFCCL achieves the 
highest accuracy among eleven classifiers on EMO-DB, significantly 
outperforming most baselines. On RAVDESS, SAVEE, and CASIA, the 
framework remains competitive with strong neural and linear baselines, 
although the performance differences do not reach statistical signifi-
cance. Ablation studies confirm that the self attention frontend drives 
the majority of the improvement over raw spectral representations. The 
cognitive classifier provides a smaller incremental accuracy gain while 
producing a transparent decision trace for each sample.

Several technical limitations present opportunities for future re-
search. The current ablation does not isolate the fuzzy concept space 
from the ERT weighting mechanism, and the min max normalization 
serves a purely structural role. Additionally, hyperparameters including 
the similarity threshold and the progressive weighting scheme are not 
exhaustively cross validated across all corpora or compared against all 
potential alternatives. Finally, the evaluation protocol measures the rel-
ative performance of classifier heads on shared refined features rather 
than comparing end to end architectures in their native configurations. 
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