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Enhancing P300 based character recognition performance using a 
combination of ensemble classifiers and a fuzzy fusion method 

Shurui Li，Jing Jin, Ian Daly, Xingyu Wang, Hak-Keung Lam, Andrzej 

Cichocki 

IEEE Transactions on Fuzzy Systems 

Abstract: 

Background: P300-based Brain-computer interfaces (BCIs) provide 
communication pathways without the need for muscle activity by recognizing 
electrical signals from the brain. The P300 speller is one of the most commonly 
used BCI applications, as it is very simple and reliable, and it is capable of reaching 
satisfactory communication performance. However, as with other BCIs, it remains 
a challenge to improve the P300 speller’s performance to increase its practical 
usability.  
Methods: In this study, we propose a novel multi-feature subset fuzzy fusion (MSFF) 
framework for the P300 speller to recognize the users’ spelling intention. This 
method includes two parts: 1) feature selection by the Lasso algorithm and feature 
division; 2) the construction of ensemble LDA classifiers and the fuzzy fusion of 
those classifiers to recognize user intention.  
Results: The proposed framework is evaluated in three public datasets, i.e., BCI 
Competition II Dataset IIb, BCI Competition III dataset II, and the BNCI Horizon 
Dataset. The experimental results indicate that it yields better or comparable 
performance than previously reported machine learning algorithms.  
Conclusion: The proposed method is able to improve the performance of P300-
based BCIs. 

Index Terms: P300 speller; MSFF framework; ensemble classifiers; fuzzy fusion 

1. Introduction 

A Brain-computer interface (BCI) is a control system that enables users to 
achieve direct communication with other people or with the external environment 
by brain activity alone and without needing to make any voluntary muscle 
movements [1]. It can be used for multiple applications such as moving a cursor on 
a computer screen, controlling external devices, or spelling out words. There are 
many potential user groups for BCI systems, including, but not limited to, 
individuals living with amyotrophic lateral sclerosis (ALS) or individuals who are 
in a locked-in state (LIS) [2, 3]. 

Brain-computer interfacing is also a multidisciplinary research topic that 
involves the fields of neuroscience, cognitive science, neural engineering, 
biomedical engineering, brain science, and artificial intelligence [4]. The brain 



activity used to control a BCI can be measured by using different signal acquisition 
approaches such as electroencephalogram (EEG), magnetoencephalography 
(MEG), functional magnetic resonance imaging (fMRI), electrocorticogram 
(ECoG), or near-infrared spectroscopy (NIRS) [5, 6]. Since EEG signals are 
recorded via non-invasive electrodes placed on the surface of the scalp, EEG-based 
BCI systems are very commonly used [7]. Four key signal components of the EEG 
are frequently used for BCI control: slow cortical potential (SCP), event-related 
potentials (ERPs) [8], steady-state visual evoked potentials (SSVEP) [9], and motor 
imagery (MI) [10, 11].  

The P300 is a type of ERP with a positive deflection, which usually occurs 
approximately 300 milliseconds after the onset of an unexpected, or out of sequence, 
stimulus [12]. The classical P300 speller system, called the oddball paradigm, was 
originally described by Farewell and Donchin in 1988 [13]. In the paradigm, a 6×6 
matrix composed of 26 letters (A-Z) and 10 numbers (0-9) was presented on the 
computer screen and the rows and columns of characters were flashed randomly. 
During the experiment, subjects were requested to pay attention to the target 
character and count the number of times that the row and column that contained the 
target flashed. After signal processing, the predicted character would be presented 
on the screen. Since the subject does not need to be trained in order to produce a 
clear P300 ERP, in this study, we use it for character recognition. Due to the low 
signal-to-noise ratio (SNR) of the P300, multiple recordings of the P300 are 
typically required in order to enhance the quality of the ERP signal. The character 
recognition accuracy can be used to evaluate the performance of the P300 speller. 

There are typically three steps used to analyze P300 ERPs: data preprocessing, 
feature extraction, and feature classification [14]. In order to improve the 
performance, several preprocessing methods may be used. These include frequency 
filtering [15], down-sampling [16], and channel selection (spatial filtering) [17]. 
Since the P300 is a time-locked response to an external stimulus, most BCIs make 
use of temporal information to analyze the signal and achieve good performance. 
Krusienski et al. [18] chose suitable temporal features for inclusion in the 
discriminant function and applied them to online P300 BCI processing. Lin et al. 
[19] designed a temporal matching filter to solve the time-alignment problem of the 
ERP data. Cecotti et al. [20] presented a method based on a convolutional neural 
network whose second hidden layer transformed the signal into the time domain. 
Moreover, other researchers employed different low-frequency characteristics of 
the P300 response [21, 22] or multiple domains including spatiotemporal features 
[23, 24], joint-domain time-space-frequency features [25], as the final features sent 
into the classifier. Kundu and Ari [26] proposed a sparse autoencoder (SAE) and 
stacked sparse autoencoder (SSAE) based on deep feature learning techniques to 
describe EEG signals. As a data preprocessing strategy, feature selection was 
usually introduced to reduce computational complexity.  

Once the feature extraction is completed, it is important to select the 
classification algorithm. In the past few decades, several machine learning 
techniques have been effectively used with P300 based BCI systems, for instance, 



Linear Discriminant Analysis (LDA) [27], Bayesian Linear Discriminant Analysis 
(BLDA) [28], Support Vector Machines (SVMs) [29], and Convolutional Neural 
Networks (CNNs) [20] have been explored. In pursuit of higher performance, many 
researchers have also introduced ensemble classifiers. Ensemble classifiers 
combine the output of two or more individual classifiers in order to achieve higher 
classification performance. Rakotomamonjy et al. [30] used an ensemble of 
seventeen linear support vector machines (ESVM). Based on ESVM, Kundu and 
Ari [26] developed a novel data partitioning method to boost the diversity of ESVM 
for use with a P300 speller. Cavrini et al. [31] concentrated on the combination of 
different classifiers using the fuzzy integral.  

Improved accuracies can be achieved by properly combining the outcomes from 
an ensemble of multiple classifiers, for example by weighting the output from 
individual classifiers. To date, there is a dearth of studies that apply ensemble 
classifiers within P300 based BCI systems. Additionally, the non-stationarity of the 
EEG is still a considerable challenge when developing classifiers for BCI systems. 
Non-stationarity in the EEG generally arises from a diverse range of sources. These 
include, but are not limited to, different psychological characteristics of the subjects, 
environmental noise, and trial-to-trial variability in mental activity on the part of 
the subject. Despite this empirical analysis of the EEG has revealed that signal 
averaging could boost the SNR of the EEG. Moreover, ensemble classifiers have 
been shown to lessen the influence of signal variability and improve classification 
performance. Compared with individual classifiers, appropriately designed 
ensemble classifiers can enhance prediction accuracy [32, 33]. Broadly speaking, 
ensemble classifiers are effective if the base classifiers are composed of increasing 
the diversity of the classification approach. 

In this study, we propose a novel multi-feature subset fuzzy fusion (MSFF) 
framework for the P300 speller to recognize the users’ spelling intention. This 
method extracts temporal features to construct an ensemble of multi-classifiers to 
improve classification performance. First, the feature selection method is applied to 
reduce the dimensionality of feature sets. Next, the selected temporal features are 
divided into two subsets to train based on the same classification algorithm. The 
classifiers are applied to estimate the offline classification accuracy of the whole 
training set. Then the offline accuracy is treated as the fuzzy density to calculate the 
fuzzy integral to contribute to the outcome of the feature vector. Figure 2 shows the 
framework of our proposed novel joint classification approach with fuzzy integral 
use in a P300 BCI system. It is composed of two parts: the first part represents the 
data processing structure, and the second part follows the MSFF framework 
embedded into the P300 based BCI system. We compare our proposed framework 
with several traditional classification algorithms including LDA, xDAWN, STDA, 
FC+LDA, and SWLDA.  

The remainder of this work is listed as follows. Section 2 shows the materials 
and methods, including previous methods and our proposed MSFF framework. 
Section 3 illustrates the experimental setup and details the BCI competition datasets 
and applied framework. Section 4 and 5 describe the results and conclusions 



respectively. 

     

Fig.1 The P300 speller paradigm. (a) The 6×6 BCI paradigm for data collection in three 
datasets; (b) The electrode positions according to the International 10-20 System. 

 
Fig. 2 Framework of our proposed novel multi-feature subset fuzzy fusion (MSFF) 

classification algorithm for the P300-based BCI systems. 

2. Materials and methods 

2.1 Background 

2.1.1 Selection criteria of the comparison algorithm 

This work compares our proposed MSFF framework with five other algorithms 
that are commonly used in the ERP-based BCI system: LDA, xDAWN, STDA, 



FC+LDA, and SWLDA. LDA is simple to use and generally provides good results, 
therefore it is a suitable algorithm to compare against our proposed method. The 
xDAWN algorithm has been shown to enhance the classification accuracy of P300. 
It has also been reported that the STDA algorithm is effective at reducing calibration 
time by using few training samples, which increases the classification accuracy. In 
addition, Fisher’s criterion (FC)-based spatial filtering has been proposed to select 
features in combination with an LDA classifier (referred to as FC+LDA). Finally, 
the SWLDA method has been shown to be able to select suitable features 
automatically for constructing a multiple regression model. Therefore, these five 
machine learning approaches are compared to our proposed method. 

2.1.2 Linear discriminant analysis (LDA) 

As a simple and efficient approach, LDA has relatively frequently been 
employed in BCI systems [34]. The objective of LDA is to separate target and non-
target data by calculating the optimal discriminant vector. Let 𝑥! ∈ 𝑅" , 𝑖 ∈
{1, . . , 𝑁} be the input vector of the classifier, and 𝑦! ∈ {−1,1} be the corresponding 
label vector. The term 𝑁#  denotes the number of samples in class 𝐶# , and 𝑁$ 
denotes the number of samples in class 𝐶$. We can get the means 𝑚% , 𝑘=1, 2 of two 
classes  

𝑚% =
1
𝑁%

2 𝑥!
!∈'!

	 (1) 

The between-class scatter matrix 𝑆(and the within-class scatter matrix 𝑆) can 
be defined as 

𝑆( = (𝑚# −𝑚$)(𝑚# −𝑚$)* (2) 

𝑆) =22(𝑥! −𝑚%)(𝑥! −𝑚%)*
!∈'!

$

%+#

(3) 

Thus, the optimal discriminant vector 𝑤 of LDA can be expressed by 
𝑤 = 𝑆),#(𝑚# −𝑚$) (4) 

2.1.3 xDAWN 

The goal of the xDAWN algorithm is to enhance the P300 evoked potentials to 
aid classification. First, synchronous responses are estimated for each channel and 
then these responses are applied to estimate a spatial filter. The synchronous 
response model of the P300 is as follows. 

𝑋 = 𝐷𝐴 + 𝑁 (5) 
where 𝑋 is the matrix of the collected EEG signals, 𝐷 is the Toeplitz matrix whose 
first column is set to 1, 𝐴 is the matrix of ERP signals or target stimuli signals, and 
𝑁  represents the noise and artifacts. In this study, we adopted the xDAWN 
algorithm for spatial filtering and the BLDA algorithm for classifying the features. 
More details can be seen in [35]. 

2.1.4 STDA 



Instead of adopting traditional vectorized temporal features, spatial-temporal 
discriminant analysis (STDA) was introduced to learn two projection matrices from 
the spatial and temporal ERP feature subspaces. The trained projection matrices are 
then applied to convert the original spatial-temporal samples to new one-way 
samples. The STDA algorithm implements collaborative discriminant analysis and 
alternating spatial and temporal dimension optimization, which decreases feature 
dimensionalities, and therefore enhances the estimation of the covariance matrices 
in the discriminant analysis even when using a limited number of training samples. 
This contributes to improving the generalization performance of the model. Since 
the number of retained features could affect classification performance, we fixed 
the number of final features to 4 for each trial in our analysis. More details about 
the STDA method can be found in Zhang’s study [36]. 

2.1.5 FC+LDA 

The FC+LDA method combines the Fisher criterion (FC) and the LDA 
algorithm in order to identify the most relevant feature subset and then perform 
classification. The FC-based spatial filtering method has been widely used due to 
the performance of its de-noising and supervised dimensionality reduction stages. 
Therefore, the algorithm can lessen the effect of small training samples. In this 
paper, the Fisher criterion was carried out firstly as a pre-selector to remove the 
least relevant features [37], and then we applied LDA to build a classifier, which 
can obtain high classification performance. 

2.1.6 SWLDA 

Stepwise linear discriminant analysis (SWLDA) is considered as an extension 
of LDA, which incorporates feature selection [17]. SWLDA trains a linear 
discriminant model based on a combination of forward and backward stepwise 
regression starting with a set of empty features in a linear regression model. 
According to the statistical significance of the regression, this algorithm added the 
most informative input features (with 𝑝-values < 0.1) to the subset of selected 
features, and removed the least informative input features (with 𝑝-values > 0.5). 
This process is repeated until the model contains a predetermined number of 
variables, or until no additional variables meet the addition or removal criteria. In 
this paper, we set the number of final features to 60. 

2.2 Proposed framework 

Here, we propose a novel multi-feature subset fuzzy fusion (MSFF) framework 
that extracts temporal features to construct an ensemble of multiple classifiers to 
improve the classification performance. There are two parts: 1) feature selection 
and division; 2) the construction of ensemble classifiers and the fuzzy fusion of 
those classifiers. 

First, we extract temporal features from all the trials and obtain the feature 
matrix 𝑋 ∈ 𝑅-"×-#×-$  and label matrix 𝑌 ∈ 𝑅-$×# , where 𝑁/  is the number of 
channels, 𝑁0 is the number of features, and 𝑁1 is the number of trials. The acquired 



feature matrix is further improved by the least absolute shrinkage and selection 
operation (Lasso) [11]. With all the training trials, we partitioned it into two subsets 
according to the given signal, therefore the number of class labels for each subset 

is 𝑁1/2. We obtain the feature matrix 𝑋#CCC ∈ 𝑅-"×-#
%×-$/$  and label matrix 𝑌#D ∈

𝑅-$/$×# , 𝑋$CCC ∈ 𝑅-"×-#
%×-$/$  and label matrix 𝑌$D ∈ 𝑅-$/$×# , where 𝑁03  is the 

number of sample points in each trial after feature selection. Then, the two feature 
subsets are classified by linear discriminant analysis separately. The fuzzy measure 
and fuzzy integral are adopted to incorporate different classifiers to achieve the final 
decision. Finally, the fuzzy integral aggregates the outputs of the two classifiers in 
the testing set to make the final decision.  

In this study, the initial fuzzy density is determined using the offline accuracy of 
the classifiers. The 2nd-order fuzzy measure and the Choquet fuzzy integral are 
employed [38]. We have developed an effective fuzzy measure and fuzzy integral 
model fusion method for recognizing the P300 component. This measure is 
composed of a feature division schema, feature model fusion, and decision value 
fusion. At the same time, five classification algorithms are employed as base 
classifiers to compare with our proposed framework. Fig. 3(a) illustrates the 
proposed multiple classifier framework and Fig. 3(b) illustrates the individual 
classifier framework. 

 

 
Fig. 3(a) Multiple classifiers framework; (b) Individual classifier framework 

3. Experimental Result 

3.1 Datasets 

In this study, three public datasets involving the BCI Competition II Dataset IIb, 
BCI Competition III dataset II [39] and the BNCI Horizon Dataset are used to 
evaluate the performance of our proposed framework. All datasets were recorded 
with BCI2000 software using the paradigm developed by Donchin et al. [40], which 



includes the 6×6 matrix of characters shown in Fig. 1(a). 

3.1.1 Dataset 1 

BCI Competition II dataset IIb consists of one subject’s EEG data, recorded 
during the presentation of 42 training characters and 31 test characters. According 
to the data analysis described in [41], the data file from experiment run 
‘AAS011R06’ is inconsistent with the description of the dataset, so we removed 
one word and only retained 39 characters for training. More details about dataset 1 
can be found at http://bbci.de/competition/ii/albany_desc/albany_desc_ii.html. 

3.1.2 Dataset 2 

BCI Competition III dataset II contains two subjects’ data, subject A and subject 
B separately. Each subject’s data contains EEG recorded during the presentation of 
85 training characters and 100 test characters. In the experiment for Dataset 1 and 
Dataset 2, all the rows and columns are flashed at the rate of 5.7Hz, and the matrix 
is intensified in brightness for 100ms every 175ms. A block covers 12 trials in which 
every row and every column flashes once in random order where two flashes 
contain the desired character. The sets of 12 intensifications are repeated 15 times 
for each character and thus there are 180 total intensifications for each character 
epoch. The collected 64 channel EEG signals are filtered with a bandpass filter with 
a cut-off frequency of 0.1-60Hz and digitized at 240Hz. More details about dataset 
2 can be found at http://www.bbci.de/competition/iii/desc_II.pdf.  

3.1.3 Dataset 3 

The BNCI Horizon dataset contains the data from 8 subjects (S1-S8) with ALS 
diagnosis [42]. Eight EEG channels, placed according to 10-10 standard, are used 
for collecting data. Specifically, EEG channels were placed at positions Fz, Cz, Pz, 
Oz, P3, P4, PO7, and PO8. The scalp EEG signals were filtered with a bandpass 
filter of cut-off frequency 0.1-30Hz and digitized at 256Hz. In the experiment, all 
rows and columns are intensified for 125ms, with an inter stimulus interval (ISI) of 
125 ms. For each character, all rows and columns are intensified 10 times. There 
are 35 predefined characters for each subject to spell. The EEG signals recorded 
from spellings of the first 20 characters are used for the training data, while the EEG 
data from the rest of the characters are used as the test data. More details about 
dataset 3 can be found at https://lampx.tugraz.at/~bci/database/008-
2014/description.pdf. 

All the above datasets share the same P300 paradigm, shown in Fig. 1(a), and 
Fig. 1(b), which illustrates the setup with a configuration of 64 electrode positions 
based on the international 10-20 system in terms of dataset 1 and dataset 2. The 
eight electrodes used to record dataset 3 are illustrated with red circles.  



 
Fig. 4 Average ERPs for target trials and non-target trials for subject A in dataset 2 on EEG 

channels Cz (left) and Pz (right). 

3.2 Implementation 

3.2.1 Data preprocessing and feature extraction 

Signal preprocessing is a crucial step to reduce dimensionality and increase the 
signal to noise ratio (SNR). For dataset 1 and dataset 2, the 64-channel EEG data 
were bandpass filtered from 0.5Hz to 20Hz and then down-sampled from 240Hz to 
30Hz. The Parks-McClellan optimal equiripple finite impulse response (FIR) filter 
was used as the bandpass filter [43]. For dataset 3, the 8-channel EEG data were 
down-sampled by a factor of 8, and a 3rd order Butterworth filter between 0.1Hz 
and 30Hz was applied. Previous studies have shown that the P300 ERP appears 
about 300 ms after the target stimulus and the peak latency of the P300 signal differs 
across the subjects [44]. Based on this, we extract a range of EEG data from 0ms to 
600ms after the stimulus from each channel as the temporal feature set. Therefore, 
the size of the feature vector for each stimulus is 64×18 where 64 is the number of 
channels and 18 is the number of samples per channel. For the label vector, we set 
the label to “+1” only if the row/column corresponding to the spelled character was 
flashed, indicating that the P300 component is reflected in this specific trial. 
Otherwise, we set the label to “+2”. In particular, for dataset 1, we have a total of 
7020 (39×12×15=7020) training feature vectors for each subject, while for dataset 
2, we have a total of 15300 (85×12×15=15300) training feature vectors for each 
subject, and for dataset 3, there are 2400 (20×12×10=2400) training feature vectors 
for each subject.  

3.2.2 Feature selection 

The Least absolute shrinkage and selection operator (Lasso) is a kind of 
embedded method often used in feature selection, which has good stability. The 
algorithm has been demonstrated to be effective in feature selection. The main idea 
of this method is to minimize the sum of the predicted error. Lasso is a linear 
regressor with L1 regularization [45], which can be described in formula (6): 

1
2𝑁2

(𝑤! − 𝛼4 − 𝑥!*𝛼)$
-

!+#

+ 𝜆2G𝛼5G
6

5+#

(6) 



where 𝑁 is the number of samples, 𝑤!  is the target of sample 𝑖, 𝑥!  is the input 
vector of sample 𝑖, 𝜆 is the regularization coefficient, 𝛼4 and 𝛼 are the regression 
coefficients in which 𝛼4 is a constant and the size of 𝛼 is 𝑛 × 1. 

During the process of feature selection, the zero coefficient of the feature set 
after the shrinkage process is removed and the rest of the features are chosen to 
construct the model. As the value of 𝜆 grows, the number of zero components of 𝛼 
increases. In this study, we use the built-in Lasso function in Matlab 2017b, and use 
the default parameter values for this method. 

3.2.3 Fuzzy fusion technology 

Fuzzy measures are defined as subjective scales to evaluate the degree of 
fuzziness, which reflects the importance of attributes of the data and the 
relationships among those attributes [46]. A fuzzy measure 𝜇 can be described as: 

 
Definition 1 Let 𝑋 be an arbitrary set, 𝜇 over the power set of 𝑋 can satisfy the 
theorem 𝜇: 𝑃(𝑋) → [0,1], that is to say, 

1) 𝜇(Ø) = 0, 𝜇(𝑋) = 1 
2) 𝜇(𝐴) ≤ 𝜇(𝐵), ∀𝐴,𝐵 ∈ 𝑃(𝑋), 𝐴 ⊂ 𝐵 

3) lim
6⟶8

𝜇(𝐹6) = 𝜇( lim
6⟶8

𝐹6) 

where 𝐹6 ∈ 𝑃(𝑋)  is a monotone set sequence. The fuzzy measure of different 
attributes is calculated by using fuzzy densities, which reveal the importance of 
different attributes. As mentioned above, if there are a set of 𝑛 elements, the fuzzy 
measure has 26 − 1 parameters, which lead to complicated computation. The 2nd-
order additive fuzzy measure proposed by Grabisch has 𝑛(𝑛 + 1)/2 fuzzy measure 
coefficients to be identified.  

The fuzzy measures are used to denote the fuzzy integral, which is used to build 
a subjective evaluation model of the fuzzy object related to various attributes. 
Therefore, once we have evaluated the fuzzy measures of the different feature sets, 
they are applied as the fuzzy integral expression to further compute the fuzzy 
integral values.  

To date, many different kinds of fuzzy integral methods, including the Sugeno 
integral and the Choquet integral, have been introduced [46]. Here we choose the 
Choquet integral. On the one hand, it provides a broad generalization of the ordinary 
integral. On the other hand, the learning process generated in this study can be 
treated as a convex quadratic program, which is the main reason for choosing the 
Choquet integral. The Choquet integral can be defined as: 

 
Definition 2 Let 𝑓 be a function on 𝑋: 𝑋 → [0,∞) and let 𝜇 be a fuzzy measure 
on 𝑋. 

\𝑓(𝑥) ∘ 𝜇(⋅)
	

:
= \ 𝜇

8

4
(𝐹;)𝑑𝛼 (7) 

where 𝐹; = {𝑥|	𝑓(𝑥) ≥ 𝛼, 𝑥 ∈ 𝑋	}. Assuming that 𝑋 = {𝑥#, 𝑥$, ⋯ 𝑥6} is a discrete 
set, and 𝑓(𝑥#) ≤ 𝑓(𝑥#) ≤ ⋯ ≤ 𝑓(𝑥6) . Then the discrete Choquet integral in 



relation to fuzzy measure 𝜇 can be transformed into 

(𝑐)\𝑓𝑑𝜇 = \𝑓(𝑥) ∘ 𝜇(⋅)
	

:
=2e𝑓f𝑥5g − 𝑓f𝑥5,#gh ⋅ 𝜇f𝐴5g

6

5+#

(8) 

where 𝐴5 = {𝑥5 , 𝑥5<#, ⋯ , 𝑥6}, 𝑓(𝑥4) = 0. 

3.3 Results 

In this study, the proposed MSFF framework is tested on dataset 1, dataset 2, and 
dataset 3. In addition, five classifiers are then trained with the training data of three 
datasets and compared across the LDA, xDAWN, STDA, FC+LDA, and SWLDA 
classification methods. Testing data are processed similarly to the training data and 
then are sent to the classifier. Afterward, we use paired-samples t-tests with 
Bonferroni correction to estimate the significance of classification accuracy 
differences between our MSFF method and each of the other classification methods.  

3.3.1 Comparison of classification methods for dataset 1 

Table I represents the predicted words and errors for our proposed method for 
BCI competition II dataset II. The errors refer to the case when the row or column 
of the predicted character does not correspond to the target character. From Table I, 
we can easily see that the MSFF method obtains 100% accuracy after 4 epochs, 
which is better than the previously reported work in reference [26]. Table II 
describes the number of epochs that achieve an accuracy of 100% between our 
proposed method and the other methods for BCI competition II dataset II. In 
particular, the results achieved with our proposed MSFF method are compared with 
other conventional methods. 

Table I Predicted words and error (%) of our proposed MSFF method for BCI competition II 
dataset II  

Epoch Predicted words Error 
1 XOOD NQON HAM PIA CANE S7HA Z5XOT 3567 38.71% 
2 FOOD MOOT HAM PIE CAKE TUNA Z5AOM 4567 9.77% 
3 FOOD MOON HAM PIE CAKE TUNA Z5SON 4567 12.99% 
4 FOOD MOOT HAM PIE CAKE TUNA ZYGOT 4567 0.0% 
5 FOOD MOOT HAM PIE CAKE TUNA ZYGOT 4567 0.0% 

Table II The number of epochs achieving an accuracy of 100% with our proposed method and 
with other conventional methods for BCI competition II dataset II  

Methods 
The number of epochs when achieving an 

accuracy of 100% 
SVM [29] 5 epochs 
ICA [47] 5 epochs 

SSAE-ESVM [26] 5 epochs 
Proposed MSFF 

method 
4 epochs 



3.3.2 Comparison of classification methods for dataset 2 

Fig. 4 shows the average ERPs for target trials and non-target trials for subject 
A in dataset 2. Fig. 5 describes the classification performance using different 
methods for different epochs. Fig. 6 shows the character recognition accuracy of the 
proposed method after 1, 5, 10, 13, and 15 epochs. It is apparent that the proposed 
framework achieved better or comparable averaged classification performance than 
previously reported methods after training for many number of epochs. Specifically, 
our proposed method obtained average accuracies of 31%, 72%, 88% and 96% after 
1, 5, 10, 15 epochs, respectively. However, the LDA method achieved average 
accuracies of 25%, 64.5%, 86%, and 93.5% after 1, 5, 10, 15 epochs, respectively. 
In reference [35], the xDAWN was applied for classification and obtained average 
accuracies of 26.5%, 68.5%, 90% and 95% after 1, 5, 10, 15 epochs, respectively. 
The work of Zhang’s proposed STDA technology learned spatial and temporal 
features achieved average accuracies of 28.5%, 67%, 89%, and 94.5% after 1, 5, 10, 
15 epochs, respectively. The method of combining the fisher criterion and LDA 
obtained average accuracies of 22.5%, 60.5%, 84% and 90% after 1, 5, 10, 15 
epochs, respectively. In addition, the SWLDA based feature selection method 
obtains average accuracies of 27.5%, 60.5%, 89% and 90.5% after 1, 5, 10, 15 
epochs, respectively.  

Researches have shown that the character recognition performance that is equal 
to or more than 70% can be used for effective BCI speller applications [26]. Our 
proposed work yielded 72% accuracy only using 5 epochs, which is suitable for use 
in BCI speller applications.  

  

Fig. 5 Character recognition accuracy of the proposed method and traditional methods with different 
numbers of epochs for dataset 2 



 
Fig. 6 Character recognition accuracy of the proposed method after 1, 5, 10, 13, and 15 

epochs. 

To compare our proposed method with the previous methods, a statistical 
analysis based on paired-samples t-test method is performed for different number 
of epochs. The paired t-test results reveal that our proposed method’s classification 
performance is significantly than the LDA, STDA, FC+LDA, and SWLDA 
techniques (𝑝 < 0.05). However, there is no significant difference between our 
proposed MSFF method and xDAWN method. Nonetheless, our proposed MSFF 
method can achieve superior accuracy after 1 epoch, 5 epochs, 13 epochs, and 15 
epochs, as shown in Fig. 6. 

 

Fig. 7 The character detection accuracy obtained by the LDA, xDAWN, STDA, FC+LDA, 
SWLDA, and our proposed MSFF methods using one to ten epochs averaged for the eight 

subjects. 

3.3.3 Comparison of classification methods for dataset 3 



Figure 7 depicts the character detection accuracy obtained by the LDA, xDAWN, 
STDA, FC+LDA, SWLDA, and MSFF methods using one to ten epochs for each 
of the eight subjects. Table III shows the character recognition performance for 
dataset 3 using different methods. The result reflects the fact that the MSFF method 
yields significantly higher character detection average accuracies than the other 
methods across different numbers of epochs. Such superiority is more prominent 
for S5, S7, and S8 who can reach better accuracies compared to the other subjects. 
At the same time, Figure 8 depicts the character detection averaged accuracy 
obtained by our proposed MSFF method and the traditional methods using one to 
ten epochs for all subjects. 

Table III Character recognition accuracy (%) for dataset 3 using different methods 
 Epochs 
Method 1 2 3 4 5 6 7 8 9 10 
LDA 20 35 43.3 50 57.5 64.2 68.3 74.2 76.7 80 
xDAWN 31.7 60 70 76.7 79.2 88.3 90.8 91.7 94.2 95.8 
STDA 22.5 56.7 59.2 64.2 70 77.5 79.2 81.7 90.8 89.2 
FC+LDA 22.5 54.2 61.7 68.3 73.3 85 87.5 89.2 90.8 90.8 
SWLDA 23.3 50.8 59.2 67.5 75.0 83.3 85.8 87.5 92.5 94.2 
MSFF method 30.0 62.5 73.3 82.5 81.7 90 92.5 92.5 97.5 98.3 

 
Fig. 8 Character recognition accuracy of the proposed method and and traditional methods 

with different numbers epochs for all subjects. 

Table IV the results of the statistical analysis. 
Proposed MSFF method 

paired with 
𝑝-value 

LDA 𝑝 < 0.001 
xDAWN 𝑝 = 0.005 
STDA 𝑝 < 0.001 

FC+LDA 𝑝 < 0.001 
SWLDA 𝑝 < 0.001 



Table IV describes the results of statistical analysis of the comparison. Paired t-
tests reveal that our proposed MSFF method achieved significantly higher 
accuracies for character detection than those of the other methods with insufficient 

training samples (MSFF > LDA: 𝑝 < 0.001 , MSFF > xDAWN：  𝑝 < 0.01 , 

MSFF > STDA: 𝑝 < 0.001, MSFF > FC+LDA: 𝑝 < 0.001, MSFF > SWLDA: 
𝑝 < 0.001). 

4. Discussion 

P300-based BCI systems have been generally explored in the last few decades 
and have begun to be applied to clinical practice [2]. Although considerable 
progress has been made in the development of P300 BCI systems in recent years, it 
is still a challenge to improve system performance. For P300 spellers a crucial 
challenge is to enhance the performance in terms of character recognition accuracy.  

In general, the character recognition performance mainly depends on good 
quality EEG signals and optimal signal processing algorithms. Preliminary research 
has indicated that the impact of signal variability reduces P300 speller performance, 
requiring the use of advanced machine learning techniques to overcome this 
difficulty [48]. Given the nonstationary effects of EEG on BCI applications, we 
proposed a novel framework that integrates multiple classifiers based on feature 
selection and fuzzy fusion. Although several works focus on the combination of 
classifiers using ensemble methods [30, 31], to our knowledge, this is the first 
approach to integrate the same classifiers to improve system performance. 

In the feature extraction stage, the temporal features from each epoch were 
extracted and a feature selection method was adopted to solve the dimensionality 
reduction problem. In the feature classification stage, two feature subsets were sent 
to the same classifier and fuzzy fusion was applied to incorporate the classifier 
outputs. The proposed framework, based on EEG data from all available channels 
for each of the three datasets, yields performance that is higher than or equal to the 
performance of traditional classifiers. 

5. Conclusion 

This work focuses on the operation of the combination of multiple classifiers 
based on fuzzy measures and fuzzy integrals to the ERP-based BCI. Especially, the 
Choquet integral was used. Additionally, the Lasso algorithm was used to select 
features, and the LDA method was used to construct a classification model. To 
evaluate the effectiveness of the framework, we compared our proposed MSFF 
method with five classification algorithms: LDA, xDAWN, STDA, FC+LDA, and 
SWLDA. We applied the methods to attempt to recognize the P300 ERP component 
from three different datasets based on the visual ERP BCI system. The experimental 
results show that our proposed MSFF method can outperform the other methods. 
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