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Abstract—In the past recognition of P300-based Brain 

Computer Interface (BCI), depends on the experience increased 

through adjustment or training sessions before usage by applying 

supervised training sets to construct the classification model. In 

this paper, a new technique has been introduced for BCI data 

that requires no earlier training. The fundamental rule of this 

unsupervised technique is that the trial with true activation 

signal inside every block must be distinctive from whatever 

remains of the trials inside that block. Consequently, a measure 

that is delicate to this difference can be utilized to settle on a 

choice taking into account a single block with no earlier training. 

In addition, different algorithms of aggregating data from many 

trials have been applied to extend communication speed and bit 

rate. Aggregation strategies include simple average, Principle 

Component Analysis (PCA) and Probabilistic Principle 

Component Analysis (PPCA). This new technique is applied to 

experimental data for P300-based BCI for both healthy and 

disabled subjects. By comparing our results to the classification 

output results of the same data utilizing the same processing 

techniques but with different classification method, it is found 

that the results by averaging the sample individual cases show 

that the proposed technique supported Singular Value 

Decomposition (SVD) with effective performance reaches 

98.61%, while the other reached  95.83%. 

Keywords— Brain Computer Interface; P300; Signal 

Processing; Unsupervised  

I. INTRODUCTION  

BCI make a linkage communication channel system 

between the brain and an output device by sending commands 

to computers by using solely their brain activity while not 

using any peripheral nervous system or muscles [1, 2]. 

Consequently, the importance of BCI appears to help people, 

who suffer from neuromuscular disorders, these disorders are 

causing progressive muscle imperfection, considerably 

modifying life satisfaction for each patients and families [3].  
 In most of the past, P300-based BCI interfaces 
recognition depended on experience increased through training 
sessions using supervised training sets to construct the 
classification model [4]. 

 Past work targeted to decrease the duration of the 

training sessions required for BCI and move towards a zero-

training objective [5]. This technique depends on watching the 

variety in calibration sessions and fitting such variety to 

spatial filters that can be utilized to make adjustment sessions 

shorter. Despite the fact that the objective of this paper is zero 

training, the methodology depends on the usage of earlier data 

to permit future adjustments to be not required. Therefore, it 

can be considered as a directed supervised technique with a 

more proficient training procedure that makes it workable for 

the training model to be more summed up and in this manner 

last more [6]. 

 Most existing BCI rely on Electroencephalography 

(EEG) as to measure the signal of the brain activity. During 

this method, over last decades the field of BCI has seen a 

quickly increasing development rate by several of research 

teams everywhere around the world. Presently in BCI research 

the most focus is on individuals with severe motor disabilities 

[7]. 

In 2014, Kadah et al. [6] investigated the same target of 

our paper, which is using P300-based BCI as “plug-and-play” 

devices. In this study, we will do an incremental improvement 

on the work introduced by previous work [6] and challenge 

their results.  

II. MATERIAL AND METHODS 

 The dataset that employed in this work is the same 

dataset used by Hoffmann et al. [4] who achieved their 

objective using 4 sessions of training of a Bayesian Linear 

Discriminant Analysis (BLDA) classifier. The description of 

the data set is found in detail in Hoffmann et al. [4]. We used 4 

subjects: Each subject has 4 sessions, each session contains 6 

epochs and each session has 810 trials. Therefore, each subject 

contains about 3240 trials. The experimental paradigm consists 

of flashing one of six images in a random order after asking the 

subject to count how frequently a specific picture shows up. 

The six stimulus images appear in 6 consecutive trials, usually 

termed a block.  

 Before classification function, several preprocessing 

methods were performed to the data such as: referencing, 

downsampling by a factor of 64, bandpass filtering with cut-off 

frequencies 1.0 Hz and 12.0 Hz, single trials extraction, 

windsorizing and finally normalization of the amplitude. 
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Additionally, for the new approach, signal denoising based on 

spectral subtraction was employed to the raw data before the 

above preprocessing. The number of electrodes was selected to 

be 4, 8, 16 or 32 based on the experiment with the same 

electrode configurations in the data set used, the electrode 

configurations are shown in Fig. 1. 

 

 
.  

 

 

 

Figure 1 : Electrode configurations used in the experiments. From left to right: 

Configuration I (4 electrodes), configuration II (8electrodes), configuration III 

(16 electrodes), and configuration IV (32 electrodes)[4] 

 The fundamental concept of the new class of 

unsupervised techniques is that the trial with P300 signal being 

quietly different from other signals within the same block. In 

other words, if we have an M- trial block, one signal has a 

different form from all the other (M −1) signals. It implies that 

if we could discover a measure that can be touchy to this 

uniqueness, then we can in reality settle on a choice taking into 

account a single block with no earlier training. In the 

accompanying, we exhibit various such measures and talk 

about how they will be utilized to isolate the activated trial 

from whatever remains of trials in the same block. The 

supposition of all these methodologies remains that there is 

only one active trial inside every block. In this contribution, 

outlier detection, dot product, correlation, cross-correlation, 

and – null space- singular value decomposition (SVD) methods 

were applied. 

This work is to challenge the results of the last paper 

work [6] results by applying different aggregation methods 

over the whole blocks and performing some performance 

evaluations for the distance measures. 

1.  Distance Measures: 

1.1 Outlier Detection Method: 

  The assumption underlying this method is that the vectors 

of all trials that exhibit no P300 activation will be similar and 

that they are all different from the one that has P300 activation. 

This method can be described by (1). 

 

                                             (1) 

 

Where x: is the trial, and this means that this method detects 

trial that is the furthest from all other trials. 

 

1.2 Dot Product Method: 

  Different vectors have smaller dot products and 

contrariwise. Therefore we have a tendency to target to seek 

out a trial that has the smallest dot product with all remaining 

vectors. This method can be described by (2).  
 

                                                      (2) 

1.3 Cross-Correlation Method: 

  It applies the cross-correlation between each pair of 

trials and then gets the peaks of this cross-correlation function 

as the measure of similarity for this methodology. This method 

can be described by (3). 

            
                                      (3) 

1.4 Singular Value Decomposition (SVD) Method: 

 The issue of representation of a set of vectors can be 

solved by the principal component analysis (PCA), which 

represents a set of vectors by finding the eigenvalues of the 

different eigenvectors in the eigen-decomposition of the 

problem and getting the eigenvector with much larger 

eigenvalue from the rest. As the set of vectors become more 

independent, it becomes more difficult to find a single vector. 

Therefore sparsity measure has been used (1-norm measure) 

for the resultant eigenvalues of each decomposition that can 

recognize how close each of these sets of vectors to the case of 

a single outstanding eigenvalue. Thus, the sparsest set of 

eigenvalues of all decomposition denotes that these trials are 

not activated and it turns the remaining vector which has the 

P300 signal [6]. 

 

2. Aggregation Methods: 

   2.1 Simple Average 

 In this method, the simple summation has been used.  
 
   2.2 Principal Component Analysis (PCA) 

 It is used to reduce dimensionality of data while 

retaining as much as info possible in the original dataset.  
 

 

   2.3 Probabilistic Principle Component Analysis (PPCA) 

        It gets the PCA components probabilistically [8].  

 

3. Performance Measures: 

 In [6], the accuracy was calculated by assuming that 

one of the signals has activation and the rest have no 

activation. However, in this work, it was assumed that if the 

estimated activation is correct, then this is true positive (TP) 

and the other 5 trials are true negative (TN). If it is not the 

correct one, then this is a false positive (FP), the correct one is 

a false negative (FN), and the remaining 4 are true negatives, 

as illustrated in Table 1.  

 
TABLE 1: CLASSIFIER MODEL 

Fact Estimated 

 (Classifier O/P) 
O/P  

With Activation With Activation (P) TP 

Without Activation With Activation (N) FP 

With Activation Without Activation FN 

Without Activation Without Activation TN 

• True/False: means the test is consistent/inconsistent with the fact  

• P/N: indicates the output of the test/classifier 
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The block accuracy results of simple average aggregation 

method by our new approach compared to the work of [6] 

have been illustrated in Table 2. 

In this study, the effect of number of channels used has 

been considered. As nowadays, there are a lot of researches 

have been proposed to introduce BCI interface by using few 

number of electrodes with different configurations to be easily 

used by the user and give him/her self confidence and act as a 

normal subject without any restrictions. 

III. RESULTS AND DISCUSSION 

1. Results of using PCA 

After applying this method by using same assumption of 

paper work [6], classification accuracy didn’t exceed 45.83% 

as illustrated in Fig.2. 

 

 
 

 

 
 

 

 
 

 
 

 

Figure 2: Block Accuracy results using PCA for using outlier detection  

2. Results of using PPCA: 

 After applying this method by using same assumption of 

paper work [6], maximum achieved accuracy is 50% as shown 

in Fig.3.  

 

 
 

Figure 3: block accuracy for subject 3 by using PPCA method for dot product 

method 

 

 

 

 

 Block accuracies results using all distance measures 

for each aggregation method have been presented in Table 3 

for the 1
st
 subject, Table 4 for the 2

nd
 subject, Table 5 for 3

rd
 

subject and Table 6 for the 4
th

 subject. The analysis of the 

results obtained from the shown tables and previous figures 

according to different parameters is presented: 

 

 Effect of Method: The results from the sample 

individual cases show that the proposed method based on 

SVD provided the best performance reaching 98.61% block 

accuracy in some cases. However, in [6] the block accuracy 

reaches 95%. The other distance measures results were 

comparable in block accuracy performance reaching 

accuracies above 75% in all cases. Regarding the other 

aggregation methods, we found that block accuracy reaches 

88.56%, and above 70% in all cases.  

 Effect of number of blocks: There is a clear linear 

relationship between the block accuracies and the number of 

blocks used that is evident in all average curves. This is 

expected since the higher number of blocks allows more 

temporal averaging that improves the signal-to-noise ratio of 

the trials enhancing their separation procedures. However in 

the other 2 methods of PCA and PPCA, there is a nearly 

constant relationship between the block accuracies and the 

number of blocks. 

 Effect of number of channels: we deduced from the 

results that the whole configurations of the electrodes were 

approximately near to each other and there is no observable 

big difference between the four and 32 channels. Surely, 

there is small difference due to spatial averaging between 

electrodes that occur in case of using higher number of 

electrodes. The accuracy reaches 94.44% in case of using 

four channels and minimally reaches to 66.67% in all cases 

over all the subjects. However, in case of paper [6], the 

distinction is clear between the results of four and 32 

channels, by which the accuracy reaches 83.33% maximally 

in case of four channels and minimally reaches 8.33% in all 

cases over all the subjects. 

 These promising results recommend potential for the 

new approach in using small number of electrodes with small 

configuration of number of channels used. 

 

 

 New Approach Compared Paper 

 Sub 1 Sub 2 Sub 3 Sub 4 Sub 1 Sub 2 Sub 3 Sub 4 

Block Acc. 

Limits (%) 

L H L H L H L H L H L H L H L H 

Dot Prod.  69.44 94.44 70.83 88.89 73.61 93.056 72.22 80.89 8.33 83.33 12.5 66.67 20.83 79.17 16.67 66.67 

Xcorr. 70.83 93.056 70.83 87.5 72.22 93.056 70.83 86.11 12.5 79.17 16.67 62.5 16.67 79.17 12.5 58.33 

SVD 72.2 97.22 69.4 91.67 72.22 98.611 73.61 94.44 16.67 91.67 8.33 75 16.67 95.83 20.83 83.33 

Outlier 69.4 93.056 70.83 87.5 72.22 90.278 70.83 90.28 8.33 79.17 12.5 62.5 16.67 70.83 12.5 70.83 

TABLE 2 : BLOCK ACCURACY RESULTS OF SIMPLE AVERAGE BY OUR NEW APPROACH COMPARED TO THE PREVIOUS  WORK PAPER [6] 
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TABLE 3: BLOCK ACCURACY RESULTS FOR SUBJECT 1 OF ALL DISTANCE MEASURES FOR EACH AGGREGATION METHODOLOGIES 

 Average PCA PPCA 

 4 Channel 32 Channel 4 Channel 32 Channel 4 Channel 32 Channel 

Block Accuracy Limits (%) Low High Low High Low High Low High Low High Low High 

Dot Product  70.83 87.5 72.22 93.056 66.67 72.22 69.44 73.61 68.056 73.61 68.056 73.61 

Cross Correlation 70.83 88.889 70.83 93.056 66.67 75 66.67 77.78 66.67 75 69.44 76.389 

SVD 72.22 93.056 72.22 97.22 70.83 79.167 69.44 77.78 66.67 75 69.44 81.94 

Outlier 69.44 88.889 70.83 93.056 69.44 76.389 69.44 76.389 68.056 76.389 69.44 80.56 
 

TABLE 4: BLOCK ACCURACY RESULTS FOR SUBJECT 2 OF ALL DISTANCE MEASURES FOR EACH AGGREGATION METHODOLOGIES 

 Average PCA PPCA 

 4 Channel 32 Channel 4 Channel 32 Channel 4 Channel 32 Channel 

Block Accuracy Limits (%) Low High Low High Low High Low High Low High Low High 

Dot Product  72.22 81.94 72.22 88.89 66.67 76.389 68.056 77.78 69.44 73.61 68.056 79.167 

Cross Correlation 72.22 81.94 73.61 87.5 68.056 76.389 69.44 80.56 68.056 80.56 68.056 76.389 

SVD 69.4 87.5 70.83 90.278 69.44 76.389 68.056 73.61 68.056 79.167 68.056 75 

Outlier 72.2 83.33 70.83 87.5 69.44 77.78 68.056 77.78 68.056 76.389 68.056 79.167 
 

TABLE 5: BLOCK ACCURACY RESULTS FOR SUBJECT 3 OF ALL DISTANCE MEASURES FOR EACH AGGREGATION METHODOLOGIES 

 Average PCA PPCA 

 4 Channel 32 Channel 4 Channel 32 Channel 4 Channel 32 Channel 

Block Accuracy Limits (%) Low High Low High Low High Low High Low High Low High 

Dot Product  73.61 91.67 73.61 93.056 68.056 75 69.44 75 68.056 80.56 68.056 75 

Cross Correlation 72.22 93.056 72.22 91.67 68.056 76.389 69.44 76.389 68.056 79.167 68.056 76.389 

SVD 73.61 94.44 73.61 98.61 66.67 77.78 70.83 75 68.056 80.56 70.83 77.78 

Outlier 72.22 88.89 73.61 90.278 69.44 77.78 69.44 80.56 69.44 79.167 68.056 77.78 
 

TABLE 6: BLOCK ACCURACY RESULTS FOR SUBJECT 4 OF ALL DISTANCE MEASURES FOR EACH AGGREGATION METHODOLOGIES 

 Average PCA PPCA 

 4 Channel 32 Channel 4 Channel 32 Channel 4 Channel 32 Channel 

Block Accuracy Limits (%) Low High Low High Low High Low High Low High Low High 

Dot Product  73.61 86.11 75 88.89 69.44 76.389 68.056 77.78 66.67 76.389 69.44 76.389 

Cross Correlation 72.22 81.94 70.83 86.11 69.44 76.389 68.056 76.389 68.056 76.389 68.056 75 

SVD 75 90.278 73.61 94.44 68.056 76.389 69.44 76.389 68.056 76.389 68.056 79.167 

Outlier 72.22 90.278 70.83 88.89 66.67 76.389 68.056 75 68.056 75 68.056 73.61 
 

IV. CONCLUSION 

In this paper, we have introduced a new technique for 

BCI data that requires no earlier training. The accuracy 

result which obtained by averaging from the sample 

individual cases show that the proposed technique 

supported SVD provided the most effective performance 

reaches 98.61%. When the effect of using small number 

of electrodes has been introduced, we found that it can be 

applicable as it got high accuracy results reach 94.44%. 
Consequently, these promising results recommend 

potential for the new approach in making the P300 based 

BCI innovation as a plug-and-play device with no earlier 

training. 
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