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Although the brain recognizable wave patterns are of limited vocabulary 

representing finite number of states, the dynamics and moral conditions 

made it unlimited and subject to severe variations. To enhance the 

response to certain order, these variations should be augmented in such a 

way that the brain responds to the nearest meaningful order. In this paper 

the retention of mental state to the nearest meaningful order is simulated 

by the retention of nearby periodic orbits out of a chaotic flow. A 

distributed chaotic generator is used to imitate an intermittent behavior 

with the laminar phase representing the definite mental tasks and the 

bursts representing the noisy or undefined tasks. In the intermittent section 

of the response the nearest periodic response is period three. An algorithm 

based upon the hidden Markov chain has been developed to retain periodic 

responses out of the chaotic flow. 

 

1. INTRODUCTION 

Brain-Computer Interfaces (BCI) are communication systems which enable users to 

send commands to computers by using brain activity only, this activity being generally 

measured by ElectroEncephaloGraphy (EEG) [1]. Most EEG-based BCI are designed 

around a pattern recognition approach: in a first step features describing the relevant 

information embedded in the EEG signals are extracted. They are then fed into a 

classifier which identifies the class of the mental state from these features. Therefore, 

the efficiency of a BCI, in terms of recognition rate, depends mostly on the choice of 

appropriate features and classifiers[2]. A good feature extraction algorithm should 

capture the relevant information related to each targeted brain activity pattern (or 

mental state) while filtering away noise or any unrelated information[3]. The ability of 

computers to enhance and augment mental and physical abilities and potential is of 

great interest. It is becoming a reality after being a dream of science and fiction [4]. 

One of the important military applications of BCI (Brain Computer Interface) is the 

instant broadcasting of a command from the commander's brain to the troops under his 

command. A commander needs only to think of a command to instantly broadcast it to 

other troops. Fighters also need fast reaction during air raids. This can be achieved 

using a BCI.  The BCI also holds the promise of bringing sight to the blind, hearing to 

the deaf, and the return of normal functionality to the physically impaired. The brain 

signal undergoes severe dynamics as it represents unlimited vocabulary. In this respect 

it resembles a chaotic flow in the vicinity of periodic orbits. In chaotic conditions, the 

system loses memory to itself (undefined mental task) in the periodic state the system 

retains memory (a defined mental task). So, if a Markov algorithm can retain periodic 
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flows out of chaotic ones, it can be used to define mental tasks out of unlimited 

vocabulary.  
 

 
Figure 1. Distributed Chaotic Generator 

 

The circuit shown in Fig.1 is the distributed chaotic generator. The state 

equations of which is given by: 

v
-
1 (t+T)= v

-
2 (t) – Zo f(v1) 

v
-
2 (t+T)= ρv

-
1(t) ,                                                                                               (1) 

f(v1)= -v1 + v
2

1 

where, v
-

1 and v
-

2 are the reflected voltages at the transmission line ends, ρ is the 
reflection coefficient at the load side, Z0, and T are the characteristic impedance and the 

delay time of the transmission line respectively, and Rl is the load resistance, Assuming 

the load is matched and the transmission line is lossless, advancing the state vector one 

cycle the system in (1) reduces to: 

v
-
1 (t+2T)=Rl v

-
1  (t+T) (1- v

-
1 (t+T))                                                                  (2) 

The above equation is similar to the logistic map [5]. 

 

2. CHAOTIC TIME SERIES GENERATION USING THE 

DISTRIBUTED OSCILLATOR 
 

Using equation (2) with the bifurcation parameter Rl varying from 2.5 up to 4 the 

dynamics of the system are shown in the bifurcation diagram of Fig.2. The period 3 

window appears at the value of 3.827940 for the bifurcation parameter Rl 

 

  
Figure 2. Period ( 3 ) at (Rl = 3.827940) 
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In time domain, with Rl = 3.827940, 100,000 iterations produce the time series 

shown in Fig.3 where laminar phases interrupted by bursts representing defined and   

undefined mental tasks. 

 

 Figure 3. The reflected voltage at the load side with Rl=3.827940 

 

We can distinguish the periodic part from the chaotic part by observing period 

( 3 ) which repeats the values {0.956   0.160   0.514}. These three successive values 

may occur one time, in this case it is called period (1) and may be repeated {2 , 3 , 4 , 5 

, 6 , 7 , 8 , 9 , 10 , 11 , 12 , 13 , 14 , 15} times , each  repeat will be named according to 

the period[5]. Table 1 shows the period count. The distribution curve showing the 

probability density of each period relative to the total number of iterates is shown in 

Fig.4. 

Table.1 The count of periods 
 

 

 

 
 

Figure 4 Distribution of periods in the periodic part of the time series. 

Period 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Count 1119 526 276 174 124 78 72 76 50 70 50 75 704 126 445 
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After counting the probability of occurrence of the periodic iterates (laminar 

phases), we can compute the probability of occurrence of the chaotic parts (bursts) by 

subtracting the total count of periodic parts from the total number of iterates.  

The count of the periodic parts = 54858 iterations. The count of the chaotic 

parts = 45142 iterations. 

 

3 . MARCOV CHAIN MODELING 

In this section, we model the intermittency chaos by using Marcov Chain. The 

probability of existence of each period related to total iterations is shown in Table 2. 
 

Table 2  The probability of existence of each period related to total 

iterations . 

Period 1 2 3         13 14 15 

Ratio 0.01119 0.00526 0.00276         0.00104 0.00126 0.00445 
 

To calculate the transition probability between the states, we should count the 

existence of each period related to the other periods is shown in Table 3. 
 

Table 3  The existence of each period related to the other  periods . 

Period 1 2 3           14 15 

Count 0.10095 0.06738 0.05160           0.01713 0.01335 
  

In order to design the Markov model we consider that every period in the 

periodic part presents one of the states {S1 ,  S2 , ……. , S16} and all the chaotic parts 

present one state (S0). Each period has only two probability transitions, one to the next 

state and the other to the state (S0) except (S15) which has only one transition to (S0) 

such that: 
 

 

Q ( Sn ) =  1                                                                                            (3)           
 

Where the summation is carried out over the whole length of the sequence. To 

determine the ratio of the chaotic period we should count the iterations in each periodic 

period as shown in Table 4. 

 

Table4 Probabilities of periodic and chaotic parts . 

Period 1 2 3           14 15 All 

periodic 

All 

chaotic 

Ratio 0.03357 0.03156 0.02484           0.05292   0.20025 0.54858 0.45142 

 

Q ( Sn ) = P ( Sn / Sn-l )  Q ( Sn-l )              ( 0 < n ≤ L )                                  (4) 

From equation (3) we can compute the probability of transitions between 

states, where (n) is number of periodic states, N is number of total states, Q is the 

existence of each period related to the other periods and P is the probability of 

transitions between states. 
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P ( Sn+1 / Sn)  + P ( S0 / Sn )  = 1              ( 0 ≤ n < N ).                                  (5) 

Equation (5) shows that the probability of transition from the state (n) to the 

next state (n+1) plus the probability of transition from state (n) when it turns back to 

chaotic part which presented here in state ( S0 ) equal one. It means that all states have 

only two transitions, one from itself to the next and the other one when it turns back to 

state( S0 ) except (S15 )has only one probability that it turns back to the state( S0 ), All 

the transition probabilities was calculated from equations (4 and 5) and results shown 

in Table 5. 
 

Table5 Transition probabilities between different states. 

Probability of transition from 

state ( n ) to  ( n+1) 

Probability of transition from 

state( n )   to ( 0 ) 

P0,1 = 0.22363 P0,0 = 0.77637 

P1,2 = 0.66746 P1,0 = 0.33254 

P2,3 = 0.76581 P2,0 = 0.23419 

P3,4 = 0.83953 P3,0 = 0.16047 

P4,5 = 0.87950 P4,0 = 0.12050 

P5,6 = 0.90236 P5,0 = 0.09764 

P6,7 = 0.93194 P6,0 = 0.06806 

P7,8 = 0.93258 P7,0 = 0.06742 

P8,9 = 0.92369 P8,0 = 0.07631 

P9,10 = 0.94565 P9,0 = 0.05438 

P10,11 = 0.91954 P10,0 = 0.08046 

P11,12 = 0.9375 P11,0 = 0.0625 

P12,13 = 0.9 P12,0 = 0.1 

P13,14 = 0.84593 P13,0 = 0.15407 

P14,15 = 0.77933 P14,0 = 0.22067 

----------- P15,0 = 1 

Q ( S0 ) = 




1

0

N

n

P ( S0 / Sn )  Q ( Sn )  + Q ( SN )                                           ( 6 ) 

Getting all of the state transition probabilities is shown in Table 6, we can now 

design the model that describes the time series generated by the distributed chaotic 

generator.  
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Table 6 : State transition matrix of state probabilities 
 

 

Equation 6 is the Markov model. The elements of which can be obtained by 

substituting in the state transition matrix shown in Table 6. 

To check the validity of the model we use the model equation to generate again 

a time series of 100,000 points. The result is shown in Fig.5. The distribution of 

periods from the regenerated data using the Markov model is also shown in Table 7 

and Fig 6. 
 

Table7: Count of the three successive values generated from  model 

Period 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

Count 1090 496 298 188 137 80 66 88 49 78 44 76 106 122 433 
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Figure5 The regenerated time series from the Markov model. 
 

 
Figure 6 Distribution of periodic part generated from the model. 

 

The model can further be used in reducing or removing the noise or bursting 

phase and increasing the weight of the laminar phase corresponding to definite  mental 

tasks. This can be easily achieved by tuning the state transition matrix. Tuning may be  
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by increasing the transition probability of one or more periodic state to the next 

periodic state. Figures 7, and 8 show the results of tuning the state transition matrix. 

Now we able to over come the existence a large amount of undesired -chaotic- 

by determine one or more parameter can control in the existence ratio of chaotic states. 

We succeed in decreasing the chaotic ratio to more than 65% . 
 

 
Figure 7 the regenerated time series before tuning ( P01=0.22363) 

 

 
Figure 8 The regenerated time series after tuning the state transition matrix (P01=1) 
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4. CONCLUSIONS 

Due to the difficulty in obtaining real data corresponding to definite mental tasks, a 

distributed chaotic generator is used to generate a chaotic time series including laminar 

and burst phases (intermittency) that resemble defined and undefined mental tasks. A 

Markov model based upon the period count is designed. The model adequacy is tested 

by regenerating the chaotic time series. The model also shows efficiency in reducing 

the chaos irregularity. 
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 اƃمواجه اƃبينى ƃلمخ واƃحاسب اƃمبنى على ساسل مارƂوف

يقدم اƅمواجه اƅبيƊى ƅلمخ واƅحاسب قƊاة إتصال مباشرة من اƅمخ، فيعاƅج Ɗشاط اƅمخ ويترجمه إƅى أوامر مستخدما 
 طريقة إستخراج اƅسمه اƅمميزة وخوارزميات اƅتصƊيف.

شخاص اƅذين يعاƊون من اإعاقة اƅحرƄية بتزويدهم أƊظمة اƅمواجه اƅبيƊى ƅلمخ واƅحاسب تهدف إƅى مساعدة اأ
باƅقدرة على اƅتحƄم فى أجهزة مثل اƄƅرسى اƅمتحرك واƅحاسب باإعتماد على Ɗشاط اƅمخ فقط و دون اƅحاجة إƅى 

 إستخدام اأعضاء اƅعضلية فى اƅجسم.
شخاص واƅتى تتعلق بƊوايا Ɗظام اƅمواجه اƅبيƊى ƅلمخ واƅحاسب يحدد وجود Ɗمازج محددة فى Ɗشاط اƅمخ أحد اأ

 هذا اƅشخص ƅيبدأ اƅتحƄم.
أƊظمة معاƅجة اإشارات هى جزء هام جدا فى تصميم أجهزة اƅمواجه اƅبيƊى ƅلمخ واƅحاسب أƊƊا Ɗحتاج إƅيها فى 

 إستخراج اƅمعلومات اƅتى ƅها معƊى من إشارات اƅمخ.
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اإشارات اƄƅهربية اƅفسيوƅوجية اƊƅاتجة من  وƄأى Ɗظام إتصال، يوجد ƅلمواجه اƅبيƊى ƅلمخ واƅحاسب إدخاات )
 Ɗشاط اƅمخ( ومخرجات ) اأفعال اƅمƊفذة من اƅجهاز (.

يقوم اأفراد باƅتحƄم فى اأجهزة عن طريق اأƊشطة اƅعقلية واƅتى تƄون مصاحبة ƅأفعال إعتمادا على تطبيق 
اƅبيƊى ƅلمخ واƅحاسب، ويتطلب اإرتباط بين اأƊشطة اƅعقلية و اأفعال إختيار مجموعه من اأƊشطة  اƅمواجه

 اƅعقلية ƅتشغيل اƅمواجه اƅبيƊى ƅلمخ واƅحاسب ƅتعريف اƅتوقيعات فى Ɗشاط اƅمخ واƅتى تميز Ƅل Ɗشاط عقلى.
Ɗن قياسها بحساسات مƄتى يمƅظواهر واƅطاق واسع من اƊ مخƅشاط اƊ تجƊُهربى يستخدم فى يƄ ها جهدƅاسبة و

 اƅمواجه اƅبيƊى ƅلمخ واƅحاسب .
على اƅرغم من أن Ɗماذج موجات اƅمخ اƅمتعرف عليها محدودة وتمثل عدد محدود من اƅحاات إا أن اƅظروف 
اƊƅفسية تجعله غير محدود. وƅتحسين اإستجابه أمر معين يƊبغى أن تزداد هذƋ اƅتغيرات بحيث يستجيب اƅمخ 

 رب أمر يمثل معƊى.أق
اƅتى -وƄان اƅعمل فى هذا اƅبحث ƅتحسين إستجابة اƅمواجه اƅبيƊى ƅلمخ واƅحاسب فى تمييز إشارات اƅمخ   

واƅتى تحدث Ɗتيجة تغير اƅحاƅة اƊƅفسية.  -اƅضوضاء-من اإشارات اأخرى  -تمثل اأوامر اƅتى Ɗحتاج إƅيها
ƅسلوك اƅمتقطع اƅذى ƅه مرحلة متƄررة واƅتى تمثل اƅمهام اƅعقلية اƅمحددة ويستخدم اƅمُوƅَد اƅعشوائى اƅمُوَزع ƅمحاƄاة ا

فى اƅمخ ومرحلة اƊƅبضات اƅعشوائية اƅتى تمثل اƅضوضاء أو اƅمهام اƅعقلية اƅغير محددة. وأقرب مرحة متƄررة فى 
لسلة مارƄوف اƅمخفية اƅقسم اƅمتقطع ƅإستجابة  هى اƅمرحلة اƅثاثية، وقد تم تطوير اƅحل اƅحسابى اƅمبƊى على س

 بحيث يحتفظ باإستجابات اƅمتƄررة بعيدا عن اƅعشوائية.
وقد ƊجحƊا فى هذا اƅبحث فى توƅيد متواƅيه تشبه فى سلوƄها إشارات اƅمخ من حيث احتوائها على مجموعات 

ل Ɗƅا شيئا وا متƄررة تحاƄى اƅمتوƅدة من اƅمخ واƅتى تمثل اأوامر وأخرى عشوائية تشابه اإشارات اƅتى ا تمث
Ɗحتاجها، وعن طريق إستخدام Ɗموزج ساسل مارƄوف إستطعƊا تحديد اƅمجوعات اƅمتƄررة واƅمجموعات اƅعشوائية 

 Ƌووضعها فى صورة حاات، هذ 
اƅحاات تمثل اأƊشطة اƅعقلية ƅلمخ، ثم قمƊا بحساب إحتماات اƅتƊقل بين هذƋ اƅحاات، ومن هذƋ اإحتماات 

 جديد ƅه ذات اƊƅسب تقريبا ƅتواجد اƅحاات فى اƊƅظام اƅقديم. قمƊا ببƊاء Ɗظام
وقد قمƊا بعدة محاوات ƅتقليل حجم اƅمجموعات اƅعشوائية وذƅك عن طريق زيادة  Ɗسبة إحتماƅية اإƊتقال بين 

Ƅثر اƅمجموعات اƅمتƄررة. وبعد عدة محاوات وجدƊا أƊه يمƄن تقليل اƅمجموعات اƅعشوائية بشƄل Ƅبير يصل إƅى أ
 % ، مما يساعد على تحسين أداء اƅمواجه اƅبيƊى ƅلمخ واƅحاسب.56من 
 

 


