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Abstract: Particle swarm optimization (PSO) is a population based statistical optimization technique which 
is inspired by social behavior of bird flocking or fish schooling. The main weakness of PSO especially in 
multimodal problems is trapping in local minima. Recently a learning automata based PSO called PSO-LA to 
improve the performance of PSO has been reported. PSO-LA uses one learning automaton for configuring 
the behavior of particles and also creating a balance between the process of global and local search. Although 
PSO-LA produces better results than the standard PSO but like standard PSO it may trap into local minima. 
In this paper four improvements on PSO-LA are proposed. These improvements are proposed to reduce the 
probability of trapping PSO-LA into local minima. Unlike PSO-LA which uses one learning automaton to 
guide all particles, in the proposed PSO algorithms one learning automaton is assigned to each particle as the 
particle brain which controls the particle movement in the search space. The proposed algorithms are tested 
on 8 benchmark functions. The results have shown that the proposed PSO algorithms are superior to standard 
PSO, PSO with inertia weight (PSOw) and previously reported LA based PSO algorithms. 
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1. Introduction 
 Particle Swarm Optimization (PSO) method is a heuristic search/optimization technique and was first 
proposed by Kennedy and Eberhart [1] in 1995. PSO is motivated from the collective behavior of social 
animals, phenomena such as bird flocking, fish schooling etc. as well elements of social psychology. One of 
the drawbacks of standard PSO model is premature convergence and trapping in local optima 
Many researchers have worked on improving PSO model performance in various ways and developed many 
interesting variants such as single-solution PSO algorithms in unconstrained, static ,continuous optimization 
problems [1] [2] [3], niching PSO, constrained PSO, multi-Objective PSO, dynamic-environment PSO and 
discrete PSO [4] [5] [6]. Single-solution PSO algorithms can be divided into the following categories: PSO 
algorithms in which one or more parameters inertia weight, cognitive and social weights are adapted.  [7] -
 [11]. Social-based algorithms including variant social topology among particles  Error! Reference source 
not found. [16]. Sub-swarm-based algorithms that contains more than one swarm, cooperating  [17]or even 
competing with each other [18] [24]. Repelling methods which avoid particle collision, or repel one particle 
from another to improve diversity [20] [15]. Memetic algorithms which combine local search mechanisms 
with the basic PSO  [19] [21]. hybrid algorithms, which combine concepts from other methods such as 
evolutionary computing, genetic algorithms [22], evolutionary programming, fuzzy systems   [23] ant colony, 
learning automata and cellular learning automata  [28]. Learning automaton (LA) is a general-purpose 
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stochastic optimization tool, which has been developed as a model for learning systems. The LA tries to 
determine, iteratively, the optimal action to apply to the environment from a finite number of actions that are 
available to it. The environment returns a reinforcement signal that shows the relative quality of an action of 
the LA, then LA adjusts itself by means of a learning algorithm. LA have been used to enhance the learning 
capability of other algorithms such as neural networks  [25] [26], genetic algorithms  [35] and particle swarm 
optimization [5] [29]. Recently four solutions based on LA for solving two drawbacks of standard PSO model: 
premature convergence and trapping in local optima  [5] [27] [29] have been reported. In [5], a discrete version 
of PSO based on LA is proposed, which the set of LA is assigned to a particle may be viewed as the brain of 
the particle determining its position from its own and other particles past experience. In [35], the LA based 
PSO reported in [5] is combined with the neighborhood topology concept and a new discrete PSO method 
based on Cellular Learning Automata (CLA) is introduced. In the proposed algorithm each cell of CLA 
contains a particle. In [34], combination of CLA and continuous PSO algorithm is proposed. In this model, 
each cell of CLA contains a population of particles (sub-swarm) and a learning automaton. LA of each cell is 
responsible for configuring the behavior of the cell’s particles. In  [27], an LA based PSO method called 
PSO_LA is reported. In PSO_LA an LA takes is responsible to configure the behavior of particles in order to 
create a balance between the process of global and local searches(For more information about PSO-LA the 
reader may refer to .section 3).Although PSO-LA algorithm produces better results than the standard PSO 
[28] but like standard PSO it may trap into local minima. Another problem with PSO-LA is that particles 
must do whatever LA has decided. Sometimes a particle has a good behavior on the search space, but 
because LA has chosen action “Follow the best” it must follow the group, that is it will be forced to change 
its search behavior and as a result losing its useful search information. 
In this paper four improvements on PSO-LA [27] called LAPSO1, LAPSO2, LAPSO3 and LAPSO4 are 
proposed. These improvements are proposed to reduce the probability of trapping PSO-LA into local 
minima. In LAPSO1 unlike PSO-LA which updates particles velocity and particles oscillation domain when 
LA selects “Continue your way” action, it updates particles velocity and particle’s oscillation domain when it 
selects any one of its actions. In LAPSO2, LAPSO3 and LAPSO4 unlike LAPSO1 which uses one learning 
automaton to guide all particles, one LA is assigned to each particle, as a brain of particle, for regulating its 
movement during the search process. Using one LA for each particle has two advantages: particles do not 
lose their useful search information and particle's variation will be increased which increases the probability 
of escaping from local minima be increased. For preventing from trapping in the local minima, in LAPSO3 
and LAPSO4 ,when then the particle's velocity becomes less than a threshold, it will be reset randomly. In 
order to evaluate the performance of the proposed algorithms they are tested on 8 benchmark functions. The 
results have shown that the proposed PSO algorithms are superior to standard PSO, PSOw and previously 
reported LA based PSO algorithm (PSO-LA). One of the most advantages of the proposed algorithms, which 
could be observed from the result, is that they are invariant to swarm size, can search space and escape from 
local minima even with the minimum swarm size.  
The rest of the paper is organized as follows. PSO is reviewed briefly in Section 2. In section 3, the subject 
of learning automata and PSO-LA are described,. The proposed improvements on PSO-LA are given in 
section 4.  Section 5 is devoted to simulation results and finally section 6 concludes the paper. 

2. Particle Swarm Optimization 
Particle swarm optimizer (PSO) simulates the behaviors of the birds flocking. In PSO, each solution is a 
point in the search space and may be regarded as a bird. We refer to the bird as a particle in the algorithm [1]. 
All particles have fitness values and velocities. The particles fly through the D dimensional problem space by 
learning from the best experiences of all the particles. Therefore, the particles have a tendency to fly towards 
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better search areas over the course of search process. The velocity d
iV  and position d

iX  updates of the dth 
dimension of the ith particle are given in equations (1) and (2).  [1] [2] 
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where c1 and c2 are the acceleration constants representing the weighting of stochastic acceleration terms that 
pull each particle towards pbest and gbest positions. d

irand1 and d
irand2 are two random numbers in the range 

[0,1]. ),...,,( 21 D
iiii XXXX =  is the position of the ith particle , ),...,,( 21 D

iiii VVVV = is the velocity of the ith 
particle, ),...,,( 21 D

iiii pbestpbestpbestpbest = is the best previous position yielding the best fitness value pbesti for 
ith particle  and  ),...,,( 21 Dgbestgbestgbestgbest = is the best position discovered by the whole particles. W 
is the inertia weight used to balance the global and local search abilities. 

3. Learning Automata  
Learning Automata are adaptive decision-making devices operating on unknown random environments. An 
LA has a finite set of actions and each action has a certain probability (unknown for the automaton) of 
getting rewarded by the environment. The aim is to learn to choose the optimal action, the action with the 
highest probability of being rewarded, through repeated interaction of the system. If the LA is chosen 
properly, the process of interacting with the environment can result in selection of the optimal action. A 
study reported in  [30] illustrates how a stochastic automaton works in feedback connection with a random 
environment. 

 
Figure 1: The interaction between learning automata and environment 

A VSLA is a quintuple <α,β,p,T(α,β,p)>, where α, β, p are an action sets with s actions, an environment 
response set and the probability set p containing s probabilities, each being the probability of performing 
every action in the current internal automaton state, respectively. T is the reinforcement algorithm, which 
modifies the action probability vector p with respect to the performed action and received response. Let a 
VSLA operate in an environment with β={0,1}. A general linear schema for updating action probabilities can 
be represented as follows. Let action i be performed.  

(3) 

  If β(t)=0, 
 )()1()1(,)](1[)()1( tpatptpatptp jijiii −=+−+=+ ≠

 
   If β(t)=1, 
           )()1()1()1(,)()1()1( tpbsbtptpbtp jijii −+−=+−=+ ≠

 

Where a and b are reward and penalty parameters. When a=b, automaton is called LRP. If b=0 and 
0<b<<a<1, the automaton is called LRI and LRεP, respectively. The overall operation of Learning Automaton 
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is summarized in the algorithm of Figure 2. For more information about learning automata the reader may 
refer to . [26] [25] 

Initialize p to [1/s,1/s,…,1/s] where s is the number of actions 
While not done 
     Select an action i based on the probability vector p 
     Evaluate the action and return a reinforcement signal β 
     Update the probability vector using the learning algorithm 
End While 

Figure 2: Psudocode of variable-structure learning automaton 

4. PSO-LA 
PSO-LA uses a learning automaton (LA) to configure the behavior of the particles in PSO in order to create a 
balance between the process of global and local search [27]. The LA has two actions: “Follow the best” and 
“Continue your way”. If LA selects the “Follow the best” action, all particles in the swarm must follow the 
best visited position by itself , i.e. its own experience (the best self experience and best team experience) and 
the position of the best particle (local Search) both determine the velocity of the particle in the next iteration. 
If LA selects “Continue your way” no particle changes its velocity and continues its own way (global 
search). PSO-LA starts with initializing the position and velocity of the particles. Then until the 
desired goal is met or a maximum number of iterations is reached the following steps are repeated. 

1- LA selects one of its actions based on its probability vector. 
2- Based on the selected action, the method of velocity updating for particles is selected and then the 

particles update their velocities and positions. 
3- According to particles updating results a reinforcement signal is generated which will be used to 

update the probability vectors of the learning automaton. 
The selected action of LA in any iteration specifies the velocity updating method of particles for that 
iteration. Selection of “Follow the best” action means that only the best self experience and best team 
experience determine the velocity of the particles for the next iteration (equation (4)). The current particle’s 
velocity is ignored. If the “Continue your way” action is selected, the new velocity of the particle will be 
equal to its current velocity.  
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ii
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Evaluating the selected action is done by comparing each particle’s new position with its old position. If a 
specific percent of population (Cimp) are improved, the selected action will be evaluated as appropriate and 
otherwise evaluated as inappropriate action. Cimp is a parameter of the PSO-LA that must be properly set. 
Although PSO-LA algorithm produces better results than the standard PSO [33] but like standard PSO it may 
trap into local optima. Another problem with PSO-LA is that particles must do whatever LA has decided. 
Sometimes a particle has a good behavior on the search space, but because LA has chosen action “Follow the 
best” it must follow the group, that is it will be forced to change its search behavior and as a result losing its 
useful search information. 

5. The Proposed LA based PSO Algorithms 
In this paper four improvements on PSO_LA  [27] called LAPSO1, LAPSO2, LAPSO3 and LAPSO4 are 
proposed. These improvements are proposed in order to solve some of the problems of PSO-LA mentioned 
previously. 
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5.1 LAPSO1: In PSO-LA1 similar to PSO-LA, a learning Automaton which has two actions “Follow 
the best” and “Continue your way” is used to configure the particles search behavior. In PSO-LA unlike 
PSO-LA which updates particles velocity and particles oscillation domain when LA selects “Continue your 
way” action, it updates particles velocity and particle’s oscillation domain when it selects any one of the 
actions “Continue your way” and ”Follow the best”. Algorithm LAPSO1 is given below.  

1- Initialize the position and velocity of the particles. Initialize LA’s probability vector 
2- Repeat until the desired goal is met or maximum number of iterations is reached. 

a. LA selects one of its actions based on its probability vectors. 
b. If LA selects ”continue your way”, then the velocity will be updated as equation (4)  
c. If LA selects action "Follow the best" then the velocity of the particles will be updated using 

equation(5) 

(5)
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d. Update positions of the particles using equation 
3- Generate reinforcement signal β  as described below 
4- Update the probability vector of the learning automaton. 

Evaluating the selected action taken by learning automata and then generating the reinforcement signal is 
done by comparing each particle’s new position with its old position. If a specific percent of population 
(Cimp) are improved, the selected action will be evaluated as appropriate and otherwise evaluated as 
inappropriate action. As in PSO-LA, here Cimp is a parameter of the algorithm that must be properly set. 
5.2 LAPSO2: As mentioned before, one of the PSO-LA weakness is immolation of useful particle 
search behavior. LAPSO2 is proposed to solve this weakness. In LAPSO2 one learning automata is assigned 
to each particle. Each learning automata again has two actions “Follow the best” and “Continue your way”. 
Algorithm LAPSO2 is given below. 

1. Initialize positions and velocities of the particles. Initialize LA’s probability vector. 
2. Repeat until the desired goal is met or maximum number of iterations is reached. 
3. All particles perform steps “a” through “h” in parallel 

a. The learning  automaton associated to the  particle chooses one of its actions   
b. If selected action is ”continue your way”  then the velocity will be updated according to 

equation (4)  
c. If selected action is ”Follow the best” then the velocity will be updated according to 

equation(5) 
d. Update the particle's positions according to equation (2)  
e. Generate reinforcement signal β  using  equation (6) given below  

(6) 
⎩
⎨
⎧ >+

=
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1
))(())1((0

β 

f.  Update the learning automaton probability vector  
5.3 LAPSO3: In PSO-LA, LAPSO1 and LAPSO2, when the cognitive component and social 
component of the velocity equation are too small and particles follow the best particle position in the group, 
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then, particles velocity will decrease. Also when the cognitive and social component of velocity equation are 
near to zero and knowing the fact that the value of inertia weight is smaller than 1 then the particles velocity 
decrease rapidly and causes the particles movement to become very slow. LAPSO3 is proposed as a remedy 
to this problem. LAPSO3 algorithm is similar to LAPSO2 except that when the particles velocity reaches a 
threshold Vc  a new velocity is computed using equation(7) and assigned to the particle. This way by 
reinitializing the velocity of lazy particles (particles with small velocity) trapping into local minima that may 
happen in Modified-PSO-LA1 will be prevented. 

(7) 
⎪⎩

⎪
⎨
⎧

<−

≥
=

+

++
+ VcVifVu

VcVifV
V

d
i

d
i

d
id

i ||max/)1,1(

||

1

11
1 ρ

 

5.3 LAPSO4: LAPSO4 is similar to LAPSO2 except the way that the reinforcement signal is computed. In 
LAPSO4 reinforcement signal β  is generated according to equation (8) given below. 

(8) 
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6. Simulation Results 
In order to show the performance of the proposed algorithms, they are used for optimization of eight 
benchmark functions. These functions contain two unimodal functions (Sphere, Rosenbrock) and six 
multimodal functions (Ackley, Griewanks, Weierstrass, Rastrigin, Noncontinuous Rastrigin and Schwfel). 
The equation and the shape of these functions in 2 dimensional search spaces are given in Table 1. 
The global optima x*, the corresponding fitness value f(x*), the search ranges [Xmin ,Xmax], and the 
initialization range of each function are given in Table 2. The experiment were conducted to compare 
proposed algorithms with standard PSO and PSOw, on ten and 30 dimensional versions of eight test 
functions. The values of parameters for different algorithms are given in Table 3. All the proposed 
algorithms are tested with both LRP and LRεP learning algorithms. Parameters for these two learning 
algorithms are given in the last two columns of Table 3. The naming convention used for the proposed 
algorithms is as follow: for example LA-PSO2-LReP is LA-PSO2 in which LReP has been used as the learning 
algorithm for updating the action probability vector. For the experimentation, a maximum fitness evaluation 
(FEs) is set to 30’000. As we wish to show our methods are swarm-size invariant, so the population size is 
set to 5. 
Table 4 gives the results for 10 dimensional versions of test functions. The means and the variances of 30 
runs for twelve algorithms and eight functions are reported and best results are shown in bold.  
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(g)  (h)  

Figure 3 presents the convergence characteristics in terms of the best fitness value of the median run of each 
algorithm for each test function. By looking at the results given in Table 4 for 10-dimensional version, one 
may conclude that the proposed algorithms produce better results for all test functions except for Sphere 
function for which PSO with inertia weight (PSOw) performs better.  
 By looking at the results one may conclude that all the proposed algorithm produce better results for 
function 2 and five multimodal functions. LAPSO2-LRP produces the best result for function 3. LAPSO3 and 
LAPSO4 perform better than other algorithms on functions 4, 5, 6 and 7 and none of the twelve algorithms 
finds acceptable result for function 8. However, the proposed algorithms (LAPSO3 and LAPSO4) find the 
global minima when other algorithms miss the global optimum basin. From the results we can say that PSOw 
performs better than the standard PSO and converges faster than other algorithms LAPSO-1 through 
LAPSO4) on unimodal functions. On multimodal functions PSO-LA, standard PSO and PSOw trap in local 
minima but LAPSO1, LAPSO2, LAPSO3 and LAPSO4, can escape from local minima and have higher 
exploration ability (search large area of search space). LAPSO3 and LA-PSO4 has the best result comparing 
to standard PSO, PSOw, PSO-LA, LAPSO1 and LAPSO2. 
The experiments conducted on 10-D problems are repeated on 30-D problems and the results are given in 
Table 5. From the results we can say that the proposed algorithms (LAPSO1 through LAPSO4) obtain 
similar ranking as in the 10-D problems. LAPSO3-LRP and LAPSO4-LRP surpass all other algorithms on 
functions 3 ,4 ,5 ,6 and 7. As a whole the result for   a 30_D function is not as good as the results for its 10-D 
counterpart. LAPSO4-LRP performs the best on functions 3, 4 and 5. The experimentations have shown that 
using  LRP  learning algorithm in the proposed algorithms always produces better results. The 
experimentations have also shown that the proposed algorithms perform better on multimodal function. 
Another point noted about the proposed algorithms is that they keep higher diversity among particles (even 
when the number of particles is small) comparing to standard PSO, PSOw, PSOcf and PSOLA.  

7.  Conclusions 
In this paper four new learning automata based PSO algorithms were proposed. These algorithm are 
improved versions of a previously reported learning automata based PSO, called PSO-LA. These 
improvements are proposed to reduce the probability of trapping PSO-LA into local minima. Unlike PSO-LA 
which uses one learning automaton to guide all particles, in the proposed PSO algorithms one learning 
automaton is assigned to each particle to control the particle movement in the search space. From the results 
of experimentations on 8 benchmark function optimization problems, we observed that the proposed PSO 
algorithms, especially LAPSO3 and LAPSO4, are superior to standard PSO, PSO with inertia weight 
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(PSOw) and previously reported LA based PSO algorithms for multimodal functions and can achieve best 
result even with small size swarm. 

Table 1: Test functions 

2 D shape Equation 2 D shape Equation 
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Table 2: global optimum, search ranges and initialization ranges of the test functions 

Initialization Range Search Range F(x*) X* F 
[-100,50]D [-100,100]D 0 [0,0,…,0] F1 

[-2.048, 2.048]D [-2.048, 2.048]D 0 [1,1,…,1] F2 
[-32.768, 16]D [-32.76, 32.76]D 0 [0,0,…0] F3 
[-600, 200]D [-600, 600]D 0 [0,0,…0] F4 
[-0.5, 0.2]D [-0.5, 0.5]D 0 [0,0,…0] F5 
[-5.12,2]D [-5.12, 5.12]D 0 [0,0,…0] F6 
[-5.12, 2]D [-5.12, 5.12]D 0 [0,0,…0] F7 

[-500.500]D [-500.500]D 0 [420.96,… 420.96] F8 

Table 3: parameter setting for the Involved PSO algorithms 

LA_LReP LA _LRP ρ Vc Cimp C2 C1 W1 W0  
     1.45 1.45 0.4 0.9 PSO w 
     2 2 0.75 ٠.75 PSOcf 

α =0.001 , β =0.01α=β=0.01   75 1.45 1.45 0.4 0.9 PSO-LA 
α =0.001  , β =0.01α=β=0.01   75 1.45 1.45 0.4 0.9 LAPSO1 
α =0.001 , β =0.1α=β=0.01    2 2 0.4 0.9 LAPSO2 
α =0.001 , β =0.01α=β=0.01 7 1e-20  2 2 0.4 0.9 LAPSO3 
Α=0.001 , β =0.01α=β=0.01 7 1e-20  2 2 0.4 0.9 LAPSO4 

Table 4: Results for 10-D problems 

F4 F3 F2 F1  
0.0799±0.0016 2.2737e-014±8.5323e-028 0.0124±3.9667e-0041.2418e-314±4.5618e-371 PSO cf 
0.1632±0.0085 0.6957±0.6130 1.5283±2.6112 2.0405e-321±4.3906e-257 PSO w 
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0.9643±0.0362 0.2463±0.0046 14.0788±6.4807 8.3992±7.3897 PSO LA LRP 
1.2837±0.109 0.7809±0.00978 52.9057±201.8486 56.3939±134.7245 PSO LA LReP 

0.0692±3.3223e-004 0.0977±0.0197 2.0069±1.9846 3.0470e-129±9.1730e-257 LAPSO1 LRP 
0.0615±0.0012 3.5527e-015±0 2.1958±4.8066 1.6983e-034±2.8842e-067 LAPSO1 LReP 
0.0711±0.0016 3.1974e-015±1.2622e-030 2.6870±2.7885 3.4075e-170± 3.4075e-190 LAPSO2 LRP 
0.1018±0.0023 3.5527e-015±0 9.0277±35.4323 1.4721e-014±2.1672e-027 LAPSO2LReP 

0.0625±9.3018e-004 3.5527e-015±0 0.2280±0.0078 1.6675e-034±1.2507e-068 LAPSO3 LRP 
0.0406±5.4235e-004 3.5527e-015±0 0.9110±0.4825 1.4987e-034±1.2208e-068 LAPSO3 LReP 
0.0671±4.4587e-004 3.9080e-015±1.2622e-030 0.0208±0.2195 3.3601e-044±5.2617e-088 LAPSO4 LRP 

0.0674±0.0012 3.5527e-015±0 0.5263±1.4968 5.1131e-044±2.0892e-087 LAPSO4 LReP 
F8 F7 F6 F5  

4.1507e+003±0.0030 0.9000±0.7667 3.5527e-016±1.6097e-31 0.0333±0.0068 PSO cf 
4.138e+003±374.6959 21.7368±65.8713 0.8379±0.9089 2.4964±1.5691 PSO w 

4.1505e+003±0 37.8118±0.01 0.9815±0.0333 7.3139±0.4251 PSO LA LRP 
4.1510e+003±0 14±2.45 4.4543±0 6.6444±0.124 PSO LA LReP 
4.1504e+003±0 0±0 0±0 5.2655±13.1760 LAPSO1 LRP 
4.1506e+003±0 0±0 0±0 0.0532±0.0011 LAPSO1 LReP 

4.1504e+003±1.6673e-004 0±0 0±0 0.1032±0.020 LAPSO2 LRP 
4.1507e+003±0.0095 3.2005±6.8477 7.7645e-013±5.7292e-024 0.6085±0.55791 LAPSO2LReP 

4.1504e+003±0 0±0 0±0 1.0658e-015±2.9451e-030 LAPSO3 LRP 
4.1504e+003±1.9734e-004 0±0 0±0 2.4722e-011±5.7176e-021 LAPSO3 LReP 
4.1504e+003±6.1485e-005 0±0 0±0 1.4211e-015±1.1780e-029 LAPSO4 LRP 

4.1504e+003±0 0±0 0±0 2.1316e-015±3.1414e-029 LAPSO4 LReP 
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( c) 

(d) 

 (e)  (f) 

 
(g)  (h)  

Figure 3The median convergence characteristics of 10-D test functions. (a) Sphere function. (b) Rosenbrock’s function. (c) Ackley’s function. (d) 
Griewank’s function. (e) Weierstrass function. (f) Rastrigin’s function. (g) Noncontinuous Rastrigin’s function. (h) Schwefel’s function 
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(g) 

 
(h) 

Figure 4The median convergence characteristics of 30-D test functions. (a) Sphere function. (b) Rosenbrock’s function. (c) Ackley’s function. (d) 
Griewank’s function. (e) Weierstrass function. (f) Rastrigin’s function. (g) Noncontinuous Rastrigin’s function. (h)  Schwefel’s function 

Table 5: Results for 30-D problems 

F4 F3 F2 F1  
0.4444± 0.1245 1.5869±0.4308 40.0853±644.5545 0.4298±0.5723 PSOcf 
0.0329±0.0018 2.7320e-008±7.4076e-015 17.7492±79.5980 4.217e-034±3.6705e-067 PSO w 
3.4420±0.0155 1.0370±0.0052 335.4866±1.8071e+003 258.8194±1.2231e+003 PSO LA LRP 
2.6987±0.1291 1.2550±0.0043 460.5667±4.5067e+003 383.1832±1.3331e+003 PSO LA LReP 
0.0204±0.0010 8.1099e-009±2.4196e-016 29.3942±275.0456 1.401e-013±7.1681e-026 LAPSO1 LRP 

0.0334±4.8586e-004 0.0061±8.7614e-005 47.0219±666.8714 0.0272± 0.0055 LAPSO1 LReP 
0.016±6.2225e004 2.6823e-011±1.9782e-021 39.020±674.8228 2.167e-012±1.3394e-023 LAPSO2 LRP 

0.4893±1.3695 0.0511±0.0138 61.7932±1.9677e+003 18.1432±3.2883e+003 LAPSO2LReP 
0.0272±7.3246e-004 1.1636e-011± 1.4016e-022 40.3704±902.2664 8.770e-020± 2.3656e-039 LAPSO3 LRP 
0.0214±3.24623-004 1.9474e-009±1.9474e-009 28.0745 ±591.2671 1.430e-014±1.9797e-027 LAPSO3 LReP 

0.0346±0.0011 1.2714e-011±5.4917e-023 31.5803±877.3246 1.347e-019±2.1415e-038 LAPSO4 LRP 
0.0386±0.0022 3.8639e-012± 4.7452e-023 46.1007±782.2940 2.488e-021±4.6186e-041 LAPSO4 LReP 

F8 F7 F6 F5  
1.2383e+004±5.4533e+003 132.0500±841.2194 0.6344±0.2649 20.7938±15.6794 PSO cf 

1.2454e+004±0.1690 23.4±291.8222 1.1958e-012±4.0718e-024 1.0371±1.0632 PSO w 
1.2454e+004±0.2034 157.3910±195.6791 33.3892±14.6191 37.0573±37.0573 PSO LA LRP 
1.2469e+004±17.7907 194.8198±81.5650 44.0232±27.6941 31.5882±21.5825 PSO LA LReP 
1.2452e+004±0.0219 54.9038±678.2944 1.7110e-10±1.3083e-019 4.9605±10.6045 LAPSO1 LRP 
1.2454e+004±0.1595 28.3307±968.3732 0.0141±0.0017 4.7831±31.7103 LAPSO1 LReP 
  1.2452e+004±0.0079 68.3213±1.0758e+003 1.7110e-010±1.3083e-019 2.3808±4.7863 LAPSO2 LRP 
  1.2454e+004±5.2434 65.7398±462.8724 0.2013±0.1300 7.2227±5.7324 LAPSO2LReP 
  1.2451e+004±0.0033 0.7140±1.1523 1.1782e-011±1.3750e-021 0.0244±0.0050 LAPSO3 LRP 
  1.2451e+004±0.4467 0.5034±0.2814 2.9972e-011±7.4394e-021 0.8174±0.7905 LAPSO3 LReP 

  1.2454e+004± 9.3635e-004 1.0136±1.7770 0±0 1.278e-006±1.1917e-011 LAPSO4 LRP 
  1.2454e+004±0.0021 1.1746±2.6184 0±0 0.0314±0.0064 LAPSO4 LReP 
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