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Abstract: Extreme Learning Machine (ELM) is a generalized single-layer feedforward 

neural network that has been widely used in classification and regression. Its 

disadvantage is that the number of hidden layer nodes cannot be automatically 

determined, while the Dynamic Extreme Learning Machine (D-ELM) can solve this well 

by an adaptive method. This paper proposes an effective method for optimizing 

network structure based on D-ELM and Particle Swarm Optimization (PSO) algorithm. 

The network error becomes smaller and the stability is improved by using the PSO 

algorithm to optimize the D-ELM network structure. In this paper, the D-ELM based 

on PSO is applied to the classification and recognition of iris.The results show that the 

classification and recognition effect of the D-ELM based on PSO is better than other 

ELMs. 
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1. Introduction 

The extreme learning machine (ELM), a kind of single-layer feedforward neural 

network, is a universal approximator[1-10], which core idea is transforming the single-

layer feedforward neural network problem into a least squares problem and calculating 

the output weight by applying Moore-Pen-rose (MP) generalized inverse to [11]. Since 

the characteristic of no parameters need to be adjusted, the algorithm avoids the 

complicated computational process of repeated iterations of traditional neural 

networks . Its fast calculating speed make itself exhibiting better generalization 

performance in regression and classification problems and widely application in 

practical problems, such as face recognition, clustering, feature extraction, noise and 

missing data processing, online continuous data learning, unbalanced data learning 

and so on. Shen Libo et al. [12] established a subjective regression evaluation model 
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to predict the corresponding objective quality evaluation values and extracted features 

using the ELM. Wang Dewen et al.[13] combined the ELM with the k-means method 

and implied it into the specific process of the extraction mode. ELM have a wide range 

of applications in all areas of life, illustrating the need for research. 

In practice, the number of hidden units in a single-layer feedforward neural network 

needs to be set in advance, which is directly related to the network generalization 

ability. Too many or too few hidden units will make the training error larger and the 

generalization ability worse. Many scholars have proposed a series of solutions to 

determine the appropriate number of hidden units to achieve better desired results, 

among which Zhang et al. are important founders. They gradually developed a 

dynamic extreme learning machine (D-ELM) [14] based on the error minimization 

extreme learning machine (EM-ELM) [15-17] and the adaptive growth extreme learning 

machine (AG-ELM) [18-19], which had made improvement in the design of the network 

structure and the calculation of the output weights, making the network structure 

more streamlined and the accuracy higher. 

However, the stability of D-ELM is poor, so some researches combined with other 

algorithms have been carried out in order to solve this problem. Deng et al. introduced 

the regularization factor in the weight vector calculation process, and then proposed 

the Re-ELM [20] algorithm to improve the stability of the algorithm. Wang et al. 

proposed Re-D-ELM [21] based on D-ELM and Re-ELM, which can dynamically absorb 

hidden nodes to improve stability according to its importance to network performance. 

In the extreme learning machine, since the input weight and threshold are randomly 

selected, its stability is one of the core problems that we need to solve in order to 

achieve better results. 

This paper proposes a new ELM called D-ELM based on PSO on the basis of D-ELM 

and PSO algorithm. It should be applied to the classification and identification of iris. 

Since the classification and identification of plants is an important basic work in botany 

research and agroforestry production and management, this application is of great 

significance for distinguishing plant species, exploring the genetic relationship 

between plants, and elucidating the evolutionary laws of plant systematization. 

 

2. D-ELM Based on PSO 

2.1 Particle Swarm Optimization algorithm 

Particle Swarm Optimization (PSO) is a swarm intelligence optimization algorithm, a 

optimization calculation method first proposed by James Kennedy and Russell Eberbart. 

Inspired by bird predation, the most effective search strategy for finding food is to 

search for the nearest food in the current area. There are interactions and interactions 

between predators and individuals and groups in biota, which social behavior of animal 
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gropes is simulated in computer by PSO, information sharing mechanism is adopted 

and individuals are compared with each other, to make the entire network system 

develop in a better direction.  

In the algorithm, each particle can get a fitness value through the fitness function. 

The direction and distance of particle movement are determined by the particle 

velocity, which is dynamically adjusted according to its own and other particle 

movement experiences, thereby achieving optimization in a feasible space. Position, 

velocity, and fitness values are three characteristics of particle swarm optimization. 

The steps for particle swarm optimization are as follows: 

(1) Firstly, a group of particles is randomly initialized in the feasible space by 

calculating each particle to obtain a fitness value, the value of which determines the 

quality of the particle; 

(2) The optimal position of the fitness value that an individual can find in the process 

of historical optimization is called Pbest, while the global optimal position that all 

particles in the population can find in the historical optimization record is called Gbest. 

Individual locations are updated by tracking individual extremum Pbest and population 

extremum Gbest; 

(3) The fitness value is calculated and the individual extreme value Pbest and the 

population extreme value Gbest position are updated by comparing the fitness value 

of the new particle with the fitness value of the individual extreme value and the 

population extreme value each time the particle is updated. 

Suppose that in a D dimensional search space, a population consisting of n particles, 

where the i particle is represented as a D dimension vector T

1 2X ...i i i iDx x x（ ， ， ） , 

represents the position of the i particle in the D dimensional search space and a 

potential solution to the problem. The fitness value corresponding to each particle 

position 
iX
 
can be calculated according to the objective function. The velocity of the 

i particle is T

1 2V ...i i i iDV V V（ ， ， ） , and its individual extremum is T

1 2P ...i i i iDP P P（ ， ， ）, 

while the population extremum of the population is T

1 2P P ...g g g gDP P（ ， ， ）. 

During each iteration, the particles update their speed and position through Pbest and 

Gbest, ie 
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which   is the inertia weight, c1 and c2 are non-negative constants called acceleration 

factors; r1 and r2 are random numbers distributed in the interval [0, 1]. To prevent 

blind search of particles, its position and speed are generally limited to a certain 

interval [-Xmax,Xmax] and [-Vmax,Vmax]. The algorithm flow chart is shown as Fig. 1. 
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Figure 1 The algorithm flow chart of PSO 

 

2.2 D-ELM Based on PSO 

Based on the dynamic learning machine and particle swarm training method, a particle 

swarm dynamic limit learning machine is proposed. The basic idea of the algorithm is 

as follows. 

When randomly given parameters, it can be considered that many worker bees are 

sent out to collect honey. Initially, instead of giving only one parameter, we give n 

parameters, and then select the optimal parameters among the n parameters, and 

then find the optimal number of hidden layer nodes through the dynamic learning 

machine. 

First, give a training sample set   0, , , 1,2, ,n m

i i i ix t x R t R i L N   .The complete 

combination of the two ideas not only optimizes the number of hidden layer nodes, 

but also optimizes the hidden layer parameters. The specific calculation steps are as 

follows: 

i. Initial stage  

Order 1m   

 step1 Randomly set hidden layer parameters  1 1, da b R R  . 

 step2 Calculate the hidden layer output matrix 

      1 1 1 1 1 1 1 1, , , , , , , ,
T

NG a b x G a b x G a b x
.
 

 step3 Calculated output vector
1 1
ˆ H T  ，Where 

1H 

 
is the generalized inverse of 

the hidden layer output matrix 1H . The approximation function is f  and the 

corresponding error is  

1E :   1 1 1( )x H x   ，
1 1E f  . 
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ii. Cycle stage of growth  

When 
maxnL L  and

nE   

1).Order 2m   create a temporary network 
m  

 

Step1 select n parameters at random 

 ,j j d

mi mia b R R     1,2,3, ,i n  

Step2 Calculate actual output and error 
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Step3  j

mi x  is the network that we generated in the interim. Comparing 
1m 
 and 

 j

mi x ，if 
1

j

m me E  , stop calculation and exit this stage. Otherwise, order 1j j   

and return to the initial stage 
m . represents the temporary network obtained from 

step m. 
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2).Increase the hidden layer parameters: 

Randomly set hidden layer parameters  , .d

n na b R R 
 

Add  ,n na b  to network  m
  , the hidden layer output is 

      , , ,
T

m m n nH x H x H a b x .  Therefore, the final approximation function  m x  

and its corresponding error mE  are as follows: 

   ˆ ,
m

m mx H      0m mE x T   

3).Order 1m m   .  

Return to initialization until the learning stop. 

 

3. Iris flower dataset test classification 

The classification and identification of plants is an important basic work in botany 

research and agroforestry production and management,which is of great significance 

for distinguishing plant species, exploring the genetic relationship between plants, and 

elucidating the evolutionary laws of plant systematization. Currently, the commonly 

used method for identifying plant species is to use the classification and retrieval table 

for identification, which has a large workload. Also it  requires high financial and labor 
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costs. 

The leaves are an important part of all kinds of plants, while its outer contour is the 

main morphological feature. Extracting the morphological characteristics of leaves and 

using computer to study classification and recognition is an important research 

direction now. Iris is the national flower of France, Setosa, Versicolour and Virginica 

are three famous ones, which sepals are colorful and calyx is drooping different from 

the upward petals. These three irises are very similar so that the irises can be  

classified according to four measures of the sepals and petals. 

There are 50 observations of the four measures now, the lengths of the three irises, 

the width of the bracts, the length of the petals and the width of the petals. So 150 

data of them can be obtained. 

In this paper, six extreme learning machines, ELM, D-ELM, PSO-ELM, Re-ELM, PSO-

D-ELM and Re-D-ELM are used to classify irises. The comparison of the predicted 

classification values of the various extreme learning machine recognitions with the real 

categories are shown in Figure 2-7. 

         

Figure. 2 The comparison of ELM       Figure. 3 The comparison of PSO-ELM 

        

Figure. 4 The comparison of Re-ELM      Figure. 5 The comparison of Re-D-ELM 
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Figure. 6 The comparison of ELM       Figure. 7 The comparison of PSO-ELM 

It can be seen from Fig. 2 and Fig. 4 that the classification results of ELM and Re-ELM 

are relatively poor and the accuracy is less than 90%, the classification effect is not 

good. Meanwhile it can be known from Fig. 3, Fig. 5, Fig. 6 and Fig. 7 that the real 

values of the four types of extreme learning machine algorithms, PSO-ELM, Re-D-ELM, 

D-ELM, and PSO-D-ELM coincide with the images drawn by the predicted values, which 

rate of high and accuracy has reached more than 90%, and among which the 

classification effect of PSO-D-ELM is the most obvious and accuracy of 100%. It’s 

obvious that PSO-D-ELM has the highest classification accuracy in the six extreme 

learning machines. 

In the following experiments, the six extreme learnings are run 10 times each, and 

the changes in the classification accuracy of various extreme learning machines are 

observed. The results are shown in Fig. 8 and the average accuracy of their operation 

10 times is calculated in Table 1. The activation function used in the experiment is still 

the ‘sig’ function. 

 

Figure.8 Comparison of classification accuracy results of various ELMs 

The Fig. 8 shows that Re-ELM has the largest fluctuation in these 10 operations, and 

the accuracy is less than 75%. Meanwhile the relative amplitudes of the four extreme 

learning machines, ELM, Re-D-ELM, PSO-ELM and Re-D-ELM, are also relatively 

obvious. Only PSO-D-ELM has a accuracy of 100% in each of the 10 test results, and 
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the calculation result has not changed, which show that the dynamic limit learning 

machine based on particle swarm optimization (PSO-D-ELM) has the most stable 

network structure in classification and identification, and the accuracy is the highest. 

Table 1 The average accuracy of six ELM operation 10 times 

Name of ELM ELM PSO-ELM D-ELM 

Classification accuracy 96.33% 97.00% 97.67% 

Name of ELM PSO-D-ELM Re-ELM Re-d-ELM 

Classification accuracy 100.00% 87.33% 96.67% 

It can be seen from Table 1 that the average accuracy of the Re-ELM classification 

result is only 87.33%, which is the lowest among the six algorithms. The average 

accuracy of classification of ELM, Re-D-ELM, PSO-ELM and Re-D-ELM reached more 

than 96%, while the average accuracy of PSO-D-ELM in the six types of extreme 

learning machines is the highest, and the accuracy can reach 100%. The results show 

that the classification accuracy of the dynamic extreme learning machine based on 

particle swarm is very high. 

 

4. Conclusion 

In this paper, based on D-ELM and PSO algorithm, PSO-D-ELM is innovatively 

proposed, the initial n- parameters are optimized to find the optimal number of hidden 

layer nodes, which avoids the problem of poor stability of D-ELM. Taking the 

classification identification of irises as an example, comparative experiments on ELM, 

D-ELM, PSO-ELM, Re-ELM, Re-D-ELM and PSO-D-ELM are carried out. The results 

show that compared with other extreme learning machines, the network structure of 

PSO-D-ELM is very stable and the accuracy is up to 100% in the classification and 

identification of iris.  
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