
V.M. Sineglazov, O.I. Chumachenko, D.M. Omelchenko  Hybrid Neural Network Optimization System Based on …  61 
 

________________________________________________________________________________________________ 

© National Aviation University, 2020 
http://jrnl.nau.edu.ua/index.php/ESU, http://ecs.in.ua 

UDC 004.032.26(045) 
DOI:10.18372/1990-5548.64.14857 

1V. M. Sineglazov, 
2O. I. Chumachenko, 

3D. M. Omelchenko 

HYBRID NEURAL NETWORK OPTIMIZATION SYSTEM BASED ON ANT ALGORITHMS 
1,3Aviation Computer-Integrated Complexes Department, Faculty of Air Navigation Electronics and 

Telecommunications, National Aviation University, Kyiv, Ukraine 
2Technical Cybernetic Department, National Technical University of Ukraine “Igor Sikorsky Kyiv 

Polytechnic Institute,” Kyiv, Ukraine 
E-mails: 1svm@nau.edu.ua  ORCID 0000-0002-3297-9060, 2chumachecko@tk.kpi.ua ORCID 0000-0003-

3006-7460, 3maksymshevchenko01@gmail.com 
Abstract—The ant multi-criteria algorithm for feed forward neural networks training is proposed. It is 
used two criteria: the error of generalization and complexity. It is represented a review of neural network 
learning using swarm algorithms. As a result of training it is determined a structure of neural network (a 
number of layers and neurons in then) and the values of weight coefficients and biases. Modification of 
well-known algorithms consists in using the concept of Pareto optimality. It is done the research of 
proposed algorithm on the example of multilayer perceptron for the approximation problem solution.  

Index Terms—Multi-criteria optimization; ant algorithm; neural network; Pareto-optimality. 

I. INTRODUCTION 

Population algorithms involve the simultaneous 
processing of several options for solving the 
optimization problem and are an alternative to the 
classic "trajectory" search algorithms, in which in 
the field of search only one candidate for solving the 
problem is evolved. 

The efficiency of such algorithms is equal to, and 
often higher than, the classical evolutionary 
algorithms, among which the most well-known is 
the genetic algorithm. With the help of population 
algorithms, complex optimization problems are 
successfully solved, for example, artificial neural 
networks (NNs) training. 

The general idea of ant colony optimization 
(ACO) is the follow. Initially the ants wander 
randomly until food is found, and when an ant finds 
food; it returns to its nest depositing pheromones on 
its way back. 

In nature, ants move on special paths due to the 
presence of a special substance on them – a 
pheromone, which is released by each ant during its 
movement. In ants, there are a large number of 
different pheromones for different signals, and now 
we are talking about the so-called trace pheromones. 
With their help, ants mark the path to the food 
source. If a wandering ant encounters such a source, 
it will emit a trace pheromone and go back to the 
anthill. Thus, other ants will follow this path. The 
more ants have come this way, the stronger the smell 
they leave and the more other ants it attracts. To 
enhance this effect, scientists have introduced a non-
existent condition: pheromones evaporate the faster 

the longer the path traveled by the "ant". The result of 
this method is to find the shortest routes to all food 
sources, as well as the dynamic redistribution and 
optimization of these routes. 

After investigating this behavior, with some 
adjustments, an ant algorithm was developed that is 
used to solve optimization problems, including 
learning about artificial NNs. This problem in the 
general formulation is called the problem of 
structural-parametric synthesis. 

II. PROBLEM STATEMENT OF OPTIMAL ARTIFICIAL 
NEURAL NETWORK SYNTHESIS 

Let us set the problem of NN synthesis as 
follows. First of all it's necessary to justify the 
criteria of the problem solution. 

The complexity of the network mainly influences 
the generalization quality of the model. Too small 
network is not able to properly fit the true function 
described by the training data [14].  

Another key point is computational efficiency. 
The network with a large number of hidden neurons 
which is clearly larger than necessary requires 
unneeded arithmetic calculations and in effect more 
computational resources. So it’s necessary to use the 
network with less hidden neurons (less computational 
costs) because it is capable of reaching the same 
classification accuracy. A network with larger hidden 
layer has more weight connections that demands 
more dimension of weight-space, that creates better 
conditions for overcoming the local minima in the 
lower dimensional subspaces As a result, more paths 
are created around the barriers of poor local minima 
in the lower dimensional subspaces. Thus, local 
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minima problem seemingly is intensified in case of 
too small networks. On the other hand depicts that 
many hidden neurons in the large network have very 
similar or identical hyperplanes. In fact, this similarity 
might result in redundancy of hidden neurons.  

The complexity increases in an excessively large 
network, and even though it might be able to 
accurately approximate the desired function, 
nevertheless since a larger network learns quicker, it 
is more likely to have poor generalization due to 
over fitting. Consequently, learning process would 
be in further need of using various regularization 
techniques, which do not always lead to the best 
solutions. 

So the problem statement can be determined as 
follow. 

A finite set   , , 1,...,j jJ R Y j P   pairs the 

"attribute value" type, where ,j jR Y  input and output 
vectors of NN, respectively. 

It is necessary to synthesize such optimum NN 
based on trainning sample J, which would provided 
effective solution of the applied problem 
(classification, approximation, forecasting). Vector 
optimality criterion is defined as 

    1 2, opt,I I x I x   

where 1( ) ( )genI Ex x  is the error of the 
generalization defining the solution error value of 
given task on the test sample; 2 ( ) ( )xI S x  is the 
complexity of NN (number of inter neuronal 
connections);  11 12 1 2 2 3 4, ,..., , , ,xx x x x xX x  is the 
vector that defines the topology, the structure and 
parameters of the network, where 1ix  is the number 

of neurons in the ith hidden layer; 21, ,i x  x2 is the 
number of hidden layers; x3 is the number of inter 
neuronal connections; x4 is the set of ijw  weight 
coefficients values; iis the hidden layer number; j is 
the neuron number. 

III. REVIEW OF NEURAL NETWORK LEARNING 
USING SWARM ALGORITHMS FOR MULTIOBJECTIVE 

OPTIMIZATION 

In many real-world problems, candidate solutions 
are evaluated according to multiple, often conflicting 
objectives. Sometimes the importance of each 
objective can be exactly weighted, and hence 
objectives can be combined into a single scalar value 
by using, for example, a weighted sum. This is the 
approach used in [10] for a biobjective 
transportation problem. In other cases, objectives 
can be ordered by their relative importance in a 

lexicographical manner. In paper [1] it was proposed 
a two-colony ACS algorithm for the vehicle routing 
problem with time windows, where the first colony 
improves the primary objective and the second 
colony tries to improve the secondary objective 
while not worsening the primary one. 

When there is no apriori knowledge about the 
relative importance of objectives, the goal usually 
becomes to approximate the set of Pareto-optimal 
solutions – a solution is Pareto optimal if no other 
solution is better or equal for all objectives and 
strictly better in at least one objective. In paper [2] it 
was considered various alternatives for extending 
ACO to multiobjective problems in terms of Pareto-
optimality. They also tested a few of the proposed 
variants on a biobjective scheduling problem. In 
papers [3], [4] it was considered the application of 
ACO for multiobjective problems. Later studies 
have proposed and tested various combinations of 
alternative ACO algorithms for multiobjective 
variants of the QAP [5], [6], the knapsack problem 
[15], activity crashing [8], and the biobjective 
orienteering problem [9]. 

In paper [7] it was reviewed existing 
multiobjective ACO algorithms and carried out an 
experimental evaluation of several ACO variants 
using the bicriteria TSP as a case study. In paper 
[11] it was given another detailed overview of 
available multiobjective ACO algorithms. 

IV. PROBLEM SOLUTION 

A. General Approach 
For combinatorial optimization problems ACO 

algorithms use the pheromone model to 
probabilistically construct solutions, the pheromone 
trail acts as the memory that stores the search 
experience of the algorithm. In ACO for continuous 
optimization the search is modeled with n variables, 
which is the number of NN weights in our case.  

The candidate solutions are stored in an archive 
and are used to alter the probability distribution over 
the solution space. The probability distribution is 
analogous to the pheromone model used in 
combinatorial optimization problems. The algorithm 
maintains a solutions archive where are all the 
candidate solutions are stored; each candidate 
solution contains the values for all the ‘n’ variables 
that define the search space. In this case ‘n’ is equal 
to the number of weights in the NN that is trained. 
The archive contains ‘k’ solutions. The fitness vector 
contains the result of the objective function f(Si) for 
all the solutions k in the archive. This is the function 
that we are trying to minimize. In this case we are 
trying to minimize the sum squared error for our 
training set. The archive is sorted against the values 
of this vector. The ACO algorithm performs the 
following tasks.  
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1) Initiates the archive with random values.  
2) Creates and uses an instance of the NN object 

to determine the fitness of a solution.  
3) Sorts the archive and generates biased 

candidate solutions by sampling a parameterized 
Gaussian random number generator.  

4) Iterates the above process until the maximum 
number of iterations allowed is reached or if the 
training error criterion is satisfied. 

B. Ant colony algorithm to optimize the feed 
forward network  

For multioptimization task solution under 
adjustment of multilevel NN was used ACO [14], 
applied for single criterion task, as the base. 

Firstly, ant colony algorithm is used to optimize 
the initial weights and network structure of feed 
forward NN. The algorithm is applied to train the 
network samples so that the network output error is 
minimized. The effective improvement of BP NN 
can easily fall into the local minimum value and the 
convergence speed is slow and all so defects. 
Suppose there are m parameters to be optimized of 
BP NN, the parameters are arranged in order: p1, 
p2,....., pm. 

According to any parameter, initialization N any 
nonzero value, the set Ipi is constituted. Suppose the 
ant number is S, all ants search for food by randomly 
selected element from first set, then return to the 
nest after finding food. Repeat this step, until all ants 

collect the same route, the optimum solution is 
obtained of this network. 

Modification of well-known algorithms consists 
in using the concept of Pareto optimality.  

The specific calculation steps are as follows.  
Step 1: The BP NN model is established, 

including the number of network layers, the number 
of nodes, the range and the sample size to be 
optimized.  

Step 2: Initialize ant colony. The parameters are 
uniformly dispersed. Initialization the path that 
according to discretize data. Then the complete path 
is established. In initial time, the pheromone equals 
on all paths. The Pheromone trail intensity is      
τij(0) = C0 (C0 is constant) from the nest i to the food 
source j. The combination of discrete points of each 
parameter is defined as the path of ants that is a 
solution to the problem.  

Step 3: Cyclic iteration of ant colony algorithm. 
In the course of the movement, the ant k (k = 1, 2, ..., 
m) decides the direction of the transfer according to 
the amount of information on each path. At the end 
of each iteration, generate random numbers q of the 
range from 0 to 1, make a comparison of explored 
relative importance threshold value 0 0( 10 )q q   of 
the new path with the prior knowledge. If 0q q  the 
parameters of each weight are randomly variant 
according to the formula 

   
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where γ is a reverse exponential perturbation factor; 
(0,1)mp   is random mutation rate; p abides to the 

uniform distribution of random variables (formula 
indicates that ants in an iterative process can choose a 
number of paths), random mutation is for new weight 
discrete points to get added to the collection S. If 

0q q , select the weight according to the formula 

( ) ( )
,

( ) ( )( )
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where Pij
k(t) is the transition probability of the ant k 

in the path i and the path j, allowedk = {0,1,..., n – 1} 
is the next step to allow the ant k to choose the 
target; τij is pheromone trail strength of edges (i, j); 
ηij is heuristic factor for edge (i, j), Pij

k is transition 
probability for the ant k, α, β are two parameters. 

Step 4: All ants set out from set Ipi, follow the 
path rule to find element in order, finally the food 
source is found. The rule of route choice is: All ants 
k (1, 2, …, M) arbitrary choose jth with certain 
probability. The probability formula:  

   
1

Pr ( ) ( ) / ( ).k
j pi j pi u pi

u
ab t I t I t I


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Step 5: When all the ants are completed, we 
input training sample. According to the formula 
(amount of pheromone on each path) 

       

   
1

1 1 , 1 ,

, 1 , 1 ,

ij ij ij

m
k

ij ij
k

t t t t

t t t t


       

    
 

the weight parameters were updated. In the formula, 
 , 1k

ij t t   is the pheromone of the ant k to stay on 
the path (i,j) at all times of (t,t+1) The value depends 
on the merits and virtues of the ants. The shorter  the  
path is, the more pheromone releases. Δτij(t, t + 1) is  
increment of the pheromone amount of the loop path 
(i, j), ρ is attenuation coefficient of pheromone. 
Usually, we set ρ < 1 to avoid an unlimited increase 
in the amount of path on the path. We will use the 
random perturbation strategy to prevent the 
stagnation of ant colony algorithm. The random 
selection probability needs to adjust dynamically 
[13], [14]. Approximate optimal solutions are 
obtained. The calculation time is shortened and the 
calculation efficiency is improved. 

According to the Pareto optimization principles, 
 , 1k

ij t t   is calculated depending on selection, 
based on multiple objectives (their fitness-functions). 
One of the possible approaches – tournament-based 
selection, which is described bellow. 

Let , , , 1: ,i js s i j S i j     be two comparable 
agents in the current positions Xi, Xj, where S is the 
set of agents. The more preferred one of these agents 
is determined by sequential comparison of pairs 
 ( ), ( )k i k jf X f X  until it is established that 

( ) ( ); , 1: .
i jk i k j if X f X k k F     In this case, we 

assume that the agent si is fitted better, compared to 
the agent sj.  

The selection algorithm of preferred agent 

bestis S  can be described as follows:  
1) We form a tournament – a Cartesian product 

of a set of agents with themselves: T = S × S, where 
pairs of agents with themselves (si, si) are excluded.  

2) For each pair it T  we compare the values of 
fitness functions ( )j jf c  for each criterion jc  of 
agents of the pair 1 2, ;i i is s t  if one agent is better 
than the other one by the selected criterion – 

1 2
( ) ( )

s si ij j j jf c f c  – the first one is given +1 point 
to it’s total score Ri; otherwise the score is assigned 
to the opposite agent.  

The most adapted agent , max
best besti is S R   is 

chosen. 

Step 6: A set of the best weights that find by the 
ant colony algorithm are used as the initial weights 
of the adjusting algorithm. The error between the 
network output and the actual output is calculated. 
And the error is propagated from the output layer to 
the input layer, adjust weights, if the error reaches a 
predetermined precision or satisfy the maximum 
iterations number T, the algorithm is over. 
Otherwise, re-select ant colony to Step 2. The 
flowchart of an artificial NN based on ant colony 
optimization is described in Fig. 2.  

C. Number of ants [12] 
The selection of the ‘‘right’’ number of ants is a 

very critical issue affecting the performance of the 
algorithm. The number of ants must be sufficient to 
explore all potential states, while expending the least 
possible time. It should be noted that the 
‘‘optimum’’ number of ants is specific to the data 
set(s) considered. Increasing the number of ants not 
only resulted in higher time requirements to reach a 
solution but also increased the testing error of ANN 
using the subset of features developed as solution. 

D. Number of generations 
Similarly, number of generations is an important 

parameter. Increasing the number of generations 
increases runtime of the algorithm tremendously 
while fewer generations make ants explore less 
possible states for each value of n, leading to 
poor/pre-mature convergence. 

E. Simulation Results  
Since our problem is an approximation, we will 

use the sigmoid as an activation function and the 
root mean square error (MSE) to calculate the error 
when constructing a NN: 

1( ) ,
1 xf s

e


 

 2

1 ,
n

k kk
MSE

x x
L

n



   

where xk is the resulting value of the network; kx  is 
the real value; n is the total number of sample set.  

The stages of topology setup were presented in 
the corresponding Table I. The setup were 
performed for 100 generations of ants, the results are  
given with step of 10. The maximum number of 
possible layers is 5, the maximum number of 
neurons is 10. The results show the number of 
neurons in each layer. The last two columns contains  
the values of two criteria: accuracy and complexity, 
according to which the optimization was performed. 
The values of the criteria are calculated respectively, 
as 
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The result of the adjustment was the following 
topology, represented as the coordinates of the ant: 
[2, 3, 2, 0, 0, 0], which can be deciphered as 2 
hidden layers of 3 and 2 neurons, respectively. 

TABLE I. STAGES OF TOPOLOGY SETUP 

G
en

er
at

io
n 

La
ye

r 1
 

La
ye

r 2
 

La
ye

r 3
 

La
ye

r 4
 

La
ye

r 5
 

Pr
ec

isi
on

 

C
om

pl
ex

it
y 

10 7 1 0 0 0 28.86 0.84 
20 2 7 0 0 0 30.71 0.82 
30 3 3 0 0 0 28.81 0.88 
40 4 3 0 0 0 29.12 0.86 
50 5 2 0 0 0 29.07 0.86 
60 2 2 1 0 0 28.90 0.90 
70 1 3 0 0 0 28.49 0.92 
80 5 1 0 0 0 29.03 0.88 
90 2 3 0 0 0 28,85 0.90 
100 3 2 0 0 0 29.26 0.90 

We compared the obtained topology with several 
examples of other topologies that could be used in 
this case: [5, 4, 2] – 3 layers of 5, 4 and 2 neurons, 
respectively; [4, 2]; [5, 3].  

As we can see in the graph (Fig. 1) and from the 
Table II, in terms of accuracy, the topology obtained 
by a hybrid algorithm, in comparison with the 
examples, has a satisfactory accuracy.  

 
Fig. 1. Graphs of the average error of the first 10 epochs 

of study  
 

TABLE II. AVERAGE ERRORS OF NEURAL NETWORKS 
IN THE 100TH EPIC 

Topology Error 
[5, 4, 2] 0.012458 
[4, 2] 0.011686 
[5, 3] 0.012140 

It should also be noted that the size of the 
obtained topology is the smallest among those 
presented, which means that the algorithm performs 

the optimization task as needed and that the 
described algorithm can be developed and used to 
solve practical problems. 

V. CONCLUSIONS 

It is proposed a multi-criteria algorithm for the 
feed forward NN structural-parametric synthesis It is 
shown the necessity of taking into account two 
criteria: accuracy and complexity. The use of 
proposed algorithm gave good results under 
approximation problem solution with help of 
multilayer perceptron. 
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