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Abstract. In this paper is presented a new hybrid methodology

using a Generalized Neuron with a Genetic Algorithm. After a short

presentation of the capabilities of GN is shown a possibility to optimize

the parameters by using a GA. As a case study is proven the efficiency of

this new GNGA architecture in optimization of the estimation for battery

State of Charge. Are presented some simulation results in comparison

with the conventional Artificial Neural Networks.

1. Introduction

Intelligence provides the power to derive the answer and not simply arrive
to the answer in context of problem solving. We are interested to create an
intelligent machine which will work in a similar way as human beings. One of
the important area in soft computing is intuitive consciousness / wisdom which
must be included in the computers.

Soft computing methodologies (Artificial Neural Networks, Fuzzy Logic,
Evolutionary Computing, Probabilistic Reasoning, Machine Learning, Wisdom
based Expert Systems) mimic consciousness and cognition [4]. In soft comput-
ing the problem to be solved is represented in a such way that the ”state” of the
system can somehow be calculated and compared with some desired state. By
using evolutionary computing and neural computing adaptation of the system’s
parameters and structure allows slowly convergence towards the solution.
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Soft Computing (SC) is a partnership in which each methodology has con-
tribution in problem solving. Therefore SC may be viewed as a foundation
component for the emerging field of conceptual intelligence.

One particular feature of SC is acquisition of intelligence and knowledge from
inaccurate and uncertain data. Main components of SC, inspired from natural
phenomena are Artificial Neural Networks, Fuzzy logic and Genetic Algorithms
having a real synergism [10, 12, 9]. SC provides the ability of parallel computing
as in human brain and also reasoning and learning in an uncertain and imprecise
environmental conditions.

Considering different features of these main methodologies in soft comput-
ing it is possible to develop some hybrid methodologies with better capabilities
to solve complex problems. In last 10 years, several adaptive hybrid soft com-
puting frameworks have been developed for decision support, process control,
robotics, classification and pattern recognition. Some hybrid methodologies use
a combination of different knowledge representation schemes, decision making
models and learning strategies to solve computational tasks.

Have been developed different hybrid architectures by combination, trans-
formation, fusion and association for some applications [1]. Most applied hybrid
methodologies are Neuro-Fuzzy (FALCON, ANFIS, FINEST, FUN) Geno-Fuzzy
(EFUNN, SONFIN) and Geno-Neuro-Fuzzy. Developing intelligent systems by
hybridization is an open-ended rather than a conservative concept. In Fig.1 are
shown different mutual interactions between intelligent methodologies to create
hybrid soft computing architectures.
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Fig. 1. Mutual interactions between intelligent methodologies.

Each methodology plays an important role in the development of hybrid
architectures by complementarity and integration using combination, fusion,
transformation and association schemes [10].

Neural Networks stores knowledge in a distributive manner within its weights
which have been determined by learning. The topology of the network, the
number of neurons in different layers, the weights and the training procedure
are the most important characteristic and must be designed in this distributed
knowledge representation.
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Evolutionary computation works with a set of candidate that form popula-
tions in evolution towards better candidate solution via the selection operation
and genetic operators (crossover and mutation).

2. GA-ANN hybrid systems

The problem to find a set of weights for a given ANN and a set of training
examples is a NP-complete problem.

It is known that for a training set T and a given n-dimensional argument x,
an associated target value t will be approximated by the neural network output:

T = {(xi, ti), i = 1, ..., n}

with:

Et =

n∑
i=1

||yi − ti||2 and yi as the network output

To optimize the ANN it is necessary to create an evolutionary ANN as a
general framework for investigating various aspects of simulated evolution and
learning.

Evolutionary search of weights

Evolutionary search of 
architecture and neuron models

Evolutionary search of 
learning algorithms and parameters

Fig. 2. Steps for optimizing Neural Networks using evolutionary strategies.

The connection weights may be represented as binary strings with a certain
length and the whole network is encoded by concatenation of all the connection
weights in the chromosome. For the optimal neural network, the learning al-
gorithms must be adapted dynamically in function of the architecture and the
given problem. The adaptation could be achieved by constructive and distribu-
tive algorithms [1].
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For optimizing ANN and FS the evolutionary algorithms are the best. But
the success in applications depend on the genotype representation of the different
layers. The population-based collective learning process, self adaptation and
robustness are the most important features of genetic algorithms in comparison
with other global optimization techniques.

Evolutionary algorithms and ANN are the theoretical results based on biolog-
ical principles. For optimal design of neural networks by using an evolutionary
algorithm could try to adapt the size of the network to problem, starting with a
small network and adding layers and units until is found a solution or starting
with a layer network and remove the unnecessary parts.

To design a neural network we have to follow the stages [3]:

1. a preprocessing of the data is made

2. the network topology and codification is chosen (network inputs ans out-
puts, coding, number of hidden layers and number of neurons per layer
and the type of connectivity)

3. the network training method and learning parameters are chosen

For evolution of ANN must consider: adaptation of weights, adaptation of
the network topology, adaptation of the learning rules.

For coding and representation we may use the binary real representation with
direct or indirect coding [3]. Weight evolution is influenced by initial values of
them and of the way how the GA changes them.

An optimal network architecture could be obtained as a result of a search
problem in the architecture space, where each point represents a possible net-
work architecture.

3. The Generalized Neuron model

The Generalized Neuron (GN) belongs to the class of bio-inspired models
and methods. It was developed by D. K. Chaturvedi [4] with the aim of having
a low complexity modeling tool, yet powerful. It is based on classic artificial
neurons which are improved using fuzzy compensatory operators [14, 15].

The GN was successfully used in various applications. In Power Grids it was
primarily used for modeling highly nonlinear and complex systems like power
generators but also for control purposes (frequency and phase stabilizers) [5].
Good results similar to classical control theory adaptive solutions were obtained
by developing control schemes implying a preliminary offline learning and also
an online update. The GN was also used for short term load forecasting [7]. Here
the GN was modified for achieving better results, thus, nine new variations were
obtained.

The GN was used for developing an automatic aircraft landing system in [6]
and also to predict the interest rate [16].
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The core of the GN are two artificial neurons (Fig.3). The first neuron has
summation aggregation with sigmoid activation. The other one has product
aggregation with gaussian activation. Each neuron is suitable for mapping dis-
tinct types of problems because each activation function has its own specific
nonlinearity and each aggregation function has its own way of processing the
inputs. The output of the GN is obtained by applying a fuzzy compensatory
operator over the two neuron outputs. Through this the benefits given by the
two neurons are put together giving to the GA another degree of flexibility.
The diversity of this architecture makes it suitable in modeling nonlinear and
complex processes.

The GN has x1, x2, ..., xi, ... inputs, wΣ1, wΣ2, ... are their weights for the
summation neuron, wΠ1, wΠ2, ... are their weights for the product neuron and
w is the weight for the compensatory operator.

∫Σ

Σ

ΩΠ

wΣ1

wΠ1
wΠ2

wΠi

wΣ2 wΣi

w

1-w

O

x1

x2

xi

Fig. 3. Generalized neuron architecture [4].

Sigmoid and gaussian activation functions have the following expressions:

Σ(z) =
1

1 + e−z
(1)

Ω(z) = a exp

(
− (z − b)2

2c2

)
+ d (2)

where a, b, c, d have their known meaning.
The number of parameters is very small compared to classic Artificial Neural

Networks where good results are achieved for large hidden layers which increase
the complexity of the model. The complexity of the GN is:

N = 2n+ 1 (3)

where n is the number of inputs.

3.1. Forward calculation

For using the GN in real applications and also for developing learn algorithms
for it, it is very important to compute the output based on a set of inputs. The
output for the summation neuron is:
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OΣ =
1

1 + e−λs s net
(4)

where s net =
∑
wΣixi + x0Σ and x0Σ is the bias from the summation

neuron.
The output for product neuron is:

OΠ = e−λp pi net
2

(5)

where pi net =
∏
wΠixi +x0Π and x0Π is the bias from the product neuron.

The output from the GN is:

O = OΠ(1− w) +OΣ w (6)

3.2. Learning Algorithm

In every parametric model a learning algorithm finds the optimal set of pa-
rameters such that, the model will act as close as possible to a desired behavior.

Complex 
Process

Learning
Algorithm

Generalized Neuron

u

wΣi wΠi w

y

y +-

E

Fig. 4. Learning Algorithm for GN.

The GN learns by minimizing the error between its output (ŷ) and the
desired output (y). Usually, the desired output is obtained by acquiring data
from a real process that needs to be modeled. The Learning Algorithm tunes
the weights and the biases in order to minimize the prediction error (Fig.4).

The prediction error is defined as follows:

EP =
1

2

∑
E2
i (7)

where Ei = yi − ŷi
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The indexing shows that the minimization is done over a big set of in-out
data called learning set. This error is knows in literature as Residual sum of
squares (RSS).

Computing the weights is achieved by solving an optimization problem where
the prediction error is actually a cost function:

W = arg min
W

EP (W ) (8)

where W is a set containing all the weights and biases.

In the original paper [4] the Learning Algorithm is developed by solving the
optimization problem using The Gradient Descent method. This approach is
compared with an ANN using four standard benchmark problems.

On the EX-OR Problem the GN learns three times faster being three times
more precise than an ANN. On the Mackey-Glass Time Series Problem, although
the GN learns 50% slower, it achieves 10 times the precision of ANN. On the
Character Recognition Problem, the GN learns 5 times faster and is almost 10
times more precise. On the ”SIN(X1)*SIN(X2)” Problem the GN learns almost
100 times faster being 10 times more precise.

4. GNGA - Generalized Neuron with Genetic Algorithm
learning

The Generalized Neuron was developed for mapping complex and nonlinear
problems but having a low complexity model which achieves optimal compu-
tational effort. It was proposed as an efficient alternative to ANN and Neuro-
Fuzzy Architectures. This goals aim toward real-time applications where low
computational effort is desired.

For mapping complex and nonlinear systems / phenomena large training
sets are necessary in order to catch all fine specificities and details. In fact, the
bigger the training set, the better is the fidelity of the model. Because the GN
has very few parameters (N = 2n + 1 where n is the number of inputs) it is
very hard to train the GN for large training sets. The algorithm simply not
converge. The problem can be intuitively seen as an overdetermined system of
equations. This causes the cost function to be non-convex and to have many
local minimum points.

We came up with the idea of using a Genetic Algorithm (GA) for learning
the GN. We named this new hybrid architecture GNGA - Generalized Neuron
with Genetic Algorithm learning. In our approach the hybridization is done by
combination.

The GNGA can be used in two types of applications. If the complex process
that is mapped is time invariant, the learning can be done only one time in the
beginning (or rarely). In this case the GA can run for a long period of time
(hours, days) to get better results.
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On the other hand, if the process (structure, parameters, behavior) changes
over time, an online update strategy needs to be envisaged. New and valuable
information about the process variations is brought only after a considerable
time frame. Thus, an update mechanism that runs very often would bring severe
instability in the system. It is more efficient to use for each update iteration
information acquired over a longer time frame. Thus, the GA has enough time
to search for an improved model. Because the process varies, it is possible that
while the GA updates the model, it will start to loose its precision. Because of
this, when choosing the length of the time frame for updating the model, the
user needs to find the perfect balance between how much the GA manages to
improve and how much the loss of precision affects its application.

Learning
Set

Generalized Neuron
wΣi wΠi w

Output

+-

Prediction 
Error

Input

Objective
Function

Evolutionary
Search

Genetic Algorithm

Fig. 5. GNGA Architecture.

The architecture of the GNGA uses a Learning Set like in any parametric
model learning (Fig.5). The Learning Set embeds a considerable amount of
characteristics from the process that has to be modeled. The GA contains
two principal components: an objective function which expresses the prediction
error as a cost and an Evolutionary Search unit that searches for an individual
that has a lower cost (higher fitness).

5. SoC estimation using the GNGA

In order to test the performance of the GNGA we approached a classical
problem in literature - SoC (State of Charge) estimation for a battery. In elec-
trical applications (especially Electric Vehicles) it is very important to estimate
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and predict essential battery parameters necessary for their safety operation
(SoC, SoH, cycle life) [13].

Mathematical modeling of batteries is a very complex task because their
dynamics are described by nonlinear differential equations with concentrated
parameters. In [8] is developed a complex mathematical model for Lithium bat-
teries, with the goal of estimating several important parameters. In [18] the
behavior of the batteries is approximated with an electric circuit. Its param-
eters are estimated and adjusted in real-time, which provides very good SoC
estimation results.

More recent works in predicting the SoC of a battery were done using intelli-
gent methods. In [17] the SoC is estimated using an ANFIS model achieving an
estimation error smaller than 3%. In [19], the ANFIS model is improved by us-
ing a reduced form genetic algorithm for learning . Thus, it is achieved a faster
learning rate and lower estimation error than conventional learning methods.

5.1. Learning experiment

The definition of the SoC is:

SoC =
Crem[Ah]

C[Ah]
, (9)

where C is the total (nominal) battery capacity and Crem is the remaining
battery capacity (its capacity in a certain moment).

We can estimate the SoC by estimating the remaining capacity because its
nominal capacity is a constant. The remaining capacity of a battery is defined
as follows:

C[Ah] =

∫ T

0

i(t)dt. (10)

The remaining capacity of a battery is the electrical energy that can be
provided during a total discharge.

It is determined by an extensive correlation analysis [2] that the most signif-
icant inputs for prediction models are the terminal voltage and the discharging
current.

GNGA
V

I
Crem[Ah]

Fig. 6. SoC estimator architecture.

Consequently, the SoC estimator (Fig.6) will have as inputs the terminal
voltage of a battery and the discharging current and as output the estimated
remaining capacity.
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Real learning data for the experiment were acquired from a LiPo Turnigy
Nano-Tech battery, having the following characteristics:

• Nominal Capacity: 300 mAh

• Nominal Voltage: 3.7V - one LiPo cell

• Maximum discharge rate: 35C

• Maximum charging rate: 15C

Data acquisition experiment was done using an intelligent battery charger,
Thunder T6 Balance Charger / Discharger (Fig.7).

Fig. 7. Data acquisition experiment.

The experiment consisted of 6 total battery discharges made at 6 different
discharge currents: 0.5A (1.66C), 0.6A (2C), 0.7A (2.33C), 0.8A (2.66C), 0.9A
(3C) and 1A (3.33C). This data is used for learning. After finishing this set of
experiments, another discharge was made (at 0.7A) to acquire data for model
validation.

Discharge time is highly influenced by the magnitude of the discharge current
(Fig. 8). The bigger the discharge current, the faster the battery discharges.

Remaining capacity decreases linearly because the discharge current is con-
stant during an experiment (Fig.9).

The correlation between the terminal voltage and the remaining capacity is
highly nonlinear (Fig.10). This set of functions is exactly the estimation the
GNGA have to learn.

6. Experimental Results

For the experiment we have used Matlab environment in which we processed
the data and developed the GNGA, the learning algorithm and the testing. For
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Fig. 8. Terminal voltage variation during different current discharges.
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Fig. 9. Remaining capacity variation during different current discharges.

the Genetic Algorithm we have used GAOT (Genetic Algorithm Optimization
Toolbox) [11] which is also implemented in Matlab.

As we saw in the previous sections, the parameters of the GN are the weights
(summation, product and final output). In our application we decided to add
two more parameters in order to give more flexibility to the model. We also
tune and learn using the GA the parameters λs and λp from the activation of
the two neurons (4), (5).

Consequently, in our application where we have two inputs in the GNGA
(terminal voltage and discharge current) and one output (remaining capacity)
the model will have the following parameters:

• wΣ1 and wΣ2 - input weights for summation neuron

• x0Σ - bias for summation neuron

• λs - sigmoid activation parameter

• wΠ1 and wΠ2 - input weights for product neuron
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Fig. 10. Terminal voltage and remaining capacity correlation functions.

• x0Π - bias for product neuron

• λp - gaussian activation parameter

• w - final output weight (fuzzy compensatory operator)

The complexity of the model is proportional to the number of parameters
which is N = 9.

As stated before, the experimental data acquired during the discharges of
the LiPo battery was divided in two sets: a learning set containing 5633 in-out
samples made by putting together the data from all the six discharges (Fig.11);
a validation set containing 950 in-out samples (Fig.12). The validation data
was necessary for testing the capacity of the model to generalize the behavior
it learned.

In the original GN paper [4] it was advised that for maximum learning
performance the training set should be scaled in [0, 0.9] interval. Consequently,
in our application we also scaled the data accordingly to the plots (Fig.11,
Fig.12)

For the GA training we have tested more learn meta-parameters in order to
find the optimal ones. We achieved good results using:

• search bounds: [−5, 5]

• population size: 30

• iterations: 2000

• select function: Normalized Geometric Select with 0.3 select probability

• crossover function: Arithmetic Crossover with 4 crossover points

• mutation function: Uniform Mutation with 8 individuals
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Fig. 11. Train data used in GNGA for the SoC estimator.

Table 1. GNGA parameters training result

wΣ1 wΣ2 x0Σ λs wΠ1 wΠ2 x0Π λp w
4.6929 0.1058 -3.8644 4.9983 -2.2429 -3.7757 -1.1953 0.04980 1.1602

A complete explanation for these meta-parameters and how GAOT works
could be found in [11]. The algorithm ran for about 1.5 h finding the following
parameters:

Choosing optimal meta-parameters is an application oriented problem. The
approach should be trial and error, the parameters are chosen after several tests
but is possible that with time, the user will build knowledge and expertise.
Thus, the user could be able to chose the right meta-parameters based on the
application specificities with the help of his knowledge.

The result of the learning could be found in Fig.13 where the GNGA suc-
cessfully maps the data achieving an average absolute error of about 3.9%.

The test using the validation data shows that the GNGA has very good
generalization capability. Although the GNGA was learned using different data,
it achieves even better average results on new data (Fig.14). On the validation
data the GNGA achieves 3.7% absolute average error.

The results for the GNGA were compared to an artificial neural network.
The ANN classification was done using Matlab neural network toolbox and
the same learning set as previously. The network was configured to have 2
input neurons (for each model input), 20 hidden neurons for good nonlinear
classification and one output neuron.
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Fig. 12. Validation data used for testing the capacity
of the GNGA model to generalize.

The performance achieved by the ANN over the training set are presented in
Fig.15. The first plot represents how the ANN estimates the remaining capacity
over the real one. The second plot is a comparison between GNGA and ANN for
the absolute estimation error. The estimation precision of the ANN is around
three times better than the GNGA, achieving an absolute average error of 0.73%.
This indeed is a weakness of the GNGA, but we have to take in account that
the ANN in nine times more complex than it (having N = 81 parameters).
The complexity of a model increases its precision but entails implementation
constraints which in real-time and low energy applications are critical.

The same comparison was made over the validation set (Fig.16). Here also
the absolute average error of the ANN is better but the generalization capabil-
ity is weaker because, comparing with the GNGA, the absolute average error
increases a little.

7. Conclusions

The paper presents new contribution in developing a hybrid intelligent method-
ology by using Genetic Algorithm and Generalized Neuron.

Some experimental results prove the efficiency of this new GNGA method-
ology applied in the estimation of State of Charge for an electric battery. The
simplicity of the architecture and the small number of parameters which must
be tuned recommend this new methodology to solve some real-time complex
problems.
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Fig. 13. GNGA learning result. Comparison and error between
the estimated and the real remaining capacity after the learning.
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Fig. 14. GNGA learning result. Comparison and error between
the estimated and the real remaining capacity using the validation data.
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Fig. 15. Learning results comparison between GNGA and ANN.
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Fig. 16. Performance comparison between GNGA and ANN for the validation set.
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