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ABSTRACT : A network of hybrid neuron-like units is considered, which is expanded to deliver point 

accuracy estimates. The architecture is constrained by a priori information about the properties of the input 

signals and the system being modeled and is subsequently optimized on a synaptic level by an evolutionary 

algorithm. Introduction of a priori information into evolutionary process enables a gray-box approach to 

systems modeling. 
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I. INTRODUCTION 
Accuracy is one of the most important properties of the solution to any practical problem. Most often 

the solution technique is being chosen according to this property in the first place [1], and only after that 

secondary properties (e.g. model complexity, computational cost) are analyzed. This is not surprising, since the 

accuracy mostly defines the usefulness of new modeling techniques implementation. That is why every effort is 

made to achieve higher accuracy on all development stages: from model selection to free parameters tuning. In 

the supervised learning setting, accuracy is a natural model quality measure, showing how well the model 

approximates the real process. 

Neuro-fuzzy networks usually generate point estimates of the process under consideration, and the 

accuracy is estimated in average for the whole dataset. The estimation is performed on the test set, and if it 

covers all possible data regions well, the estimate is assumed to be valid for future use on new data [2]. This is 

the easiest way of accuracy estimation and it is justified for most cases, however it is not enough in some 

situations [3], where approximation accuracy may be clearly non-uniform across the dataset. For example, in 

trended and seasonal time series the accuracy may strongly depend on the current series mean and cycle phase. 

There are plenty of such examples, which force researchers to seek for development of accuracy estimation 

methods for individual points. These individual estimations would allow users to better understand decision 

risks in each particular situation and employ additional measures to reduce errors, if necessary. 

Existing methods for point accuracy estimation can be divided into two major groups: targeted at a 

specific model and model-independent. Although the former methods are less general, they are usually better 

mathematically grounded and may have probabilistic interpretation. The latter methods due to their general 

nature do not use any specific model’s structure, parameters or other properties. They influence only on 

common supervised learning factors, such as training set and model inputs set. Many of these methods rely on 

local learning and model’s input space properties [4, 5]. Some methods seek for nearest neighbors of the current 

point in the test set, then known approximation accuracy at that points is averaged to estimate the accuracy at 

the current point. This approach is simple but sensitive to the chosen metrics and noise in data. Other methods 

employ local model sensitivity analysis in the current point neighborhood [6]. If small perturbations in input 

data produce large output changes, the approximation is assumed unreliable. A similar approach introduces local 

perturbations in the learning set by inserting or deleting learning examples near the current point. The models 

learned on these perturbed datasets are compared to each other, and if their outputs in this region differ 

significantly, the approximation is assumed unreliable. The reliability of the local approximation may also be 

related to the local density of learning examples: the denser the examples are, the more reliable the 

approximation is. 

When the approximation model is probabilistically based, it may be possible to extend it in a way that 

it accompanies point approximations with accuracy estimations. In a linear case generation of confidence 

measures is well investigated in the mathematical statistics [7]. With nonlinear models, including neural 

networks, obtaining such estimates is a more complicated task. Several approaches may be applied here. One of 

them is to linearize the model using the Taylor expansion [8]. Others explicitly expand the nonlinear model. In 

[9, 10] the multilayer perceptron is expanded by an additional hidden layer and the second output neuron to 

generate the point variance estimate 2̂  for the current approximation ŷ . 
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In this paper, we employ the latter approach to expand the evolutionary network of hybrid neuron-like 

units [11] with an accuracy estimation block. Our architecture is more general and includes the cited ones as 

special cases. In section 2 we briefly introduce hybrid neuron-like units, next sections describe network 

architecture (section 3), its training (section 4), and experimental results (section 5). Conclusions summarize the 

paper. 

 

II. HYBRID NEURON-LIKE UNITS 
The use of a priori information about the properties of the system and its input and output signals is the 

key to successful modeling of complex systems. When such information is not available, universal “black box” 

models are used, whose parameters are not associated with the physical parameters of the system. These models 

are capable of providing a reasonably good approximation of “input-output” relationships, but they cannot 

improve the understanding of the internal system functioning. Among such models, artificial neural networks 

(ANN) and neuro-fuzzy systems are widely used that can provide an arbitrarily accurate approximation of 

continuous functions of several variables [2]. 

To take into account a priori information, artificial neural networks with specialized architectures are 

employed [12, 13], in particular, containing neuro-fuzzy units [14, 15] and dynamic finite impulse response 

neurons. Combining these types of neurons as well as standard McCulloch-Pitts neurons and dynamic infinite 

impulse response neurons in the hidden layers of the network, using not-fully-connected architectures, one can 

create specialized neural networks, whose structure closely matches the specifics of the problem being solved 

[16]. Thus, “gray box” models are obtained that partially match the system’s structure. 

The described method of neural networks architectures’ specialization is based on the selection of types 

of the employed neurons, and selection of the interconnection structure. More flexible specialization and, 

consequently, reduction in the number of tuned parameters can be achieved by going down to the level of 

selection of individual synapses of different neurons in the network. For this purpose, a hybrid neuron-like unit 

(HNU) was introduced [17, 18], whose structure is shown in Fig. 1. 
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Fig. 1. Hybrid neuron-like unit 

 

The input signals  1, ,ix i n K  are converted by various types of synapses 
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 , where the sigmoid function or the 

hyperbolic tangent is commonly used. 

In the hybrid neuron-like unit, four types of synapses are employed: 

– the linear synapse 

 i i i if x w x ;                                                                                                                                             (1) 

 – the synapse with an infinite impulse response filter 
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– the synapse with a finite impulse response filter 
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– the nonlinear fuzzy-based synapse 
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where , ,i ij ijw w v  – adjustable synaptic weights, 
ij  – membership functions, 1z  – delay elements, 

,w vd d  – the maximum orders of delays, 
ih  – the number of membership functions for the i -th input. 

 

III. NETWORK ARCHITECTURE 
Design of the architecture begins with the construction of a neural network with an initial, fully-

connected architecture with shortcut connections from inputs to output neurons (Fig. 2), whose specialization is 

achieved through: 

– selection of the synapse type for each network connection, including the possibility of an empty connection 

(no synapse); 

– selection of the number and the order of delay elements in the synapses with a finite and an infinite impulse 

response filters; 

– selection of the number and parameters of membership functions in nonlinear fuzzy-based synapses. 

The network has n  inputs, h  hidden units and m  outputs. 

 
Fig. 2. A fully-connected network of hybrid neuron-like units 

 

Note that any feedforward architecture (including the standard multilayer architecture with any number 

of hidden layers) is a special case of this initial architecture and can be obtained from it by the appropriate 

selection of synapses in HNUs. On the first stage, this main network is trained to approximate the function 

    y k x k  .                                                                                                                         (5) 

Then using the targets  y k  and network outputs  ŷ k , true error measures  k  are calculated for 

each k  on both training and test datasets. Here, we are not limited in types of accuracy measures, which may be 

different from the network learning criterion: e.g. absolute percentage error may be chosen for accuracy 

measurement, while the network is trained using the quadratic criterion. In order to obtain accuracy estimates, 

on the second stage we fix the architecture and parameters of the main network and expand it with the accuracy 

estimation block (Fig. 3), which itself is a similar network with n  additional inputs ( n  may be equal to zero), 

h  hidden units and m  outputs ( m  may or may not be equal to m ). 1̂
ˆ, ,

m
  K  are any computable accuracy 

measures for any combination of output signals 1
ˆ ˆ, , my yK , i.e. we can estimate accuracy for all or part of 

outputs and we may estimate several accuracy measures for some outputs. 

The accuracy estimation block receives all input signals 1, , nx xK  (plus optional addition inputs 

1, ,n n n
x x  

K , which may improve accuracy estimation), all internal signals from h  hidden units of the main 

network and all output signals 1
ˆ ˆ, , my yK . During the evolutionary optimization some of these connections can 

be eliminated. The accuracy estimation block is then trained using the true error measures  k  obtained on the 

test set of the first stage. 
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Fig. 3. Network of hybrid neuron-like units with the accuracy estimation block 

 

After the second stage is complete, the network functions as a whole. When fed with input signals 

   1 , ,
n n

x k x k
K  it generates both point approximations 1

ˆ ˆ, , my yK  and accuracy estimates 1̂
ˆ, ,

m
  K . 

 

IV. NETWORK TRAINING 
The network training on both stages consists of two phases: architecture (structural) optimization and 

weights (parametric) optimization. Structural parameters of all or some of the synapses connected to the 

network inputs can be chosen according to a priori information about the properties of the input signals. If such 

information is not available, and for the other synapses this approach is not applicable. In such a case their 

structural parameters can be chosen using the expert’s knowledge, by trial and error, or by means of structural 

adaptation methods such as evolutionary algorithms. 

When the structure has been optimized, the second phase – weights optimization, or learning begins. 

Different existing approaches of the supervised learning can be employed for this kind of network: from simple 

backpropagation procedures to elaborate second-order algorithms, or evolutionary algorithms as well. In the 

latter case, the two phases can be merged together and performed by a single evolutionary algorithm that 

simultaneously optimizes both structural parameters and network’s weights. Here, we apply evolutionary 

algorithm for network architecture optimization and a second-order algorithm for parameters tuning. 

The architecture encoding is based on the connection matrix C , whose elements contain network’s 

synapses 
lS . The matrix C  is upper triangular with a special shape (Fig. 4): feedback, input-input, and output-
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output connections are prohibited (shown as ×). On the first stage it contains 
 1

2
S

h h
N hm hn mn


     
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Fig. 4. Connection matrix C  for the case 3, 5, 2, 41Sn h m N     

 

The connection matrix C  is converted into a chromosome  1 2, , ,
SNG g g g K , where genes 

 0 4, , , , ,S W

l l l l l lg p p p p S K  contain structural parameters and synaptic weights in 
lS , as well as a set of 

probabilities *

lp  governing the evolutionary process for this particular synapse: 

– 0 4, ,l lp pK  – probabilities of selection of the corresponding synapse type (1)-(4) during evolution 

( 0 4 1l lp p  K , type 0 is an empty synapse); 

– S

lp  – probability of structural parameters change during evolution; 

– W

lp – probability of synaptic weights change during evolution. 

By appropriate selection of these probabilities, initial structural parameters, and synaptic weights, we 

can introduce a priori information into the network architecture and the evolutionary process. These selections 

are made in the chromosome template  1 2, , ,
SNG g g g K , which all the chromosomes 

iG  adhere to during the 

evolutionary process. The detailed description of the evolutionary process can be found in [11]. 

On the second stage the main connection matrix C  is expanded to C , which additionally contains 

rows and columns corresponding to n  additional inputs, h  hidden units and m  outputs of the accuracy 

estimation block. New rows and columns are added to the bottom and right parts of the connection matrix to 

preserve existing synapses indexing. The resulting matrix C  is shown in Fig. 5. 
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Fig. 5. Expanded connection matrix C  for the case 1, 3, 2, 105Sn h m N        
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In C , the same rules that prohibit certain connections (shown as ×) applYe. Hence, the total possible 

number of connections (synapses) in the expanded network is 

 

 
   

1

2
S S

h h
N N h n h m n m m n h m n

 

     


           ,                                                       (6) 

where 
SN  is the total possible number of connections in the main network. 

To perform evolutionary optimization of the accuracy estimation block architecture, the connection 

matrix C  is transformed into the chromosome  1 2, , , , ,
S S

N N
G g g g g 

  K K , where genes 
lg  are defined as 

described above. As far as structural and parametric optimization of the main network in completed on the first 

stage and the obtained values should not change on the second stage, they must be fixed by appropriate setting 

of probabilities *

lp  and synaptic parameters 
lS  for 1, , Sl N K . This is accomplished by defining the template 

 1 2, , , , ,
S S

N N
G g g g g 

  K K , which preserves certain properties of the network during optimization. The first 

SN  genes in G  are initialized according to the results of the first stage: parameters of the synapses 
kS  are 

obtained during the learning phase, probabilities 0 4, ,l lp pK  are chosen according to the structural optimization 

results (all probabilities are nulled, except the one that corresponds to the optimal synapse type, which is set to 

unity), probabilities S

lp  and W

lp  are nulled to prohibit further structural and parametric optimization of these 

synapses. Genes 1, ,
S S

N N
g g  K  corresponding to the accuracy estimation block can also be preconfigured 

similarly to restrict its structure and parameters. 

 

V. EXPERIMENTAL RESULTS 
To test the proposed approach, we solved the problem of electric load forecasting for 24 hours ahead 

for the Donbass Energy System (DES) in Ukraine. We have 3 full years of hourly data (total of 26280 

observations), which are divided equally into three parts: training set (year 2005) and two test sets (years 2006 

and 2007 respectively). We use the following input signals: 

 quantitative variables: 

 current value of the forecasted signal  y k  (here k = 0, 1, 2,…, N is a discrete time, N – data set size); 

 air temperature; 

 ordinal variables: 

 relative humidity in the form “low – medium – high”; 

 wind speed in the form “calm – weak – strong – storm”; 

 cloudiness in the form “clear – light – heavy”; 

 hour index: 0, 1, 2, …, 23; 

 day of week in the form “Monday – Tuesday – … – Sunday”; 

 nominal variables: 

 type of day in the form “weekday – weekend – holiday – regional holiday”; 

 type of weather in the form “fair – fog – rain – snow”. 

Some a priori information about processing of these data are included into the chromosome template 

G , however the algorithm is allowed to discard input signals at its own discretion. On the first stage we train 

the main network on the training set and compute forecasts and forecasting errors for both test sets. Then, on the 

second stage, we train the accuracy estimation block on the test set 1 and evaluate its performance on test set 2. 

A fragment of the actual error plot and estimated error on the test set 2 is shown in Fig. 6. 

 

 
Fig. 6. Error estimation on the test set 2:  

solid line – actual absolute percentage error, dashed line – estimated error  
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As we can see, the estimation captures the error pattern quite well and clearly marks high error regions, 

where special attention is required. The overall performance of the network can be assessed by comparing actual 

and estimated mean absolute percentage error (MAPE) on the test set 2. We obtained 1.6188% and 1.6475% 

respectively that indicates a good fit. 

 

VI. CONCLUSION 
The use of hybrid neuron-like units makes it possible to move from “black box” to “gray box” 

methodology of building artificial neuro-fuzzy networks. And there is a reverse connection: analysis of not-

fully-connected architecture with different synapse types obtained after evolutionary optimization may provide 

some insight into the modeled system’s functioning. Adding the accuracy estimation block enriches point 

approximation with additional information on the expected accuracy, which enables more grounded decisions to 

be made. 

The proposed approach is quite general and can applied to many popular neural networks, e.g. MLP, 

FIR networks or any other neural and neuro-fuzzy networks (including emerging ones) that are special cases of 

the network of hybrid neuron-like units. 
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