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Abstract 
 
The work is devoted to the research and development of hybrid models based 

on the case-based reasoning and the clonal selection model used to solve the 

problem of short-term time series forecasting. An indicator is proposed for 

calculating the applicability of the developed immune approach, the 

implementation of which reduces the training time of an artificial immune 

system. This reduction in training time saves energy spend on the system and 

thus maintaining green energy factor is achieved. 

Keywords: Forecasting, Time Series, Artificial immune systems, Clonal 

selection model, Mutation. 

 

Journal of Green Engineering, Vol. 10_5, 2139–2154.  

© 2020 Alpha Publishers. All rights reserved 

mailto:heorhii.ivashchenko@nure.ua


                                                                                                                  
 

 

 

 

 

 

2140 Amin Salih Mohammed et al 

 

1 Introduction 
 

The organization of data in the form of time series is common for 

research in various fields of activity. Time series forecasting is an important 

scientific and technical problem, because estimation of future values of a 

series is used for effective decision-making [1, 2]. Depending on the nature 

of the described process, time series are divided into those with long memory 

(for which the autocorrelation function decreases slowly) and time series of 

short memory (the autocorrelation function of which decreases rapidly). The 

speed of the traffic flow on roads, electricity consumption and many physical 

processes, such as air temperature, belong to time series with a long memory 

[3]. The accuracy of the forecasting result depends on such factors as the 

amount of retrospective information collected for the forecast, the required 

value of the forecast horizon, external factors presented in the form of 

accompanying time series and affecting the predicted value, and presence of 

distortions (anomalous emissions and omissions). The proposed solution also 

achieves dynamic parameters selection which results in reduced computing 

time which in turn achieves green computing model. The following sections 

of the papers is organized as follows. Section II illustrates the problem 

statement of the research work. Section III provides information on literature 

survey. Section IV provides information about forecasting model with CBR. 

Section V depicts immune algorithm for short time forecasting. Section VI 

illustrates criterion of applicability and section VII provides the performance 

evaluation of the proposed research work. Section VIII concludes the paper. 

 
2 Problem Statements 
 

A formal statement of the forecasting problem is as follows. A time series 

is a sequence of discrete measurements (indicators, observations) 
       Ntz,...,tz,tz,tz 321 , ordered at nonrandom time moments that 

characterize the state of the process being studied. Let us denote the time 

series        Ntz,...,tz,tz,tzZ 321  of the length N  by N
N z,...,z,z,zZ 3211  . A 

set of sequential values 121  Ltttt
L
t z,...,z,z,zZ  within the time series 

NZ1  is 

called a sample from this series of length L , with the reference time t , 

 11  N,L ,  LN,t  1 . Forecasting a time series consists in estimating a 

sample of future values 
f

tZ  from its known fragment, where f  is the size of 

the forecast horizon. 
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3 Review of Literature 
 

Short-term forecasting of time series is related to poorly structured tasks, 

which determines the variety of methods for its solving. Currently, the most 

common are statistical forecasting models (models of exponential smoothing, 

regressive and autoregressive ones) [4-6], models based on Markov chains 

[7] and self-learning systems based on the principles of the nervous [4, 6, 8] 

or immune [9-11] systems. Among the computational intelligence 

approaches used for solving the forecasting problem, case-based reasoning 

(CBR) models are also emphasized [12]. The basis of this method is the  

representation of the time series as a sequence of samples, i.e. in the context 

of the forecasting problem, a precedent includes a task (sample of known 

values of the series) and a decision that has been made earlier (forecast). The 

method proposed in [13] is based on the representation of the entire time 

series as a sequence of samples having a certain similarity measure. In [14], 

CBR is used to identify patterns that describe the forecasted series.  

The use of forecasting models based on methods of computational 

intelligence allows effectively solving the problem of short-term forecasting, 

but requires a laborious learning process [15]. The real-time performance 

realization becomes possible due to parallel and distributed programming 

technologies for multi-core and multi-processor cluster systems [16, 17], but 

the actual problem is load balancing of computing nodes [18, 19]. 

To test the developed models, both real-time collected data [20, 21] and 

traditional competition data from the M3-Competition forecasting methods 

[22] can be used. The drawback of most of the statistical forecasting methods 

common in economic practice is the difficulty of accounting for changes in 

the environment, in which the analyzed process takes place. Hence, 

approaches based on artificial intelligence methods, which can be integrated 

with other approaches, are being actively developed. In particular, AIS have 

advantages (memory, network interaction, possibility of self-organization, 

etc.) over other methods of computational intelligence. In this regard, the 

development of models and forecasting methods based on AIS is relevant 

both from a theoretical and practical point of view. 
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4 Forecasting Model with CBR 
 
 The case-based reasoning is an approach to solve a new problem using or 

adapting a solution to an already known problem [23]. CBR methods have 

been successfully applied to solve a wide range of classification and 

forecasting problems in various subject areas. The case-based reasoning 

process includes the following steps:  

 

1) Selection of the most suitable precedent (or set of precedents) from the 

repository of precedents, based on the given similarity measure;  

2) Implementation of the selected precedents to solve the task; 

3) Adaptation of the selected solution according to current conditions, if 

necessary; 

4) Verification of the solution correctness; 

5) Storing precedents of the solution made and the current situation in the 

repository as a new precedent or an appropriate change in the selected 

precedent for future use. 

 The problem of presenting a precedent lies in the problem of selecting 

information to be included in the description of precedents, finding an 

appropriate structure for describing the contents of the precedent, as well as 

determining how the case repository should be organized and indexed for the 

effective search and multiple reuse of cases. Forecasting using CBR is based 

on the assumption that by determining the sample that matches best the latest 

known values of the time series, it is possible to estimate future values of the 

series.According to the hypothesis formulated in [13], if the similarity 

measure between samples 
L
tZ  and 

L
ktZ   has a value close to one, then the 

similarity measure between samples of length P , following these samples, 
P

LtZ   and 
P

LktZ   is also close to one. 

 
5 Immune Algorithm for Short-Term Forecasting 

 
 The problem of selecting a similar precedent among the precedents given 

in the database and its adaptation to current conditions is one of the most 

important in CBR systems [14]. These steps in the forecasting model based 

on the clonal selection model correspond to the selection of antibodies with 

the highest affinity among those present in the population, and following AIS 

training – correction of the population, during which antibodies, which do 

not pass the selection, are gradually replaced by antibodies with higher 

affinity. 

 To develop a forecasting model based on AIS, it is necessary to compare 

biological objects and processes with their analogues from the subject area. 

Each line of the algorithm data, called an antibody (in CBR terminology – a  
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precedent), is a set of parameters describing the task (a set of known values 

of the series) and the solution (predicted values of the series). An antibody 

includes a sample of known values of the series 

fLLi abababababAb  ,...,,...,,, 321 , where i  is the index in the population, L  

is the length of the sample of the series known values; f  is the length of the  

forecast horizon, the length of the sample of the series forecasted values. An 

antigen Lj agagagagAg ,...,,, 321
, where j  is the index in the population, is 

a sequence of values of the time series directly preceding the forecasted ones. 

Affinity is a scalar value that evaluates a proximity measure and allows 

selection of antibodies for cloning or suppression, and is defined as 

 

 
 

 ,1,0

1
1

1











L

agab

AbAff

L

k
kk

           (1) 

 

 The antibody also includes a sample of the length f  of the values 

forecasted by it – this part is not involved in determining the affinity. The 

number of time series values that enter it corresponds to the length of the 

forecast horizon. Thus, in terms of the CBR approach, the antibody plays the 

role of a precedent – it contains a description of the current situation (a 

sequence of known values of the series) and the solution made at the moment 

(the corresponding forecast). The forecasting task in this case is reduced to 

finding the antibody with the highest affinity, i.e. to search for a precedent 

that most closely matches the last portion of the values of the time series. As 

a result (the proposed forecast valiant) in this generation, we accept the 

values fLL abab  ,...,1  included in the composition of the antibody, the 

affinity of which is 1)( AbAff . 

 An immune forecast prediction algorithm using the case-based reasoning 

includes the following steps: 

1. Creation of an initial population of antibodies. To create antibodies, a part 

of the known values of the time series is used. The remaining values are used 

to create training and control samples consisting of a set of antigens and 

actual values of the forecasted variable. 

2. Formation of an antigen corresponding to the current task, i.e. creating a 

sample from a sequence of known values of the series preceding the 

forecasted ones. 

3. Determination of affinities AgAb  (between antibodies and antigen) and 

selection of antibodies with the affinity above the threshold value.  

4. The result is the forecast of an antibody with the highest affinity. 

5. If there is a real value, the forecast error is determined. 
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6. Cloning of antibodies with the highest affinity (selected in Step 3), during 

which the mutation operator is executed. 

7. Determination of affinities AbAb , the use of the suppression operator in 

order to eliminate redundancy. The remaining antibodies from the previously 

selected ones turn into memory cells. 

8. Application of the aging operator and population correction. 

 After obtaining the real value of the forecasted variable (Steps 5-6), the 

selected antibodies are cloned, during which the mutation operator is 

executed. Steps 2-8 represent the training of the AIS, and are repeated for 

each antigen from the training sample for a specified number of times. As a 

stop criterion the immune algorithm, we use a stop after reaching a certain 

number of generations or a stop after reaching a certain set error value. The 

cloning operator generates a new population of copies of the best antibodies 
CAb  from the current population. The parameters of the cloning operator are 

the number of antibodies to clone 'n , and the multiplicity factor of the 

antibody cloning cn . The static cloning operator is used (clones 'n  

antibodies cn  times, creating an intermediate clone population 
CAb  of size 

cnn' ) or the proportional cloning operator, which clones 'n  antibodies in 

proportion to their affinity. The number of clones generated by the antibody 

during the training of AIS is determined based on the ratio between the 

current and maximum population size. Only the part of the antibody clone 

that determines its prognosis and does not participate in determining affinity 

is subject to mutation. The large value of the mutation allows maintaining the 

diversity of antibodies in the immune system and finding the global 

extremum without getting stuck at the points of local optimum. However, 

most of the changes can lead to the appearance of antibodies with low 

affinity in the population. Small steps and the probability of mutation allows 

the immune system to explore the local region around the antibody, making 

small steps in search for antibodies with better affinity leading to the optimal 

value, but the algorithm convergence rate will decrease. Therefore, the 

parameters of the mutation operator should be regulated during the operation 

of the immune algorithm. For antibodies with affinity improved as a result of 

mutation, the step and probability of mutation in subsequent generations of 

the immune algorithm decreases so as not to lose the benefits gained during 

the development of the population.  

 The probability of mutation in the considered approaches is 100%, i.e. all 

clones undergo mutations, but the value of the antibody mutation step t  is 

different, which for the current generation is determined as follows: 

 

bestworst

besti
mtt

AffAff

AffAbAff
r




 

)(
1
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                                                                                             (2) 
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where 1t  is the value of the mutation step of a given antibody in the 

previous generation; 

mr  is a random value in the range from 0 to 1; 
)( iAbAff  is the value of the affinity of the antibody iAb ; 

bestAff  is the best value of affinity obtained in the current generation; 

worstAff  is the worst value of the affinity obtained in the current generation. 

 The mutation step t  is first corrected, and the corresponding antibody 

parameters are changed using the new values of t . Thus, the step of 

mutation of the antibody parameters is regulated during the operation of the 

immune algorithm. When editing the population, antibodies with the worst 

affinity in the population are replaced by antibodies with the highest affinity 

from the clone population. After applying the aging operator, the age of 

antibodies increases by one. Antibodies that have reached the threshold age 

are eliminated from the antibody population. The value of the antibody 

population is determined by the number of known values of the forecasted 

time series. For a series consisting of N  values, it is possible to create no 

more than 1 fLN  antibodies with L  values that determine the affinity 

and f  values that describe the forecast proposed by the antibody. In the 

learning process, the population can grow by the number of antibodies equal 

to the number of examples in the training sample. Since their number is 

much less than the number of antibodies created at the initial stage of the 

immune algorithm, there is a linear relationship between the time of training 

and the number of iterations of training. This parameter is the simplest 

criterion for stopping the execution of the algorithm. The second criterion 

used in the experiments is the value of the forecasting error in the training 

examples, reaching of which eliminates the need for further calculations. 

 

 

6 Criterion of Appicability 
 
 The accuracy and size of the forecast horizon is determined not only by 

the chosen methodology, but also by the properties of the process being 

forecasted [24]. The process of training AIS to obtain a forecast of a specific 

time series may require significant time consumption and selection of AIS 

parameters, while the end result may be inferior to the traditional methods of 

obtaining a short-term forecast. Therefore, the actual task is to find a 

criterion for the applicability of the immune approach to forecasting  
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time series, the calculation of which is possible at the stage of pre-forecast 

analysis, before starting training of  AIS in order to assess the applicability of  

using the immune approach. Forecasting using CBR, which underlies the 

immune approach, is based on the expected future preservation of the current 

patterns of the time series, which can be expressed by the correlation relation 

(3) [24, 25]: 

 

)log(

)/log(
)(,12 12





 

a

SR
HC H

                         (3) 

 

where C  is the measure of correlation; 

H  is Hurst exponent,  1;0H ; 
R  is normalized in size; 
S  is standard deviation; 
a  is constant; 
  is the current length of the sample.  

 In [24], it was established that approaches based on the combination of 

the clonal selection model and the case-based reasoning have a relatively low 

accuracy of forecasting in series with short memory. One of the indirect 

criteria for the quality of forecasting time series with short memory is the 

Hurst indicator, which is used to determine the presence of long-term 

correlation dependencies. Analysis of time series based on the calculation of 

the Hurst exponent (Rescaled Range analysis, R/S analysis) allows to 

identify the following properties from experimental data: clustering; a 

tendency to follow the direction of the trend; strong aftereffect; strong 

memory; fast interleaving; fractality; the presence of periodic and non-

periodic cycles; ability to distinguish between stochastic and chaotic nature 

[24]. In addition, the determination of various values of this indicator in 

different fragments of the time series allows estimating the potential forecast 

depth. The Hurst exponent [24] is a characteristic of the time series that 

determines the properties of its long-term memory. Under 5.0H , no 

expressed trend of the process has not been identified, and there is no reason 

to believe that it will appear in the future. Under 5.0H , the correlation 

measure C  is positive, which indicates the preservation of the current 

regularities of the time series and the possibility of using case-based 

reasoning forecasting methods. Time series, for which 5.0H , belong to the 

class of persistent ones, i.e. those retaining the existing tendency. If the 

increments were positive for some time in the past, that is, there was an 

increase, and then average will be increase. The larger H , the stronger the 

tendency. It was shown in [25] that the Hurst exponent varies significantly 

depending on the length of the time series and it becomes necessary to 

estimate a sufficient number of values of the series to reveal the  

 



                                                                                                                  
 

 

 
 

 

 

Green Hybrid Models Based on Clonal Selection and Case-based Reasoning for 

Short-term Time Series Forecasting 2147 

 

set value of the Hurst exponent. The disadvantage of this indicator is the 

requirements for the number of values of the time series. Thus, the Hurst 

exponent can serve as a criterion for the applicability of the immune 

approach that uses case-based reasoning, but in series with an insufficient 

number of values its use is ineffective. 

 Therefore, the present work proposes an indicator   for the applicability 

of the immune approach for the short-term forecasting of time series, which 

can be used, for the short time series presented in [22]. To determine the 

applicability indicator of the immune approach, the existing elements of the 

short-term time series forecasting model are used based on the clonal 

selection model and the case-based reasoning method. The proposed 

indicator of applicability is determined by considering the number of similar 

antibodies and similarity measures of their forecast variants for the values of 

the series that are already known. To solve this problem, a matrix of affinities 

between antibodies is formed by pairwise comparison of antibodies with 

each other. The proportion of antibodies having the affinity for each other 

above the threshold (at the stage of obtaining the forecast, these antibodies 

will undergo clonal selection), is determined as 

1
1

1

'














 

n

i

in

, where n  is the 

number of antibodies in the population; 'n  is the number of antibodies 

having the affinity above the threshold. 

 Each of the selected antibodies is characterized by the accuracy of the 

forecast, for which the affinity value between the second parts of the 

analyzed antibodies Ab  and 'Ab  is used, which is defined as: 

 

 
 ,1,0

'1
1













f

abab

Aff

fL

ik
ii

             (4) 

 

where L  is the number of values in the sample, on the basis of which 

antibodies Ab  and 'Ab  are created; 

f  is the variable of the forecast horizon; 
ab  and 'ab  is the corresponding values of the second parts of the compared 

antibodies.  

 Since antibodies of different types were created on the basis of the same 

fragment of the series, only the highest affinity value of the proposed forecast 

variant (the second part of the antibody) among antibodies of all types, which 

were built on the basis of a single series fragment, is taken into account. 

Then the predicted time series can be described by the indicator   based on 

a combination of the proportion of selected antibodies and their average 

accuracy: 
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            (5) 

 where jAff
 is the accuracy of the forecast (the similarity measure of 

tuples of predicted values). 

 

7 Performance Evaluation 
 
 The reliability of forecasting models is evaluated by comparing actual 

and forecasted values. The value of the error allows to determine whether the 

considered model and the assumptions, on which it is built, are applicable to 

specific data. Accuracy is an indicator of the quality of a time series model 

that represents the result of its modeling process. The main evaluative 

characteristics of the quality of the forecasting model are indicators such as 

ME, MAE, MPE, MAPE, SMAPE, SSE, MSE, RMSE, the value of the 

determination coefficient and Theil mismatch.  

In the course of experimental studies, short-term forecasting (eight values 

ahead) of the series used in the M3-Competition [22], and a number of 

average daily temperature readings, has been carried out. The forecast errors 

(MAE) of different methods are shown in Table 1. 

 
Table 1 – Average absolute forecast error when using various methods 

 

Method 

N2841 

(104) 

N2856 

(92) 

N2859 

(79) 

N2869 

(79) 
Meteo 

Exp.Smoothing 68.70 253.08 132.71 497.5 2.92 

Holt–Winters 52.72 296.47 149.2 580.31 2.9 

Box–Jenkins 68.7 260.21 125.09 210.65 2.99 

RBF 37.47 381.63 145.57 628.15 – 

ForecastPro 68.58 260.26 132.71 185.79 – 

SmartFcs 67.71 255.99 132.71 525.2 – 

Automat ANN 72.95 300.77 111.76 349.1 – 

Clon.Selection 126.1 216.50 128.3 218.7 2.44 

 

 Data for methods that differ from the one considered in (Clon.Selection) 

were obtained from the results in [22]. Comparing the results of the proposed  
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approach and the model based on the artificial immune network (AINet, 

[12]), it can be noted that although the results are close for a series of 

temperatures, the implementation of clonal selection makes it possible to 

better forecast series with a lower prehistory, i.e. this approach is less 

demanding to the number of values of the time series. By constructing a set 

of affinity matrices between antibodies for different values of the antibody 

length (its first part), at the stage of the pre-forecasting analysis it is possible 

to determine such its value, at which the indicator   is the largest. Since the 

indicator   depends on the value of the second part of the antibody (i.e., the 

forecast horizon), it is advisable to carry out the described procedure with 

different values of the forecast horizon that will allow to obtain the 

recommended value of the horizon, at which an acceptable forecast error 

value is expected. 

 

 
Figure 1 – Correlation between forecast error and applicability indicator 

 

At the stage of determining the accuracy of forecasting among the selected 

antibodies, we correct the selection coefficient, which affects the affinity of 

antibodies of different types but constructed on the basis of the same 

fragment of the series. This will subsequently reduce the time of training of 

AIS and reduce the size of the population of antibodies. The definition of the 

indicator   may not be limited to the stage of the pre-forecasting analysis. 

During the training of the AIS, when executing the suppression operator, the 

affinity matrix between antibodies is formed in a similar way, and this data 

can be used not only to compress the AIS, but also to calculate the 

indicator  , which will allow real-time adjustment of the algorithm  
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parameters. This real time adjustment of parameters is helping in terms of 

less computational time which in turn achieves the green computing factors.  

 

8 Conclusion 
 

A forecasting model based on the clonal selection model that uses 

antibodies as precedents has been developed. Some of these antibodies form 

a population of memory cells that describe the forecasted series. The results 

presented in the work confirm the effectiveness of using the considered 

approach for short-term forecasting of time series, the value of which allows 

to form a training sample of a sufficient volume. An indicator is proposed to 

determine the applicability of the immune approach of short-term time series 

forecasting based on the clonal selection model and CBR. The proposed 

indicator at the stage of the pre-forecasting analysis can be used to adjust the 

parameters of the hybrid forecasting model and calculate the optimal value of 

the length of antibodies, which allows reducing the time of AIS training and 

the size of the population of antibodies. Due to the correction of selection 

coefficients during the calculation of the applicability index, it is possible to 

reduce the time of AIS training and reduce the size of the population of 

antibodies. 
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