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Abstract. This paper considers the problem of choosing the required set of 

characteristics for time series forecasting. The method of solving this 

problem on the basis of correlation matrix is proposed. A correlation matrix 

is constructed based on the prepared data, after which a list is formed for 

each variable, ordered by decreasing modulus of the correlation degree. 

Then linear regression models are trained and the quality of predictions for 

different sets of variables from the sorted list is compared. Next, a 

comparison is made for different values of sampling time to determine the 

optimal value for each variable. To apply the considered algorithm, 

information from various measuring sensors taking readings of climate 

variables in the forest lands was used. 

1 Introduction 

In recent years, time series forecasting has become one of the most urgent issues in the field 

of data analysis [1-4]. However, despite significant progress in this area, many tasks remain 

without proper attention from the scientific community. One such problem is identifying the 

minimum set of characteristics required for time series forecasting. 

Pre-defined targets and relevant data are often used for time series forecasting [5]. The 

choice of indicators and data is based on the process requirements and the actual number of 

measuring devices. However, this approach has some limitations. One of them is the 

empirical determination of the required data set, which may degrade the quality of the results 

when the number of variables is large. In addition, there are cases where the magnitude and 

behavior of the target indicator cannot be accurately predicted from the available data. Often, 

in such cases, the use of neural network apparatus is resorted to [6-10]. 

Forest ecosystems absorb carbon, regulate water balance and maintain biodiversity, 

which is important for climate stabilization. Nature-based solutions, such as forest 

restoration, increase their resilience to climate change. Modern digital technologies, 
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including satellite surveillance, GIS and artificial intelligence, improve the monitoring, 

management and protection of forest resources.  

The use of predictive analytics in the control of such systems can help optimize the 

production process and improve product quality. 

This paper proposes a method that allows the identification of a set of characteristics 

based on a correlation matrix. The application of this method allows to identify the most 

significant characteristics for predicting the state of forest land climate [11-12] exclude those 

that do not affect the accuracy of the prediction. In addition to the theoretical justification, 

the paper investigates the forecast accuracy depending on the number of variables involved 

in the forecast, as well as the sampling time, taking into account the different frequency of 

obtaining measurements. 

2 Materials and methods 

2.1 Defining the problem and designing the experiment 

Climate predictive analysis is an important planning step that can predict potential problems 

and improve the condition of forest lands [11-14]. Predictive analyses can be used to 

determine the potential risks of fire occurrence as well as to identify the causes of fires.  

Let us consider the aspects of the problem formulation under study.  

Firstly, it is required to obtain a prediction for a target indicator based on the 

measurements of the remaining indicators, excluding its own measurements. 

Secondly, it is necessary to be able to divide the variables into two sets: those for which 

forecasting is possible with acceptable accuracy and those for which it is impossible. 

Third, for the first set it is necessary to define the attributes required for prediction as well 

as the optimal conditions for training the model[15-17]. 

Climate gauge readings are used as input data. The aim of the study is to analyze the 

magnitude of the mean square error (MSE) under the following conditions [18]: 

Under different depth of indirect correlation; Under different number of original 

variables; Under different number of variables used for prediction; Under different sampling 

time. 

Table 1. Parameters of experiments 

Experiment 1 2 3 4 

Number of initial variables, n 13 23 

Sampling step, с,   5 3, 5, 10 

Number of values for a time series row, q 10 

Forecasting timeframe, w 500 

Number of used variables, n̂  12, 6 22, 12, 6 22, 12, 8, 6, 5, 3 8, 6, 5 

Number of variables for indirect 

correlation,   0, 1, 2 1 

Number of original variables involved in 

the indirect correlation,  
1, 2, 

12 
1, 2, 22 1 

2.2 Research methodology 

Let the initial data be presented in the following form (Table 2): 
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Table 2. Raw data 

 F1 F2 … Fn 

DT1 V1,1 V1,2 … V1,n 

DT2 V2,1 V2,2 … V2,n 

… … … … … 

DTm Vm,1 Vm,2 … Vm,n 

 

where DTm is the moment in time, Fn is the indicator, Vm,n is the value of the indicator Fn at 

the time Tm. 

We then present the correlation matrix R from Table 2 in the form (1): 
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21 2

1 2

1

1

1

n

n

n n

r r

r r
R

r r

 
 
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 
        (1) 

 

where ijr  are the correlation coefficients. 

We then form a new matrix whose elements represent the elements of the matrix R taken 

modulo (2): 

 
ˆ ,   , [1, ],   , ,ij ijR R i j n i j n=  

     (2) 

 

Subsequently, a list, K, is formed for each variable. This is a sorted column of the R̂  

matrix in descending order, with the correlation value replaced by the name of the 

characteristic. 

It is recommended that two approaches to variable selection be considered.  

1. The list of variables to be predicted is generated by selecting the first k elements from 

the list K. However, to improve the accuracy of the predictions, it is proposed that the method 

of determining the set of parameters be used, taking into account the indirect correlation [19-

20]. 

2. The key concept of the method is to supplement the existing list of k parameters with 

a specific number of   variables that are indirectly correlated with it. This can be applied to 

all selected variables, or only to one or two of the most correlated with the target feature. We 

will refer to the number of such variables as  . 

Let us consider a target indicator Fx, which we will denote as T. The structure of the time 

series for training will contain data collected over z time intervals. In each interval, we will 

consider the number of discrete values q for n̂  different indicators, excluding the parameter 

T. In this case, the target indicator is shifted relative to the current time by w time intervals. 

The discretization step is defined as follows: 

 

1 ,  [ , ]a aDT aD kT k z+ = +
      (3) 

 

The transformed structure of the initial form from Table 2 will then take the form shown 

in Table 3. 
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Table 3. Obtained data structure 

 1F1 2F1 … KF1 … 1Fj 2Fj … KFj T 

DTk V1,1 V2,1 … Vk,1 … V1,j V2,j … Vk,j Vkw,1 

DT2k  Vk+1,1 Vk+2,1 … V2k,1 … Vk+1,j Vk+2,j … V2k,j V(k+1)w,1 

… … … … … … … … … … … 

DTzk V(z-1)k+1,1 V(z-1)k+2,1 … Vzk,1 … V(z-1)k+1,j V(z-1)k+2,j … Vzk,j Vzkw,1 

 

Subsequently, the generated data structure will be employed to train a linear regression 

model. The linear regression model is a fundamental component of machine learning, 

providing a solid foundation for more sophisticated models. This approach allows us to 

estimate the influence of individual factors on the dependent variable, thereby ensuring the 

interpretability of the results. 

The mean square error (MSE) is used as the target function for model training. 

To evaluate the precision of forecasts generated under varying conditions, we will utilize 

MSE, as this approach is more discerning in identifying significant discrepancies. 

3 Results and analysis 

Forest land climate condition gauges provide the basis for the input data. The data set 

comprises records of measurements taken over a nine-day period. 

The first day's data are used to train the model, after which the model is tested on all other 

readings. The resulting MSE error is then averaged across all nine days. 

The initial experiment will examine the MSE at varying levels of indirect correlation 

depth. This will enable us to assess the impact of this parameter on the modelling accuracy 

(Table 4). 

Table 4. Results of experiment 1 (MSE) 

Exp. 1.1 1.2 1.3 1.4 1.5 1.6 1.7 1.8 

 12UID 6UID For one var. 1 =  For two var. 2 =  
For every var.

12 =  

/UID   0 0 1 2 1 2 1 2 

1 17.7125 11.8997 11.9143 11.9711 11.9711 11.3495 11.9711 11.3495 

2 
2.043 

E-05 

3.479 

E-05 

3.431 

E-05 

3.488 

E-05 

3.488E-

05 

3.494 

E-05 

3.488 

E-05 

3.494 

E-05 

3 0.1962 0.2132 0.2265 0.2267 0.2267 0.2255 0.2153 0.2255 

4 
4.465 

E-04 

4.461 

E-04 

4.709 

E-04 

4.564 

E-04 

4.629 

E-04 

5.135 

E-04 

4.567 

E-04 

5.135 

E-04 

5 
2.727 

E-04 

3.637 

E-04 

3.639 

E-04 

4.394 

E-04 

4.394 

E-04 

3.714 

E-04 

4.394 

E-04 

3.714 

E-04 

6 164.523 164.433 164.634 159.876 165.290 158.925 158.456 158.925 

7 36.5125 36.4552 36.4552 36.5194 35.7301 44.9435 35.9917 44.9435 

8 
1.193 

E-02 

9.662 

E-03 

9.662 

E-03 

1.129 

E-02 

1.108 

E-02 

1.185 

E-02 

1.323 

E-02 

1.185 

E-02 

9 
1.034 

E-03 

1.031 

E-03 

1.133 

E-03 

1.063 

E-03 

1.131 

E-03 

9.568 

E-04 

1.131 

E-03 

9.568 

E-04 

10 
2.052 

E-01 

2.131 

E-01 

2.065 

E-01 

2.026 

E-01 

2.026 

E-01 

2.529 

E-01 

2.005 

E-01 

2.529 

E-01 

11 12.3346 12.3235 12.3654 12.4390 12.4390 7.2828 12.2481 7.2828 

12 1.8232 1.5104 1.4188 1.6518 1.4365 1.5763 1.6925 1.5763 

13 
464.901

5 

456.235

7 

475.188

7 

478.188

8 

478.347

2 

498.584

5 

478.347

2 

498.584

5 
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In Tables 4-7, the cell highlighted in green represents the minimum error for the given 

trait, while the cell highlighted in red represents the maximum error. 

The results of the initial experiment demonstrate that for the majority of UIDs, the error 

rate is lower than that observed in the benchmark experiment 1.1. Furthermore, it can be 

observed that as the number of variables and the number of   values employed are 

augmented, the error magnitude is concomitantly increased. The identical outcomes for 

[2,  12] =  can be attributed to the limited number of variables. It is notable that the lists of 

selected features are consistent across some UIDs. 

The following experiment was conducted with the number of initial variables increased 

from 13 to 23 (Table 5). The results were compared using all 22 UID variables, half of the 

12 UID variables, and six UIDs. This allowed for comparison with the first experiment and 

with the remaining cases within the second experiment. 

Table 5. Results of experiment 2 (MSE) 

Exp. 2.1 2.2 2.3 2.4 2.5 2.6 2.7 2.8 2.9 

 22UID 12UID 6UID 
For one var.

1 =  

For two var.

2 =  

For every var.

22 =  

/UID   0 0 0 1 2 1 2 1 2 

1 21.925 19.480 29.343 29.343 29.343 29.343 21.82 30.1484 44.279 

2 
3.27 

E-05 

3.61 

E-05 

2.74 

E-05 

2.73 

E-05 

2.73 

E-05 

2.74 

E-05 

2.86 

E-05 

2.78 

E-05 

1.93 

E-04 

3 0.1729 0.1722 0.1689 0.1689 0.1702 0.1689 0.171 0.1695 0.1711 

4 4E-4 3E-04 4E-04 4E-04 4.1E-4 4E-04 4E-04 4E-04 4E-04 

5 
2.09 

E-04 

3.81 

E-04 

2.22 

E-04 

2.22 

E-04 

2.22 

E-04 

2.22 

E-04 

1.58 

E-04 

1.65 

E-04 

1.58 

E-04 

6 140.35 146.43 137.72 142.71 144.56 142.65 148.8 145.861 148.8 

7 33.702 35.897 36.693 36.144 38.217 40.183 37.56 39.41 40.9 

8 0.0087 0.0089 0.0084 0.0084 0.0085 0.0084 0.009 0.008 0.0076 

9 
1.12 

E-03 

1.37 

E-03 

1.33 

E-03 

1.33 

E-03 

9.47 

E-04 

9.50 

E-04 

8.33 

E-04 

9.97 

E-04 

7.26 

E-04 

10 0.5232 0.3554 0.4905 0.4905 0.4416 0.4416 0.451 0.4143 0.4510 

11 7.4523 10.193 6.0139 6.0139 5.0011 6.4733 2.040 6.4941 3.2699 

12 13.427 9.2192 0.8823 10.104 8.4208 8.4208 7.252 12.3142 7.2524 

13 434.08 446.43 409.82 409.82 435.35 439.53 432.1 445.601 432.17 

14 4.4989 5.7393 5.4793 5.4793 5.1002 5.4793 5.294 5.4793 4.1589 

15 2.0182 2.2962 1.2002 1.2002 1.2002 1.2002 
1.041

0 
1.0410 0.8727 

16 0.0031 0.0034 0.0025 0.0025 0.0025 0.0025 0.002 0.0022 0.0014 

17 
7.27 

E-04 

7.66 

E-04 

7.15 

E-04 

7.72 

E-04 

7.67 

E-04 

7.67 

E-04 

7.67 

E-04 

8.32 

E-04 

7.86 

E-04 

18 0.0263 0.0253 0.0310 0.0310 0.0309 0.0309 0.053 0.0534 0.0286 

19 
6.94E-

06 

6.74E-

06 

3.46E-

06 

3.46E-

06 

3.53E-

06 

3.53E-

06 

3.97E-

06 

3.53E-

06 

3.97E-

06 

20 69.975 58.111 34.565 34.565 34.565 34.565 49.52 34.5650 12.449 

21 8.0063 5.5163 13.646 13.646 13.597 13.597 13.59 14.6681 13.597 

22 0.2487 0.2447 0.1919 0.2775 0.2831 0.2831 0.282 0.2981 0.2465 

23 
329.10

13 

310.80

12 

860.37

34 

860.37

34 

845.37

71 

836.60

39 

446.1

616 

836.603

9 

435.13

62 

 

The second experiment demonstrates that utilizing all variables in conjunction with the 

simple exclusion of half of the features yields inferior outcomes in comparison to the 

proposed method (Experiments 2.1 and 2.2). It can be concluded that the favorable outcomes 

of experiments 1.1 and 1.2 are attributable to the limited number of initial variables. 
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To further examine this phenomenon, the parameters of Experiment 2.4, specifically 

1 = , will be utilized to investigate the impact of varying the number of utilized features, 

n̂ , on the error (Table 6). 

Table 6. Results of experiment 3 (MSE) 

Exp. 3.1 3.2 3.3 3.4 3.5 3.6 

ˆ/UID n  22UID 12UID 8UID 6UID 5UID 3UID 

1 21.9251 19.4801 18.6285 29.3438 29.3438 38.5931 

2 3.27E-05 3.61E-05 3.64E-05 2.74E-05 2.74E-05 3.07E-05 

3 0.1729 0.1722 0.1806 0.1689 0.1702 0.1707 

4 4.05E-04 3.65E-04 3.89E-04 4.00E-04 4.16E-04 4.89E-04 

5 2.09E-04 3.81E-04 3.69E-04 2.22E-04 2.22E-04 1.58E-04 

6 140.3576 146.4357 142.5102 142.7147 142.6531 145.2973 

7 33.7028 35.8976 36.0262 36.1448 39.6931 39.1850 

8 0.0087 0.0090 0.0088 0.0084 0.0085 0.0086 

9 1.12E-03 1.37E-03 1.35E-03 1.33E-03 9.95E-04 9.71E-04 

10 0.5232 0.3554 0.4962 0.4905 0.4416 0.4279 

11 7.4523 10.1934 6.6301 6.0139 6.0139 6.7104 

12 13.4273 9.2192 8.9920 10.1041 8.4208 5.5121 

13 434.0808 446.4379 408.8020 409.8250 439.5382 440.5795 

14 4.4989 5.7393 5.6559 5.4793 5.4793 6.0817 

15 2.0182 2.2962 1.2118 1.2002 1.2002 2.1915 

16 0.0031 0.0034 0.0023 0.0025 0.0025 0.0059 

17 7.27E-04 7.66E-04 7.59E-04 7.72E-04 7.67E-04 8.37E-04 

18 0.0263 0.0253 0.0265 0.0310 0.0309 0.0562 

19 6.94E-06 6.74E-06 3.38E-06 3.46E-06 3.53E-06 2.70E-06 

20 69.9759 58.1114 32.4097 34.5650 34.5650 47.7579 

21 8.0063 5.5163 12.1952 13.6467 13.5971 15.9503 

22 0.2487 0.2447 0.2870 0.2775 0.2831 0.5510 

23 329.1013 310.8012 325.7551 860.3734 874.1462 128.6250 

 

The results of Experiment 3.2 demonstrate an improvement in comparison to those of 

Experiment 2. A reduction in the quantity of input data to an excessive degree has a 

detrimental impact on the accuracy of the resulting prediction. 

The results for 3.3–3.6 are of a superior quality to those of other studies. The parameters 

within this range will be subjected to further investigation at varying sampling intervals from 

the current time point. 

Given the disparate sampling rates of the features, which range from approximately 1.5 

to 20 minutes, an experiment with the following sampling intervals is planned: The sampling 

intervals were 3, 5, and 10 seconds (Table 7). 

Table 7. Results of experiment 4 (MSE) 

Exp. 4.1 4.2 4.3 4.4 4.5 4.6 4.7 4.8 4.9 

,с
 3 5 10 

n̂ / 

UID 
8UID 6UID 5UID 8UID 6UID 5UID 8UID 6UID 5UID 

1 21.748 32.001 32.001 18.628 29.343 29.343 13.858 30.5874 30.5874 

2 
3.21 

E-05 

2.67 

E-05 

2.67 

E-05 

3.64 

E-05 

2.74 

E-05 

2.74 

E-05 

8.91 

E-05 

4.19 

E-05 

4.19 

E-05 

3 0.2366 0.2395 0.2279 0.1806 0.1689 0.1702 0.4516 0.4394 0.4408 

4 
3.86 

E-04 

3.84 

E-04 

3.84 

E-04 

3.89 

E-04 

4.00 

E-04 

4.16 

E-04 

3.96 

E-04 

3.85 

E-04 

3.88 

E-04 
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5 
2.51 

E-04 

2.52 

E-04 

1.72 

E-04 

3.69 

E-04 

2.22 

E-04 

2.22 

E-04 

6.7 

2E-04 

4.30 

E-04 

2.81 

E-04 

6 144.80 144.26 144.22 142.51 142.71 142.65 150.69 149.53 149.61 

7 35.857 35.430 35.381 36.026 36.144 39.693 38.960 39.5227 38.7386 

8 0.0091 0.0099 0.0082 0.0088 0.0084 0.0085 0.0133 0.0133 0.0109 

9 
1.12 

E-03 

1.05 

E-03 

1.06 

E-03 

1.35 

E-03 

1.33 

E-03 

9.95 

E-04 

9.92 

E-04 

1.03 

E-03 

1.89 

E-03 

1

0 
0.4890 0.4822 0.4063 0.4962 0.4905 0.4416 0.5831 0.5492 0.5401 

1

1 
5.3425 5.3884 5.3884 6.6301 6.0139 6.0139 9.6795 9.2327 9.2327 

1

2 
0.7874 0.8137 1.5397 8.9920 10.104 8.4208 17.985 25.5719 20.9965 

1

3 
381.64 385.47 419.47 408.80 409.82 439.53 568.61 573.606 522.766 

1

4 
5.6690 5.8360 5.8360 5.6559 5.4793 5.4793 7.0997 5.6031 5.6031 

1

5 
1.2475 1.2171 1.2171 1.2118 1.2002 1.2002 2.2430 2.2641 2.2641 

1

6 
0.0015 0.0016 0.0016 0.0023 0.0025 0.0025 0.0052 0.0054 0.0054 

1

7 

9.51 

E-04 

8.75 

E-04 

8.61 

E-04 

7.59 

E-04 

7.72 

E-04 

7.67 

E-04 

1.40 

E-03 

1.50 

E-03 

8.83 

E-04 

1

8 
0.0288 0.0352 0.0351 0.0265 0.0310 0.0309 0.0256 0.0230 0.0231 

1

9 

3.80 

E-06 

3.79 

E-06 

3.60 

E-06 

3.38 

E-06 

3.46 

E-06 

3.53 

E-06 

3.19 

E-06 

3.07 

E-06 

3.02 

E-06 

2

0 
19.625 21.385 21.385 32.409 34.565 34.565 3.9206 2.6399 2.6399 

2

1 
11.588 12.638 14.557 12.195 13.646 13.597 16.712 17.7916 11.8957 

2

2 
0.5905 0.5663 0.5740 0.2870 0.2775 0.2831 1.2787 1.2741 1.2793 

2

3 

289.97

19 

554.87

95 

555.57

68 

325.75

51 

860.37

34 

874.14

62 

703.88

43 

1023.97

10 

1030.60

59 

 

The fourth experiment demonstrated that for a considerable number of variables, reducing 

the time interval between measurements resulted in enhanced data quality. Furthermore, in 

certain instances, an increase in the measurement interval to 10 seconds was observed to 

correlate with enhanced prediction accuracy. This suggests that modifying the sampling 

interval can have a considerable impact on the ultimate outcome. 

In order to conduct a comparative analysis of the effectiveness of the method, a summary 

table has been constructed, which presents the best results without the use of the proposed 

method (experiments 2.1-2.3) and with the use of the proposed method (experiments 2.4-4.9) 

(Table 8). 

Table 8. Summary of results (MSE) 

UID 
Without 

method 
With method Difference 

1 19.4801 13.858 -28.86% 

2 2.74E-05 2.67E-05 -2.55% 

3 0.1689 0.1689 0% 

4 3.65E-04 3.65E-04 0% 

5 2.09E-04 1.58E-04 -24.40% 
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6 137.7209 142.5102 3.48% 

7 33.7028 35.3815 4.98% 

8 0.0084 0.0076 -9.52% 

9 0.00112 0.000726 -35.18% 

10 0.3554 0.3554 0% 

11 6.0139 2.0407 -66.07% 

12 0.8823 0.7874 -10.76% 

13 409.825 381.6416 -6.88% 

14 4.4989 4.1589 -7.56% 

15 1.2002 0.8727 -27.29% 

16 0.0025 0.0014 -44.00% 

17 0.000715 0.000759 6.15% 

18 0.0253 0.023 -9.09% 

19 3.46E-06 0.0000027 -21.97% 

20 34.565 2.6399 -92.36% 

21 5.5163 5.5163 0% 

22 0.1919 0.2447 27.51% 

23 310.8012 128.625 -58.62% 

4 Conclusions 

The analysis of the data presented in the summary table illustrates that the proposed 

methodology improves the quality of forecasts for most variables. However, for some 

attributes there is both preservation of the previous results and decrease in forecasting 

accuracy. This may be due to the peculiarities of the data structure, the specifics of the 

processes under study, or other factors that require additional study. It is important to note 

that despite these exceptions, in general, the proposed methodology shows its effectiveness 

and can be recommended for use in similar researches. 
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