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Abstract 

The run test, which examines whether two samples selected from the same popula-
tion are random, has been employed. However, the current run test for two samples 
is based on the assumption of certainty, which is not always valid in practical sce-
narios. This paper aims to introduce a modified version of the run test for two samples 
that account for uncertainty. We will develop a statistical approach for the run test 
that considers uncertain factors such as sample size, level of significance, and obser-
vations. To evaluate the effectiveness of the proposed test, we analyze wind power 
and photovoltaic power data. The analysis of these variables demonstrates that they 
are randomly selected from the population. The results indicate that the proposed run 
test is well-suited for addressing uncertainty in renewable energy. By employing this 
modified test, we can effectively assess the randomness of samples and make reliable 
conclusions in uncertain conditions.
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Introduction
The statistical tests are used to classify the nature of the data collected from various 
fields. These tests have also been used in decision-making when the unknown popula-
tion parameter. The statistical tests are workable when a sample(s) are selected at ran-
dom from the population under study. The statistical tests cannot be applied if the 
assumption of the random sample is violated. The run test related to two samples has 
many applications to decide the randomness of the data selected from the population. 
The run tests related to two samples work under the assumption that the samples should 
be selected from the same population. The null hypothesis is stated as the two samples 
selected from the population are random vs. the alternative hypothesis that two samples 
are away from the randomness. Kanji [1] presented the procedure and application of the 
run test related to two samples. Dakhilalian et al. [2], Haramoto [3], Paindaveine [4] and 
Doğanaksoy et al. [5] proposed the various run tests and discussed the applications.

The statistical methods have many applications in the fields related to energy or 
renewable energy. The main of statistical analysis or modeling is to predict/forecast the 
wind speed and energy produced by wind. Many researchers worked in the energy area 
to solve various issues, see for example, Brano et al. [6], Lü et al. [7], Masseran [8], Ren 
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et al. [9], Arias-Rosales and Osorio-Gómez [10], Vogt et al. [11], Katinas et al. [12], Qing 
[13], Mohammed et  al. [14], Min et  al. [15], Akgül and Şenoğlu [16], Mahmood et  al. 
[17], Alrashidi et al. [18], Campisi-Pinto et al. [19], Deep et al. [20], Jang et al. [21], Kapen 
et al. [22], ul Haq et al. [23] and Wenxin et al. [24] applied various statistical methods in 
the fields of energy and renewable energy. Liu et al. [25] studied the effect of the subsidy 
on wind power and photovoltaic power.

The classical statistical methods for estimating, analyzing and forecasting the energy 
are applied under the assumption that certain information about the parameters, sam-
ple, and observations. According to Viertl [26], “statistical data are frequently not precise 
numbers but more or less non-precise also called fuzzy. Measurements of continuous 
variables are always fuzzy to a certain degree”. Filzmoser and Viertl [27], Tsai and Chen 
[28], Taheri and Arefi [29], Jamkhaneh and Ghara [30], Chachi et al. [31], Kalpanapriya 
and Pandian [32], Parthiban and Gajivaradhan [33], Montenegro et al. [34], Park et al. 
[35] and Garg and Arora [36] presented work using the fuzzy logic.

The fuzzy logic can give information about two measures. The fuzzy logic is answerless 
about the critical measure is called the “measure of indeterminacy”. The neutrosophic 
logic is found to be efficient than the fuzzy logic, see Smarandache [37]. Abdel-Basset 
et al. [38] discussed the application of the neutrosophic logic in renewable energy. More 
details about the neutrosophic logic can be seen in Das and Edalatpanah [39] and El Bar-
bary and Abu Gdairi [40]. Smarandache [41] introduced the neutrosophic statistics to 
give interpretation of the imprecise data. Several authors demonstrated performance of 
neutrosophic statistics over the classical statistics, see, for example, Chen et al. [42, 43], 
Sherwani et al. [44], Aslam [45] and Albassam et al. [46].

In the literature, run test related to two samples under classical statistics is available. 
The existing run test related to two samples using to classical statistics has the limita-
tion in its application when level of significance, sample size, or the observations in the 
data are uncertain. By exploring the literature and the best of the author’s knowledge, 
there is no work on run test related to two samples using neutrosophic statistics. We 
found no work on run tests related to samples using neutrosophic statistics. There is still 
a gap to work on the run test related to two samples using the neutrosophic statistics. In 
this paper, the main aim is to design the run test related to two samples using neutro-
sophic statistics. Therefore, the main contribution of the paper is to introduce run test 
related to two samples that can be applied when imprecise observations are in the data. 
The proposed test is designed and applied using wind power and photovoltaic power 
selected from renewable energy, see Liu et al. [25]. It is expected that the use of the pro-
posed run test related to two samples in renewable energy will be more edifying than the 
existing tests. It is also expected that the proposed test will be more information than 
the current run test under classical statistics.

Methodology
The existing run test of randomness related to two samples is applied for testing the ran-
dom of two samples assuming that all parameters associated with the test are specific 
and determinate. In practice, in statistical theory, the assumption of certainty about the 
level of significance and sample size is not fulfilling always. Using the existing run test of 
randomness related to two samples is not workable in the presence of uncertainty. In this 
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section, we will modify the current test under neutrosophic statistics with the expecta-
tion that the proposed run test for two samples can be used effectively in the presence 
of indeterminacy/uncertainty. The methodology of the proposed run test for two sam-
ples is stated as follows: Let αN = αL + αUINα; INαǫ[ILα , IUα] be a neutrosophic level 
of significance and nN = nL + nUINn; INnǫ[ILn, IUn] be the neutrosophic random sam-
ple, where αL , nL are the lower values (determinate), αUINα , nUINn are the upper values 
(indeterminate), and INαǫ[ILα , IUα] , INnǫ[ILn, IUn] are measures of indeterminacy/uncer-
tainty associated with level of significance and sample size, respectively. Suppose that 
ZNC = ZLC + ZUCINC ; INCǫ[ILC , IUC ] be the neutrosophic tabulated/critical values cor-
responding to αL and αUINα , respectively. Let XN1 = XL1 + XU1INX1; INX1ǫ[ILX1, IUX1] 
and XN2 = XL2 + XU2INX2; INX2ǫ[ILX2, IUX2] be two neutrosophic random samples 
selected from the same neutrosophic population. Suppose that two samples of sizes 
nN1 = nL1 + nU1INn1; INn1ǫ[ILn1, IUn1] and nN2 = nL2 + nU2INn2; INn2ǫ[ILn2, IUn2] , 
respectively have been selected at random from the same neutrosophic population. The 
operational process of the proposed test is implemented as: the two neutrosophic sam-
ples are merged and should be arranged in increasing order with respect to mid values 
of XN1ǫ[XL1,XU1] and XN2ǫ[XL2,XU2] . Assign the + sign to the elements of the first neu-
trosophic sample nN1ǫ[nL1, nU1] and Assign the -sign to the elements of the second neu-
trosophic sample nN2ǫ[nL2, nU2]  According to Kanji [1] “A succession of values with the 
same sign, i.e. from the same sample, is called a run”. The numbers of runs KN ǫ[KL,KU ] 
are counted and the test statistic ZN ǫ[ZL,ZU ] is expressed as

where

When ZL = ZU , the statistic ZN ǫ[ZL,ZU ] can be expressed as

Note that ZL is the test statistic under the classical statistics and ZUINZ is the indeter-
minate value, and INZǫ[ILZ , IUZ] is the measure of intermediacy associated with the test 
statistic. The proposed test statistic ZN ǫ[ZL,ZU ] reduces to test for two samples under 
classical statistics if no uncertainty is found. Note also that µNK ǫ[µLK ,µUK ] denotes the 
neutrosophic average and expressed by

where

when µLK = µUK  , the mean µNK ǫ[µLK ,µUK ] can be expressed as

(1)ZN = ZL + ZUINZ; INZǫ[ILZ , IUZ]

(2)ZN =
KN − µNK + 0.5

σNK
; ZN ǫ[ZL,ZU ]

(3)ZN = (1+ INZ)

(

KN − µNK + 0.5

σNK

)

; INZǫ[ILZ , IUZ]

(4)µNK = µLK + µUK INµ; INµǫ
[

ILµ, IUµ

]

(5)µNK =

(

2nN1nN2

nN1 + nN2

)

+ 1
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The neutrosophic standard deviation σNK ǫ[σLK , σUK ] is defined by

When σLK = σUK  , the mean σNK ǫ[σLK , σUK ] can be expressed as

The operational process of the proposed run test related to samples is shown in Fig. 1.

Applications using power wind and photovoltaic power
The applications of the proposed run test for two samples will be discussed using the 
data obtained from the renewable energy field. Recently, Liu et  al. [25] provided a 
detailed analysis of the “installed capacity of wind power and photovoltaic (PV) power 
for the year 2017 and the year 2018”. Now, we will apply the proposed run test to see 
whether wind power and PV power are selected randomly or not. Let αL = 0.02 and 
nN1 = nN2 = [31, 31] . Suppose that the decision-makers are uncertain about the selec-
tion of the level of significance with the measure of indeterminacy INαǫ[0, 0.6] . The 
neutrosophic form can be written as αN = 0.02+ 0.05INα; INαǫ[0, 0.6] . For renewable 
energy variables, the mean for wind power and PV power is calculated as

For renewable energy variables, the standard deviation for wind power and PV power 
is calculated as

(6)µNK = (1+ INµ)

((

2nN1nN2

nN1 + nN2

)

+ 1

)

; INµǫ
[

ILµ, IUµ

]

(7)σNK = σLK + σUK INσ ; INσ ǫ[ILσ , IUσ ]

(8)σNK = (1+ INσ )

((

2nN1nN2(2nN1nN2 − nN1 − nN2)

(nN1 + nN2)
2.(nN1 + nN2 − 1)

))

; INσ ǫ[ILσ , IUσ ]

µNK =

(

2.31.31

31+ 31

)

+ 1 = 32

Fig. 1 Run test related to samples
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The value of KN for wind power is 25 and for PV power is 29. The value of the test sta-
tistic ZN for the wind power is calculated by

The value of the test statistic ZN for the PV power is calculated by

The tabulated values of αN ǫ[0.02, 0.05] from Kanji [1] are 2.33 and 1.96, respectively. 
By comparing the values of ZN for renewable energy variables, the null hypothesis H0 : 
wind power and PV power follow the randomness will be accepted and the alternative 
hypothesis H1 : wind power and PV power away from the randomness will be rejected. 
Based on the study, it is concluded that although, the test was carried out in the pres-
ence of uncertainty in the significance level. Implementing of the proposed test leads 
that the renewable energy variables are selected randomly from the same population. 
Further statistical analysis can be carried out accordingly, see Liu et al. [25]. The opera-
tional proves of the proposed test for wind power and PV power is shown in Fig. 2

Simulation study
Now, the effect of the decision on wind power and PV power under uncertainty will 
be discussed. To see the effect of uncertainty in the level of significance, various val-
ues of the uncertain level of significance are considered. The values of αN ǫ[αL,αU ] are 
considered from [0.001, 0.002] to [0.20, 0.318]. The corresponding neutrosophic forms 
of each value of the level of significance the measure of indeterminacy INα associated 
with this level of significance are shown in Table  1. The tabulated values against each 

σNK =
2.31.31(2.31.31− 31− 31)

(31+ 31)2.(31+ 31− 1)
= 3.90

ZN =
25− 32+ 0.5

3.90
= −1.66

ZN =
29− 32+ 0.5

3.90
= −0.64

Fig. 2 Run test related to samples
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level of significance are also reported in the same Table  1. From Table  1, it can see 
that when the values of αN increase, it effects decision about H0 of wind power. When 
αN < [0.02, 0.0456] , the decision about the randomness in wind power is accepted. On 
the other hand, when αN > [0.02, 0.0456] , the null hypothesis is rejected and the claim 
about the randomness in wind power is rejected. At this significance level, the wind 
power data is away from randomness. The decision about the randomness in PV power 
retains as is.

Competitive study
The proposed run test related to two samples generalizes of several existing run tests. 
For example, the proposed run test related to two samples reduces to the existing run 
test related to two samples under classical statistics when the decision-makers are 
uncertain about the significance level. The interval-statistics is also a special case of the 
proposed test. The run test related to two samples using interval-statistics utilizes the 
information within the intervals only. The proposed test reduces to run test related to 
two samples using fuzzy-based test when no information about the measure of inde-
terminacy is obtained. Based on the previous example about the renewable energy vari-
ables, for example, the decision-makers are uncertain about the level of significance that 
it should be from 0.05 to 0.10. The neutrosophic form for this level of significance is 
αN = 0.05+ 0.10INα; INαǫ[0, 0.5] . Note that the present neutrosophic form of level of 
significance is a generalization of three existing runs test. When the decision-maker 
is sure about the level of significance which is 0.05, the proposed neutrosophic form 
reduces to a certain value of the level of significance when ILα = 0 . The proposed neu-
trosophic form of level of significance has two parts. The first part 0.05 denotes the level 
of significance under the classical statistics and the second part 0.10INα is the indetermi-
nate part and the measure of indeterminacy associated with the level of significance is 
0.5. From the results, it can be clearly seen that the proposed run test related to two sam-
ples is supple and revealing than the existing run test related to two samples using clas-
sical statistics. The run test related to two samples using fuzzy logic is also a special case 
of the proposed test. The fuzzy-based test gives only the information about the measure 
of truth that and the measure of falseness. The proposed run test related to two samples 

Table 1 Effect of uncertainty in level of significance

αN αN = αL + αUINα INα Tabulated 
values

ZN of wind 
power

ZN of PV 
power

Decision 
about 
H0 (wind 
power)

Decision 
about H0 (PV 
power)

[0.001, 
0.002]

0.001+ 0.002INα [0, 0.5] [3.29, 3.09]  − 1.66  − 0.64 Do not 
reject H0

Do not reject 
H0

[0.026, 0.01] 0.026− 0.01INα [0,  1.6] [3.00, 2.58]  − 1.66  − 0.64 Do not 
reject H0

Do not reject 
H0

[0.02, 
0.0456]

0.02+ 0.0456INα [0, 0.56] [2.33, 2.00]  − 1.66  − 0.64 Do not 
reject H0

Do not reject 
H0

[0.05, 0.10] 0.05+ 0.10INα [0, 0.5] [1.96, 1.64]  − 1.66  − 0.64 Reject H0 Do not reject 
H0

[0.20, 0.318] 0.20+ 0.318INα [0.37] [1.28, 1.00]  − 1.66  − 0.64 Reject H0 Do not reject 
H0
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gives information about the measure of truth [0.95, 0.90], the measure of falseness that is 
[0.05, 0.10], and the measure of indeterminacy that 0.5. Based on these results, it is con-
cluded that many tests are special cases of the proposed test. The proposed test is also 
an extension of the run test related to the sample using interval-statistics. The test using 
interval-statistics gives only information about the smaller and the larger values of the 
interval. On the other hand, the proposed test gives the information about the measure 
of truth, false and intermediacy. In nutshell, the proposed run test related to two sam-
ples is efficient than the existing tests in terms of information, flexibility and adequacy.

Concluding remarks
In this paper, run test related to two samples designed using neutrosophic statistics. 
The proposed test was found to be a generalization of several existing tests. The test sta-
tistic was developed when the level of significance and sample size are uncertain. The 
proposed test was applied to renewable energy variables including wind power and PV 
power. The application of the proposed test on wind power and PV power showed that 
the proposed test can be used effectively in renewable energy. The simulation study 
showed that that the uncertainty in the level of significance may affect the decision about 
randomness. The proposed test was found to be efficient than the existing tests in terms 
of information. The proposed test using some other sampling scheme and using big data 
can be studied as future research.
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