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ABSTRACT 

The accuracy of descriptive statistics might be influenced by the existence of outliers in data sets. An 

observation which might not be considered as an outlier in the univariate case might be a multivariate outlier. 

Therefore, determination of outliers might make multivariate analysis more robust by providing an opportunity for 

making required corrections before modelling studies. This paper presents the implementation of the two-

dimensional correlation method in the determination of multivariate outliers among the observations of six 

precipitation stations in Turkey. The two-dimensional correlation method considers the averages of the parts of 

the whole series instead of the average of the whole series and enables determination of the location of the outlier 

in the compared series. The obtained results point out that an outlier analysis for hydrologic variables should 

consider the two-directional behavior and the presented two-dimensional correlation method proves to be a strong 

alternative to be used in outlier and irregularity detection studies even with a limited number of available data. The 

2DCorr software used in the study is freely provided as a supplementary material. 
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INTRODUCTION 

Researchers generally face the problem of outliers when analyzing data. There are several causes of outliers, 

therefore different definitions were suggested by various authors [1]:  

• An observation which deviates so much from other observations as to arouse suspicions that it was 

generated by a different mechanism [2];  

• An outlying observation, or outlier, is one that appears to deviate markedly from other members of the 

sample in which it occurs [3]; 

• An observation (or subset of observations) which appears to be inconsistent with the remainder of that 

set of data [4]. 

Outliers arise due to mechanical faults, changes in system behavior, fraudulent behavior, human error, 

instrument error or simply through natural deviations in populations [1]. Determination of an outlier or a group of 

outliers in a data set with an appropriate method provides important information about the mechanisms generating 

the outliers. The detection of outliers might allow determination of system faults and fraud before causing 

potentially catastrophic results. Outliers can also have negative impacts on the selection of the appropriate model 

as well as on the estimation of the associated parameters [5] and might influence the accuracy and reliability of 

computed statistics. Some favor censoring outliers while others oppose censoring measured values [6]. For 

example, if outliers are determined when working with hydrologic data, it would be a good practice to compare 

the investigated dataset with datasets of neighboring stations to decide whether the outliers are real observations 

or caused by faulty readings. Checks for spatial outliers use nearby stations to estimate a monthly value for a 

specific time series in a specific month [7]. If the outliers are determined to be real observations, then, instead of 

ignoring, they should be included in further evaluations for a more realistic modeling by using a method not 

adversely influenced by outliers.  

There is always a possibility of outlier existence for any dataset showing random fluctuations around the 

mean, which is also the case for the natural processes. The most important step in outlier detection is the selection 
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of the most suitable method (or methods) for the evaluated data. The outliers are determined from the ‘closeness’ 

of vectors using some suitable distance metric. Different approaches work better for different types of data, for 

different numbers of vectors, for different numbers of attributes, according to the speed required and according to 

the accuracy required [1]. Extensive overviews of outlier determination methods were provided by Tsay [8], Hu 

[9], Davies & Gather [10], Lanzante [11], Pegram [12], Aggarwal [13], Hodge et al. [1], Wu et al. [14] and Zhang 

et al. [15]. Outlier detection has been used in many studies investigating high-dimensional data, uncertain data, 

streaming data, network data and time series data [16,17]. Many proposals for outlier identification (Fried, 2004; 

Hill et al., 2009; Hill and Minsker, 2010) are available, but as Gupta et al. (2014) point out in their overview of 

outlier detection in temporal data, outlier detection is very challenging because methods for different data types 

do not generalize easily [18].  

The evaluation of outliers might be categorized into two groups of graphical and statistical tests. However, in 

graphical tests, the assessment of outliers is subjective because they don’t allow hypothesis testing and in cases 

with multiple outliers the graphical methods become harder to apply [19]. Outliers, especially the hydrologic ones, 

generally have a random behavior. Accordingly, climatic outliers are extreme anomalies of any given climatic 

variable [20]. Therefore, the task of determining outliers and their causes is becoming more and more important 

with the influence of climate change causing more frequent extreme hydrologic events worldwide. 

The Grubbs-Beck test is recommended by the federal guidelines for detection of low outliers in flood flow 
frequency computation in the United States. Cohn et al. [21] present a generalization of the Grubbs-Beck test for 
normal data [22,23] that can provide a consistent standard for identifying multiple low outliers (potentially 

influential low flows). Lamontagne Jonathan et al. [24] provide a Monte Carlo analysis of the performance of low-

outlier tests, including the Bulletin 17B GB test and variations of a multiple Grubbs-Beck test. Spencer and 
McCuen [23] point out that the Bulletin 17B outlier detection procedure is not designed to test for multiple outliers, 

and that many flood records contain multiple outliers. Their test considers the three smallest observations, but 

many flood records in arid regions of the United States can contain more than three outliers [21,25]. It is reported 

that ecologic factors, such as precipitation, temperature and altitude have significant relationships with wood 

properties at different sites [26]. Apart from flood records and precipitation, correlation analysis is also used for 

evaluating associations among pollution factors [27] and ecologic variables [28-30].  

The validity of the estimates of basic traditional parametric statistical techniques is based on underlying 

assumptions that sometimes are not met by real climate data. Two of these assumptions are normality and 

homogeneity. In particular, contamination from a relatively few ‘outlying values’ may greatly distort the estimates. 

Sometimes these common techniques are used in order to identify outliers; ironically they may fail because of the 

presence of the outliers! [11]. 

Statistical texts frequently illustrate that one extreme outlier can greatly influence the correlation between two 

variables [31]. For example, Legates and Davis [32] illustrate that correlation based measures are more sensitive 

to outliers than to observations near the mean. Therefore, the correlation method itself becomes a good candidate 

for detection of outliers. Aggarwal [13] discusses the different methods for using linear correlation analysis for 

outlier detection. In his book, Aggarwal also mentions some of the limitations of the currently used correlation-

based outlier detection methods. He states that, even when the data is weakly correlated on a pairwise basis between 

different dimensions, it is often the case that subspaces of much lower dimensionality contain most of the variance 

in the data, because of the cumulative effect of inter-attribute correlations. Another related issue is that the 

correlations in the data may not be global in nature. It is suggested by a number of recent analytical observations 

[33] that the subspace correlations are specific to particular localities of the data. The analysis errors might be 

decreased and the problem might be described more clearly under the premise of data fidelity by using the 

collaborative work method of multi-task models which can take advantage of different mathematical models [34]. 

This paper presents the implementation of the two-dimensional correlation method for detecting outliers in 

time series data [35]. The main advantage of the two-dimensional correlation method is that the correlations are 

calculated by using the averages of the parts of the whole series instead of considering the average of the whole 

series. This approach enables the determination of the location of the outlier in the investigated series and improves 

efficiency of outlier detection. The method is applied on precipitation data from southwest Turkey and the software 

written for the implementation of the method is freely provided as a supplementary material. 
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MATERIAL AND METHODS 

Two-dimensional correlation 

The developed procedure for the detection of outliers in time series data uses the approach of two-dimensional 

correlation. First, the details of the two-dimensional correlation method which assesses associations between 

matrices in two directions by making use of the horizontal and the vertical covariances will be given [35,36]. The 

approach is based on the idea that the values of a variable generally have different variances in the horizontal and 

vertical directions when placed on a matrix.  

 

Two-dimensional variance 

Variance is the measure of the spread around the average. The following equations show the calculation of 

the horizontal and the vertical variance for a variable located on a two-dimensional matrix: 𝑉𝑉𝑉𝑉𝑉𝑉ℎ(𝐴𝐴) =
∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚����)2𝑚𝑚𝑚𝑚 𝑚𝑚 × 𝑛𝑛  (1) 𝑉𝑉𝑉𝑉𝑉𝑉𝑣𝑣(𝐴𝐴) =
∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚����)2𝑚𝑚𝑚𝑚 𝑚𝑚 × 𝑛𝑛  (2) 

 

In the above equations the averages of the mth row and the nth column of the matrix A are indicated by 𝐴𝐴𝑚𝑚���� and 𝐴𝐴𝑚𝑚���� respectively. 

When the column averages in the matrices are more scattered around the overall average, the horizontal 

variance takes high values and when the column averages are closer to the overall average, the horizontal variance 

decreases in value. The same situation is valid for the row averages when calculating the vertical variance. 

 

Two-dimensional covariance 

The linear dependence among variables is calculated by covariance which is a quantitative indicator of the co-

variation of the variables. In the calculation of two-dimensional correlation, the horizontal covariance provides a 

measure of how changes in the column averages of one matrix are associated with changes in the column averages 

of a second matrix. Correspondingly, the vertical covariance provides a similar information among the rows of the 

compared matrices. The association between the compared variables is generally expected to be high when the 

covariance takes higher values. The horizontal and vertical covariances between scalar matrices A and B are 
defined by the following equations: 𝐶𝐶𝐶𝐶𝐶𝐶ℎ(𝐴𝐴,𝐵𝐵) =

∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚����)(𝐵𝐵𝑚𝑚𝑚𝑚 − 𝐵𝐵𝑚𝑚����)𝑚𝑚𝑚𝑚 𝑚𝑚 × 𝑛𝑛  
(3) 

 

𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣(𝐴𝐴,𝐵𝐵) =
∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚����)(𝐵𝐵𝑚𝑚𝑚𝑚 − 𝐵𝐵𝑚𝑚���)𝑚𝑚𝑚𝑚 𝑚𝑚 × 𝑛𝑛  

(4) 

 

In the above equations, 𝐵𝐵𝑚𝑚����  and 𝐵𝐵𝑚𝑚��� are the averages of the mth row and the nth column of the matrix B respectively. 
 

Two-dimensional correlation 

Covariance is a scale dependent measure of the joint variability among variables. The covariance is positive 

when the higher values of a variable correspond with the higher values of the compared variable and the same 

behavior is observed between the lower values of the variables. Covariance takes negative values when the values 

of the variables tend to show inverse relationship (i.e., higher values of a variable correspond to the lower values 

of the compared variable). The value of covariance is influenced with the magnitudes of the compared variables; 

therefore, its value has to be normalized when there is need for comparison of associations among multiple variable 

pairs. For example, it would not be reasonable to make comparisons of precipitation series by only using 

covariance because generally there are significant differences between scales of the observed precipitation series 

in different basins of varied climate zones. Correlation coefficient, which should be preferred in comparisons of 

variables, is the scaled and normalized version of covariance and it is dimensionless. Based on the horizontal and 
the vertical covariance values, the horizontal and vertical correlation coefficients are obtained by using the 

following equations:  
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𝑉𝑉ℎ =
𝐶𝐶𝐶𝐶𝐶𝐶ℎ(𝐴𝐴,𝐵𝐵)�𝑉𝑉𝑉𝑉𝑉𝑉ℎ(𝐴𝐴) 𝑉𝑉𝑉𝑉𝑉𝑉ℎ(𝐵𝐵)

 (5) 

𝑉𝑉𝑣𝑣 =
𝐶𝐶𝐶𝐶𝐶𝐶𝑣𝑣(𝐴𝐴,𝐵𝐵)�𝑉𝑉𝑉𝑉𝑉𝑉𝑣𝑣(𝐴𝐴)𝑉𝑉𝑉𝑉𝑉𝑉𝑣𝑣(𝐵𝐵)

 (6) 

The horizontal and the vertical correlations might also be calculated directly as follows: 

𝑉𝑉ℎ =
∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚����)(𝐵𝐵𝑚𝑚𝑚𝑚 − 𝐵𝐵𝑚𝑚����)𝑚𝑚𝑚𝑚�[∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚����)2𝑚𝑚𝑚𝑚 ][∑ ∑ (𝐵𝐵𝑚𝑚𝑚𝑚 − 𝐵𝐵𝑚𝑚����)2𝑚𝑚𝑚𝑚 ]

 (7) 

𝑉𝑉𝑣𝑣 =
∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚����)(𝐵𝐵𝑚𝑚𝑚𝑚 − 𝐵𝐵𝑚𝑚���)𝑚𝑚𝑚𝑚�[∑ ∑ (𝐴𝐴𝑚𝑚𝑚𝑚 − 𝐴𝐴𝑚𝑚����)2𝑚𝑚𝑚𝑚 ][∑ ∑ (𝐵𝐵𝑚𝑚𝑚𝑚 − 𝐵𝐵𝑚𝑚���)2𝑚𝑚𝑚𝑚 ]

 (8) 

In the above equations, rh and rv are the horizontal and the vertical correlations between the matrices A and B. 
 

The Study Area and Data. 

The two-dimensional correlation coefficient is used for determining the outliers of six precipitation 

observation stations in the regions of Muğla and Denizli cities located in the southwest of Turkey (Figure 1). The 

distance of the station 07-016 to the remaining stations is relatively higher. The investigated period of monthly 

precipitation observations covers the 11 years from 1993 to 2003. A longer or a shorter period might be selected 

but the results presented below have shown that the selected period was sufficient for illustrating the success of 

the developed method and software in the determination of existing outliers. The method is applied for each year 

separately, therefore the length (or the shortness) of the dataset does not influence the results but each station has 

to have the same observation period. The heatmaps of the precipitation observations and their averages are 

presented in Figure 2. 

 

 
FIGURE 1 The precipitation observation stations selected for implementation of the outlier detection method 
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The correlations between the monthly total precipitation observations of the selected stations covering the 11 

years from 1993 to 2003 are calculated by using both the traditional and the two-dimensional correlation 

approaches. Figure 2 shows the heatmaps of the monthly precipitation observations of the investigated stations 

together with the row and column averages. The average of the whole data matrix is shown in the bottom right 

cell. In the investigated area, precipitation is lower in summer months and higher in winter months. The figures 

show that while the interannual variation is high (as seen in rows), year-wise variation is more limited (as seen in 

columns). 

Table 1 shows the descriptive statistics and the percentiles for all stations. The maximum values are shown in 

bold. The observations of station 07-016 fit to the Wakeby distribution and have a lower average and variance than 

the remaining stations which fit to the Johnson SB (J. SB) distribution. The highest precipitation was received by 
the station 08-006. No precipitation was observed in at least 10% of the investigated period in all stations except 

the station 07-016.  

 

 
FIGURE 2 The heatmaps of the monthly observations of the precipitation stations 
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TABLE 1 

The descriptive statistics and the percentiles of the observations of the selected stations 

 
 

Determination of interannual variability. 

Table 2 shows the Pearson’s (r), the horizontal (rh) and the vertical (rv) cross correlations among the stations. 

All horizontal correlation values calculated between the stations are higher than the Pearson’s correlations and all 

vertical correlation values are lower than the Pearson’s correlation. The highest Pearson’s (0.951), horizontal 

(0.954) and vertical (0.888) correlations were obtained between the stations 07-014 and 08-002 while the lowest 

correlations were obtained between the stations 07-016 and 08-006 (r = 0.569, rh = 0.578 and rv = 0.507). This 

result is also validated by the heatmaps in Figure 2 where the precipitations of the station 07-016 significantly 

varies from the others. The highest difference between the Pearson’s correlation and vertical correlation (0.230) 

was obtained for the stations 07-013 and 08-008 showing that the relationship between the long year monthly 

averages of these stations is not as high as the relationship pointed out by the Pearson’s correlation.  

 

Even though there are some significant differences between the correlation values, the correlations obtained 

by taking the whole series into account are not sufficient for assessing the interannual variability of the investigated 

precipitation series. The interannual associations and irregularities between the observations of the stations are 

determined by dividing each year into 2, 3, 4 and 6 subgroups. In each division, a matrix called subgroup matrix 

is generated by using the subgroups as shown in Figure 3. When a row is divided into two subgroups, a subgroup 

matrix of size 2 x 6 (consisting of 2 rows and 6 columns) is formed as shown in the figure. For each year, four 

different subgroup matrices of sizes 2 x 6, 3 x 4, 4 x 3 and 6 x 2 are generated by using the 12 monthly observations 

in the row. Then the horizontal and vertical correlations between the 4 subgroup matrices are calculated for each 

year between the compared stations with the aim of finding the outliers that cause lower correlations. This approach 

enables determination of many temporal and numerical associations between the compared matrices as shown with 

the examples below. For example, when the row containing 12 monthly values for a year is divided into 3 

subgroups, then the horizontal correlation between the 3 x 4 subgroup matrices measures the association according 

to the averages of each subgroup and reflects the influence of interannual variability. Similarly, the vertical 

correlation between the 3 x 4 subgroup matrices reflects the relationships according to the averages of the 1st, 2nd, 

3rd and 4th observations of each subgroup and detects associations or irregularities between each month of the 

compared subgroups. The details of the implementation of the two-dimensional correlation method for finding the 

outliers is presented below for assessing the relationships between the stations 07-013 and 07-016. The presented 

procedure is repeated for all station pairs. 

Station 07-013 07-014 07-016 08-002 08-006 08-008

Elevation (m) 885 630 825 240 730 240

Sample Size 132 132 132 132 132 132

Range 392.1 266.7 132.9 303.0 525.9 366.5

Mean 95.9 69.0 36.4 65.1 129.3 73.3

Variance 9877 4789 890 5067 19016 5829

Std. Deviation 99.4 69.2 29.8 71.2 137.9 76.3

Coef. of Variation 1.04 1.00 0.82 1.09 1.07 1.04

Std. Error 8.7 6.0 2.6 6.2 12.0 6.6

Skewness 1.2 1.0 0.8 1.1 1.1 1.5

Excess Kurtosis 1.0 0.2 0.2 0.6 0.4 2.3

Min 0.0 0.0 0.0 0.0 0.0 0.0

5% 0.0 0.0 0.0 0.0 0.0 0.0

10% 0.0 0.0 0.4 0.0 0.0 0.0

25% (Q1) 14.3 8.0 13.0 2.8 9.4 13.3

50% (Median) 62.5 52.4 30.4 40.6 78.7 49.2

75% (Q3) 136.3 103.8 56.3 107.1 204.0 111.4

90% 238.2 171.7 79.2 177.4 355.5 174.6

95% 330.6 223.0 93.2 214.4 452.7 235.0

Max 392.1 266.7 132.9 303.0 525.9 366.5

J. SB J. SB WAK J. SB J. SB J. SB

P
er
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n
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TABLE 2  

The Pearson’s (r), the horizontal (rh) and the vertical (rv) correlations between all stations 

  07-014 07-016 08-002 08-006 08-008 

07-013 

r = 0.897 

rh = 0.902 

rv = 0.784 

r = 0.638 

rh = 0.645 

rv = 0.594 

r = 0.923 

rh = 0.924 

rv = 0.819 

r = 0.923 

rh = 0.929 

rv = 0.809 

r = 0.830 

rh = 0.842 

rv = 0.600 

07-014   

r = 0.683 

rh = 0.696 

rv = 0.609 

r = 0.951 

rh = 0.954 

rv = 0.888 

r = 0.888 

rh = 0.895 

rv = 0.783 

r = 0.860 

rh = 0.865 

rv = 0.732 

07-016 

  

  

r = 0.638 

rh = 0.648 

rv = 0.555 

r = 0.569 

rh = 0.578 

rv = 0.507 

r = 0.660 

rh = 0.664 

rv = 0.626 

08-002 

    

  

r = 0.906 

rh = 0.911 

rv = 0.771 

r = 0.826 

rh = 0.835 

rv = 0.615 

08-006 

      

  

r = 0.837 

rh = 0.853 

rv = 0.592 

 

 

 
FIGURE 3 The 2 x 6, 3 x 4, 4 x 3 and 6 x 2 subgroup matrices generated by dividing the 1 x 12 matrix into 2, 3, 

4 and 6 subgroups 

 

Calculation of Correlations between the Stations 07-013 and 07-016 

The Pearson’s correlation between the monthly total precipitation records of the stations 07-013 and 07-016 

is 0.638. The horizontal correlation (0.645) between the stations is 1.1% higher and the vertical correlation (0.594) 

is 6.9% lower than the Pearson’s correlation showing that there is a higher inconsistency between the lines (years 

in this case) than that pointed out by Pearson’s correlation. Table 3 shows the Pearson’s correlations between each 

year and the horizontal and vertical correlations between each subgroup matrices of each year (m and n are the 

number of rows and columns of the subgroup matrices respectively). The lowest direction-based correlations are 

shown in bold font for each year. All of the Pearson’s correlations between the annual series (shown in the bottom 

line of the table) are lower than the Pearson’s correlation calculated between the whole series and vary between 

0.507 (for 1995) and 0.837 (for 2001). The horizontal and vertical correlations between the subgroup matrices 

1 2 3 4 5 6 7 8 9 10 11 12

1 2 3 4 5 6 1 2 3 4 1 2 3 1 2

7 8 9 10 11 12 5 6 7 8 4 5 6 3 4

9 10 11 12 7 8 9 5 6

10 11 12 7 8

9 10

11 12

6 x 22 x 6 3 x 4 4 x 3

1 x 12
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vary between -0.131 (the horizontal correlation for the 6x2 matrix for 2000) and 0.939 (the horizontal correlation 

for the 6x2 matrix for 1996). 

Table 3 provides all the clues about the relationships and irregularities between the observations of the stations. 

For example, the horizontal correlation between the 3x4 subgroup matrix for the year 2000 is 0.271 while the 

Pearson’s correlation for the year is 0.743. The horizontal correlation for the same year between the 6x2 subgroup 

matrices is -0.131. These contrasting correlation values are used for determining the inversely related parts and 

outliers of the compared data series as explained below. 

Figure 4 shows the time series graph and the scatterplot of the stations 07-013 and 07-016 for the year 2000 

and Figure 5 shows the 3x4 and 6x2 sized subgroup matrices for both stations for the same year together with the 

averages of each subgroup and correlations between the subgroups. The correlation between the first subgroup 

(first row) of the 3x4 sized matrices is -0.45. This low correlation value is caused by the inversely related 3rd and 

4th (March and April) values. The 3rd value (148.5 mm) of station 07.013 is higher than the subgroup average 

(129.6 mm) while the 3rd value (66.2 mm) of station 07-016 is lower than the subgroup average (80.9 mm) and 

the 4th value (119.6 mm) of station 07-013 is lower than the subgroup average while the 4th value (132.9) of 

station 07-016 is higher than the subgroup average. This inverse relationship causes negative correlation (-0.45) 

between the first subgroups consequently the horizontal correlation between 3x4 matrices also reflects this inverse 

relationship as the row averages are used in the determination of the horizontal correlation. Similarly, 3 out of 6 

correlations between the 6x2 sized subgroup matrices for the same year are equal to -1 showing the inverse 

relationships between the 2nd, 4th and 6th subgroups. The negative correlations between the observations in 

March-April, July-August and November-December reveal the inverse relationships which also can be observed 

by making a careful visual inspection of the time series data (a scatterplot which is very helpful in determining 

outliers is not useful for this purpose).  

 

TABLE 3  

Correlations between rows and subgroup matrices of stations 07-013 and 07-016 

  1993 1994 1995 1996 1997 1998 

m n rh rv rh rv rh rv rh rv rh rv rh rv 

2 6 0.533 0.766 0.717 0.769 0.522 0.553 0.797 0.802 0.592 0.745 0.623 0.728 

3 4 0.658 0.659 0.687 0.860 0.476 0.564 0.705 0.738 0.562 0.342 0.552 0.606 

4 3 0.560 0.481 0.387 0.698 0.318 0.524 0.821 0.782 0.579 0.662 0.553 0.632 

6 2 0.217 0.611 0.557 0.783 0.447 0.457 0.939 0.726 0.343 0.508 0.495 0.595 

r 0.574 0.727 0.507 0.746 0.591 0.626 

              

  1999 2000 2001 2002 2003   

m n rh rv rh rv rh rv rh rv rh rv   

2 6 0.785 0.868 0.666 0.812 0.864 0.832 0.698 0.899 0.556 0.761   

3 4 0.646 0.850 0.271 0.794 0.835 0.801 0.536 0.609 0.430 0.613   

4 3 0.420 0.826 0.808 0.771 0.852 0.831 0.704 0.695 0.395 0.657   

6 2 0.670 0.838 -0.131 0.760 0.841 0.833 0.440 0.717 0.546 0.557   

r 0.826 0.743 0.837 0.696 0.572   

 

 

 



9 

 

 
FIGURE 4 The time series graph and the scatterplot of the observations of the stations 07-013 and 07-016 for 

the year 2000 

 

 
FIGURE 5 The 3x4 and 6x2 subgroup matrices of the stations 07-013 and 07-016 for the year 2000 and the 

correlations between each subgroup 

 

Detection and influence of outliers 

The uppermost point in the scatterplot in Figure 4 shows the observations of the stations in April 2000 (119.6 

mm in station 07-013 and 132.9 mm in station 07-016). The subgroups containing these values in the matrices in 

Figure 5 are inversely correlated causing low horizontal correlation values with the influence of the inverse 

relationships. The data pair in April 2000 also produces the highest Mahalanobis distance equal to 6.0 in 

multivariate outlier detection analysis while all the remaining pairs have distances below 0.84. It is evident from 

the time series graph and the scatterplot that the high value in April 2000 in station 07-016 causes the high 

Mahalanobis distance and it is outside the interquartile range as shown by the descriptive statistics in Table 1. IBM 
SPSS software was used to check if this value is an outlier and the descriptive statistics analysis in the software 

reported the April 2000 observation as an outlier when the observations of the years 1999 and 2000 were concerned 

(The 12 values in a year was not sufficient for the conventional outlier detection method used by the software to 

determine the outlier when only the year 2000 was evaluated). The boxplot in Figure 6 shows the only univariate 

outlier of the station 07-016 in the years 1999 and 2000 as determined by IBM SPSS. The observation of station 

07-013 in April 2000 is not an outlier because it is within the interquartile range of the investigated period (1993-

2003). These results show that the presented direction-based correlation might be used for detecting outliers even 

with a low number of observations. 
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FIGURE 6 The boxplot showing the outlier of the observations of the station 07-016 for the years 1999 and 

2000 

 

To test the influence of outliers on the value of Pearson’s correlation and the direction- based correlations, the 

outlier of station 07-016 in April 2000 (132.9 mm) is replaced with the long year average of the station in April 

(62.85 mm) and the correlations are recalculated. After the intervention on this single observation, the Pearson’s 

correlation for the year 2000 increased from 0.743 to 0.879 and the horizontal correlation between the 3x4 

subgroup matrices in 2000 increased from 0.271 to 0.678 and from -0.131 to 0.698 for the 6x2 sized subgroup 

matrices. These results show that the low horizontal correlations were caused by the single outlier in the 

observations of the station 07-016 and that the direction-based correlation can be used reliably for detecting outliers 

and inversely related sections in observed data series. 

The low values of direction-based correlations in Table 3 point out that there are more outliers or inversely 

related periods in the compared data series. For example, the horizontal correlation for the 4x3 sized matrices in 

1999 is 0.420 while the Pearson’s correlation is 0.826. By looking at the averages and correlations between the 

subgroups, it is determined that the low horizontal correlation value is caused by the inverse relationship in the 

months November and December where the December value in station 07-016 reached a historically low level 

(18.3 mm). This value might easily be ignored when all the observations of the station is included in an outlier 

analysis but it must not be forgotten that, in the northern hemisphere, a low value might mostly be regarded as 

normal in summer months but it might be an extreme value (in the lower range) when it is experienced in winter 

months. Consequently, an outlier analysis for hydrologic variables should consider the two-directional behaviour 

and the presented two-dimensional correlation method proves to be a strong alternative to be used in outlier and 

irregularity detection studies. 

 

THE 2DCorr SOFTWARE 

All results presented in this paper were obtained by using the 2DCorr software developed for the 

implementation of the presented two-dimensional correlation method. 2DCorr is a Visual Basic code making use 
of the interoperability feature of MS Visual Studio. The software accepts two MS Excel files containing the 

observed matrices as input data and generates two output files. One file contains all of the calculated correlations: 

the horizontal, vertical and Pearson’s correlations between the matrices, between the rows and between the 

subgroup matrices of each row. The other output file contains the subgroup matrices for each row for easier post 

investigation of associations, outliers and irregularities. All computation process is fully automatic and the 

software only requires the input matrices to calculate all correlations. The software calculates direction-based 

correlations between subgroup matrices when the number of columns is 12 and the number of rows is not limited. 

The software is provided under the terms of the GNU Free Documentation License, Version 1.3. 
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CONCLUSION 

The two-dimensional correlation method as used in this study, successfully determines outliers existing in 

precipitation data with only 12 observed values (months in a year). This feature of the method is enabled by the 

pairwise approach used in comparisons of the observations instead of considering the distributions as a whole. 

This advantage might allow researchers to detect outliers which are not found by conventional methods. The 

presented approach is not only applicable in the area of hydrology, in fact, as it has a general approach, it might 

be useful in finding outliers in many other areas of research. Future work might aim at applying the method on 

areas in which outliers have significant importance where the outliers carry a lot of weight where more “normal” 

data don’t.  The method might also be easily used for determining univariate outliers by comparing seasonal series, 

for example, comparison of yearly comparison of observations of a hydrologic station. The 2DCorrel software 

developed for the implementation of the methodology is freely provided as a supplement for ease of re-

implementation of the approach by researchers. 
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Visual Basic Code of the 2DCorr software 
 

'************************************************************************************** 
'******                   2DCorr v3: TWO-DIMENSIONAL CORRELATION                 ****** 
'******                                                                          ****** 
'****** Calculates correlation between two matrices by using the Corr2D function ****** 
'******             Adapted for data matrices containing 12 columns              ****** 
'******      For each row matrices of sizes 2x6 3x4 4x3 6x2 are generated        ****** 
'******        and two-dimensional correlations are calculated for each.         ****** 
'************************************************************************************** 
'Copyright (C)  2021  FATİH DİKBAŞ. 
'    Permission is granted to copy, distribute and/or modify this document 
'    under the terms of the GNU Free Documentation License, Version 1.3 
'    or any later version published by the Free Software Foundation; 
'    with no Invariant Sections, no Front-Cover Texts, and no Back-Cover Texts. 
'    To receive a copy of the GNU General Public License see:                                                         
'    <http://www.gnu.org/licenses/>. 
 
Imports Microsoft.Office.Interop.Excel 
'Choose Project - Add Reference - Microsoft.Office.Interop.Excel for the above line to 
function 
Module Module1 
    Sub Main() 
        ' Create new Application. 
        Dim excel As Application = New Application 
 
        ' Open Excel spreadsheet. 
        Dim w1 As Workbook = excel.Workbooks.Open("C:\VB\2DCorr\08-006.Input.Data.xlsx") 
        w1.Application.Visible = True 
 
        Dim w2 As Workbook = excel.Workbooks.Open("C:\VB\2DCorr\08-008.Input.Data.xlsx") 
        w2.Application.Visible = True 
         
        Dim w3 As Workbook = excel.Workbooks.Add 
        w3.SaveAs("C:\VB\2DCorr\08-006_08-008.2DCorrelations.05.04.2016.xlsx") 
        w3.Application.Visible = True 
 
        Dim w4 As Workbook = excel.Workbooks.Add 
        w4.SaveAs("C:\VB\2DCorr\08-006_08-008.SubMatrices.05.04.2016.xlsx") 
        w4.Application.Visible = True 
 
        ' Get sheet. 
        Dim sheet1 As Worksheet = w1.Sheets(1) 
        Dim sheet2 As Worksheet = w2.Sheets(1) 
        Dim sheet3 As Worksheet = w3.Sheets(1) 
        Dim sheet4 As Worksheet = w4.Sheets(1) 
 
        Dim DataFileRangeA As Range = sheet1.UsedRange 
        Dim DataFileRangeB As Range = sheet2.UsedRange 
 
        'Load all cells into 2d array: 
        Dim MatrixA(,) As Object = 
DataFileRangeA.Value(XlRangeValueDataType.xlRangeValueDefault) 
        Dim MatrixB(,) As Object = 
DataFileRangeB.Value(XlRangeValueDataType.xlRangeValueDefault) 
        'ReDim MatrixA(NumberOfRows, NumberOfColumns) ' sonradan eklendi 
 
        'Scan the cells: 
        If MatrixA IsNot Nothing Then Console.WriteLine("Number of Observations in the first 
matrix: {0}", MatrixA.Length) 
        If MatrixB IsNot Nothing Then Console.WriteLine("\Number of Observations in the second 
matrix: {0}", MatrixA.Length) 
 
        'Get bounds of the array (First column includes the text headings for the rows and 
        'the first row includes the text headings of the columns) 
        Dim NumberOfRows As Integer = MatrixA.GetUpperBound(0) 
        Dim NumberOfColumns As Integer = MatrixA.GetUpperBound(1) 
        Dim CorrelationRange1, CorrelationRange2 As Range 
        Dim r As Double 
        Dim TwoDimensionalCorrelations() As Double 
        Dim SubMatrixA(,), SubMatrixB(,) As Object 
 
        Console.WriteLine("Number of Rows    = {0}", NumberOfRows - 1) 
        Console.WriteLine("Number of Columns = {0}", NumberOfColumns - 1) 



14 

 

 
        Dim rng1, rng2, rng3, rng4 As Range 
        Dim cs As ColorScale 
 
        rng1 = sheet3.Range(sheet3.Cells(2, 2), sheet3.Cells(4, 2))  ' For the table showing 
the cluster numbers on the right 
        rng2 = sheet3.Range(sheet3.Cells(8, 2), sheet3.Cells(NumberOfRows * 5 + 7, 2)) 
        rng3 = sheet3.Range(sheet3.Cells(8, 5), sheet3.Cells(NumberOfRows * 5 + 7, 6)) 
        cs = rng1.FormatConditions.AddColorScale(ColorScaleType:=3) 
        cs = rng2.FormatConditions.AddColorScale(ColorScaleType:=3) 
        cs = rng3.FormatConditions.AddColorScale(ColorScaleType:=3) 
 
        ' Setting the first color scale (Red - Yellow - Green) 
        ' Set the color of the lowest value, with a range up to 
        ' the next scale criteria. The color should be red. 
        With cs.ColorScaleCriteria(1).Type = 
XlConditionValueTypes.xlConditionValueHighestValue 
            With cs.ColorScaleCriteria(1).FormatColor 
                .Color = &H6B69F8 
                .TintAndShade = 0 
            End With 
        End With 
 
        ' At the 50th percentile, the color should be red/green. 
        ' Note that you cannot set the Value property for all 
        ' values of Type. 
        With cs.ColorScaleCriteria(2).Type = XlConditionValueTypes.xlConditionValuePercentile 
            cs.ColorScaleCriteria(2).Value = 50 
            With cs.ColorScaleCriteria(2).FormatColor 
                .Color = &H84EBFF 
                .TintAndShade = 0 
            End With 
        End With 
 
        ' At the highest value, the color should be green. 
        With cs.ColorScaleCriteria(3).Type = 
XlConditionValueTypes.xlConditionValueHighestValue 
            With cs.ColorScaleCriteria(3).FormatColor 
                .Color = &H7BBE63 
                .TintAndShade = 0 
            End With 
        End With 
 
        CorrelationRange1 = sheet1.Range(sheet1.Cells(2, 2), sheet1.Cells(NumberOfRows, 
NumberOfColumns)) 
        CorrelationRange2 = sheet2.Range(sheet2.Cells(2, 2), sheet2.Cells(NumberOfRows, 
NumberOfColumns)) 
        r = excel.WorksheetFunction.Correl(CorrelationRange1, CorrelationRange2) 
 
        TwoDimensionalCorrelations = Corr2D(MatrixA, MatrixB, NumberOfRows, NumberOfColumns) 
 
        sheet3.Range(sheet3.Cells(2, 2), sheet3.Cells(4, 2)).NumberFormat = "0.0000" 
        sheet3.Range(sheet3.Cells(8, 2), sheet3.Cells(NumberOfRows * 5 + 7, 2)).NumberFormat = 
"0.0000" 
        sheet3.Range(sheet3.Cells(8, 5), sheet3.Cells(NumberOfRows * 5 + 7, 6)).NumberFormat = 
"0.0000" 
        sheet3.Range(sheet3.Cells(1, 1), sheet3.Cells(1, 6)).Merge() 
        sheet3.Range(sheet3.Cells(6, 1), sheet3.Cells(6, 6)).Merge() 
        sheet3.Range(sheet3.Cells(2, 1), sheet3.Cells(4, 1)).Interior.Color = RGB(210, 225, 
245)  'Light blue 
        sheet3.Cells(1, 1).Interior.Color = RGB(155, 194, 230)   'Dark blue 
        sheet3.Cells(6, 1).Interior.Color = RGB(155, 194, 230)    
        sheet3.Range(sheet3.Cells(7, 1), sheet3.Cells(7, 6)).Interior.Color = RGB(182, 210, 
237)   'Blue 
 
        sheet4.Range(sheet4.Cells(3, 1), sheet4.Cells(NumberOfRows * 11 + 2, 25)).NumberFormat 
= "0.0" 
        sheet4.Range(sheet4.Cells(1, 1), sheet4.Cells(1, 12)).Merge() 
        sheet4.Range(sheet4.Cells(1, 14), sheet4.Cells(1, 25)).Merge() 
        sheet4.Cells(1, 1).Value2 = w1.Name 
        sheet4.Cells(1, 14).Value2 = w2.Name 
        sheet4.Rows(1).Font.Name = "Franklin Gothic Medium" 
        sheet4.Rows(1).Font.Size = 14 
        sheet4.Cells(1, 1).Interior.Color = RGB(155, 194, 230)  'Dark blue 
        sheet4.Cells(1, 14).Interior.Color = RGB(155, 194, 230)  'Dark blue 
        sheet4.Cells(1, 13).Interior.Color = RGB(90, 155, 215)  'Darker blue 
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        sheet4.Columns("A:Y").HorizontalAlignment = XlHAlign.xlHAlignCenter 
        sheet4.Columns("A:Y").ColumnWidth = 6 
        sheet4.Columns("M").ColumnWidth = 3 
 
        sheet3.Cells(1, 1).Value2 = "Correlations for the whole matrices:" 
        sheet3.Cells(2, 1).Value2 = "r" 
        sheet3.Cells(2, 2).Value2 = r 
 
        sheet3.Cells(3, 1).Value2 = "ru" 
        sheet3.Cells(3, 2).Value2 = TwoDimensionalCorrelations(1) 
 
        sheet3.Cells(4, 1).Value2 = "rv" 
        sheet3.Cells(4, 2).Value2 = TwoDimensionalCorrelations(2) 
 
        sheet3.Cells(6, 1).Value2 = "Correlations for each row:" 
        Dim SubMatrixRowNumbers() As Integer = {0, 3, 4, 5, 7} 
        Dim SubMatrixColumnNumbers() As Integer = {0, 7, 5, 4, 3} 
        sheet3.Cells(7, 1).Value2 = "Year" 
        sheet3.Cells(7, 2).Value2 = "r" 
        sheet3.Cells(7, 3).Value2 = "m" 
        sheet3.Cells(7, 4).Value2 = "n" 
        sheet3.Cells(7, 5).Value2 = "ru" 
        sheet3.Cells(7, 6).Value2 = "rv" 
        For i = 2 To NumberOfRows 
            sheet3.Cells((i - 2) * 5 + 8, 1).Value2 = MatrixA(i, 1) 
            sheet3.Cells((i - 2) * 5 + 8, 1).Interior.Color = RGB(221, 235, 247)   
            sheet3.Range(sheet3.Cells((i - 2) * 5 + 8, 3), sheet3.Cells((i - 2) * 5 + 11, 
4)).Interior.Color = RGB(228, 223, 236) 
 
            sheet4.Range(sheet4.Cells((i - 2) * 11 + 2, 1), sheet4.Cells((i - 2) * 11 + 2, 
12)).Merge() 
            sheet4.Range(sheet4.Cells((i - 2) * 11 + 2, 14), sheet4.Cells((i - 2) * 11 + 2, 
25)).Merge() 
            sheet4.Rows((i - 2) * 11 + 2).NumberFormat = "0" 
            sheet4.Cells((i - 2) * 11 + 2, 1).Value2 = MatrixA(i, 1) 
            sheet4.Cells((i - 2) * 11 + 2, 14).Value2 = MatrixA(i, 1) 
            sheet4.Rows((i - 2) * 11 + 2).Font.Name = "Franklin Gothic Medium" 
            sheet4.Rows((i - 2) * 11 + 2).Font.Size = 14 
            sheet4.Cells((i - 2) * 11 + 2, 1).Interior.Color = RGB(221, 235, 247)   
            sheet4.Cells((i - 2) * 11 + 2, 14).Interior.Color = RGB(221, 235, 247)   
            sheet4.Range(sheet4.Cells((i - 2) * 11 + 3, 13), sheet4.Cells((i - 2) * 11 + 12, 
13)).Interior.Color = RGB(221, 235, 247)   
            sheet4.Cells((i - 2) * 11 + 2, 13).Interior.Color = RGB(189, 215, 238)   
 
            sheet4.Range(sheet4.Cells((i - 2) * 11 + 3, 1), sheet4.Cells((i - 2) * 11 + 3, 
12)).Value2 = sheet1.Range(sheet1.Cells(i, 2), sheet1.Cells(i, 13)).Value2 
            sheet4.Range(sheet4.Cells((i - 2) * 11 + 3, 14), sheet4.Cells((i - 2) * 11 + 3, 
25)).Value2 = sheet2.Range(sheet2.Cells(i, 2), sheet2.Cells(i, 13)).Value2 
 
            rng4 = sheet4.Range(sheet4.Cells((i - 2) * 11 + 3, 1), sheet4.Cells((i - 2) * 11 + 
12, 25)) 
            cs = rng4.FormatConditions.AddColorScale(ColorScaleType:=3) 
 
            CorrelationRange1 = sheet1.Range(sheet1.Cells(i, 2), sheet1.Cells(i, 
NumberOfColumns)) 
            CorrelationRange2 = sheet2.Range(sheet2.Cells(i, 2), sheet2.Cells(i, 
NumberOfColumns)) 
            r = excel.WorksheetFunction.Correl(CorrelationRange1, CorrelationRange2) 
            sheet3.Cells((i - 2) * 5 + 8, 2).Value2 = r 
 
            For j = 1 To 4 
                ReDim SubMatrixA(SubMatrixRowNumbers(j), SubMatrixColumnNumbers(j)) 
                ReDim SubMatrixB(SubMatrixRowNumbers(j), SubMatrixColumnNumbers(j)) 
                For m = 2 To SubMatrixRowNumbers(j) 
                    For n = 2 To SubMatrixColumnNumbers(j) 
                        SubMatrixA(m, n) = MatrixA(i, (m - 2) * (SubMatrixColumnNumbers(j) - 
1) + n) 
                        SubMatrixB(m, n) = MatrixB(i, (m - 2) * (SubMatrixColumnNumbers(j) - 
1) + n) 
                        If j = 1 Then sheet4.Cells((i - 2) * 11 + m + 3, n + 2).Value2 = 
SubMatrixA(m, n) 
                        If j = 2 Then sheet4.Cells((i - 2) * 11 + m + 6, n + 2).Value2 = 
SubMatrixA(m, n) 
                        If j = 3 Then sheet4.Cells((i - 2) * 11 + m + 6, n + 7).Value2 = 
SubMatrixA(m, n) 
                        If j = 4 Then sheet4.Cells((i - 2) * 11 + m + 3, n - 1).Value2 = 
SubMatrixA(m, n) 
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                        If j = 1 Then sheet4.Cells((i - 2) * 11 + m + 3, n + 15).Value2 = 
SubMatrixB(m, n) 
                        If j = 2 Then sheet4.Cells((i - 2) * 11 + m + 6, n + 15).Value2 = 
SubMatrixB(m, n) 
                        If j = 3 Then sheet4.Cells((i - 2) * 11 + m + 6, n + 20).Value2 = 
SubMatrixB(m, n) 
                        If j = 4 Then sheet4.Cells((i - 2) * 11 + m + 3, n + 12).Value2 = 
SubMatrixB(m, n) 
                    Next 
                Next 
                TwoDimensionalCorrelations = Corr2D(SubMatrixA, SubMatrixB, 
SubMatrixRowNumbers(j), SubMatrixColumnNumbers(j)) 
 
                sheet3.Cells((i - 2) * 5 + j + 7, 3).Value2 = SubMatrixRowNumbers(j) - 1 
                sheet3.Cells((i - 2) * 5 + j + 7, 4).Value2 = SubMatrixColumnNumbers(j) - 1 
 
                sheet3.Cells((i - 2) * 5 + j + 7, 5).Value2 = TwoDimensionalCorrelations(1) 
                sheet3.Cells((i - 2) * 5 + j + 7, 6).Value2 = TwoDimensionalCorrelations(2) 
            Next 
        Next 
 
        sheet3.Columns("A:F").HorizontalAlignment = XlHAlign.xlHAlignCenter 
        sheet3.Columns("A:F").EntireColumn.AutoFit() 
        sheet3.Columns("C:D").ColumnWidth = 2 
         
800:    w1.Save() 
        w2.Save() 
        w3.Save() 
        w4.Save() 
        w1.Close() 
        w2.Close() 
        w3.Close() 
        w4.Close() 
    End Sub 
  
    Public Function Corr2D(ByVal MatrixA(,) As Object, ByVal MatrixB(,) As Object, ByVal 
NumberOfRows As Integer, ByVal NumberOfColumns As Integer) As Double() 
        Dim i, j, k, NumberOfElements As Integer 
        Dim RowAveragesA(NumberOfRows), RowAveragesB(NumberOfRows) As Double 
        Dim ColumnAveragesA(NumberOfColumns), ColumnAveragesB(NumberOfColumns) As Double 
        Dim Correlations(2) As Double 
        Dim DifferencesFromRowAveragesA(NumberOfRows, NumberOfColumns), 
DifferencesFromRowAveragesB(NumberOfRows, NumberOfColumns) As Double 
        Dim DifferencesFromColumnAveragesA(NumberOfRows, NumberOfColumns), 
DifferencesFromColumnAveragesB(NumberOfRows, NumberOfColumns) As Double 
        Dim MultipliedRowDifferences(NumberOfRows, NumberOfColumns) As Double 
        Dim MultipliedColumnDifferences(NumberOfRows, NumberOfColumns) As Double 
        Dim SquareOfDifferencesFromRowAveragesA(NumberOfRows, NumberOfColumns), 
SquareOfDifferencesFromRowAveragesB(NumberOfRows, NumberOfColumns) As Double 
        Dim SquareOfDifferencesFromColumnAveragesA(NumberOfRows, NumberOfColumns), 
SquareOfDifferencesFromColumnAveragesB(NumberOfRows, NumberOfColumns) As Double 
        Dim SumOfRowA, SumOfRowB As Double 
        Dim SumOfColumnA, SumOfColumnB As Double 
        Dim SumOfMultipliedRowDifferences As Double 
        Dim SumOfMultipliedColumnDifferences As Double 
        Dim SumOfSquareOfDifferencesFromRowAveragesA, SumOfSquareOfDifferencesFromRowAveragesB 
As Double 
        Dim SumOfSquareOfDifferencesFromColumnAveragesA, 
SumOfSquareOfDifferencesFromColumnAveragesB As Double 
        Dim ru, rv As Double 
 
        SumOfMultipliedRowDifferences = 0.0 
        SumOfMultipliedColumnDifferences = 0.0 
        SumOfSquareOfDifferencesFromRowAveragesA = 0.0 
        SumOfSquareOfDifferencesFromRowAveragesB = 0.0 
        SumOfSquareOfDifferencesFromColumnAveragesA = 0.0 
        SumOfSquareOfDifferencesFromColumnAveragesB = 0.0 
        NumberOfElements = (NumberOfRows - 1) * (NumberOfColumns - 1) 
 
        'Calculation of the row averages of the matrices 
        For i = 2 To NumberOfRows 
            SumOfRowA = 0.0 
            SumOfRowB = 0.0 
            For k = 2 To NumberOfColumns 
                SumOfRowA += MatrixA(i, k) 
                SumOfRowB += MatrixB(i, k) 
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            Next 
            RowAveragesA(i) = SumOfRowA / (NumberOfColumns - 1) 
            RowAveragesB(i) = SumOfRowB / (NumberOfColumns - 1) 
            For j = 2 To NumberOfColumns 
                DifferencesFromRowAveragesA(i, j) = MatrixA(i, j) - RowAveragesA(i) 
                DifferencesFromRowAveragesB(i, j) = MatrixB(i, j) - RowAveragesB(i) 
                MultipliedRowDifferences(i, j) = DifferencesFromRowAveragesA(i, j) * 
DifferencesFromRowAveragesB(i, j) 
                SquareOfDifferencesFromRowAveragesA(i, j) = DifferencesFromRowAveragesA(i, j) 
* DifferencesFromRowAveragesA(i, j) 
                SquareOfDifferencesFromRowAveragesB(i, j) = DifferencesFromRowAveragesB(i, j) 
* DifferencesFromRowAveragesB(i, j) 
                SumOfMultipliedRowDifferences += MultipliedRowDifferences(i, j) 
                SumOfSquareOfDifferencesFromRowAveragesA += 
SquareOfDifferencesFromRowAveragesA(i, j) 
                SumOfSquareOfDifferencesFromRowAveragesB += 
SquareOfDifferencesFromRowAveragesB(i, j) 
            Next 
        Next 
 
        'Calculation of the column averages of the matrices 
        For i = 2 To NumberOfColumns 
            SumOfColumnA = 0.0 
            SumOfColumnB = 0.0 
            For k = 2 To NumberOfRows 
                SumOfColumnA += MatrixA(k, i) 
                SumOfColumnB += MatrixB(k, i) 
            Next 
            ColumnAveragesA(i) = SumOfColumnA / (NumberOfRows - 1) 
            ColumnAveragesB(i) = SumOfColumnB / (NumberOfRows - 1) 
            For j = 2 To NumberOfRows 
                DifferencesFromColumnAveragesA(j, i) = MatrixA(j, i) - ColumnAveragesA(i) 
                DifferencesFromColumnAveragesB(j, i) = MatrixB(j, i) - ColumnAveragesB(i) 
                MultipliedColumnDifferences(j, i) = DifferencesFromColumnAveragesA(j, i) * 
DifferencesFromColumnAveragesB(j, i) 
                SquareOfDifferencesFromColumnAveragesA(j, i) = 
DifferencesFromColumnAveragesA(j, i) * DifferencesFromColumnAveragesA(j, i) 
                SquareOfDifferencesFromColumnAveragesB(j, i) = 
DifferencesFromColumnAveragesB(j, i) * DifferencesFromColumnAveragesB(j, i) 
                SumOfMultipliedColumnDifferences += MultipliedColumnDifferences(j, i) 
                SumOfSquareOfDifferencesFromColumnAveragesA += 
SquareOfDifferencesFromColumnAveragesA(j, i) 
                SumOfSquareOfDifferencesFromColumnAveragesB += 
SquareOfDifferencesFromColumnAveragesB(j, i) 
            Next 
        Next 
 
        'Calculation of the correlations 
        ru = SumOfMultipliedRowDifferences / (SumOfSquareOfDifferencesFromRowAveragesA * 
SumOfSquareOfDifferencesFromRowAveragesB) ^ 0.5 
        rv = SumOfMultipliedColumnDifferences / (SumOfSquareOfDifferencesFromColumnAveragesA * 
SumOfSquareOfDifferencesFromColumnAveragesB) ^ 0.5 
        Correlations(1) = ru 
        Correlations(2) = rv 
        Return Correlations 
    End Function '2DCorr 
End Module 
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