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Abstract. One factor that influences the productivity of Robusta coffee trees is the 

characteristics of tree branches. The purpose of this study was to compare the production 

of green cherries in terms of the characteristics of tree branches in two fields with different 

maintenance management in Pagaralam, South Sumatra. The data matrix entries of each 

field are the values of 7 variables in 30 coffee tree samples. These variables consist of the 

total number of cherries, the number of branch categories, and the number of cherries on 

each branch. Each data matrix was represented graphically by biplot analysis. The biplot 

results of each data matrix were compared using Procrustes analysis. The similarity 

comparison between the two data matrices included a translation process of 1.449, a 

rotation process of 0.191, and a dilation process of 0.180, resulting in a similarity measure 

of 83.7%. This indicates a similarity between the two biplots. 

Keywords: Biplot analysis, Pagaralam, points configuration, procrustes analysis, robusta 

coffee. 

1 Introduction 

Coffee trees (Coffea spp.) are a major plantation commodity in several tropical countries, 

including Indonesia [1]. Coffee is a food agro-industrial product that makes a significant 

contribution to the Indonesian economy, both domestically and internationally, playing a crucial 

role in foreign exchange earnings and driving the economy for both farmers and other economic 

actors [2]. Indonesia is the fifth-largest coffee producer in the world after Brazil, Vietnam, 

Columbia, and Ethiopia, with a total contribution of approximately 5% [3]. Indonesian coffee 

production consists of 77.84% robusta coffee and 27.16% arabica coffee [4]. The quality and 

quantity of coffee harvests are highly dependent on various factors, including tree characteristics 

and land management [5]. 
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Interventions in land maintenance through partnership programs are one strategy that can 

significantly impact coffee cherry production. Through partnerships, farmers are provided with 

skills in sustainable coffee cultivation management [6]. To optimize land maintenance, 

partnership programs often involve collaboration between farmers, field agricultural extention, 

and related institutions to increase coffee yields [7]. 

In addition to land maintenance, other factors that can affect coffee plant productivity include 

climate change and pruning. Pruning is a tree maintenance method used to reduce leaf and 

branch growth and increase fruit yield [8]. Coffee plants are generally pruned four times a year 

[9]. Pruning is related to the classification of Robusta coffee tree branches, based on branch 

position, shape, and production year [10]. There are three types of pruning: water shoot pruning 

to create balanced branching, production pruning to generate new primary branches to increase 

fruit production, and post-harvest pruning, which is performed on older plants due to declining 

yields [11]. According to Khayati et al. [12], pruning branches at this time will impact the 

number of branches and production in the following year. 

Research by Zulkarnain et al. [9] using descriptive analysis methods showed a significant 

difference between the income of coffee farmers who pruned and those who did not. Land 

maintenance through pruning can increase coffee fruit yield [13]. In this case, pruning and land 

maintenance are related to the classification of branch categories on Robusta coffee plants. 

Cherry production across branch categories will vary across coffee trees. 

The relationship between the number of cherries and the number of fruit clusters in each branch 

category on a sample tree can be represented in the form of a data matrix. A data matrix 

represents each object with multiple variables (multivariate). Multivariate data can be reduced 

to a data matrix with fewer variables. One multivariate analysis for variable reduction is PCA 

(Principal Component Analysis) [14]. Then, the objects and their variable values can be 

represented as configurations of points in a space whose dimensions correspond to the number 

of variables. The comparative measure of suitability between two configurations of data sets is 

a numeric value known as Procrustes analysis [15]. The comparison of two data matrices, 

consisting of the original data matrix and the reduced data matrix, is performed through the 

translation, rotation, and dilation stages of Procrustes analysis. 

The points configuration of a data matrix can be visualized in a biplot graph, which is a 

continuation of the results of multivariate data reduction through PCA. The interesting thing is 

how to analyze the structural similarity between two configurations from two data groups, so 

that the similarity of the relationship patterns between objects in the two configurations can be 

further analyzed. The purpose of this study was to compare the configuration of biplot analysis 

results of green cherry production of Robusta coffee on two crops with different maintenance 

management using Procrustes analysis. This study used secondary data from the data matrix of 

two plots with 30 tree samples each obtained from Irmeilyana et al. [16]. The two plots were 

distinguished based on whether the farmers participated in the partnership program or not, thus 

differing in maintenance management. Some forms of sustainable coffee cultivation 

management activities through the partnership program are weed control procedures, types of 

fertilizers used, procedures and schedules for fertilization, and pruning implementation. The 

variables used were green cherry production according to branch position categories, namely 

the number of primary branches, secondary branches, and tertiary branches, along with the total 

number of fruits on each branch. By using Procrustes analysis, the configuration of the results 



 

 

 

 

of the biplot analysis on 2 data matrices of green cherry coffee production can be compared, so 

that the similarity or dissimilarity of fruit production from two different crop maintenance 

systems can be analyzed.  

2 Methods 

The data source used in this study was secondary data obtained from Irmeilyana, et al. [16] on 

green cherry production of Robusta coffee trees related to tree branch categories on two coffee 

farmer’s plantations with different maintenance management. There were 7 variables used, 

namely number of primary branches (notated as 𝑋1), number of secondary branches (as 𝑋2), 

number of tertiary branches (as 𝑋3), total fruits (as 𝑋4), number of fruits on primary branches 

(as 𝑋5), number of fruits on secondary branches (as 𝑋6), and number of fruits on tertiary 

branches (as 𝑋7). There were 30 sample trees selected from each coffee field, which were 

assumed to be representative of all coffee trees on each field. So, the size of a matrix data is 30 

 7, namely 𝑛 = 30 and 𝑝 = 7.  

This study conducted an analysis to compare the configuration of two biplots of two data 

matrices for green cherry production of Robusta coffee trees. The following are the steps taken 

in this study: 

1. Perform statistics descriptive on each variable including mean and standard deviation. 

2. Compile a data matrix for each Ismail's coffee field and Wahid's coffee field, denoted by 

𝑨 and 𝑩. 

3. Conduct a biplot analysis on the data matrix for each coffee field: 

3.1 Compile the correlation matrices 𝑹𝑨 and 𝑹𝑩. 

3.2 Calculate the eigenvalues 𝜆1, 𝜆2, ⋯ , 𝜆𝑝 (where 𝜆1 ≥ 𝜆2 ≥  ⋯  ≥  𝜆𝑝 ≥ 0) and 

eigenvectors 𝒂𝟏, 𝒂𝟐, ⋯, 𝒂𝒑 of matrices 𝑹𝑨 and 𝑹𝑩. 

3.3 Select the two largest eigenvalues 𝜆1 and 𝜆2 in each matrix 𝑹𝑨 and 𝑹𝑩. 

3.4 Calculate the goodness of fit measure of the two largest eigenvalues using  

 

𝜌 =
 𝜆1+𝜆2

∑ 𝜆𝑗
𝑝
𝑗=1

. (1) 

 

4. Interpret the results of the biplot analysis, namely the relationship between variables, the 

proximity between objects, and the relative relationship between variables and objects. 

5. Perform Procrustes Analysis [17-21]. Procrustes analysis is a numerical method to 

compare two configurations that obtained by moving one configuration so that it aligns 

best with the other. 

5.1 Create a configuration of coordinates of points in first biplot results as an observation 

matrix X = (𝑥𝑖𝑗) and a configuration of coordinates of points in second biplot results 

as a target matrix Y = (𝑦𝑖𝑗). The configuration of these points is in 2-dimensional 

space. Both matrices X and Y have the same dimension 𝑛 × 2 or 𝑝 × 2. The row 

entries of X and 𝒀 can be the coordinates of points in component scores of biplot result 

such that 𝑖 = 1, 2,⋯ , 𝑛 or the terminal points of variable vectors such that 𝑖 =
1, 2,⋯ , 𝑝. In this study, the configurations compared are the terminal points of variable 

vectors. 



 

 

 

 

5.2 Perform a data set translation process on matrix Y using   

 

𝑀2 = ∑ ∑ ((𝑥𝑖𝑗 − 𝑥̅𝑗) − (𝑦𝑖𝑗 − 𝑦̅𝑗))
2𝑝

𝑗=1

𝑛

𝑖=1
, (2) 

 

where 

𝑀2      : distance to the corresponding points. 

𝑥𝑖𝑗        : element of matrix 𝑿 on row−𝑖 and column−𝑗. 

𝑦𝑖𝑗           : element of matrix 𝒀 on row−𝑖 and column−𝑗. 

𝑥̅𝑗        : mean of variable 𝑋𝑗 based on entries of matrix 𝑿 on column−𝑗. 

𝑦̅𝑗        : mean of variable 𝑌𝑗 based on entries of matrix 𝒀 on column−𝑗. 

5.3 Perform a rotation adjustment process on matrix Y using  

 

𝑀2 = 𝑡𝑟(𝑿𝑿𝑻 + 𝒀𝒀𝑻 − 2𝑿𝑸𝑻𝒀𝑻), (3) 

 

where 𝑀2 is distance to the corresponding points in rotation process and 𝑸 is 

orthogonal matrix by SVD (Singular Value Decomposition) of matrix 𝒀𝑻𝑿,  

 

𝑸 = 𝑽𝑼𝑻. (4) 

 

SVD of matrix 𝒀𝑻𝑿 is a method of decomposing the matrix 𝒀𝑻𝑿𝑝×𝑝  into three matrix 

components, namely the 𝑼, 𝑳 , and 𝑽𝑻 matrices, so 𝒀𝑻𝑿 = 𝑼 𝑳 𝑽𝑻. 

where 𝑼𝑝×𝑝 = [
1

√𝜆1
 𝒀𝑻𝑿 𝒗𝟏

1

√𝜆2
𝒀𝑻𝑿 𝒗𝟐

⋯
1

√𝜆𝑝

𝒀𝑻𝑿 𝒗𝒑]  

𝑳𝑝×𝑝 =

[
 
 
 
 
 √𝜆1 0 ⋯ 0

0 √𝜆2 ⋯ 0

⋮
0

⋮
0

  ⋱
⋯

0

√𝜆𝑝]
 
 
 
 
 

 

𝑽𝑝×𝑝 = [𝒗𝟏 𝒗𝟐 … 𝒗𝒑] 

𝜆𝑗 is 𝑗 – th largest eigenvalue of the matrix (𝒀𝑻𝑿)𝑇(𝒀𝑻𝑿); with 𝑗 = 1, 2, . . . , 𝑝. 

𝒗𝒋 is the eigenvector of the matrix (𝒀𝑻𝑿)𝑇(𝒀𝑻𝑿) that correpons to the eigenvalue 𝜆𝑗. 

Matrices 𝑼 and 𝑽 are orthogonal matrices such that 𝑼𝑻𝑼 = 𝑼𝑼𝑻 = 𝑰, 𝑽𝑻𝑽 = 𝑽𝑽𝑻 =
𝑰, and also 𝑸𝑸𝑻 = 𝑰. 

5.4 Equalize the scales of both data sets by performing a dilation process on matrix Y using 

 

𝑀2 = 𝑡𝑟(𝑿𝑿𝑻) − 𝑐𝟐𝑡𝑟 (𝒀𝒀𝑻), (5) 

 

where 𝑀2  is distance to the corresponding points in dilation process and scalar 

 



 

 

 

 

𝑐 =
𝑡𝑟(𝑿𝑸𝑻𝒀𝑻)

𝑡𝑟(𝒀𝒀𝑻)
. (6) 

 

5.5 Select the smallest distance value in the transformation process. 

5.6 Calculate the similarity of the configuration of two matrices (𝑅2) using 

 

𝑅2 = (1 −
𝑀𝑚𝑖𝑛

2

𝑡𝑟(𝑿𝑿𝑻)
) × 100%, (7) 

 

where 𝑅2 is determination coefficient or similarity measure and 𝑀𝑚𝑖𝑛
2  is minimum 

distance on transformation process. The 𝑅 value is also known as the Procrustes 

correlation. 

5.7 Interpret the results of the Procrustes analysis. 

The research steps were carried out using Minitab version 19 and R Studio version 4.3.1. 

3 Results and Discussion 

Thirty tree samples were collected from each coffee field, with seven variables, so the two data 

matrices can be written in a 30 × 7 matrix as follows: 

𝑨 =  

[
 
 
 
 
 
 
 
3 15     4 ⋯ 106
7 21 0 ⋯ 0
9
11
3
⋮
8
13

11
18
8
⋮

32
43

0
0
0
⋮

⋯
⋯
…
⋮

0
0
0
⋮

5 ⋯ 65
0 ⋯ 0 ]

 
 
 
 
 
 
 

 

and  

𝑩 =  

[
 
 
 
 
 
 
 
3 12 27 … 861
7 30 16 … 702
4
4
5
⋮
6
3

12
12
8
⋮

15
12

18
36
26
⋮
2
30

…
…
…
⋮…
…

1248
2466
2090

⋮
12

1792]
 
 
 
 
 
 
 

 

The statistics descriptive of the data for each variable shown in Table 1 only include the mean 

and standard deviation (that denoted as StDev).  

Based on Table 1, number of tertiary branches (𝑋3), number of fruits on tertiary branches (𝑋7), 

and total fruits (𝑋4) in data matrix 𝑩 have significantly higher means and standard deviations 

than in data matrix 𝑨. The apposite is true for number of fruits on primary branches (𝑋5) in data 

matrix 𝑩, which has a much lower mean and standard deviation than in data matrix 𝑨. 

Meanwhile, number of primary branches (𝑋1), number of secondary branches (𝑋2), and number 



 

 

 

 

of fruits on secondary branches (𝑋6) in the two data matrices have almost the same (or do not 

have a large difference) mean and standard deviation. 

Table 1. Descriptive statistics of each variable in both data matrices  

Variable Data matrix 𝑨 Data matrix 𝑩 

Mean StDev Mean StDev 

𝑋1 7.2 3.78199 5.03 1.650148 

𝑋2 15.7 8.199804 17.96 8.547971 

𝑋3 3.5 5.276711 30.5 19.04215 

𝑋4 967.7 588.7554 2113.87 1057.148 

𝑋5 224.9 292.4462 31.4 63.10396 

𝑋6 684.0 425.1348 766.4 614.7395 

𝑋7 87.2 147.2089 1326.93 889.1701 

 

The variables in the data matrix have different values, so standardization is necessary by 

converting the data into Z-scores. The correlation between 2 variables on initial every data 

matrix are shown as 𝑹𝑨 and 𝑹𝑩, namely 

𝑹𝑨 =

[
 
 
 
 
 
 

1 0.384 −0.284 0.411   0.656  0.278 −0.341
0.384

−0.284
0.411

1 0.016 0.395
0.016 1 0.247
0.395 0.247 1

0.081 0.831 0.001
−0.207 0.089 0.954
0.582 0.713 0.251

0.656
0.278

−0.341

0.081
0.831
0.001

−0.207
0.089
0.954

0.582
0.713
0.251

1
0.156

−0.224

0.156
1

0.110

−0.224
0.110

1 ]
 
 
 
 
 
 

 

 

𝑹𝑩 =

[
 
 
 
 
 
 

1   0.603   −0.205  0.064  0.662    0.437 − 0.282
0.603

−0.205
0.064

1 −0.044 0.409
−0.044 1 0.686
0.409 0.686 1

0.426 0.820 −0.115
−0.488 −0.014 0.869
−0.189 0.586 0.795

0.662
0.437

−0.282

0.426
0.820

−0.115

−0.488
−0.014
0.869

−0.189
0.586
0.795

1
0.280

−0.497

0.280
1

−0.021

−0.497
−0.021

1 ]
 
 
 
 
 
 

 

Based on the entry of row 3, column 7 in the matrices, namely 0.954 and 0.869, this shows that 

the highest correlation occurs between tertiary branches (𝑋3) and the number of fruits on tertiary 

branches (𝑋7). This means that in both matrices. the variables influence each other.  

PCA (Principal Component Analysis) is used to reduce the original data into fewer main 

components but does not eliminate the original data information. PCA as an initial analysis to 

represent data in biplot graphs in 2-dimensional space. PCA (Principal Component Analysis) in 

this study was conducted on two data, namely green cherry production data in data 𝑨 and in data 

𝑩 which consists of 7 variables and 30 research objects using a correlation matrix. The first step 

to determine the PC (Principal Component) is to determine the eigenvalues and eigenvectors of 

the correlation matrices 𝑹𝑨 and 𝑹𝑩. 

Based on the solution of the characteristic equation, the eigenvalues are obtained from the 

largest to the smallest. The first two eigenvalues of the correlation matrix 𝑹𝑨 are 𝜆1 =
2.8218 and 𝜆2 = 2.2808. Whereas, the eigenvalues of the correlation matrix 𝑹𝑩 are  𝜆1 =



 

 

 

 

3.0195, and 𝜆2 = 2.6824. By equation (1), the first two eigenvalues indicate the variance of 

the 2 new variables, so that the variance percentage result of the 2 PC is obtained. 

Pr(𝑨) =
𝜆1 + 𝜆2

𝑡𝑟(𝑹𝑨 )
× 100% =

2.8218 + 2.2808

7
× 100% = 72.9% 

Pr(𝑩) =
𝜆1 + 𝜆2

𝑡𝑟(𝑹𝑩 )
× 100% =

3.0195 + 2.6824

7
× 100% = 82% 

The cumulative proportion of the first two eigenvalues from the correlation matrix explains the 

level of suitability of the PCA-reduced variable subspace. The proportion of sum of the first two 

eigenvalues indicates the biplot fit measure. So, the biplot fit measure for data 𝑨 and 𝑩 are 

repectively 72.9% and 82%. 

By PCA,  new variables (Principal Components; PC) can be formed from both data matrices. 

The values of the eigenvectors 𝒂𝟏 and 𝒂𝟐 are as coefficients of first PC (notated as PC1) and 

second PC (notated as PC2). The eigenvectors 𝒂𝟏 and 𝒂𝟐 will be obtained which correspond to 

the first two eigenvalues. The first two eigenvectors of correlation matrices 𝑹𝑨 and 𝑹𝑩 can be 

seen in Table 2.  

Table 2. Eigenvector coefficients (loadings) of PCA results for both data matrices 

Variable Data matrix 𝑨 Data matrix 𝑩 

PC1 (𝒂𝟏) PC2 (𝒂𝟐) PC1 (𝒂𝟏) PC2  (𝒂𝟐) 

𝑋1 0.432 0.263 0.380 0.296 

𝑋2 0.434 -0.119 0.269 0.486 

𝑋3 -0.046 -0.619 -0.464 0.259 

𝑋4 0.489 -0.216 -0.275 0.521 

𝑋5 0.384 0.214 0.466 0.114 

𝑋6 0.483 -0.211 0.184 0.509 

𝑋7 -0.056 -0.629 -0.492 0.257 

Note: Numbers in italics indicate the variable that dominantly represents PC. 

At the PC coefficients in data 𝑨, PC1 is dominantly represented by 𝑋1, 𝑋2, 𝑋4, 𝑋5 and 𝑋6 

variables. PC2 is dominantly represented by 𝑋1, 𝑋3, 𝑋4 and 𝑋7 variables. Meanwhile, the PC1 

coefficient in data 𝑩 is more dominantly represented by 𝑋1, 𝑋3, 𝑋4, 𝑋5, and 𝑋7 variables. Then, 

its PC2 is dominantly represented by 𝑋1, 𝑋2, 𝑋4 and 𝑋6 variables. The coefficient values of every 

PC form a linear combination of each variable. For an example PC1 in data 𝑨 as follows: 

𝑃𝐶1𝐴 = 0.432𝑋1 + 0.434𝑋2 − 0.046𝑋3 + 0.489𝑋4 + 0.384𝑋5 + 0.483𝑋6

−  0.056𝑋7                                                                          

Furthermore, to determine the component scores (namely PC1 and PC2 coordinates) for each 

object's data, we can substitute the values of the 𝑋1, 𝑋2, 𝑋3, …  , 𝑋7 variables of each object in 

the standardized matrix into PC1 and PC2. For example, for the component scores of first object 

in data 𝑨 (as I1) are 

𝑃𝐶1𝐴 = 0.432(−1.11053) + 0.434(0.951242) − 0.046(−0.60644) + 0.489(1.195403) 

+0.384(−0.02462) + 0.483(1.406142) − 0.056(0.671155) = 1.1777 

𝑃𝐶2𝐴 = 0.263(−1.11053) − 0.119(0.951242) − 0.619(−0.60644) − 0.216(1.195403) 



 

 

 

 

+0.214(−0.02462) − 0.211(1.406142) − 0.629(0.671155) = −1.0111 

The component scores of first object in data 𝑩 (as W1) are  

𝑃𝐶1𝐵 = 0.380(−1.23221) + 0.269(−0.69802) − 0.464(1.153581) − 0.275(−0.92784)  
+ 0.466(−0.49759) + 0.184(−0.80424) − 0.492(−0.52401) = −1.0582 

𝑃𝐶2𝐵 = 0.296(−1.23221) + 0.486(−0.69802) + 0.259(1.153581) + 0.521(−0.92784) 

+ 0.114(−0.49759) + 0.509(−0.80424) + 0.257(−0.52401) = −1.4894 

So, the component score of I1 is point (1.0111 , 1.1777) and the component score W1 is point 

(−1.0582 , −1.4894). By the same way, it can be obtained points of the other objects in each 

data matrix. 

After conducting PCA, the next step was to conduct a biplot analysis to create a map of green 

cherry production for 30 trees on each data matrix. The object coordinates were determined 

based on the component score values, with the variable vector determined based on the 

coefficient values (loadings) in Table 1. The biplot of green cherry production on data 𝑨 

represents 72.9% of the data diversity, as can be seen in Figure 1. 

Figure 2 and Figure 3 respectively represent graphs of loadings plot and coordinate points of 

the objects based on the biplot of Figure 1. Based on Figure 1 and Figure 2, it can be seen that 

variable 𝑋1 has a very strong positive correlation with variable 𝑋4. Variable 𝑋2 has a strong 

positive correlation with variable 𝑋6. Meanwhile, variable 𝑋3 has a very strong positive 

correlation with variables 𝑋4 and 𝑋7. Based on the relative position of the objects (trees) and 

the variable vector, the position of objects in the same direction as the variables has a relatively 

high value compared to objects in the opposite direction. 

 

 

Fig. 1. Biplot of data matrix 𝑨 



 

 

 

 

 

Fig. 2. Loadings plot of data matrix 𝑨 

Based on Figures 1 and Figure 3, tree I13 and tree I29 have higher values of  𝑋2 and 𝑋6 

compared to other trees. Trees I4, I19, I8, I22, I27, and I25 have higher values of 𝑋1 and 𝑋5 than 

other trees. Meanwhile, trees I23 and I28 have higher values of 𝑋3, 𝑋4, and 𝑋7 than other trees. 

 

Fig. 3. Tree component scores in data matrix 𝑨 



 

 

 

 

 

Fig. 4. Biplot of data matrix 𝑩 

The biplot of green cherry production on data matrix 𝑩 represented 82% of the data diversity 

and can be seen in Figure 4. Based on Figure 5, variable 𝑋3  has a very strong positive 

correlation with variable 𝑋7. At the relative positions of the objects (trees) and the variable 

vector, the positions of objects in the same direction as the variables have relatively high values 

compared to objects in the opposite direction. 

 

Fig. 5. Loadings plot of data matrix 𝑩 



 

 

 

 

  

Fig. 6. Tree component scores in data matrix 𝑩 

Figure 6 is as a graph of the coordinate points of the objects in the biplot in Figure 4. Based on 

Figure 6, trees W19 and W27 have higher value of  𝑋4  than the other trees. Trees W6 and W22 

have higher values of  𝑋2 and 𝑋6 than the other trees. Trees W2, W8, W13, and W21 have higher 

value of 𝑋1 than the other trees. Tree W17 has higher value of 𝑋5 than the other trees. 

Meanwhile, trees W10, W14, and W18 have higher values of 𝑋3 and 𝑋7 than the other trees. 

In this study, Procrustes analysis was performed on green cherry production data from Ismail's 

field data (data 𝑨) and Wahid's field data (data 𝑩). The input matrix used was the variable 

coordinate matrix (loadings plot on Table 1) in the biplot of each data set. The size of matrix is 

 𝑝 × 2, where each p representing the number of coordinate points in Figure 2 and Figure 5. 

The variable coordinates in the biplot of data 𝑨 are expressed as the observation matrix (𝑿∗ =
[𝒂𝟏 𝒂𝟐])  and the variable coordinates in the biplot of data 𝑩 are expressed as the target matrix 

(𝒀∗ = [𝒂𝟏 𝒂𝟐]). The following are each input matrix used in the Procrustes analysis. 

𝑿∗ =

[
 
 
 
 
 
 

0.432 0.263
0.434 −0.119

−0.046
0.489
0.384
0.483

−0.056

−0.619
−0.216
0.214

−0.211
−0.629]

 
 
 
 
 
 

   and  𝒀∗ =

[
 
 
 
 
 
 

0.380 0.296
0.269 0.486

−0.464
−0.275
0.466
0.184

−0.492

0.259
0.521
0.114
0.509
0.257]

 
 
 
 
 
 

 

After defining the matrices 𝑿∗ and 𝒀∗, the next step is to carry out the translation process, which 

begins by subtracting the matrices 𝑿∗ and 𝒀∗ from each centroid matrix. The centroids of the 

matrices are obtained by 𝑪𝒙 = [𝒙𝟏 𝒙𝟐], with 



 

 

 

 

𝒙𝟏 =

[
 
 
 
 
0.432 +  0.434 −  0.046 +  ⋯ − 0.056

7
⋮

0.432 +  0.434 −  0.046 +  ⋯ − 0.056

7 ]
 
 
 
 

= [
0.30286

⋮
0.30286

] 

𝒙𝟐 =

[
 
 
 
 
0.451 +  0.069 −  0.431 + ⋯ −  0.441

7
⋮

0.451 +  0.069 −  0.431 + ⋯ −  0.441

7 ]
 
 
 
 

= [
−0.18814

⋮
−0.18814

] 

So,  𝑪𝒙 =

[
 
 
 
 
 
 
0.30286
0.30286
0.30286
0.30286
0.30286
0.30286
0.30286

−0.18814
−0.18814
−0.18814
−0.18814
−0.18814
−0.18814
−0.18814]

 
 
 
 
 
 

 .  

By the same way, it can be obtained 𝑪𝒚 =

[
 
 
 
 
 
 
0.00971 0.34886
0.00971 0.34886
0.00971 0.34886
0.00971 0.34886
0.00971 0.34886
0.00971 0.34886
0.00971 0.34886]

 
 
 
 
 
 

. 

Next, the matrices 𝑿∗ − 𝑪𝒙 and 𝒀∗ − 𝑪𝒚  are obtained, so they are denoted as the new matrices 

𝑿 and 𝒀, namely: 

𝑿 =

[
 
 
 
 
 
 

0.129 0.451
0.131 0.069

−0.349
0.186
0.081
0.180

−0.358

−0.431
−0.028
0.402

−0.023
−0.441]

 
 
 
 
 
 

      and  𝒀 =

[
 
 
 
 
 
 

0.370 −0.053
0.259 0.137

−0.474
−0.285
0.456
0.174

−0.502

−0.089
0.172

−0.234
0.160

−0.092]
 
 
 
 
 
 

 

The next step is to calculate the sum of the squares of the distances at the corresponding points 

of 𝑿 and 𝒀 based on equation (2), resulting in: 

𝑀2 = ∑ ∑ ((𝑥𝑖𝑗 − 𝑥̅𝑗) − (𝑦𝑖𝑗 − 𝑦̅𝑗))
2

2
𝑗=1

7
𝑖=1   

= ((0.129 − 0.370)2 + (0.451 − (−0.053))2 + ⋯+ (−0.441 − (−0.092))2) = 1.449  

The next step after translation is the rotation process, which is used to minimize the distance 

between the two data sets being compared. The following is the matrix used in the rotation 

process using equation (3).  



 

 

 

 

𝑿𝑿𝑻 =

[
 
 
 
 
 
 

0.220 0.048 −0.239 0.011   0.192  0.012 −0.245
0.048

−0.239
0.011

0.022 −0.075 0.022
−0.076 0.307 −0.053
0.022 −0.053 0.035

0.038 0.022 −0.078
−0.202 −0.053 0.315
0.004 0.034 −0.055

0.191
0.013

−0.245

0.038
0.022

−0.077

−0.202
−0.053
0.315

0.004
0.034

−0.055

0.168
0.005

−0.055

0.005
0.033

−0.055

−0.206
−0.055
0.323 ]

 
 
 
 
 
 

 

𝒀𝒀𝑻 =

[
 
 
 
 
 
 

0.140 0.088 −0.171 −0.115   0.181  0.056 −0.181
0.088

−0.171
−0.115

0.086 −0.135 −0.050
−0.135 0.232     0.119
−0.050 0.119     0.111

0.086 0.067 −0.143
−0.195 −0.097 0.246
−0.170 −0.022 0.127

0.181
0.056

−0.181

0.086
0.067

−0.143

−0.195
−0.097
0.246

−0.170
−0.022
0.127

0.263
0.042

−0.207

0.042
0.056

−0.102

−0.207
−0.102
0.260 ]

 
 
 
 
 
 

 

𝒀𝑻𝑿 = [
0.442 0.797
0.117 −0.038

] 

Next, the matrix (𝒀𝑻𝑿)𝑻(𝒀𝑻𝑿) is obtained as follow 

(𝒀𝑻𝑿)𝑻(𝒀𝑻𝑿) = [
0.209 0.348
0.348 0.638

] 

Using equation (4), the matrices 𝑼, 𝑳, 𝑽 are obtained from the SVD of the matrix 𝒀𝑻𝑿 , each of 

which is 2×2 in size. 

𝑼 = [
−0.999 −0.026
−0.026 0.999

] , 𝑳 = [
0.912 0

0 0.121
], 𝑽 = [

−0.488 0.873
−0.873 −0.488

] 

Furthermore, after decomposing the singular values, the matrix Q  is obtained to minimize the 

distance obtained using equation (4). 

𝑸 = 𝑽𝑼𝑻 

𝑸 = [
−0.488 0.873
−0.873 −0.488

] [
−0.999 −0.026
−0.026 0.999

] = [
0.465 0.885
0.885 −0.465

] 

𝑿𝑸𝑻𝒀𝑻 =

[
 
 
 
 
 
 

0.175 0.106 −0.209  −0.147 0.232 0.065 −0.222
0.041

−0.196
0.013

0.043 0.065 −0.020
−0.155 0.267     0.136
0.040 −0.045     0.013

0.036 0.035 −0.069
−0.223 −0.112 0.282
−0.013 0.039 −0.047

0.152
0.014

−0.200

0.086
0.039

−0.159

−0.176
−0.045
0.274

−0.131
0.011
0.139

0.207
−0.011
−0.228

0.050
0.038

−0.115

−0.187
−0.047
0.289 ]

 
 
 
 
 
 

 

2𝑿𝑸𝑻𝒀𝑻 =

[
 
 
 
 
 
 

0.350 0.212 −0.418 −0.294  0.464 0.130 −0.444
0.082

−0.391
0.027

0.086 −0.131 −0.041
−0.312 0.535 0.272
0.081 −0.090  0.026

0.072 0.069 −0.138
−0.445 −0.224 0.566
0.027 0.078 −0.095

0.304
0.029

−0.400

0.173
0.079

−0.319

−0.352
−0.090
0.547

−0.264
0.022
0.278

0.413
−0.022
−0.456

0.100
0.076

−0.229

−0.374
−0.095
0.579 ]

 
 
 
 
 
 

 

Based on equation (5). the rotation value is obtained as follows: 



 

 

 

 

𝑀2 = 𝑡𝑟(𝑿𝑿𝑻 + 𝒀𝒀𝑻 −  2𝑿𝑸𝑻𝒀𝑻) = 1.108 + 1.148 − 2.065 = 0.191 

The next step, after obtaining the translation and rotation results, is the dilation process, which 

aims to enlarge or reduce the sum of the squared distances. The value of c can be obtained using 

equation (6). 

𝑐 =
𝑡𝑟(𝑿𝑸𝑻𝒀𝑻)

𝑡𝑟(𝒀𝒀𝑻)
  = 1.033

1.148
= 0.899 

Next, calculate the value of 𝑀2 using equation (5). The result is 

𝑀2 = 1.108 − 0.8992(1.148) = 0.180 

This yields an 𝑀2  value of 0.180. The results of the sum of the squared distances for each 

transformation (𝑀2) can be seen in Table 3. 

Table 3. The result of Procrustes analysis 

Transformation Process Value 

Translation 1.449 

Rotation 0.191 

Dilation 0.180 

Based on Table 3, the smallest 𝑀2 value is 0.180. This value will be used to calculate the 

coefficient of determination (𝑅2) using equation (7). 

𝑅2 = (1 −
𝑀𝑚𝑖𝑛

2

𝑡𝑟(𝑿𝑿𝑻)
)  × 100%  

𝑅2 = (1 −
0.180

1.108
) × 100% = 0.837 

Approximately 83.7% of the structural variation in one configuration can be explained by the 

other configuration after applying the Procrustes transformation, namely translation, rotation, 

and optimal scaling. Only 14% of the structural variation remains unexplained The relationship 

between 𝑅2 and the Procrustes correlation 𝑅 = 0.915 reflects a strong structural match between 

the two configurations.  

The results of the Procrustes analysis indicate that approximately 83.7% of the structural 

variation in the cherry production data from the first field can be explained by the production 

structure from the second field after applying the translation, rotation, and optimal scaling 

transformations. This value indicates that the cherry production patterns in the two fields have 

a relatively high level of similarity, even though the two fields may differ in physical conditions, 

soil fertility, environment, cultivation practices, or crop maintenance management. So, the 𝑅2 

value is 0.837 or 83.7%, indicating that the green cherry production on Ismail's field and Wahid's 

field are relatively similar. 



 

 

 

 

4 Conclusion 

The biplot analysis on Ismail's field data (data 𝐴) shows a very strong correlation between the 

number of primary branches and the number of fruit on primary branches. The number of 

secondary branches also has a strong correlation with the number of fruit on primary branches. 

The number of secondary branches variable has a very strong correlation with the variable 

number of fruits on tertiary branches. Meanwhile, the results of the biplot analysis on Wahid's 

field data (data 𝐵) show a very strong correlation between the variable number of tertiary 

branches and the number of fruits on tertiary branches, as well as correlations with other 

variables.  

The application of Procrustes analysis in a biplot graph on data matrices 𝐴 and 𝐵 indicates that 

the configurations used are similar. This is supported by an 𝑅2  value of 83.7%. Therefore, it 

can be concluded that the green cherry production results on Ismail's field data and Wahid's field 

data are similar and there are no significant differences between the two data sets. 
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