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ABSTRACT 

 
This research aims to analyze the spatial and temporal variability of precipitation in Southern of 

Madagascar. Precipitation data is reanalysis data in grid points (54 points), between January 01
st
, 1979 and 

December 31
st
, 2017. Various technics are used to characterize this variability. The Principal Component Analysis 

method makes it possible to represent individuals in the factorial plan. The first factor axis corresponds to 

precipitation and the second to the seasons of the year (winter and Southern summer). Then, the individuals are 

grouped according to the signs of their coordinates on the factorial plan. As a result, we get a subdivision into four 

zones: a zone of weak precipitation in Southern winter, a zone of weak precipitation in Southern summer, a zone of 

heavy precipitation in Southern winter and a zone of heavy precipitation in Southern summer. To optimize the 

regionalization, the representation on the factorial plan is combined with the K-Means and Fuzzy C-Means 

clustering methods. Then, another representation on the t-sne plan with perplexity parameter 5 also followed by the 

two previous clustering methods. All classifications are evaluated by Dunn's index. The best classifications are those 

of t-sne representation combined with the Fuzzy C-Means or K-Means clustering method. The final result of the 

spatial and temporal variability analysis of precipitation shows an East-West gradient of precipitation whether in 

summer or in Southern winter. 

Keywords:  Principal Component Analysis, Fuzzy C-Means, K-Means, Precipitation, t-sne, Variability. 

 
1. INTRODUCTION 

The analysis of the spatial and temporal variability of precipitation is the subject of numerous studies [9], 

[27]. This work generally lead to a zoning of the distribution of precipitation. Research are also conducted on the 

impacts of this variability to the vegetation [2], hydrological models [7] and underground water resources [31]. The 

majority of these studies relate to an arid or semi-arid zone such as the Sahelian West Africa zone [6]. In these areas, 

water is a main issue. Southern of Madagascar is also a victim of this lack of water. Limited access to clean water 

and poor sanitation and hygiene practices are of particular concerns which is especially linked with chronic 

malnutrition [34]. In addition, South Madagascar is also a victim of climate change and is vulnerable to the 

phenomenon of drought. International organizations such as UNICEF are seeking to assess the current situation of 

groundwater resources in Southern of  Madagascar. As a result, according to the bulletin N ° 12 (from October 21 to 
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November 20, 2019) [33], concerning the drought in the South Madagascar, UNICEF reports great variabilities of 

the aquifers in the Great South Madagascar. 

But it is important to know about the spatial and temporal variability of precipitation in the South 

Madagascar to address those issues. 

Objectives of this study are to find the best zoning for the spatial and temporal distribution of 

precipitation in Southern of Madagascar using various mathematical technics. 

 

2. METHODS 

 
2.1 Experimentation data 

 

We use precipitation data from ECMWF (European Center for Medium-Range Weather Forecast) [12]. 

These data are reanalysis data for a spatial resolution of 1 ° x1 °, between 22 ° S - 30 ° S and 43 ° E - 48 ° E. Thus, 

at each grid point (in total 54 grid points), we have series of daily precipitation data (expressed in meters then 

converted to millimeters). The temporal coverage of the data is between January 01
st
, 1979 and December 31

st
, 

2017, which is over 39 years. Figure 1 shows the grid points with their classifications to which the precipitation data 

relate. 

 

Fig-1: Representation of individuals on grid points.  

 

2.2 Dataset 

 
The cumulative monthly precipitation data is calculated from the daily precipitation data. For each month, 

the average of these accumulations over the 39 years forms the average monthly precipitation accumulation data. 

We consider the grid points as individuals and the months of the year as variables. Thus, we obtain Table 1 formed 

by 54 rows and 12 columns, each cell of which contains the average monthly precipitation cumulative value at the 

corresponding point. This Table constitutes the data set for all the following mathematical treatments. 
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Table -1: Dataset Table (Precipitation in millimeter).  
 

 Jan Feb Mar Apr May June July Aug Sept Oct Nov Dec 

A1 197.8 156.3 77.3 25.8 11.1 6.1 3.4 3.2 3.5 5 19 66.8 

A2 153.5 123.5 64.8 22.5 13 7.5 5.4 3.8 4.4 6.3 19 63.3 

A3 114.8 101.4 55.3 28.3 19.7 11.2 9.4 5.4 6 7.8 18.3 58.8 

A4 88.4 87.1 55.1 36.6 30 17.3 15.4 9 7.7 11.5 20.6 54.3 

A5 74 79.5 63.5 46.5 44.7 27.9 24.8 13.4 10.5 16.6 23.7 54.3 

A6 69.4 71.3 76 59 62.6 41.6 37.1 21.5 16.3 24.1 26.3 53.4 

A7 73.2 69.5 77.9 65.8 72.7 49.2 41.8 31.4 22 28.7 27.2 53.3 

A8 67.4 69.2 78.4 72.8 76.6 53.3 46.4 39.2 26.7 34.6 30.9 50.7 

A9 61.2 63.3 78.1 68.7 73.3 54.3 48.4 42.8 31.5 38.1 36.7 53.4 

B1 330.7 250.9 139.6 34.2 9.9 2.7 1.8 2.9 8.3 28.1 72.4 181.6 

B2 284.6 214.2 124.3 39.4 16.1 4.6 3.7 4.0 9.4 32.6 74.4 172.5 

B3 206.9 167.6 90.9 32.5 15.5 5.9 4.8 4.9 8.5 26.1 51 137.3 

B4 91.3 92.1 50.8 34.1 29 17.5 14.5 9.4 8.5 14.7 22.4 61.1 

B5 78.6 81.4 59.1 50.6 48.5 29.4 27.1 14.9 10.8 18.2 25.5 56.1 

B6 79.1 76.9 79.4 67 70.6 44.7 40 24.3 14.7 24 28 56.3 

B7 81.2 75.2 81.2 74.2 80.2 51.3 43.3 33.8 22 30.4 26.6 53.7 

B8 75.9 74 79.1 81.1 80.5 52.2 45.9 41.3 27.2 35.3 29.3 52.6 

B9 66.5 67.9 79.8 75.5 76.8 53.4 48.9 45.3 33.1 39.2 34.3 52.7 

C1 252.8 187.6 102.8 27.7 9.7 2.2 2 2.3 8.2 31.8 72.4 171.5 

C2 231.4 170 100.7 36.4 15 4.2 4 4.3 10.6 38.5 82.2 172.3 

C3 197.2 154.2 89.4 38.4 17.8 7.6 6.6 6.6 12 35.7 73.2 164.9 

C4 158.1 132.3 83 47.5 29.1 15.3 13.7 12.7 15.3 33.8 56.7 135.5 

C5 86.9 85.8 67.2 61.2 64.7 38.3 35.5 20.6 14.4 21.7 29.1 63.8 

C6 89.7 87.5 88.6 79.6 92.8 51.2 44.3 31 15.9 26.1 31.5 65.5 

C7 90.4 86.4 87.8 85.9 88.4 55.9 47 38.8 23.3 33.6 28.8 57.2 

C8 86 85 85.1 87.8 82.7 54.5 46.5 42.6 30.1 38.6 31.50 56.6 

C9 73.4 78.9 85 77.9 75.5 53.2 49.2 44.3 33 42.1 34.5 55.7 

D1 202 147.9 88.2 26 8.5 3.1 3.1 2.6 6 23 57.3 130.3 

D2 195.2 144.3 93.6 38.8 15.8 6.8 7.4 6.4 10.8 33.4 76.3 149.5 

D3 178.7 141.8 91.9 48.3 19.9 10.2 11.3 9.3 14.3 36.5 81.5 153.3 

D4 146 129.3 86.5 58.5 31.5 19.2 18.9 15.9 19.5 36.1 68.4 139.8 

D5 85.7 92.8 72 70.1 68.8 43.7 38.4 25.6 17.9 22.6 31.7 67 

D6 101.3 107.4 101.3 94.5 106.6 61 50.1 41.2 21.1 30 35.1 78.4 

D7 96.2 99.6 97.8 95.5 93.2 59.7 48.7 46.3 27.1 37.9 34.4 65.8 

D8 92.9 94.1 93.9 88.1 82.1 57.7 47.8 46 32.6 44.6 37.2 60.6 

D9 84.7 87.4 95.8 77.5 77.8 56 48.9 46.5 33.1 46.6 38.7 63.4 

E1 269.4 222.7 195.1 105.3 79.9 43.3 51.6 43.1 40 82.5 131.5 202.5 

E2 257.4 220.1 197.2 119.6 89.7 48.2 57.4 50.3 49.9 96.5 143.6 205.7 

E3 241.8 218.7 191.3 128.1 87.4 44.7 53.2 42 45.9 88.7 141.1 206.5 

E4 169.1 170.9 141.4 110.8 72.4 41.3 43.6 33.2 34.6 57.2 95.4 160.7 

E5 114.2 131.7 113.7 109.1 101.7 65.9 57.7 44.1 27.4 33.9 45.6 86.4 

E6 118.5 128.2 115.6 112.8 110.6 67 57.4 52.3 30 38.6 46 94.4 

E7 101.6 113.9 105.8 106.2 92.9 63 49.9 51.6 32.8 43.7 44.5 83.5 

E8 100 104.8 102.2 97.6 85.2 61.5 49.4 49.3 36.2 50.3 46.4 72.4 

E9 98.2 93.5 103.5 82.3 80.5 59.6 49.7 48.2 38.1 51.6 45.1 70.9 

F1 275.7 266.9 266.8 192.7 168.6 97.8 98.2 73.8 51.8 91.3 98 155.9 

F2 253.1 254.1 250.2 188.8 164.3 98.3 93.1 73.7 51.5 89.5 91.5 150.6 

F3 207.7 226.8 223.1 181.1 161.5 96.4 89.2 71.7 50.2 81.1 86.8 143.2 

F4 166.4 193.4 182 159.6 146.8 89.1 79.7 65.9 41.9 61.3 76.4 122.7 

F5 147.5 159.8 144.2 135.2 125.1 82.1 68.3 60.1 35.6 48.7 65.4 106.2 
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F6 130.6 134.3 119.4 118.6 102.2 70.5 56.8 52.7 36.4 48.4 62.5 98.2 

F7 105.5 120.9 110.1 113.3 89 63.4 49.6 49.6 36.7 50.2 56.3 95.7 

F8 104.9 112.8 112.3 101.2 85.6 62.5 49.5 48.5 38.7 54.4 54.2 84.3 

F9 108.5 104.6 111.1 91.9 83.2 61.9 50.9 48.1 44.5 59.4 51.9 81.8 

 

2.3 Methods 

Four main steps adopted for data processing: 

 Step 1: Reduction of the dimension of the data in two dimensions, 

 Step 2: Visualization of individuals in a plan, 

 Step3: Regrouping of individuals using a cluster  method, 

 Step 4: Evaluation of the classification obtained by the Dunn index. 

 

a) Step 1: Reduction of the dimension of the data in two dimensions 

We start from the data shown in Table 1. Each individual (or each row) has 12 variables (the 12 months of 

the year). The initial dimension of the data is therefore equal to 12. The first step is to reduce this dimension to 2. 

For this, we use two different methods: Principal Component Analysis [8] [16] [17] [18] [25] [30] and t-sne (t-

distributed Stochastic Neighbor Embedding) [19] [20] [23] [35]. For the Principal Component Analysis, we are 

looking for a representation of the 54 individuals, in a 2-dimensional subspace. We are then trying to define 2 new 

linear combination variables of the 12 initial variables which will cause the least information loss. These two new 

variables are called "Principal components". The axes which they determine are the "Principal axes" and the plan 

thus formed is the "factorial plan". The t-sne method is another method for reducing the size of the data. Unlike 

Principal Component Analysis, it is an unsupervised nonlinear technics. The t-sne algorithm constructs a new 

representation of the data so that close data in 12-dimensional space has a high probability of having close 

representations in the new 2-dimensional space. Conversely, data that is distant in the original space has a low 

probability of having close representations in the new space [24]. The algorithm begins by converting the large 

Euclidean distances between the data points into conditional probabilities that represent similarities. The similarity 

between point 𝑥𝑖 and point 𝑥𝑗 is the conditional probability 𝑝𝑗|𝑖 that 𝑥𝑖  would choose as its neighbor 𝑥𝑗   if the 

neighbors were chosen in proportion to their probability density under a Gaussian centered on 𝑥𝑖 . The equation (1) 

gives us the mathematical formula of  𝑝𝑗|𝑖: 

 

𝑝𝑗|𝑖 =  
𝑒𝑥𝑝 (−

‖𝑥𝑖− 𝑥𝑗‖
2

2𝜎𝑖
2 )

∑ 𝑒𝑥𝑝 (−
‖𝑥𝑖− 𝑥𝑘‖

2

2𝜎𝑖
2 )𝑘≠𝑖

 . (1) 

The probability that 𝑥𝑖 and 𝑥𝑗 are close in high dimensional space is  𝑝𝑖𝑗   such that 

 𝑝𝑖𝑗 =  
𝑝𝑗|𝑖+ 𝑝𝑖|𝑗

2𝑛
.  (2) 

For our case, n = 12. 

Probability that the representation of  𝑥𝑖  and 𝑥𝑗  in 2-dimensional space is close is 𝑞𝑖𝑗  such that 

 
𝑞𝑖𝑗 =  

(1+‖𝑦𝑖− 𝑦𝑗‖
2

)−1

∑ (1+ ‖𝑦𝑘− 𝑦𝑙‖2)−1
𝑘≠𝑙

  .  (3) 

For nearby data points, the probability is relatively high, while for widely separated data points, it will be 

minimal. 

Another feature of t-SNE, perplexity, is an adjustable parameter that indicates how to balance the local and 

global aspects of the data. The parameter is in a way an estimate of the number of neighbors close to each point.  

The value of perplexity has an influencing effect on the resulting images. It is defined by 

 𝑃𝑒𝑟𝑝(𝑃𝑖) =  2𝐻(𝑃𝑖),                     (4) 

 where  𝐻(𝑃𝑖) =  − ∑ 𝑝𝑖|𝑗 𝑙𝑜𝑔2  𝑝𝑖|𝑗. (5) 

Optimizing the representation in the t-sne plane consists in minimizing the Kullback - Leibler divergence 

between the two distributions by varying the location of the points on the low dimensional map, which means 

minimizing it by using the gradient descent method, of the following elements 

 𝐶 =  ∑ 𝐾𝐿(𝑃𝑖||𝑄𝑖)𝑖 =  ∑ ∑ 𝑝𝑗𝑖 log
𝑝𝑗𝑖

𝑞𝑗𝑖
𝑗𝑖    . (6) 
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The t-sne algorithm is as follows: 

Data: dataset X = {x1, x2,…, x12} ; 

Cost function parameters: perplexity perp ; 

Optimization parameters: number of iterations T, learning rate η, momentum α (t). 
Result: Low-dimensional data representation Y(T) =  {y1, y2} 

Begin 

   Compute pairwise affinities 𝑝𝑗|𝑖 with perplexity perp using equation 

𝑝𝑗|𝑖 =  
exp (−

‖𝑥𝑖− 𝑥𝑗‖
2

2𝜎𝑖
2 )

∑ exp (−
‖𝑥𝑖− 𝑥𝑘‖

2

2𝜎𝑖
2 )𝑘≠𝑖

. 

Set 𝑝𝑖𝑗 =  
𝑝𝑗|𝑖+𝑝𝑖|𝑗

2𝑛
  

Simple initial solution 𝑌(0) =  {𝑦1,𝑦2} from  ℕ( 0, 10−4𝐼) where 𝐼 denotes the unit 

matrix. 

For t = 1 to T do 

    Compute low-dimensional 𝑞𝑖𝑗  using the equation 

𝑞𝑖𝑗 =  
(1+‖𝑦𝑖− 𝑦𝑗‖

2
)−1

∑ (1+ ‖𝑦𝑘− 𝑦𝑙‖2)−1
𝑘≠𝑙

 , 

    Compute gradient 
𝛿𝐶

𝛿𝑦𝑖
  using the equation: 

𝛿𝐶

𝛿𝑦𝑖
= 4 ∑

(𝑝𝑖𝑗− 𝑞𝑖𝑗)(𝑦𝑖− 𝑦𝑗)

(1+ ‖𝑦𝑖− 𝑦𝑗‖
2

)
𝑗  , 

    Set  Υ(𝑡) =  Υ(𝑡−1) +  𝜂
𝛿𝐶

𝛿Υ
+ 𝛼(𝑡)(Υ(𝑡−1) −  Υ(𝑡−2)) 

End 

End  

b) Step 2: Visualization of individuals in a plan 

With the Principal Component Analysis, the representation of individuals in the factorial plan (F1, F2) 

allows to visualize the data in 2 dimensions. For t-sne, at each value of perplexity, we can visualize the individuals 

in the t-sne plane. As part of our study, we take whole values of perplexity up to 50. Among the 50 possible 

visualizations, the one which offers a better apparent grouping of 2-dimensional individuals will be retained. 

c) Step3: Regrouping of individuals using a cluster method 

Once we have the representation of individuals in 2 dimensions, the next step is clustering. Two methods are used in 

our research: the K-Means method [13] [22] and the Fuzzy C-Means [3] [5] [14] [21] [26] [28] [36]. 

 K-Means method 

The k-Means method seeks to minimize the sum of the squares of errors 

 𝐽(𝐶) =  ∑ ∑ 𝑑(𝑤, 𝑚(𝑐))

𝑤∈𝑐𝑐 ∈𝐶

,      (7) 

where 𝑚(𝑐) is the center of gravity of class 𝑐. 

The k-Means method does the following steps: 

i. Initialize k-centers m1, m2,…, mk, 

ii. Assign each individual to the nearest class 𝐶 = { 𝑐 1, 𝑐 2,.., 𝑐 k} : 

𝑤 ∈ 𝑐𝑙  𝑠𝑖 𝑑(𝑤, 𝑚𝑙) =  min𝑙′=1,…,𝐾 𝑑(𝑤, 𝑚𝑙′),  

iii. Recalculate the centers of gravity of the new classes, 

iv. Repeat ii) and iii) until convergence. 
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 Fuzzy C-Means (FCM) method 

Fuzzy C-Means (FCM) is a grouping method that allows each data point to belong to several clusters with 

different degrees of membership. FCM is based on the minimization of the following objective function 

 Jm =  ∑ ∑ μij
m‖xi −  cj‖

2N
j=1

D
i=1 ,     (8) 

where: 

D: Number of data points, 

N : Cluster name, 

xi is the i
th

 data point, 

cj is the center of the j
th

 cluster, 

μij   is the degree of membership of  xi in j th group ( 0 ≤ μij ≤ 1). For a given data point xi, the sum of the 

membership values of all the clusters is equal to one, 

m: exponent of the fuzzy partition matrix to control the degree of fuzzy overlap (m> 1). 

Fuzzy overlap refers to the degree of confusion of boundaries between clusters, that is, the number of data 

points with significant membership in multiple clusters. The possible values of the exponent m must be greater than 

1. The smaller values indicate a lower degree of overlap. In other words, as m approaches 1, the boundaries between 

the groups become sharper. 

Fuzzy C-Means performs the following steps during clustering: 

i. Randomly initialize cluster membership values μij , 

ii. Calculate cluster centers 𝑐𝑗 such that   𝑐𝑗 =  
∑ 𝜇𝑖𝑗

𝑚𝑥𝑖
𝐷
𝑖=1

∑ 𝜇𝑖𝑗
𝑚𝐷

𝑖=1

 ,  

iii. Update  𝜇𝑖𝑗  according to the formula : 𝜇𝑖𝑗 =  
𝟏

∑ (
‖𝒙𝒊− 𝒄𝒋‖

‖𝒙𝒊− 𝒄𝒌‖
)𝑵

𝒌=𝟏

𝟐
𝒎−𝟏

  ,  

iv. Calculate the objective function  𝐽𝑚 =  ∑ ∑ 𝜇𝑖𝑗
𝑚‖𝑥𝑖 − 𝑐𝑗‖

2𝑁
𝑗=1

𝐷
𝑖=1  , 

v. Repeat steps ii through iv until  𝐽𝑚 is improved by less than a specified minimum threshold (default, 0.01 

between two successive iterations) or after a specified maximum number of iterations (default, 25 iterations). 

Optimizing clustering involves adjusting fuzzy overlaps. Indeed, for each overlap exponent m: 

 Cluster data, 

 Classify each data point in the cluster to which it has the highest degree of membership, 

 Find data points with maximum membership values less than 0.6. These points have more indistinct 

classification, 

 To quantify the degree of fuzzy overlap, calculate the average maximum membership value for all data 

points. A higher average maximum membership value indicates that there is less blurry overlap, 

 Plot the results of the grouping. 

d) Step 4: Evaluation of the classification obtained by the Dunn index 

Dunn index [4] [11] [10] [15] [29] [32] [37] searches for the minimum distance between two classes in the 

partition while taking into account the distribution of the elements inside of class. The Dunn index or score, noted 

 𝑆𝐷 , is based on the average points of each group 𝜇𝑘 with 

 𝜇𝑘 =  
1

|𝐼𝑘|
 ∑ 𝑥𝑖

𝑖∈𝐼𝑘
, (9) 

where 

𝑥𝑖 : individual or point, 

𝐼𝑘 : the unity of points belonging to k-group.  

The diameter of the group  ∆𝑘  is such that 

  ∆𝑘=  𝑚𝑎𝑥𝑖,𝑖′∈𝐼𝑘
𝑑(𝑥𝑖 , 𝑥𝑖′

),  (10) 

where 𝑑(𝑥𝑖 , 𝑥𝑖′
)  is the Euclidean distance between the two individuals 𝑥𝑖  and 𝑥𝑖′

 . 

Dunn index or score has the expression 
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 𝑆𝐷 =  
min

1≤𝑘≤𝑘′≤𝐾
𝑑(𝜇𝑘,𝜇

𝑘′)

max1≤𝑘≤𝐾 ∆𝑘
,  (11) 

where 𝐾 ≥ 2, the number of groups we want to form. (For our case, 𝐾 = 4). 

Dunn index is a positive or zero real number. More the Dunn index is large, the partition is better. 

3. RESULTS 

3.1 Data visualization results 

The Figure 2-a shows the representation of the individuals in the factorial plan (F1, F2). The first factorial 

axis represents 61.92% of the total inertia and corresponds to precipitation. The second factorial axis (33.13% of 

total inertia) relates to the seasons of the year (winter and southern summer). 

For the visualization of the data by t-sne, the perplexity parameter retained is worth 5. In fact, each 

perplexity parameter corresponds to a representation. We can vary the perplexity parameter from 1 to 50. Thus 

among the obtained 50 representations, only from the value of perplexity 5 gives groupings obviously visual 

according to the Figure 2-b. 

 

Fig-2-a Factorial representation of individuals. 

 

Fig-2-b Representation of individuals on the t-sne 

plan. 
3.2 Results of grouping individuals by clustering 

In the context of our study, the number of clusters is fixed at four. Indeed, within the framework of the 

Analysis in Principal Components, we apply the criterion of Kaiser [37] for the principal axis choice to be retained. 

Only the axis whose eigenvalues are greater than or equal to 1 are retained. As a result, we retain the first two main 

axes F1 and F2. By grouping the individuals according to the sign of the coordinates on the factorial plane, we have 

four zones: the first, a zone of weak precipitation in southern winter; the second, a zone of weak precipitation in 

southern summer; the third, a zone of heavy precipitation in southern winter and the last, a zone of heavy 

precipitation in southern summer. 

  Representation in the factorial plan and K-Means and Fuzzy C-Means 

Figures 3 show us the results of the representation of individuals on the factorial level with the 

different clustering methods. Figure 3-a shows us the result of clustering with k-Means. The Figures 3-b, 3-c and 3-d 

illustrate the results of clustering with the Fuzzy C-Means method with different values of the parameter m. For m = 

1.1 and 1.2, notice the similarity of the results. From m = 1.3, points with fuzzy overlap have appeared. The 

parameter m used is m = 1.1. 
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Fig-3-a: Representation of the individuals on the 

factorial plan and clustering by K-Means (k = 4).  

 

Fig-3-b: Representation of the individuals on the 

factorial plan and clustering by Fuzzy C-Means (m = 

1.1; C = 4). 

 

 

Fig-3-c: Representation of the individuals on the 

factorial plan and clustering by Fuzzy C-Means (m = 

1.2; C = 4). 

 

 

Fig-3-d: Representation of the individuals on the 

factorial plan and clustering by Fuzzy C-Means (m = 

1.3; C = 4).  

 

  Representation on the plan t-sne (perplexity = 5) with K-Means and Fuzzy C-Means 

Figures 4 show the results of the representation of individuals on the t-sne plan with the different clustering 

methods. Keeping the same process, we obtain the same result whatever the method of clustering used. 
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Fig-4-a: Representation of the individuals on the t-

sne plan and clustering by K-Means (k = 4).  

 

Fig-4-b: Representation of the individuals on the t-

sne plan and clustering by Fuzzy C-Means 

(perplexity =5; m = 1.1; C = 4). 

 

 

Fig-4-c: Representation of the individuals on the t-

sne plan and clustering by Fuzzy C-Means 

(perplexity = 5; m = 1.2; C = 4). 

 

Fig-4-d:  Representation of the individuals on the t-

sne plan and clustering by Fuzzy C-Means 

(perplexity =5; m = 1.3; C = 4). 

3.3 Classification assessment results 

The following Table summarizes the Dunn index values for each classification. The best classification is 

the one with the highest Dunn index value. This is the visualization of data by t-sne with perplexity parameter = 5 

accompanied by the Fuzzy C-Means clustering method (C = 4) with parameter m = 1.1 or K-Means (k = 4). 

Table 2: Classification assessment results. 

Data visualization method Clustering method Dunn index 

Representation on the factorial plan K-Means ( k = 4) 0.08269694 

Representation on the factorial plan FCM (m =1.1 or 1.2; C = 4) 0.1391 

Representation on the t-sne plan (perplexity = 5) k-means (k = 4) 0.1411823 

Representation on the t-sne plan (perplexity = 5) FCM (m =1.1 or 1.2; C = 4) 0.1411823 
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3.4 Result of the spatial and temporal variability of precipitation in the South Madagascar 

Figure 5 shows the result of the analysis of the spatial and temporal variability of precipitation in Southern 

of Madagascar. In yellow, we have zone 1 which corresponds to a zone of weak precipitation in Southern winter. In 

blue, we have zone 2 which corresponds to a zone of weak precipitation in Southern summer. In red, we have zone 3 

which is a zone of heavy precipitation in Southern winter and in green, zone 4 which is a zone of  heavy 

precipitation in Southern summer.  
Whether in summer or austral winter, the precipitation gradient is always East-West. 

 

Fig-5: Spatial and temporal variability of precipitation in Southern of Madagascar. 

4. DISCUSSIONS 

The analysis of the spatial and temporal variability of precipitation is done in four stages: reduction of the 

size of the data, visualization of the data, clustering and evaluation of the classifications. Principal Component 

Analysis and t-sne are used for the reduction of the size of the data as well as the visualization of the data in a plan. 

The associated clustering methods are K-Means and Fuzzy C-Means. The Dunn index assesses each classification 

obtained. 

Our results allow us to say that within the framework of this research, the new method of visualization of 

the data t-sne is much better than the representation in the factorial plane. Likewise, the Fuzzy C-Means clustering 

method is also more promising than the K-Means method. The new methods of data dimension reduction and 

clustering are therefore more interesting than the old ones. 

Fuzzy C-Means and t-sne are generally used in machine learning. Our research has successfully applied 

these methods in the field of climatology. 

Note that this research is limited to a fixed number of clusters (four clusters). 

5. CONCLUSION 

In conclusion, the importance of this research is to demonstrate that the new technics of  t-sne data 

reduction dimension is more efficient than Principal Component Analysis. Likewise, the recent Fuzzy C-Means 

clustering method is also more interesting than K-Means. The analysis of the spatial and temporal variability of 

precipitation brings us back to the regionalization of the study area. We have four zones:  zone 1 which corresponds 
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to a zone of weak precipitation in Southern winter. Zone 2 which corresponds to a zone of weak precipitation in 

Southern summer. Zone 3 which is a zone of heavy precipitation in Southern winter and  zone 4 which is a zone of  

heavy precipitation in Southern summer. The results show that the precipitation in the South  Madagascar presents 

an East-West gradient whether in summer or austral winter. 
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