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Abstract 
Climatic factors impact vegetation. Our study was to examine and analyze the 
climate variability and relationship to vegetation in Garamba National Park 
of the Democratic Republic of the Congo over the past 30 years (1990 to 
2020), then to relate the climatic variables. Mann Kendall’s non parametric 
test, ANOVA, and p-value tests are used to analyze existing trends and rela-
tionships between vegetation cover, climatic factors, land surface temperature 
(LST) and normalized difference in temperature Vegetation index (NDVI), 
Enhanced vegetation index (EVI) in Garamba national park which is of par-
ticular importance for the network of protected areas of the Democratic re-
public of Congo because its position at the northern limit of the savan-
na-forest mosaics gives it a unique biodiversity. The southern part of the park 
is dominated by grassy shrub savannas. The results showed that: 1) In Ga-
ramba, the monthly correlation coefficient of Kendall and Pearsan between 
temperature and precipitation are negative respectively 0.763 and −0.876 
(p-value < 0.00001). 2) Annually during the three decades in Garamba, the 
correlation between precipitation and NDVI is significant 0.416 (Kendall) 
and 0.496 (Pearsan); the same between precipitation and EVI 0.291 (Kendall) 
and 0.496 (Pearsan) while LST and precipitation are negatively correlated 
(p-value < 0.00001). 
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1. Introduction 

The Democratic Republic of Congo presents Congolese forests as a public herit-
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age, essential for the survival of millions of the world’s poorest people, and for 
the global environment. It examines the mismanagement liabilities of these fo-
rests prior to independence [1] and the tensions related to post-conflict recov-
ery. It highlights the risk that forests will continue to be exploited for personal 
gain, and that the inhabitants of these forests, the country and the global envi-
ronment are in these respect victims of peace. Against this backdrop, this thesis 
targets problems that could cause irreversible damage to society and the envi-
ronment, or jeopardize future profits. It also illustrates the risk of inaction [2]. 

The forests of the DRC cover approximately 145 million hectares (85 of which 
are densely forested) out of a total area of 235 million hectares, or 62% of the na-
tional territory. It is the second largest tropical forest in the world after the 
Amazon, accounting for 2/3 of the total forest mass of the Congo Basin, which is 
in the tropical zone. According to the summary forest map of [3], currently 
DIAF, the DRC has 1,280,042.46 km2 of forest formations. These cover about 
54.59% of the total area of the national territory estimated at 2,345,000 km2. 
Dense rainforests represent about 60% of all forests [4]. [5] estimates that the 
forest cover has decreased from the former and currently represents a forest area 
of 154,135,000 ha. This evidence is also corroborated by [6]. But, considering the 
work undertaken by [2], the forest cover would be 145 million hectares. 

Therefore, a general picture of the current state of vegetation cover in Ga-
ramba National Park by remote sensing using indices recognized under the 
names as Normalized difference vegetation index NDVI and Enhanced vegeta-
tion index EVI is an effective way to analyze the vegetation trend over the past 
10 to 30 years. This vegetation index bears a numeric value to which can relate to 
land use and land cover (transformation of the land surface relative to the profit 
that man draws from this soil for a specified period) or the occupation of the 
land which can like India, the effectiveness of remote sensing in the fight against 
land degradation and as a tool to aid the decision-making process by political 
leaders has been demonstrated time and time again. Thus, the decision-making 
process must include scientific results and results as well as social needs for ho-
listic resource management and avoiding conflicts due primarily to unfair man-
agement of society and nature [7]. Despite the accepted statutes suggesting that 
academic work is theoretical and far from political reality, it remains very im-
portant to take into account research findings that identify the needs of the pop-
ulation under particular climatic conditions to meet the crucial challenge of sus-
tainable development in Africa and in particular in the Democratic Republic of 
Congo respond to a particular vegetation type. 

The development of forestry should focus on the generalization of participa-
tory approaches in all forestry activities, in a systematic effort to adequately meet 
both rural and industrial needs, both local and national [8]. The DRC, one of the 
most forested countries in the world, is not far behind, it has joined this effort to 
test this tool for development and fight against poverty and food insecurity in 
the world rural. With the support of its multinational and bilateral partners, she 
has carried out various experiments on several sites within the framework of 
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projects executed by FAO. Many studies have been conducted by different fore-
stry research institutions [9]. 

Some previous studies have proved that the variation of the temperature fol-
lows the trend of NDVI [10] and the other found that precipitation is the limit-
ing factor of NDVI dynamic. Therefore, several methods have been proposed to 
measure and analyze the relationship between the plant biomass by using remote 
sensing [11]. This correlation study is remote sensing [11]. Forestry is thus al-
most summoned to contribute significantly to the solution of the problems of 
environmental degradation and rural poverty. Therefore, it becomes imperative 
to involve fully and directly populations that are both actors and beneficiaries of 
activities forestry [12]. 

To address the challenge of the vegetation variability in this work, the follow-
ing several statements were formed: 

1) Are there any changes in vegetation and in DRC and Garamba national 
park? 

To address the challenge of the vegetation variability in this work, the follow-
ing several statements were formed: 

2) Is there any relationship between vegetation and land surface temperature 
in Garamba National Park? 

There are significant changes in vegetation cover in Garamba National Park in 
past 30 years, and these dynamics related strongly with climatic factors such as 
temperature. 

Estimates of the total area of cover Democratic republic of Congo’s foresters 
vary according to the various Sources. This seems to be due to the fact that there is 
no forest inventory yet Systematic. The change in estimates would be due, on the 
one hand, to the difference methods used, and on the other hand, at times of ob-
servations made. As an illustration, according to the DRC forest map issued by the 
Directorate Inventories and Forest Developments (DIAF) of the Ministry of the 
Environment, Nature Conservancy and Tourism (MECNT), the forest would oc-
cupy an area 1,280,042.46 sq km, representing 56.59% the total area of the national 
territory, itself estimated at 2,345,000 sq km. The document reporting the forests 
of the Congo Basin in 2008 estimates that the forest area of DRC to 155.5 million 
hectares on an area 2,329,374 sq km of the national territory, 67% of the DRC’s 
national territory [13]. This estimate of the DRC’s forest [14] area is broadly con-
firmed by the work of [15] as part of the Forest Atlas Global Forest Watch and 
MECNT. [5] estimates that forest cover has increased recorded a decrease com-
pared to the first few statistics, and that it currently represents 154,135,000 hec-
tares of forest area. This statistics is also corroborated by [6]. But, taking into ac-
count the work committed by [2], forest is said to be 145 million hectares. 

In Democratic republic of Congo; the climates and the vegetation determine 
four distinct zones: Equatorial type zone in the central basin; two tropical type 
zones favorable to wooded savannah and a dense forest and a zone at altitude, 
less hot and less watered, to the east and the south east. 
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Natural borders limit the Park on three sides and present considerable advan-
tages from the point of view of its protection. To the south, it is bounded by the 
Dungu River, which, joining the Kibali, will form, further downstream, the Uele; 
to the west, the Aka River, a tributary of the Dungu, borders it over its greatest 
length, while to the west, the upper course of the Garamba river determines, in 
large part, its territory. 

Unfortunately, a large breach is opening in this protective device in the North 
and North-East. The Sudanese border constitutes, in this part, the northern lim-
it; it is formed there by the ridge dividing the waters of the Congo and the Nile. 

By its nature, the regional morphology is uncomplicated. The whole of the 
Garamba National Park is made up of a wavy pen plain [16], with a low slope, 
oriented in the North-East-South-West direction. This leveling surface belongs 
to the flats of the Congo-Nile crest; resulting from a primitive pen plain, dating 
from the Tertiary era, it was subjected later, and in particular during the Pleisto-
cene, to cycles of intense erosion corresponding to the digging of the valleys. Its 
altitude is 710 m at the bridge over the Dungu and Kibali rivers in Dungu, from 
where it rises some 150 m, through a series of valleys, to end at a rocky thre-
shold, a presumed consequence of the buckling that affected the entire center. 
Most likely this uprising was at the origin of the modification of the hydro-
graphic basins. We can, in fact, suppose that the hydrographic network of the 
Uele once flowed into the Chad basin [17]. 

Garamba national park was also designated as a world heritage site by UNESCO 
in 1980, the park used to have the largest concentration of elephants numbering 
20,000 in the early 60s and 70s by 2017 there were only 2000 elephants in the 
park. Garamba National Park is home to over 1000 species of trees. 5% of this is 
endemic to this area. The park is fed by three rivers; river Garamba, river Dungu 
and river Aka, it’s located near the border of Congo and South Sudan. 

The park covers three different biomasses: gallery forest with forest clumps 
and swamps, aquatic and semi-aquatic environments, and savanna. The savanna 
has an amazing range of dense woodlands and nearly treeless grasslands. The 
center of the park is a long grass savanna that covers most of the park. 

We analyze the impact of climatic variability on the vegetation of Garamba 
National Park over three decades. 

This study allows us to explore climatic variations and drivers between cli-
mates. It also provides an opportunity to study the effects of climate variability 
on the environment and health. It fills gaps in research on Garamba National 
Park by combining climate and vegetation variation using NDVI, LST, EVI data 
to clarify the relationship between vegetation and climate change under tropical 
climate conditions. 

2. Materials and Methods 
2.1. Study Area 

The site in which the experimental plots of this study will be installed is the Ga-
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ramba National Park (Figure 1) with an area of 4900 km2 is located in the 
Northeast of the Democratic Republic of Congo, and shares its northern border 
with South Sudan. The 4900 km2 Garamba National Park is located in the 
north-east of the Democratic Republic of Congo, and shares its northern border 
with South Sudan; 3˚45'N - 4˚41'N, 28˚48'E - 30˚00'E, altitude: 710 - 1061 m; 
framed by the 29th and West meridians, while, from South to North, it stretches 
between parallels 3˚8' and 4˚4' North, over an area estimated at 4900 km2 by the 
gravimetric method. 

It is surrounded by 3 hunting areas namely: (Figure 2) 
1) The Hunting Estate of GangalanaBodio (2652 km2) 
2) The Azandé Hunting Estate (2892 km2) 
3) The Mondo Missa Hunting Estate (1983 km2) 

 

 
Figure 1. Garamba National Park. 
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Figure 2. Garamba Park and hunting areas. 

2.2. Data Collection 

We used climate data available from official websites such as  
(http://earthexplorer.usgs.gov/; http://www.nasa.gov/;  
https://ee-api.appspot.com/; climate engine to collect the data necessary for our 
research. 

2.3. Trend Analysis 

This correlation study is performed based on the regression analysis. Therefore, 
by the regression method which equation remains 

y ax b= +                           (1) 

where y is the variable to be explained (mostly the leaves or in certain case the 
dry matters) and x representing the explained variable, a and b the coefficient of 
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regression [18], the correlation can be searched and mathematically analyzed for 
concrete findings and quantification. 

This regression method makes it possible to establish the correlation between 
the dependent variables and the independent variables of the series of our analy-
sis. To determine this correlation, graphics and software were needed in the 
work. 

Kendall’s Tau is a correlation suitable for quantitative and ordinal variables. It 
indicates how strongly two variables are monotonously related: to which extent 
high values are on variable x are associated with either high or low values on va-
riable y? 

We chose Mann Kendall’s nonparametric method to assess the significance of 
these trends. How to detect them? Intra-annual changes and inter-annual changes 
consider a time series with n records of observations each year for m years. Let {i, 
t} X = X be the observation value (for example, NDVI, EVI) at date t of year i with 

{ }1,2, ,i M m∈ =   and { }1,2, ,t T n∈ =  , where n is the number of records 
in each year. The absolute difference { }1, , , ,i i tD D i M t T−= ∈ ∈  is calculated 
between the two years of each date t as (2). 

1, , 1, ,–i i t i t i tD X X− −=                       (2) 

Shifting from one type of land cover to another will lead to a dramatic change 
greatest value of D at the time of the change. This jump should not occur on just 
one date but also the following days with a similar larger difference. It’s because 
a change in land cover is likely to be of low frequency over a period and distinct 
recurring intra-annual variations. 

Where κ is a threshold and p* is the smallest number of records showing a 
deviation after the date of change. We have determined that p* is 3, based on 
some trial and error experience. 

The threshold κ is calculated by multiplying a scale factor (β) and the maxi-
mum of the absolute difference 

( )max : maxD K Dβ= ⋅                      (3) 

where the value of the scale factor β is determined during the learning process. 
−1 and i will be used to calculate D and tested according to the two criteria of 

Equation (3) [19]. To know and quantify how obvious each trend appears, prin-
ciple MK is often used. The MK method is suitable for nonparametric values of 
the data. In this case, the number of observations from 1990 to 2020 is equiva-
lent to 30 years of observations in the Democratic Republic of the Congo in gen-
eral and the Garamba National Park in particular. 

The Mann-Kendall Test is used to determine whether a time series has a mo-
notonic upward or downward trend. It does not require that the data be nor-
mally distributed or linear. It does require that there is no autocorrelation [20]. 

The null hypothesis for this test is that there is no trend, and the alternative 
hypothesis is that there is a trend in the two-sided test or that there is an upward 
trend (or downward trend) in the one-sided test. For the time series 1, , nx x . 
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The MK Test uses the following statistic: 

( )1
1 1

n n
j ii j kS sign x x−

= = +
= −∑ ∑                    (4) 

Note that if S > 0 then later observations in the time series tend to be larger 
than those that appear earlier in the time series, while the reverse is true if S < 0. 

The variance of S is given by 

( )( ) ( )( )1 1 2 5 1 2 5
18 t t t

t
var n n n f f f = − + − − +  

∑           (5) 

( ) ( )( )1 2 5
18

n n n
Var S

− +
=

 
When S > 0, values measured later trend to be higher than earlier values 

showing growth. 
When S < 0, other values are smaller than earlier values showing a downward 

trend. Therefore, when the value of S is smaller, no trend is observed. The MK 
Test uses the following statistic: 

( )1 2
Sr

n n
=

−
                         (6) 

where t varies over the set of tied ranks and ft is the number of times (i.e. fre-
quency) that the rank t appears. 

The MK Test uses the following test statistic: 

( )

( )

1 , 0
0, 0

1 , 0

S se S
z S

S se S

− >


= =
 + <

                     (7) 

( )
1Sz

Var S
−

=  for 0S ≥  

0z =  for 0S =  

( )
1Sz

Var S
+

=  for 0S ≤  

where se = the square root of var. If the there is no monotonic trend (the null 
hypothesis), then for time series with more than 10 elements, ( )~ 0,1z N , i.e. z 
has a standard normal distribution. 

τ has a range of minus one to plus one and is similar to quantifying the rela-
tionship between two factors. This case is used when there is a proof of a link 
between these components shown by a value of “τ” other than zero [21]. If and 
an obvious trend is found, the variation can be calculated using Sen’s slope fac-
tor for the estimate. 

Yj Yjmedian
Xj Xj

β
 −

=  − 
                      (8) 

The “p-value” of M-K describes the distribution function and the dispersion 
of the values reported by [22] in 2002. 
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When the values are constant, z evolves with a zero mean. When z > 0 there is 
growth and when z < 0 there is no growth and it decreases. 

Where cumulatively describes the distribution function of a standard normal 
variant (SNV). 

2 1P Z=  −                            (9) 

3. Results 
3.1. Correlation between Monthly Temperature and Monthly  

Precipitation at Garamba 

Table 1 shows the average precipitation and maximum temperatures over a year 
in Garamba National Park. This table will serve as a guide for the completion of 
our work. 

The regression of precipitation is linear as shown in Figure 3 because the va-
riability of precipitation is incredible from March to November. August is con-
sidered being the peak of this variation with an average precision of 132 mm. 

Figure 4 shows the monthly temperature change in Garamba Park, there is a 
drop in temperature from May to October. 

In Garamba National Park, the more the temperature increases, the more pre-
cipitation decreases and vice versa as shown in Figure 5 which shows a positive 
linear regression between temperature and precipitation with R2 = 0.767.The 
correlation between coefficients of Kendal and Pearson respectively −0.763 and 
−0.876. This correlation is negative. 

Sub Discussion 
The Democratic Republic of Congo is famous of the country is that of having a 
hot and humid climate over the greatest extent of its territory and abundant  

 
Table 1. Correlation between monthly temperature and monthly precipitation at Ga-
ramba. 

Month Monthly temperature (˚C) Monthly Precipitation (mm) 

Jan. 35 10 

Feb. 36 23 

Mar. 35 63 

Apr. 33 86 

May 30 85 

Jun. 28 103 

Jul. 27 121 

Aug. 27 132 

Sep. 28 90 

Oct. 28 122 

Nov. 31 74 

Dec. 33 19 
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Figure 3. Garamba Monthly precipitation. 

 

 
Figure 4. Garamba Monthly Temperature. 

 

 
Figure 5. Garamba regression monthly precipitation. 
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rainfall, which is found in the equatorial and humid tropical zone. Indeed, the 
country extends unevenly, straddling the Equator roughly up to 5˚ north latitude 
and 13˚ south latitude. 

At the equator, the thermometer only rarely drops below 20˚C. On the peri-
phery, on the contrary, the nights are colder. In the northeast, east and south-
east, regions of plateaus and mountains, the altitude changes the climatic condi-
tions considerably. The temperature is on average 25˚C around the basin, 26˚C 
on the coast, 18˚C to 20˚C at an altitude of 1500 meters, 16˚C to 17˚C at 2000, 
11˚C at 3000 meters and 6˚C at 4000 meters. 

The influences of the seasons on the growth of vegetation are very important 
for a better conservation of nature. Observing the images got from NASA, Me-
teosatetc of the environment shows forests in a patchy fashion. The real-time sa-
tellite image combines visible light during the day and infrared radiation at 
night. At night, the image is not dark because infrared radiation can detect tem-
perature differences. Unfortunately, low clouds and fog are difficult to distin-
guish from ground temperatures and therefore can be almost invisible at night. 

Precipitation is estimated from radars and satellites. The calculations of preci-
pitation for the night by the satellite are less precise than for the day. 

Predictability is the estimated certainty of our forecast. It considers the uncer-
tainties in relation to pressure, precipitation, temperature, wind, and large-scale 
phenomena and climatic inconsistencies. We expect constant high or very high 
predictability in regions of high pressure and places of low climatic variance 
(such as deserts). Predictability is lower for low pressure phenomena, such as 
heavy precipitation events and thunderstorms. Our goal is to show that some 
weather events are not so easy to predict and that some forecasts may be wrong 
or may change completely within 12 hours. 

Table 1 shows that the monthly regression between temperature and precipi-
tation is 0.767 while table (Appendix A2; Appendix A3) also shows that the 
correlation coefficient between precipitation and temperature is negative −0.876 
for the Pearson correlation and −0.763 for the Kendall correlation [−0.876 and 
−0.763 is correlation significant at the 0.01 level (2_tailed)]. 

During the last ice ages, the average temperature of the Earth’s atmosphere at 
ground level was 4˚C to 5˚C lower than the current average, while some tropical 
areas had average temperatures about the same as they are now. 

Maximum temperatures are expected to rise more than minimum and more 
than average. In addition, annual average precipitation will decrease over most 
of the Mediterranean region. This significant drop in rainfall should be between 
−4% and −27%. 

The Democratic Republic of Congo included, in principle, two seasons dry 
and rain. The same way throughout the territory and is neither equal in terms of 
duration. In the northern part of the country, the rainy seasons last from April 
to the end of June and from September to the end of October. The dry seasons 
last from early November too late March (large dry season) and from early July 
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to late August (short dry season). South of the equator, the rhythm of the sea-
sons is exactly reversed. In the mountainous regions of the east, the two dry sea-
sons last only one month, in January and July. In southern and southeastern Ka-
tanga, the rainy season begins in mid-October and continues until mid-May. In 
North Katanga and South Kasai, the rains start in early October and end at the 
end of April, but there is a short dry season in January. The water deficit results 
from increased decrease in precipitation and evaporation causing the vegetation 
to dry out leading to soil degradation. To fight against this degradation of the 
soil, it is necessary to carry out several studies on the variation of the vegetation 
which is effective to detect the factors limiting the vegetation growth in this park 
and its province of Haut Uele. 

3.2. Correlation between NDVI, EVI, LST and Precipitation  
at Garamba 

To improve our work, we have used remote sensing techniques as vegetation in-
dices have become an increasingly important instrument and used to assess 
landscape units. some indices such as NDVI, EVI are very important tools in the 
study of the behavior of vegetation under the most different climatic conditions, 
notably in the Democratic Republic of the Congo in general and the Garamba 
National Park in particular. This study allowed us to assess the influence of pre-
cipitation on the behavior vegetation preserved in Garamba national park 
through vegetation indices using satellite images. 

3.2.1. NDVI at Garamba 
Figure 6(a) and Figure 6(b) show the importance and evolution of Normalized 
difference vegetation index inGaramba National Park during the three decades. 

Given the variability of the time steps at which the different types of changes 
can be observed reflecting the vegetation dynamics of the savannas, it is advisa-
ble to use a series of satellite images with high temporal repetitiveness as long as 
possible. In addition, the great spatial heterogeneity of the structure of the sa-
vannas necessitates the use, among the images with high temporal repetitiveness, 
those exhibiting the finest spatial resolution in the spectral bands required for 
the measurement of NDVI. 

In a remote sensing approach, all these transformations are not observed at 
the same scale. At the scale of the spatial resolution of images with high tempor-
al repeatability, several studies have shown the ability of NDVI to serve as indi-
rect data to measure biophysical variables characterizing the state of the plant 
cover (rate of plant cover, green biomass produced). The analysis of intra- and 
inter-annual variations of NDVI makes it possible to measure the changes relat-
ing to a modification of these physical variables. 

3.2.2. EVI at Garamba 
Figure 7(a) and Figure 7(b) show the importance and evolution of enhanced 
vegetation index in Garamba National Park during the three decades. 
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Figure 6. (a) Garamba NDVI; (b) Garamba Regression NDVI. 

 
During our writing, EVI was optimized for us in order to improve the de-

scription of the variability in the case of high biomasses, and is therefore more 
revealing of the variations in the structure of the vegetation cover. Based on the 
multispectral nature of satellite data, they make it possible to describe the state 
of a phenomenon. A vegetation index, for example, can reflect the stage of plant 
growth at a given time. 

Based on the multispectral nature of satellite data, they make it possible to de-
scribe the state of a phenomenon. A vegetation index, for example, can reflect 
the stage of plant growth at a given time. 

All indices, whether vegetation indices, soil indices, water column indices, 
etc., are based on an empirical approach based on experimental data. Vegetation 
indices are widely used, on the one hand, to identify and monitor vegetation 
dynamics, but also to estimate certain biophysical parameters characteristic of 
plant cover, such as biomass, leaf area index, photosynthetic radiation fraction, 
active, etc. 
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Figure 7. (a) Garamba EVI; (b) Garamba Regression EVI. 

 
In remote sensing, indices are part of processing methods called multispectral 

transformations. They consist in converting the luminance’s measured at the 
level of the satellite sensor into quantities having a significance in the field of the 
environment. 

3.2.3. LST at Garamba 
Figure 8(a) and Figure 8(b) show that there has been a progressive evolution of 
the temperature from the surface of the ground to the national park of the Ga-
ramba during these 3 decades. 

3.2.4. Precipitation at Garamba 
When rains fall on land covered by forest, the first effect of the forest is intercep-
tion. Depending on the nature of the rain and the density of the vegetation, a va-
riable quantity of water is retained by the leafy canopy of the forest and evapo-
rated into the atmosphere without reaching the ground. Precipitation plays a  
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Figure 8. (a) Garamba LST; (b) Garamba Regression LST. 

 
very important role in vegetation, Figure 9(a) and Figure 9(b) show us its evo-
lution as a climatic factor within the Garamba national park. 

3.2.5. Correlation between NDVI and Precipitation at Garamba 
At Garamba, we found that the correlation between NDVI and precipitation in 
is significant because p < 0.05. The linear regression is positive (R2 = 0.082). 

The Kendall coefficient between NDVI and precipitation is 0.416 and the 
Pearson coefficient is also 0.496. These two correlation coefficients made it 
possible to achieve the same results by different means (Figure 10). The value of 
these two coefficients shows that the onset of precipitation generally seems to act 
as a stimulant for vegetation in regions where the amplitude of the annual tem-
perature cycle is small. In areas where the onset of the rainy season is sudden, 
vegetation tends to lag behind rainfall. 

3.2.6. Correlation between LST and Precipitation at Garamba 
In Garamba we saw that the correlation between LST and precipitation in is not  
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Figure 9. (a) Garamba precipitation; (b) Garamba regression precipitation. 

 

 
Figure 10. Correlation between NDVI and precipitation at Garamba. 
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significant because p is not greater than 0.05 (Figure 11). Linear regression is 
negative (R2 = 0.082). 

The Kendal’s coefficient between LST and precipitation is −0.301 and the 
Pearson coefficient is also −0.293. These two correlation coefficients made it 
possible to achieve the same results by different means. 

3.2.7. Correlation between EVI and Precipitation at Garamba 
Figure 12 shows that the correlation between EVI and precipitation is signifi-
cant because p < 0.05. The Kendal’s coefficient between EVI and precipitation is 
0.291 and the Pearson coefficient is also at 0.395. EVI is an optimized index de-
signed to improve vegetation signal with improved sensitivity in high biomass 
areas and improved vegetation monitoring through decoupling of the canopy’s 
background signal and reduced influence of the atmosphere. 

 

 
Figure 11. Correlation between NDVI and Precipitation at Garamba. 

 

 
Figure 12. Correlation between NDVI and Precipitation at Garamba. 
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4. Discussion 

The different correlations between climatic factors and vegetation indices at the 
national level of Garamba during these three decades have an exceptional impact 
on the development of this park dominated by savannah [23] [24]. It can be seen 
that in this part of the country the whole correlation between NDVI and preci-
pitation or EVI and precipitation is significant and the correlation between land 
surface temperature and precipitation is not significant. This observation means 
that under tropical climatic conditions, NDVI relates to the availability of water 
under certain conditions and not under other conditions [25] [26]. 

We see an incredible variation in the vegetation index during these three dec-
ades in the province of Haut Uele at the national level and Garamba national 
park at the local level. The correlations of the Kendal coefficient between NDVI 
and precipitation is 0.416 (significant), EVI and precipitation 0.291 (significant) 
(p-value < 0.00001), LST and precipitation −0.301 (no significant) while the 
Pearson correlation coefficient between NDVI and precipitation is 0.496, EVI 
and precipitation 0.395; LST and precipitation −0.293. Vegetation dieback can 
exacerbate land degradation through feedback between the soil surface and the 
atmosphere. This occurs when a decrease in vegetation reduces evaporation and 
increases the radiation returned to the atmosphere, reducing cloud formation. 
Many factors, natural or man-made, determine the Earth’s climate. The climate 
depends on the redistribution of the energy of the Sun, according to the atmos-
pheric and oceanic currents. Climates largely depend on latitude, longitude and 
altitude. 

Certain combinations such as changes in vegetation index and climate varia-
bility can lead to rich data capable of suggesting how to deal with climate change 
through plant ecology. Vegetation dynamics and climate variability are based on 
principles study of correlation and regression by analyzing of climate related to 
vegetation and vice versa [27]. 

5. Conclusions 

Ecology designates the production of plant organic matter (biomass), resulting 
from photosynthesis, by autotrophic organisms, known as primary producers. It 
reflects the rate at which an amount of organic matter is formed per unit of time, 
from mineral matter and an input of energy. It is expressed as the mass of car-
bon assimilated per unit of time. 

Modeling the potential production of the different areas of the planet makes it 
possible to estimate what the plant production would be without human inter-
vention. This considers current climatic data and the potential resources of a soil 
and an under graded atmosphere. Temperature is one of the main factors go-
verning plant productivity. Along with water availability, temperature is one of 
the major factors limiting the productivity of terrestrial ecosystems. The tem-
perature of the air and of the plants is subject to strong seasonal and daily varia-
tions which are parallel to the amount of solar energy reaching the surface of the 
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ground: the rapid changes in the temperature of the leaves, as measured during 
one day, usually follow the variations in sunshine [28]. Plants respond to 
changes in temperature by immediately adjusting their activity to new condi-
tions. When the changes in the thermal climate are persistent, the adjustments 
involved involve more or less rapid and lasting changes in the metabolism. Pho-
tosynthesis involves diffusion processes, complex biochemical reactions and the 
capture of light energy with its transformation into usable energy: [29] [30]. 
Temperature affects photosynthesis in the short and long term. Plants can, to 
varying degrees, acclimatize to long-lasting temperature changes: in all cases the 
temperature at which the maximum photosynthetic activity is observed follows 
the temperature of growth. Climate variability as a phenomenon has long been 
studied and characterized. The most important question, both for Africa and in 
other regions of the world, is the search for explanatory factors. Most of the cli-
mate studies carried out were limited to the analysis of annual or monthly rain-
fall data by [31]. 

There is a probable link between climatic factors and green plants according 
to [32]. Several studies show gaps concerning suitable analyses capable of con-
firming the existing relation between vegetation trends and climatic impacts. 
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APPENDIX A1. Correlation between NDVI, PRECIPITATION, 
EVI and LST/GARAMBA 

Correlation between NDVI, PRECIPITATION, EVI and LST/GARAMBA 

YEAR NDVI PRECIPITATION (mm) EVI LST 

1990 0.3812 1149.184 0.2951 14.3872 

1991 0.4510 723.8128 0.3893 17.2671 

1992 0.2183 1267.64 0.4382 15.4527 

1993 0.4321 1244.511 0.4825 20.2561 

1994 0.5378 1206.991 0.448 18.7894 

1995 0.1644 948.7459 0.1163 27.6999 

1999 0.4701 1100.904 0.4183 15.1699 

2000 0.3551 775.678 0.3002 22.9095 

2001 0.4859 1032.866 0.444 22.654 

2002 0.4981 845.761 0.4372 26.1623 

2003 0.4161 917.734 0.3555 20.7064 

2004 0.5049 1181.692 0.4297 23.712 

2005 0.3302 988.991 0.2539 25.9644 

2006 0.4967 723.65 0.4646 22.5386 

2007 0.3978 1266.317 0.3641 21.5093 

2008 0.5696 1299.119 0.4796 20.8573 

2009 0.5307 1315.779 0.4717 22.4468 

2010 0.5088 1258.283 0.4653 21.2988 

2011 0.3852 866.965 0.3203 24.9311 

2012 0.4119 839.949 0.3105 27.6051 

2013 0.5524 1293.898 0.5318 21.9881 

2014 0.5426 868.932 0.4881 23.5373 

2015 0.5375 1057.88 0.513 23.2406 

2016 0.5253 1021.519 0.4613 24.9969 

2017 0.5598 1188.4 0.4971 22.5496 

2018 0.4958 1049.5 0.4125 23.7388 

2019 0.6233 1559.001 0.5648 22.8706 

2020 0.5806 1006.8 0.4949 20.8012 
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Appendix A2. Monthly Non Parametric Correlations 

Garamba Monthly Non Parametric Correlations 

 
Monthly 

Precipitation 
(mm) 

Monthly 
Temperature (˚C) 

Kendall’s 
tau_b 

Monthly 
Precipitation 

(mm) 

Correlation coefficient 1.000 −0.763 

Sig (2_tailed)  0.001 

N 12 12 

Monthly 
Temperature (˚C) 

correlation coefficient −0.763 1.000 

Sig (2_tailed) 0.001  

N 12 12 

Appendix A3. Garamba Monthly Correlation Analysis 

Garamba Monthly Correlation Analysis 

 
Monthly Precipitation 

(mm) 
Monthly Temperature  

(˚C) 

Monthly Precipitation 
(mm) 

Pearsan’s correlation 1 −0.876 

Sig (2_tailed)  0.000 

N 12 12 

Monthly Temperature (˚C) 

Pearsan’s correlation −0.876 1 

Sig (2_tailed) 0.000  

N 12 12 

Appendix A4. Garamba Non ParametricCorrelations 

Garamba Non Parametric Correlations 

 
Precipitation 

(mm) 
LST EVI NDVI value 

Kendall’s tau_b 

Precipitation 
(mm) 

correlation coefficient 1.000 −0.301 0.291 0.416 

Sig (2_tailed)  0.030 0.069 0.009 

N 28 28 28 28 

LST 

correlation coefficient −0.301 1.000 0.019 −0.035 

Sig (2_tailed) 0.030  0.0911 0.833 

N 28 28 28 28 

EVI 

correlation coefficient 0.291 0.019 1.000 0.400 

Sig (2_tailed) 0.069 0.0911  0.038 

N 28 28 28 28 

NDVI value 

correlation coefficient 0.416 −0.035 0.400 1.000 

Sig (2_tailed) 0.009 0.833 0.038  

N 28 28 28 28 
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Appendix A5. Garamba Correlation Analysis 

Garamba Correlation Analysis 

 
Precipitation 

(mm) 
LST EVI NDVI value 

Precipitation 
(mm) 

Pearsan’s correlation 1 −0.293 0.395 0.496 

Sig (2_tailed)  0.131 0.038 0.007 

N 28 28 28 28 

LST 

Pearsan’s correlation −0.293 1 0.059 0.065 

Sig (2_tailed) 0.131  0.766 0.744 

N 28 28 28 28 

EVI 

Pearsan’s correlation 0.395 0.059 1 0.400 

Sig (2_tailed) 0.038 0.766  0.035 

N 28 28 28 28 

NDVI Value 

Pearsan’s correlation 0.496 0.065 0.400 
 

1 

Sig (2_tailed) 0.007 0.744 0.035  

N 28 28 28 28 
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