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Abstract 
Lamto Reserve area is a savannah landscape threatened by periodic drought, 
and anthropogenic activities leading to natural ecological imbalance. The eco-
logical support services of the landscape had been significantly impacted by 
the grassland ecosystem. The Breaks for Additive Season and Trend Algo-
rithms have been implemented in R to analyze the land cover/land use dy-
namic in relation to the climatic driver of Lamto forest from 2000 to 2020. We 
examine the vegetation state breaks using vegetation phenological patterns, 
and several time series including the Normalized Difference Vegetation Index 
and the Enhanced Vegetation Index, were studied utilizing Breaks for Addi-
tive Season and Trend. The findings indicate that the phenological changes in 
the vegetation in 2020 resulted from an increased temperature from (27.7˚C) 
to (32.17˚C), and a decrease in precipitation (71.75 millimeters). The analysis 
of variance ANOVA of the non-parametric Mann-Kendall test reveals a strong 
correlation between Precipitation/Evapotranspiration Grass (p < −0.413), Tem- 
perature/Evapotranspiration Grass (p < 0.311), and Temperature/Normalized 
Difference Vegetation Index (p < −0.468). The findings show that the breaks 
in vegetation detected by the Breaks for Additive Season and Trend Algorithms 
were caused by temperature extremes and reduced rainfall. 
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1. Introduction 

Savannah ecosystem represents approximately one-fifth of the world’s land area 
and almost half of the African landscape [1] [2]. These environments occupy an 
important place in the ecosystems of tropical warm regions: cover vast areas in 
both the southern hemisphere and the northern hemisphere. Moreover, the rela-
tionship between the periodic passing of bushfires and the presence of trees and 
grasses has significant originality and poses biological problems for conservation 
and management. Savannahs are becoming increasingly important economical-
ly, as for many tropical ecosystems, in Africa, However, understand the prin-
ciples that govern the use in agriculture, for animal husbandry. This theoretical 
and applied interest has revived research efforts in recent years, cumulating in 
several publications. 

Nevertheless, literature savannah ecosystem is limited. These biocenoses pro-
vide a wide range of essential ecosystem services, including carbon sequestra-
tion, water recharge, soil stability, meat and dairy production, firewood, water 
supply and sanitation, tourism, and recreation [3]. Furthermore [4], African sa-
vannas have rich biodiversity and provide habitat functionality for migratory 
populations.  

With the projected increase in these climate extremes as a result of future cli-
mate change [5], it is critical to have up-to-date information and knowledge of 
the severity and patterns of these ecological impacts, which become crucial be-
cause of extremes in terms of climate variables re not always associated with 
their result [6]. 

Nevertheless, the savannah ecosystems face degradation due to changes in 
land use, climate change, and stewardship regimes [7] [8]. 

However, in remote sensing, detection change can be defined as the difference 
between “two points in time”, which can be discovered by comparing images of 
the same place taken at two different times [9]. Many authors addressed environ-
mental change detection [10]-[15]. The unique advantage of remote sensing is that 
it allows monitoring the gradual and continuous changes [16] [17] over time [18].  

A time series is a collection of images of the same area taken over time. These 
statistics assist us in understanding how environmental change happens in vari-
ous ways, with varying causes and durations, for a more in-depth examination. 
These methods operate with time-series images by computing different charac-
teristics per pixel and then incorporating these features into standard machine 
learning processes. Methods of bitemporal analysis attempt to identify and ana-
lyze differences between two observations. Image difference ratio [19] [20] and 
change vector analysis [21] are examples of methods. Other methods families are 
devoted to the study of image time series. The majority of them are based on a 
categorization that has evolved through time. One method examines radiometric 
trajectories [22]. These methods use time series analysis [23] to assess changes in 
the look of the ground over time (e.g., season, vegetation development [24] as 
well as the date sequence. There are many methods for analyzing data to identify 
patterns, and spectral analysis approaches are described in more detail below. 
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Recently, a new method for classifying remote sensing images and creating land 
cover maps has been explored. Random Forest, Artificial neural networks, BFAST, 
and other methods are examples of these methods. 

According to [25], the application of the BFAST method boils down to the 
decomposition of image time series data for the detection of different types of 
structural changes and modifications (breakpoint) operated in the trend and 
seasonal components to pinpoint and identify changes in the land cover.  

In recent years, several authors have become increasingly interested in land 
cover assessment, monitoring, and detection studies through the use of Mod-
erate Resolution Imaging Spectroradiometer (MODIS) time series data [22] [26] 
[27] [28] [29] [30]. This method seems to be the most advantageous compared 
to the classical image processing technique based on a small number of images, 
usually two images on which the study is based. The BFAST algorithm metho-
dology [22] [31]; is increasingly employed in almost all fields of environmental 
studies. This algorithm allows for better and more accurate detection of structural 
changes, especially in the detection of ecosystem disturbances such as droughts, 
fires, and vegetation changes [31] [32] [33]; in the agricultural [34] and forestry 
landscapes [35] [36]. 

Furthermore, [37] argues that the use of time series of long-term satellite im-
agery is suitable for assessing vegetation dynamics at the regional or even na-
tional scale. In addition, in the context of the climate crisis and significant socio- 
economic challenges, the preservation and safeguarding of ecosystems remain 
essential issues. World Bank projects a 2˚C increase in average temperature by 
2050, with varying rainfall and a 30cm rise in sea level along the coast. The con-
sequences of this temperature rise can have severe consequences for ecosystems 
and make them vulnerable. Despite the importance of savannah ecosystems in 
maintaining and regulating biogeochemical cycles, it is essential to understand 
the origin of the disturbances in these environments and their evolution. 

For this reason, this study chose the Lamto reserve and its surroundings as the 
ideal environment for this study. Many authors have shown that NDVI is essen-
tial for change detection [38] [39] [40], but only in savannah biomes. Aside from 
that, some research conducted by authors such as [41] [42] has found alterations 
in nutrient cycling in arid savannahs and grasslands, which lack the thick tree 
cover that saturates laser visual imaging signals. As a result, they discovered that 
ecosystem structure and function changes substantially impacted the normalized 
difference vegetation index (NDVI). Therefore, this study combines the BFAST 
algorithm, vegetation indices, and climate parameters to detect and explain chan- 
ges within the study area. According to several studies, extreme weather events 
negatively influence savannah ecosystems [43] [44] [45] [46]. There is a food 
shortage in Africa, where savannah regions are very susceptible to extremes tem-
peratures [47]. As a result, it is critical to monitor savannahs due to their vulne-
rability to the effects of climatic extremes and because savannahs contribute to 
the preservation of ecosystem services. The ability to detect changes using tem-
poral imagery allows us to solve many problems that are not feasible with bi- 
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temporal analysis methods [48] [49]. Therefore, it is more than necessary to as-
sociate certain other factors with improving the understanding of changes.  

As a result, the research hypothesis of this study is: if the savannah ecosystem 
has been well protected by the establishment of the reserve, with no significant 
change in vegetation cover (EVI or NDVI), but with considerable variation in 
seasonal phenology caused by bioclimatic factors such as temperature and rain-
fall. This research aims to use the BFAST method to detect the sensitivity of 
tropical savannah vegetation indexes to the climatic extreme. 

2. Material and Methods  
2.1. Study Area 

The Lamto Reserve was designated in 1998 as an integral biosphere reserve un-
der the UNESCO label. The choice of this site is motivated by the fact that it 
is an essential nature reserve, an essentially herbaceous environment, and is  
 

 
Figure 1. Illustrated maps of study area locations and plant species: (a) Map of Côte d’Ivoire showing the geographical location of 
the Lamto reserve [103] (within the red line) on the African continent; (b) location of the Lamto reserve (within the red line); (c) 
Vegetation map of the Lamto scientific reserve, Côte d’Ivoire (source: [104] digitized by [105]); (d) Guinean savannah [106]. 
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situated in a region where natural herbaceous habitats exist, which are at least 
very stable and do not affect directly on human activity: such environments 
are rare, as we know. The savannah where the study is taking place belongs to 
the humid tropical zone of West Africa (Figure 1). This area is in the wilder-
ness, where only the forest galleries are farmed, excluding the savannah. This 
area is located at the southern tip of the “V Baoulé”, in the department of Taabo, 
in Cote d’ivoire (6˚9 à 6˚18N; 5˚15 à 4˚57E; http://lamto.free.fr/). It is located at 
the transition zone between forest and savanna woodland at the southernmost 
point of the “V Baoulé,” the V-shaped incursion of savanna woodland into the 
forest belt in central Côte d’Ivoire [50] [51]. These forest fingers permeate the 
savanna woodland, which occupies the majority of the site. A conspicuous and 
typical element is the Borassus palm Borassus aethiopum which dominates the 
open shrubby woodland [52]. Typical grasses include Loudetia simplex and Hy-
parrhenia spp. Perennial grasses dominate the herbaceous stratum of savannas. 
Approximately ten species of perennial grasses, mainly of the Andropogoneae 
family, coexist in this savanna zone [53]. The average annual rainfall is 1200 
mm. It is distinguished by a four-season cycle consisting of a long rainy season 
from March to July, a short dry season in August, a short rainy season from 
September to November, and a long dry season from December to February. 

2.2. Methods 

BFAST Lite is a family algorithm of BFAST. It is much faster to use and can run 
on a more significant area/higher resolution data. In addition, the development 
version of the bfast package includes optimizations that make it twice faster than 
the current CRAN version (https://github.com/bfast2/bfast). 

The study data were analyzed in the R software version 4.0.3 Open-Source, 
installed on Windows 10, 64-bit. MODIS data were downloaded and processed 
using the packages “strucchange”, “zoo”, “bfast”, “raster”, “leaflet”, “MODIS-
Tools”. The data used in this study are MODIS products MOD13Q1. The study 
method used to detect the phenological sensitivity to extreme variations of cli-
matic factors such as temperature, precipitation, and Evapotranspiration time 
series (https://app.climateengine.org/climateEngine). Through the Normalized 
Difference Vegetation Index (NDVI), Enhanced Vegetation Index (EVI) [55] 
[56]. We applied the BFAST Monitor algorithm combined with BFAST Lite and 
the NDVI time series of the MODIS 16-day data to determine the different 
changes in the study area, based mainly on the NDVI as an indicator of vegeta-
tion vigour [57] (Figure 2). 

The MODIS satellite data that we used for detecting breaks in our times series 
study may be found on the MODIS Subsetting website  
(https://modis.ornl.gov/globalsubset/). MODIS data for particular places are 
available. We focus on the MOD13Q1 product, which consists of a 16-day global 
image with a spatial resolution of 250 m. Each image has multiple bands cen-
tered at 469, 645, and 858 nanometers for blue, red, and near-infrared reflec-
tance. These bands are used to determine MODIS vegetation indices. 
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Figure 2. BFAST methodological workflow implemented in R. 

 
Our choice to use vegetation indices such as NDVI and EVI for change detec-

tion is based on the fact that changes in these different biomes such as gallery 
forests, savannahs, grasslands can be amplified by NDVI and other vegetation 
indices compared to spectral values [58] [59]. For example, the time series of 
MODIS EVI was successfully used to classify land cover in China [60] [61] [62] 
[63]. Furthermore, studies by [64] confirmed that MOD13Q data have been 
widely used to monitor vegetation dynamics and determine trends and seasonal 
changes in satellite image time series [65] [66]. 

For our study, the rupture is detected inside the Lamto reserve, which has a 
surface area of 2500 ha and has been studied for 20 years. 

2.2.1. Data 
To measure the variation in phenological changes, we used MODIS NDVI da-
ta, product MOD13Q1, which are 16-day global images at 250 × 250 m spatial 
resolution acquired from January 2000 to December 2020 (Table 1) [56] [65] 
[66] [67].  

2.2.2. Statistical Analysis 
Statistical analyses were carried out on all the data collected using the regres-
sion method (Equation (1)) 

Y ax b= +                         (1) 

where Y dependent variable and x the independent variable; a and b are coeffi-
cient of regression used for determining provides the possibility to correlate the 
dependent and independent variants of the analysis series. 

https://doi.org/10.4236/ajps.2022.134034


C. J. A. Kouassi et al. 
 

 

DOI: 10.4236/ajps.2022.134034 523 American Journal of Plant Sciences 
 

Table 1. Characteristics of data (https://modis.ornl.gov/). 

Data Satellite Products Day Resolution 

MODIS NDVI MOD13Q1 16 250 m 

MODIS EVI MOD13Q1 16 250 m 

MODIS Evapotranspiration MYD16A2 8 500 m 

2.2.3. Statistics Nonparametric Mann Kendall (MK) 
The nonparametric Mann Kendall time series trend test is recommended by [68] 
[69] was used to identify potential trends in the series of bioclimatic factors in 
the Lamto area during twenty years of study. 

Two non-parametric analyses (MK) and (P) were performed with the follow-
ing steps: the observed data in year Yj and Yi respectively differ, and the sign(Yj 
− Yi) is equal to 1, −1, or 0 due to j > i. The test statistic, S, was then calculated 
(Equation (2)). 

( )1
1

1
n

j ii n
n

jS Sign Y Y
− =

−

−
= −∑ ∑                    (2) 

If S is a more significant positive integer, the later values measured will be 
higher than the earlier values, and an upward trend is observed. When S is a 
more significant negative number, subsequent values tend to be smaller than 
previous values, indicating a downward trend. When the absolute value of S is 
small, no trend is shown. The test static τ was calculated (Equation (3)). 

( )1 2
S

n n
τ =

−
                         (3) 

when τ is between −1 and +1 and is similar to the correlation coefficient in the 
regression analysis. When the null hypothesis of no trend is rejected, S and τ are 
significantly different from zero. If a significant trend is found, the rate of 
change can be calculated using the slope estimator Sen (Equation (4)). 

j i

j i

Y Y
median

X X
β

−
=

−
                       (4) 

For all i < j and 1,2, , 1i n= −  and 2,3, ,j n=  ; in other words, calculate 
the slope for all pairs of data used to calculate S. The median of these slopes is 
the slope estimator Sen slope estimator. For [68] the S statistic is substantially 
within the norms if and only if the time range is more significant than eight. 
When there is no equality between the values of the data, see Equations (5) and 
(6). 

( ) 0E S =                             (5) 

( )( )2 5
18

n n n
Var σ

− +
= =                      (6) 

The standard test statistic Z is calculated according to the following equation: 

( )
1 for 0SZ S

Var S
−

= ≥                      (7) 

0 for 0Z S= =                         (8) 
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( )
1 for 0SZ S

Var S
+

= ≤                      (9) 

When there is no trend or null hypothesis in the analysis, the variable Z 
evolves with a mean of zero. When the p-value of Z is positive, it indicates an 
upward trend, while a negative value indicates a downward trend. To determine 
the p-value of a Mann-Kendall S, we use the normal cumulative distribution 
function (Equation (10)) [70] [71]. 

( )2 1P zφ = −                         (10) 

3. Results 

Figure 3 shows the behavior of the NDVI of the area on day 2000-02-18. The 
graph analysis reveals that the BFAST algorithm did not identify a break within 
the vegetation in the period. Figure 4 shows the break detection in the vegeta-
tion 16-day NDVI image time series in one study area. The graph shows a slight 
change in vegetation phenology. The pixel value changes from green to yellow. 
Graph 1 is the quality control mask; it has the value “1” in areas with good data 
“0”. 

Figure 4 shows the timing of the break-up. This figure showed when the 
breaks were detected at the end of 2020 for each pixel in the study area. The ve-
getation structure of the site is homogeneous. The consequences of such ex-
tremes can have abrupt changes in the vegetation cover, but their effect is still 
unknown for a very long time. 

 

 
Figure 3. Automatic break detection (a) and (b): NDVI index, which captures the amount of green 
vegetation for a given target pixel/region; (c): NDVI time series of a particular pixel.  
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Figure 4. Timing of long-term phenological changes detected Break in MODIS NDVI 
images time (2000-2020) in Lamto reserve area. 

 
The examination of the whole time series shows that in graph 5, the values re-

flect the state of the vegetation. The BFAST lite algorithm has identified a break 
in the research period. Throughout the study, the BFAST analyst was unable to 
detect any break in vegetation. The exact period indicated is at the end of the 
year, with pixel values between 69,300 and 69,400. The observed change trend 
has an amplitude value between −0.05 and 0.05. This result depicts the transition 
from dark green to yellow. Based on the expression of the vegetation coloration, 
these unusual phenological changes are notable. These major phenological in the 
Lamto savannah area are expected to occur between August and October 2020. 
At the same time, the study area saw a decrease in yearly rainfall (71.74 mm of 
water) and from 27.7˚C to 32.79˚C below the average. Beginning in 2015, a sig-
nificant anomaly in both precipitation and temperature (Figure 5) occurred 
in the study area, resulting in severe drought stress and increased evapotrans- 
piration at this time (Figure 6). The inter-annual precipitation variation is still 
more or less high over the whole study area, which shows that sequences of 
drought and humidity influencing the environment sub-set of NDVI and EVI 
values are classified by year to determine the variations in the study area. 

The study of (Figure 5(a)) shows that the values of the average annual rain-
fall. The year 2010 was the period with the highest rainfall (134.5 mm). The 
years 2016 and 2017 were years of reduced rainfall with (4.83 mm) and (5.58 
mm) respectively (y = −2.0681x + 4248; R2 = 0.16) before increasing and falling 
back to a level of 79mm of rainfall in 2020 over the observed ten years period. 
(Figure 5(b)) depicts average maximum and minimum temperatures of 32.79˚C 
and 27.7˚C, respectively. The hottest temperatures recorded throughout the 
study period were 32.17˚C in 2016, and 32.79˚C in 2020 representing extreme 
climatic. Temperatures decreased in 2004 (29.75˚C) and 2008 (27.7˚C), then le-
velled out and peaked in 2016 (y = 0.051x − 70.935; R2 = 0.09). Because of the 
cold weather in 2004, the average ET Grass (Figure 6) dropped substantially in 
2004 and increased in 2007 (130 mm) and 2017 (125 mm) in the study period. 
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The average NDVI dropped in 2002 (0.05) and in 2005 (0.35) and 2020 (0.4) 
(Figure 7(a)). For EVI, the average dropped, in 2002 (0.1), in 2004 (0.25) and 
2009 (0.3) (Figure 7(b)).  

 

 
Figure 5. Climate factor time series (a): annual Temperature variations (˚C) 
and (b): annual precipitation variations (mm) in the study area. 

 

 
Figure 6. Time series of annual ETGrass variations (mm) in the study area. 
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Figure 7. Time series of mean vegetation indexes in the study area (a): annual tem-
perature variations (˚C) and (b): annual precipitation variations (mm).  

 
Kendall’s statistical analysis of the correlation table between the different pa-

rameters shows a negative correlation between precipitation and ET Grass at p < 
0.01 with a coefficient of −0.413 (Table 2). There is a negative correlation be-
tween ET Grass and T at p < 0.01 and p < 0.05, respectively −0.413 and 0.311. 
There is also a positive correlation between T and ET Grass at p < 0.05 with a 
coefficient of 0.311. There is a negative correlation with a coefficient of −0.468 
between Temperature and NDVI at p < 0.05. However, no correlation was found 
between the EVI and the climatic parameters. 

The correlation between the NDVI and EVI values is almost similar. The 
NDVI trend is more pronounced than the EVI trend. The months of March, 
April, May, October, and November are the periods of strong growth in NDVI 
and EVI (Figure 8(a), Figure 8(b)). However, the evolution remains constant 
over the whole study period (Figure 9(c) and Figure 9(d)). The decomposition 
of the subsets of NDVI and EVI indices by the MODIS sensor shows that within 
the study years, the months listed above are the months that are practically a dry 
season over the entire extent of the study area. Individually the months of  
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Table 2. Correlation analysis between bioclimatic factors and vegetation indexes. 

 
Precipitation Temperature ETGrass NDVI EVI 

Kendall’s 
tau_b 

Precipitation 
Correlation Coefficient 1.000 −0.162 −0.413** 0.000 0.020 

Sig. (1-tailed) 
 

0.187 0.006 0.500 0.457 
N 21 21 21 21 21 

Temperature 
Correlation Coefficient −0.162 1.000 0.311* −0.468* 0.201 

Sig. (1-tailed) 0.187 
 

0.048 0.015 0.175 
N 21 21 21 21 21 

ETGrass 
Correlation Coefficient −0.413** 0.311* 1.000 −.016 0.306 

Sig. (1-tailed) 0.006 0.048 
 

0.467 0.057 
N 21 21 21 21 21 

NDVI 
Correlation Coefficient 0.000 −0.468* −0.016 1.000 −0.194 

Sig. (1-tailed) 0.500 0.015 0.467 
 

0.193 
N 21 21 21 21 21 

EVI 
Correlation Coefficient 0.020 0.201 .306 −0.194 1.000 

Sig. (1-tailed) 0.457 0.175 0.057 0.193 
 

N 21 21 21 21 21 

**Correlation is significant at the 0.01 level (1-tailed). *Correlation is significant at the 0.05 level (1-tailed). 
 

 
Figure 8. Trend of Vegetation indexes in the study area: (a) Variation in a subset of NDVI pixel means by month; (b) Variation in 
a subset of NDVI pixel means by month; (c) Variation in a subset of NDVI pixel means by year; (d) Variation in the subset of 
NDVI pixel means by year. 

https://doi.org/10.4236/ajps.2022.134034


C. J. A. Kouassi et al. 
 

 

DOI: 10.4236/ajps.2022.134034 529 American Journal of Plant Sciences 
 

 
Figure 9. Dynamic of subset vegetation indexes: (a) Phenology dynamics of NDVI study area biomes by year; (b) Distribution of 
subset mean NDVI values; (c) Phenology dynamics of NDVI study area biomes by day; (d) Subset variation of NDVI pixel means 
by month. 
 

the year taken separately, we record a significant decrease of about 0.38 of the 
NDVI of the vegetation during August (Figure 8(a), Figure 8(b)), in contrast to 
the EVI, which shows the month of January as the lowest about 0.27. The two in-
dices evolve in almost the same direction but with entirely different values.  

The behavior of the vegetation about the NDVI and EVI indices over the 
whole study period shows that the trend of the two indices over the period dif-
fers slightly in the NDVI values (0.20) (Figure 9(a) and Figure 9(b)). In the 
study area, the subset of NDVI values distribution shows significantly higher 
frequencies than the EVI (Figure 9(c) and Figure 9(d)). 

The behavior of the vegetation in the study area over the study period shows 
that there is a close relationship between NDVI and EVI. The correlation be-
tween NDVI and EVI in the study area indicates that EVI values are significantly 
lower than NDVI values. The comparative trend analysis of EVI and NDVI tells 
us that EVI is more sensitive to seasonal variation in biomass. 

4. Discussion  

Africa’s grasslands and savannahs are considered hotspots of recent environ-
mental change. According to the BFAST Lite findings, the breaks were discov-
ered in 2020 (Figure 4). Indeed, the observed break in this time is the cause of 
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temperature extremes in the order of 32.79˚C in the year when the break was 
discovered. The natural ecosystem has suffered as a result of these temperature 
extremes. The extraneous detection pixels from multispectral satellite image data 
have values between 692,000 and 694,000. These results mean that this area has 
historically experienced very little ecological change from a disturbance point of 
view. The temperature time series analysis (Figure 5(b)) reveals that the high 
temperatures seen in 2002 had a detrimental impact on plant vigor and chloro-
phyll, resulting in a reduction in the NDVI and EVI values of the study region. 
Indeed, extreme temperatures impact climate extremes have a significant impact 
on plant vitality and sometimes lead to plant mortality [72]. The change is de-
tected by BFAST (Figure 4) in 2020 revet and corresponds to climate extremes, 
which gives us insight into the underlying pattern of the vulnerability of such 
vegetation types [73]. This is the study’s case; the primary concern in change de-
tection studies is sometimes to detect the cause of the disturbance. Our research, 
which employs the BFAST algorithm, contributes to a better understanding of 
the study area’s susceptibility and if high temperatures and other bioclimatic va-
riables have influenced the vegetation of the Lamto reserve. 

In addition to the use of BFAST, an analysis of the chronology of MODIS sur-
face reflectance and ET series revealed that changes influenced these indices in 
climate parameters, namely the increase in temperature and decrease in precipi-
tation during the study period. This has affected the vegetation’s cover, causing 
its phenology to shift from green to yellow. A correlation between this severe 
change in vegetation and temperature has been established, elucidating the 
source of the shift as an increase in temperature of about 32.17˚C for a decrease 
in precipitation of 27 milimeters of water. These findings may be explained be-
cause the temperature rise has most likely resulted in a reduction in plant sto-
matal conductance and a decrease in vapor pressure, which influences plant 
NDVI. The change shown by the sensitivity of the NDVI and a reduction in the 
EVI at this time in the research region is irreversibly caused by a rise in temper-
ature in the year 2020 when the record temperature was recorded. These two in-
dicators represent the vitality of the vegetation at the research site and indicate 
the reduced perceptibility of changes [57]. This was readily identified by BFAST 
owing to its ability and capacity to identify the most sensitive seasonal changes 
within ecosystems as well as sudden changes in long-term patterns in greening 
and browning, as shown in our research [74] [75] [76] [77]. 

Indeed, the Lamto reserve is characterized by a savannah shrubland ecology. 
This ecosystem is very sensitive to temperature extremes, which influence the 
availability of water for plants and are the source of the reported break detection 
throughout the 2020 period. The relationship between temperature drops and 
rainfall is due to the unique characteristics of our study area, which is an ecolog-
ical zone located at the forest/savanna interface (gallery forest, tree savanna, and 
grassland) and where annual, seasonal, intra-seasonal, inter-annual, and spatial 
changes in plant phenology in savannas, as well as variation within ecosystems, 
are not stable [78] [79]. This is quite logical, which is why this study explains 
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and highlights through the results of (Figure 5), that bioclimatic factors temper-
ature and precipitation significantly influence vegetation changes in savannas 
[80] [81] [82]. Changes in climatic conditions have already been highlighted by 
[83] [84] [85] according to whom several changes have already been observed in 
the national climate, including decreasing and irregular rainfall, shorter rainy 
seasons, and a 0.5˚C warming of temperatures since the 1980s. These high tem-
perature and low rainfall circumstances (Figure 6(a) and Figure 6(b)) will cause 
vegetative vulnerability.  

The environment is dominated by three types of species, namely species with 
a herbaceous stratum, a shrub stratum, and a tree stratum [51], which are ex-
tremely sensitive to temperature rises and water stresses; this leads to vegetation 
senescence (NDVI) materialized by the drop in EVI, in the face of temperature 
rises and the reduction in the reference level of evapotranspiration.  

Rising temperatures increase evapotranspiration (Figure 5(b) and Figure 6) 
of plants and wetlands in the Lamto area, which explains the positive relation-
ship between mean annual temperature and evapotranspiration (Table 2) during 
specific periods of the study, most notably in the middle of 2010 and the last five 
years, which have been extremely hot and dry. Our results corroborate well with 
those studies [86], who claimed an energy exchange between the soil and the 
plant canopy due to plants consuming net radiation via the photosynthesis 
channel, which is transformed into evapotranspiration. Our findings indicate a 
link between evapotranspiration and temperature caused by solar radiation and 
the requirements of chlorophyllous plants for biosynthetic metabolic processes, 
as described by the authors [87] [88] [89]. Indeed, sunlight, temperature, and 
water availability significantly impact plant photosynthetic activities under all 
climatic conditions [90] [91] [92] resulting in plant vigor and productivity losses. 

Using BFAST, we were able to combine and analyze NDVI pixels about cli-
mate parameters to identify impacts on environmental variability in savannah 
ecosystems and understand that extreme temperatures and decreasing precipita-
tion can be a source of disturbance in African savannah ecosystems [93]-[102]. 
Bioclimatic extremes had a significant effect on the vegetation in the research 
region and were the source of the station wagon detections. The area’s vegeta-
tion was influenced by a single event of rising temperatures and decreased preci-
pitation in 2020. We can see that the rise in temperature and reduction in preci-
pitation had a significant impact on the Lamto reserve. The algorithm and all of 
these factors work together to determine the precise moment of the break. The 
NDVI prediction values (Figure 4) were explained, identified, and perceived 
using BFAST. The vegetation change was predicted to be caused by an increase 
in temperature and a reduction in rainfall in the region. The correlation studies 
between the trends in land cover, NDVI/EVI; ETGrass; surface reflectance; and 
those observed in the detected precipitation and temperature, as well as the ob-
served trend pattern, helped us understand and perceive that the vegetation 
change was caused by an increase in temperature and a decrease in precipitation 
in the area.  

https://doi.org/10.4236/ajps.2022.134034


C. J. A. Kouassi et al. 
 

 

DOI: 10.4236/ajps.2022.134034 532 American Journal of Plant Sciences 
 

The BFAST method based on the detection of several breakpoints could not 
detect over one breakpoint. Based on the bioclimatic parameters, we note that 
within the inter-annual variation, decreases in rainfall patterns and increases in 
temperatures were observed, notably for rainfall in (2016: 4.83 mm), (2017: 5.58 
mm) as well as for temperature in (2004: 29.75c) and (2008: 27.7c). However, the 
BFAST lite algorithm could only detect one change and could not relate these 
inter-annual seasonal phenological variations to the study. Indeed, the method 
used in this study could not determine several breaks induced by the annual in-
teractions between temperature and precipitation. But above all, the periodic 
variations because of the inter-annual variability of the climate [22]. 

5. Conclusions 

The BFAST Lite approach was used in this work to analyze long-term patterns in 
vegetation response to bioclimatic variables. These have been used to explain 
changes brought about by external sources such as climate change. The estab-
lishment of the Lamto Reserve has had a significant role in the stewardship and 
conservation of the Lamto Ecological Zone. Over the entire study period, the 
only disturbance detected in the area was almost at the end of 2020. The BFAST 
Approach allowed seeing the most subtle change within the study period. Also, 
the vegetation index products from the MODIS sensor data, such as bioclimatic 
parameters (NDVI, EVI, ETGrass), revealed the seasonal phenological changes 
in the area and the cause of these changes. The BFAST algorithm allowed classi-
fying the pixels by isolating the green and yellow pixels to mark the difference in 
the phenology of the vegetation in the study area. This BFAST detection allowed 
determining the exact disturbance over the study period and establishing the 
correlation between the temperature irregularities and the decrease in rainfall. 
The change detection within the Lamto area between increases in tempera-
ture from (27.7˚C) to 32.17˚C accompanied by a reduction in rainfall of 71.75 
mm was marked by variation in seasonal phenology. Statistical analyses of the 
non-parametric Mann Kendall test and ANOVA revealed correlations between 
P/ETGrass (p < −0.413); T/ETGrass (p < 0.311); T/NDVI (p < −0.468), respon-
sible for the variation in vegetation.  

The explanation for this abrupt change could be found in the study of biocli-
matic factors such as temperature, precipitation, and vegetation indices, which 
allowed us to understand that at the end of 2020, this area, had experienced an 
episode of rising temperature and falling precipitation. Inter-annual variability 
of African savannah biomass is strongly dependent on rainfall. This is advanta-
geous for this area, a true ecological heritage that has undergone very little mod-
ification, allowing the conservation of ecosystem service functions and the regu-
lation of the climate change phenomenon. The results obtained would be of 
great importance in that they could attract the attention of government authori-
ties. This effort might aid in understanding the region’s history and boost re-
search on the carbon cycle, which would give a theoretical basis for environ-
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mental planning and management as well as ecosystem services. This would help 
to preserve these ecosystems and predict potential harm. 
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