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ABSTRACT: This study uses satellite acquired vegetation index data to monitor changes in Akure forest reserve. 

Enhanced Vegetation Index (EVI) time series datasets were extracted from Landsat images; extraction was performed on the 

Google Earth Engine (GEE) platform. The datasets were analyzed using Bayesian Change Point (BCP) to monitor the abrupt 

changes in vegetation dynamics associated with deforestation. The BCP shows the magnitude of changes over the years, from 

the posterior data obtained. BCP focuses on changes in the long‐range using Markov Chain Monte Carlo (MCMC) methods, 

this returns posterior probability at > 0.5% of a change point occurring at each time index in the time series. Three decades of 
Landsat data were classified using the random forest algorithm to assess the rate of deforestation within the study area. The 

results shows forest decrease in 2000 (97.7%), 2010 (89.4%), 2020 (84.7%) and non-forest increase 2000 (2.0%), 2010 

(10.6%), 2020 (15.3%). Kappa coefficient was also used to determine the accuracy of the classification. 
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Forest degradation has become a global concern 

especially forest conversion to non-forest. These can 

be a result of any combination of short-term and 

longer-term variability attributable to climate change, 

and the impacts of human activities are accelerating 

forest changes worldwide. Forest concepts and 

definitions affect our interpretation and understanding 

of forest changes (Chazdon et al., 2016). Forests, 

specifically protected reserve areas need a monitoring 

system as fundamental tools to support the 

management of landscapes, ecosystems, and 

biodiversity (Fischer, 2007). Understanding forest 

changes provide valuable knowledge for effective 

forest management and policy development (Kennedy 

et al., 2014). Many approaches have been proposed to 

detect forest changes such as spatial resolution satellite 

data. Satellite imagery is used to evaluate forest 

changes by providing a means to estimate forest 

conditions in a spatially explicit manner, and assess 

current and historical trends of deforestation and forest 

degradation (Baker et al., 2010). Changes in land 

cover lead to the forest landscapes being at stake 

which could lead to loss of habitat and biodiversity 

(Bennett, 2010). A statistical approach is a valuable 

tool in detecting changes given a sequence of data over 

time. Bayesian approaches have been adopted using 

Gaussian assumption when detecting a change point, 

also to obtain posterior probabilities estimation 

approach derived based on maximum likelihood 

(Hawkins, 2001). Gaussian models describe possible 

changes in level and error variance and approximate 

the posterior posterior means of the parameters. The 

Bayesian approach makes use of reversible jump 

Markov Chain Monte Carlo (MCMC) (Green et al., 

1995).  

 

MATERIALS AND METHODS 
Study Area: Akure forest reserve is located in Akure 

South Local government area of Ondo State in 

Southwestern, Nigeria (Figure 1). It lies between the 

range of latitudes 7o16′N and 5o 9′E and longitude 

7o18′ N and 5o11′E covering the total land area of 

66 km2, its elevation ranges from 216m to 504m.  

Data Extraction: Three decades of supervised 

classification (Forest and Non- Forest) were 

performed within the study area using the random 

forest classifier on the Google Earth Engine (GEE) 

platform. GEE is a cloud web-based computing 

platform that has lots of data such as satellite images, 

climatic and environmental datasets. The points for 

land classes were extracted for the classification. 

These points were split into 70% for training and 30% 

for validation with the aid of python and java scripting. 

Kappa coefficient was also assessed to ascertain the 

accuracy of the classified images. 
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Fig 1: Study area Map 

 

Enhance Vegetation Index (EVI): Enhance Vegetation 

Index of time series was extracted in GEE using 

Landsat collection of images which covers 30m 

resolution for every 16 days. The time series data was 

from 15-02-2000 to 22-12-2020 with 186 

observations. EVI was used because of its sensitivity 

to changes in areas with high biomass and dense 

vegetation. Also, it reduces the influence of 

atmospheric conditions on vegetation index and 

correct for canopy background noise. (Huete, 2002) 

 

EVI = 2.5 ∗  
(𝑁𝐼𝑅−𝑅𝐸𝐷)

(𝑁𝐼𝑅+𝐶1∗𝑅𝐸𝐷−𝐶2∗𝐵𝑙𝑢𝑒+𝐿
               (1) 

 

 𝐿 = 1, 𝐶1 =  6, 𝐶2 =  7.5, and 𝐺 (𝑔𝑎𝑖𝑛 𝑓𝑎𝑐𝑡𝑜𝑟)  =
 2.5. Where 𝑁𝐼𝑅/𝑅𝑒𝑑/𝐵𝑙𝑢𝑒 are the spectral bands, 𝐿 

is the values that adjust the canopy background, and 

𝐶1, 𝐶2 are the coefficients of the aerosol resistance 

and values from the blue band. The EVI time series 

extracted was used to detect changes and breakpoints 

using Bayesian Change and Change Point packages in 

R-studio. 

 

Bayesian Change Point (BCP): The BCP package in 

R-studio is designed to perform analysis of univariate 

time series. It returns the posterior probability of a 

change point occurring at each time index in the series. 

BCP detection rates depend on the magnitude of 

changes using Markov Chain Monte Carlo (MCMC) 

(Erdman, 2008) and (Barry and Hartigan, 1993). The 

algorithm begins with the partition 𝜌  =

 (𝑈1,  𝑈2, … , 𝑈𝑛), where 𝑛 is the number of 

observations and 𝑈𝑖 =  1 indicates a change point at 

position𝑖 + 1; we initialize 𝑈𝑖 to 0 for all𝑖  < 𝑛, 

with𝑈𝑛 ≡ 1. In each step of the Markov chain, at each 

position 𝑖, a value of 𝑈𝑖 is drawn from the conditional 

distribution of 𝑈𝑖 given the data and the current 

partition. Let b denote the number of blocks obtained 

if  𝑈𝑖 =  0, conditional on 𝑈𝑗, for 𝑖 ≠ 𝑗.  

 

The transition probability, 𝑝, for the conditional 

probability of a change at the position 𝑖 + 1, is 

obtained from the simplified ratio presented in Barry 

and Hartigan, (1993): 

 

𝑃𝑖

1 −𝑃𝑖
=  

𝑃(𝑈𝑖=1⎢ 𝑋,𝑈
𝑗,𝑗 ≠𝑖

 )

𝑃(𝑈𝑖=0|𝑋,𝑈
𝑗,𝑗 ≠𝑖

)
                  (2) 

=  
∫ 𝑝𝑏(1−𝑝)𝑛−𝑏−1𝑑𝑝

𝑝0
0

∫ 𝑝𝑏−1(1−𝑝)𝑛−𝑏𝑑𝑝
𝑝0

0

  ×   
∫

𝑤𝑏 2⁄

(𝑊1+𝐵1𝑤)(𝑛−1) 2⁄ 𝑑𝑤
𝑤0

0

∫
𝑤(𝑏−1) 2⁄

(𝑊0+𝐵0𝑤)(𝑛−1) 2⁄ 𝑑𝑤
𝑤0

0

     (3) 

 

Where 𝑊0, 𝐵0, 𝑊1 and 𝐵1 are within and between 

block sums of squares obtained when 𝑈𝑖 = 0 and 𝑈𝑖 =
1 respectively, and 𝑋 is the data. Also, 0 ≤ 𝑝0 , 𝑤0 ≤

1 chosen so that this method is very effective in 

situations when there aren’t too many changes (𝑝0 is 

small) and when the changes are of reasonable size 

(𝑤0 is small) (Barry and Hartigan, 1993). 

 

RESULT AND DISCUSSION 
Land Cover Analysis: Figure 2 shows the rate at which 

the forest reduces over 3 decades in percentages.  

 

Enhance Vegetation Index (EVI) Analysis: Figure 3 

shows the EVI time series data that was used to 

monitor the forest changes within Akure Forest 

Reserve. EVI was used due to its sensitivity to 

vegetative areas; the data shows the trend of changes 

over time. Bayesian Change Point Analysis: Figure 4 

shows the proportion of iterations resulting in a change 

point at each interval while the second graph in fig4 

shows the data along with the posterior mean of each 

interval. Markov Chain Monte Carlo returns the 

probability of change points in the observations. The 
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lower posterior probability plot shows that different 

locations indicate a high probability of changes. This 

estimates the probability of a change point in an 

interval starting from the beginning to the end of the 

time series observation. The result shows the dates 

where the changes were observed, the probability at > 

0.5%, and the magnitude of changes. It shows that 

there is a probability of the forest decreasing in the 

future. 

 
Fig 2: Land cover maps. A = Forest: 97.7%; non-forest: 2.0%; Overall accuracy: 0.77%; B = Forest: 89.4%; non-forest: 10.6%; Overall 

accuracy: 0.84%; C: Forest: 84.7%; non-forest: 15.29%; Overall accuracy: 0.81% 

 
Fig 3: Enhance Vegetation Index (EVI) Time Series 

 
Fig 4: Posterior means and Probability of Change 

 

With the aid of BCP algorithm changes were detected 

within the study area. The study detected various 

anthropogenic changes from the year 2000 to 2020 

changes. Figure 5 shows deforestation in the Akure 

Forest reserve is on a phenomenal increase, which 

could continue in the nearest feature if necessary 

precautions are not taken. 
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Fig 5: Years of Changes 

 

Conclusion: Bayesian change points analysis showed 

the changes over the years. From the posterior data 

obtained, we were able to detect the changes. Forest 

cover anomaly detection using a combination of robust 

data mining techniques, and practical remote sensing 

methodologies is an invaluable tool in forest 

monitoring and conservation. 
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