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Abstract

Forest cover change (FCC) varies from region to region and is thus considered as one of the
drivers of climate change. This study identified the pattern of the FCC for the years 2010 and
2020 using spectral vegetation index and Markov chain Techniques. The Markov chain (MC)
techniques were utilized to simulate the forest cover map for the year 2030. The spectral
vegetation index of Landsat 7 Enhanced thematic mapper plus (ETM+) and Landsat 8
Operational land images (OLI) were used to assess the forest cover loss for the year 2010 and
2020. Based on the validation result, the accuracy of the forest cover simulation model is more
than 75 percent (%). The simulation result shows that if the current deforestation and
encroachment continues, the forest cover will continue to be endangered and thus leading to a

decrease in dense forest, plantation, and sparse vegetation by 20.9%, 16.1%, and 20%
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respectively. This study will assist planners and decision-makers in ensuring sustainable forest
management.

Introduction

Forest cover is one of the most important interactions between human and global environmental
systems (bonan, 2008). Tropical forest contributes 5 to 15 percent of anthropogenic carbon
emissions to the atmosphere at the global, regional, and local scales (d’Annunzioin et al. 2015).
Recent reports indicate that forest cover change (FCC) affects the earth's surface and serves as
the second-largest source of atmospheric emission (Achard et al. 2002). In addition,
deforestation and degradation processes contribute immensely to forest cover loss (Herold et al.,
2011a; UNFCCC, 2014). Nevertheless, ninety percent of FCC in sub-Sahara Africa is altered due
to an increase in the human population, expansion of agricultural activities, and consistent
change of land use especially in Nigeria (Oyerinde et al. 2015; FAO, 1999; Ebenezer 2015).

In Nigeria, forests cover approximately covered 35% of the country’s landmass (Nweze, 2002;
FAO, 2010). The spectral and time-series data provided by satellite images has opened great
opportunities in assessing and monitoring FCC at various scales (Hirschmugl et al. 2017).
Recently, the Landsat 7 Enhanced Thematic Mapper Plus (ETM+) images, together with Landsat
8 Operational Land Images (OLI) are becoming the driving force of mapping and monitoring
FCC due to its availability and accessibility (Hansen et al. 2014). Monitoring and choosing a
suitable spectral vegetation index can help to understand the dynamics of forest cover (Pereira et
al. 1999). For instance, FCC has been widely monitored using the Normalized difference
vegetation index (NDVI) at higher accuracy (Zhu and Liu, 2015).

One of the driving mechanisms of modeling FCC is to analyze the past, present, and simulate

possible future changes (Wu et al. 2013). However, remote sensing techniques (RST) with
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Geographic information system (GIS) are recognized as an indispensable tool in storing,
displaying, and analyzing the past, present, and possible future changes through various methods
such as Cellular automata models (Clarke et al., 1997), Statistical analysis (Koomen and
Beurden, 2011); Markov chain (Wu, 2006), and Artificial neural network (Subedi, and Thapa,
2013). Integration of the Cellular automata (CA) and Markov chain (MC) model are becoming
widely used and acceptable for mapping FCC due to their efficiency and high flexibility (Ansari
et al. 2016). Adedeji (2001) implemented the CA-Markov to model changes in forest cover in the
Onigambari forest reserve. However, the study was limited in assessing the FCC using a spectral
vegetation index. Besides, few studies have been applied to integrate spectral vegetation indices
and the Markov chain model in simulating forest cover especially in developing countries such
as Nigeria. The approach herein implemented the spectral vegetation indices of Landsat 7 ETM+
and Landsat 8 OLI images with a Markov chain model to simulate forest cover in Onigambari
forest reserve, Ibadan, Oyo State, Nigeria. Hence, the specific objectives were to (i) assess the
forest cover loss for the years 2010 and 2020 using spectral vegetation index (ii) map and
simulate the FCC of the study area from the year 2010 to 2030.

Keywords: Forest cover change; spectral vegetation index; cellular automata; Markov chain.
Description of the study area

The study area is located at Ibadan between the Guinea and derived savanna of Oyo State,
Southwest Nigeria. The forest reserve falls between latitude 7°25' and 7°55'N and longitude 3°53'
and 3°90' E, zones 31 with slopes ranging between 120 to 150 meters above mean sea level
(Figure 1). The reserve area extends from Mamu, Onigambeari, etc., and covering about 14,506.4
hectares (Akinnifesi and Akinsanmi, 1995). Out of the existing zones, Mamu and Onigambari

were predominantly made up of Gmelina plantations while the other existing area comprises
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both Gmelina Arborea and Tectona grandis with natural rainforest tree species (spp) such as
Terminalia spp Triplochiton scleroxylon, Irvingia garbonensis, and Treculia Africana spp

(Akinnifesi and Akinsanmi, 1995).
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Figure 1: The study area
Climate

The climate of the study area is well-defined dry and wet seasons (Adebekun, 1978). The rainfall
starts from May to July with a short dry spell period in August and relative humidity of about 60
to 80 percent which fluctuates during January and February (Larinde and Olasupio, 2011;
Oyeniyi and Aweto, 1986). Due to the easy assessment of the study area, the remotely sensed
daily climatic data such as average minimum and maximum temperature and rainfall for the

study region was obtained and downloaded (https://power.larc.nasa.gov/) from the year 2010 to
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2019. Thereafter, the rainfall and temperature minimum and maximum data collected (Tmin and

Tmax) were then processed according to the mean annual data (figure 2).
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Figure 2: Rainfall and Temperature of the study area

Soil and Geology

The parent material of the study area is derived from the basement complex with intrusions of
quartzite, schist, and gneisses (Jones and Wild, 1975). The clay mineral of the area is kaolinite
and described as having overlaying low clay activity with a deep soil depth which varies between
pedons. The soil particle size distribution classification ranged from sandy clay loam to sandy
loam with the presence and formation of the argillic horizon and thus classified as Mollic
Cambisols and Abruptic Eutric (FAO/IUSS Working Group, 2010).

Study Methods

Data Sources and description

The fieldwork started with a reconnaissance visit to the study area and was followed by primary
data collection. During the reconnaissance survey visit, ground-truthing information was

acquired to define the nature of the forest covers with the aid of a GPS (Global positioning

5



97 system) device. Written information such as a base map and reports were acquired through
98  downloading from the USGS (United States Geological Survey) repository website. In this study,
99  Landsat 7 ETM+ and Landsat 8 OLI satellite data for the years 2010 and 2020 were acquired and
100 used to assess and simulate the FCC. The downloaded satellite images were geo-rectified
101 according to 31-North UTM (Universal Transverse Mercator) coordinate system using path 191
102  and row 055 (Table 1). Due to the atmospheric error and avoidance of seasonal variation, the
103  Landsat satellite images were downloaded during the dry season and thus ensure the image is
104  free of noise and no further image-to-image registration. Afterward, the image processing and
105 analyses were executed in ENVI 5.1 software. The result of the image processing and analyses
106  was supported with the images downloaded from the Google Earth Pro engine. The essence of
107  supporting with Google Earth image is to enable easy identification of AOI (Area of interest)
108  during image processing and analyses.

109  Table 1: Details of the satellite image characteristics

Satellite Acquisition Path and Used Bands No of Scale/Resolution  Sources
Image date row composite bands

LandSat 06/12/2010 P191,R55 321 8 30m by 30m USGS
TETM+

LandSat 20/01/2020 PI191,R55 432 11 30m by 30m USGS
8OLI

110  Source: USGS

111 Forest cover assessment using Landsat-8 spectral vegetation index

112 In the present study, forest cover loss was assessed using Landsat 7 ETM+ and Landsat 8 OLI
113 satellite images of the years 2010 and 2020. The satellite images were subjected to image pre-
114  processing in ENVI environments using DOS (dark object subtraction) method. The DOS
115 method was implemented to improve the visual interpretation and better visibility of Landsat

116  images during analyses. The NDVI (Normalized difference vegetation index), GNDVI (Green
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normalized difference vegetation index), and DVI (Difference vegetation index) was used.
Thereafter, the spectral vegetation index was assessed and computed in raster math’s tool using
ArcGIS 10 ESRI (Environmental Software Research Institute). The spectral vegetation index
was selected based on their sensitivities and higher accuracy to forest cover monitoring at
different scales (Jiang et al. 2006). The selected spectral vegetation index was assessed using the
following formula (Table 2).

Table 2: Selected vegetation indices

Spectral Indices Formula
Normalized Difference Vegetation Index NDVI = (NIR — RED)

(NIR + RED)
Green Normalized Difference Vegetation GNDVI = (SWIRZ — GREEN)
Index (SWIR2 + GREEN)
Difference vegetation index DVI = (NIR — RED)

Sources: (Rouse et al. 1973; Miura et al. 2000; Jiang et al. 2006)

Image Analyses and Processing

The collected Landsat 7 ETM+ and Landsat 8 OLI satellite images were enhanced in ENVI 5.1
Software via (3 by 3) majority filter techniques for better visibility. Natural color composite
(NCC) was generated using suitable combinations of bands from the acquired Landsat satellite
images (d’Entremont and Thomason, 1987; Good and Giordano, 2019). Considering the "Nigeria
Land Classification System" and the goal of this study, Anderson (1976) classification scheme II
and reconnaissance survey was utilized to identify the AOI features of the study area. Thereafter,
the acquired Landsat images for the years 2010 and 2020 were classified by a supervised
classification method in ENVI 5.1 environment. The images obtained from the classified Landsat
7 ETM+ and Landsat 8 OLI was used to identify the forest cover classes based on the Maximum
Likelihood Supervised Classification (MLSC) algorithm. The MLSC is applied due to its detail

efficiency and easy classification algorithm (Liu 2005; Sun et al. 2013; Biro et al. 2013). The



137  identified forest cover classes are plantation, agricultural land, dense forest, sparse vegetation,
138  and Bareground (Table 3). The classified images were further imported to iDrisi selva using the
139  Envi-iDrisi format tool. Afterward, the classified forest cover map of the study area was
140  subjected to accuracy and validation using the Kappa coefficient through 100 ground truths field
141  data. These 100 ground truth field data were chosen through the random sampling process.
142 However, for acceptability of the classification accuracy, the classified forest cover classes are
143 over 75% (Pontius Jr and Millones, 2011; Foody, 2002; Story and Congalton, 1986). The Kappa
144  coefficient (K) for the forest cover classification accuracy assessment was shown in Equation
145 (1)

e Ko Dz X = Mo (il X 2+ D)
N4 — :':1(xi =, X x + i) v wws nes was wesw

ot een v ... Equation (1)

147  The K is the kappa coefficient, N is the total number of sites in the matrix, r is the number of
148  rows in the matrix, Xiiis the number in rows i and column i.

149  Table 3: Definition of Forest cover

No Land cover classes  Description

1 Plantation Timber plantations with Tectona arborea and Gmelina

2 Agricultural Land  Arable land, permanent crops, pastures and heterogeneous
agricultural areas

3 Dense Forest Indigenous species such as Terminalia spp, Triplochiton scleroxylon,
Irvingia garbonensis, and Treculia Africana

4 Sparse vegetation Secondary forest, Shrubs and/or herbaceous vegetation association,

Bareground Permanently degraded land, bare ground, rock, quarry despoiled

lands

(9]

150

151  Simulation Pattern Analysis

152 To simulate the FCC of the study area, the Markov-chain model was used to determine the forest
153  cover pattern for the year 2030. The Cellular automata were used to stimulate the time-space

154  and underlie the dynamics of changes in the study area (Balogun and Ishola, 2017). However, the
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Markov chain and cellular automata were further supported with dependent and independent
variables in the iDrisi selva environment. The independent variables are the classified forest
cover maps of the year 2010 and 2020 of the present study. For the dependent variable, open
shape-files data and SRTM (Shuttle radar topographic mapper) image of 30 meters resolution
was downloaded and acquired from the USGS website. The dependent variable used in this study
includes; Digital elevation model (DEM), aspect, distance from major/minor road, and distance
from the river (Figures 3a and 3b). The downloaded SRTM image and open shape-file data of
the study area were clipped in ArcGIS 10 ESRI. The clipped SRTM was used to produce the
DEM and aspect map of the study area using a raster surface processing tool. The Euclidean
distance tool operation was used to produce the distance from the river and the major road of the
study area. Thereafter, the independent and dependent variables were used as input parameters to
generate the transition probability matrix from the Markov-chain and further used as inputs for
the Cellular automata in the iDrisi selva environment. Based on the transition probability matrix
between the year 2010 and 2020 classified images, the forest cover map for the year 2030 was
predicted. The Cellular automata and Markov chain model used in this study were described
according to Subedi et al. (2013) in equations (2) and (3). The conceptual framework of the
present study was shown in figure (4).

STIEF(SEN) et et et e et et et et et et e et et eet ets eae 1ee es ees ooe o EQUAtiON 2

Here, S represents the set of states of the finite cells; t and t+1 are the early years and the later

year; N is the neighborhood of cells, and f is the conversion rule of local space.

P11 P12 Pln
: . : cer wee .. ... Equation 3

Pnl Pn2 Pnn



176 Where P stands for the probability matrix in the Markov model, and Pj is the probability of
177  converting from current state i to state j in the next period. S is the land use status, and t; t + 1 is

178  the time point and this was described according to Subedi et al. (2013) using Equation (4).

n
179 O0<Pij < land ZPij =1,,j=1,2,3 .7 s et e i e e e e e Equation 4

SABLTE J—— e 35320 34820 F500°E F5140°E F5I20°E

- h 2 h h z -
a 5 F
4| Legend @ & {| Legend 9 _§
~ || (] study Area Boundary - I: Study Area Boundary i

[ Fat ) ! i

B o 0-225) Digital elevation model

[ Northeast (22567 5) Meters

| East(67.5-112.5)  High : 223

z || I southeast (112.5.157.5) z || ™™ ow: e z
2 || I soutn (157 52025 2 ]
= || I southwest (202.5-247.5) v =]
S| . st 247 5202 5) o i~

I ronthwest (292.5-337 5)

I vorth (337 5-360)
F = £
=l 2 o
g = E
~ ~ £
£ £ £
5 5 g
£l @ @
h - e
z z ——
g 3 R —_— 5

180 @ pryys s SEOUE e ppoy ss320E © 3°4820°E 3°500'E 35140°E 3°5320'E

181  Figure 3a: Aspect and Digital elevation model of the study area.

10



sesz0E ar500E saravE 35320 3°4820°E FE00E FE140°E F5320E
21 cogend ™ @ | Legene - (%8
i [ ] Study Area Boundary .'. = |[ [ studyArea Boundary &
Major Road ! Major River
Meters ] Meters
- High - 0.052 wees High : 0.077
z . Low: 000042 £ Lo : 000042 Z
z E £
z z z
P T B 8
£ - T : : " |8 I s i il
182 p 3°4820°E 3°500°E 3°5140°E 35320 34820°E ¥500°E TSI FEIAE
183  Figure 3b: Major Road and River of the study area.
| Primary/secondary data |
\ | Image Acquisition | J,
|Dependentvariables| { v 1 Rainfall data
v
N Riverly{ Road [ Landsat 7 ETM+ Landsat 8 OLI I ‘
] (2010 (2020) 2010 to 2019
|_)| Image Processmgk J v
v —
(‘Dark object subtraction J >[ Spectra\lyVegetatlon index__}
e DY)
' ]
[Plantation ] 3|Dense forest]-)[ Bareground HSparse Vegetatio"}—)ugricultural land |
— ")
R\TA
[ Reconnaissance survey |
¥
| Supervised classification |
A4
[ Maximum likelihood supervised classification ]
v
x 1
[Forest cover (2010) ] [ Forest cover (2020)€
|—>[Independentvariables](_,
]
J[Transition Probability matrix ]—
[ Markov-chain analysis ](—
[ Predicted Forest cover change (2030) ]
[Forest cover Accuracy Assessment ]
{2010, 2020 and 2030)
184

11




185

186

187

188

189

190

191

192

193

194

195

196

197

198

199

200

201

202

Figure 4: Conceptual framework of the study area.

Results and Discussion

The sensitivity of spectral vegetation indices

The present study utilized the Landsat 7 ETM+ and Landsat 8 OLI spectral vegetation index of
the year 2010 and 2020 to assess the rate of forest cover loss. The NDVI, GNDVI, and DVI of
the study area were classified as (-1) low and (1) high. The result of the NDVI, GNDVI, and
DVI reveals that the study area demonstrates low forest cover densities in the year 2020 than the
year 2010 (Figures 5, 6, and 7). However, it was also observed during the reconnaissance survey
that the forest cover of the present study had experienced consistent changes such as an
expansion of agricultural practices, and degradation of the study area. Besides, the sensitivity of
the spectral vegetation index used in this study has also provided evidence and easy assessment
of the past and present forest cover of the study area. According to Aman et al. (1992), the abrupt
or gradual change of the past, present and possible future changes of forest cover are better
assessed using spectral vegetation index. Warner et al. (2016) also highlighted that mapping and
monitoring forest cover changes using NDVI, DVI, and GNDVI are regarded as one of the most
correlated spectral vegetation indices with higher validation accuracy. Also, the present study
interdem with the study conducted by Oyerinde et al. (2015) that Nigeria forest cover is faced

with sudden and gradual deforestation.
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Figure 7: Difference vegetation index of the study area

Forest cover mapping from 2010 to 2030

The periodical assessment characteristics and the analyzed Natural color composite (NCC) were
used to specifically classify the forest cover of the study area. In the present study, the MLSC
algorithm was applied to the Landsat 7 ETM+ and Landsat 8 OLI satellite images for the year
2010 and 2020 focusing on Plantation (PL), Agricultural land (AL), Dense forest (DF), Sparse
vegetation (SV), and Bareground (BG) using the Envi 5.1 software (Figure 8). The CA-Markov
model was implemented and subjected to visual image interpretation, cognition of patterns, and
colors which shows great efficiency in simulating the year 2030 forest cover map of the study
area (Figure 9). Bakx et al. (2019) and Bank (1991) posits that one of the easy and accurate ways
of extracting information from remotely sensed data such as Landsat satellite images is by
cognition of patterns and colors. The overall classification accuracy for the years 2010, 2020,
and 2030 of the forest cover map was 80.00%, 81.47%, and 89.77%. After the prediction, it was
found out that the Cohen kappa statistics were > 0.75 and thus shows substantial classification

agreement with the present study (Tables 4, 5, and 6). According to Li, (2005) kappa statistics
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remains one of the standard procedures of validating the accuracy of classified Landsat images at
different levels. The statistical analysis of the multi-temporal forest cover maps revealed that
significant changes have taken place in the study area. From the statistical change analysis, it
was observed that the AOI features in the year 2010 are in the following order: 34.6%
(plantation), 27.4% (sparse vegetation), 24.6% (dense forest), 11.4% (bareground), and 2.0%
(agricultural land). However, the significant changes observed from the year 2020 forest cover
classification map revealed that plantation, sparse vegetation, and dense forest decreased from
34.6% to 25.9%, 27.4% to 21.0%, and 24.6% to 22.5% while agricultural land and bareground
increased from 291.7 Ha (Hectares) to 1000.0 Ha and 1654.1 Ha to 3453.3 Ha (Table 7).
However, the increase observed in the agricultural land and bareground translated to the decrease
in the dense forest, plantation, and sparse vegetation in the year 2030. Also, the decrease
observed in the forest cover features (such as dense forest) in the year 2030 can be attributed to
the persistent increase of human activities in the study area. Garg et al. (2006) and Adepoju et al.
(2006) noted that a substantial increase in anthropogenic activities such as deforestation and
expansion of agricultural practices are known to be one of the major factors contributing to the
sudden or gradual loss of forest cover at various scales. Moreover, the rate of deforestation and
the substantial loss of forest cover in the study area could also support the gradual or sudden
increase of climate change. Abubakar et al. (2014); and Lepers et al. (2005) stated that
deforestation is one of the main driving forces predicted to forest cover change in developing
countries such as Nigeria. The present study also interdem the view of Akinsoji, (2013) that
tropical forests are faced with persistent encroachment of human activities such as deforestation

and expansion of agricultural activities.
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Table 4: Error Matrix of the study area for the year 2010

Forest SV PL DF BG AL Total Producer User

cover Accuracy Accuracy
(%) (%)

SV 41 4 0 1 5 51 74.60 80.40

PL 0 54 8 3 0 65 87.10 83.10

DF 4 0 54 0 6 64 65.10 84.40

BG 0 4 3 84 0 91 90.30 92.30

AL 10 0 18 5 43 76 79.60 56.60

Total 55 62 83 93 54 347
Overall accuracy = 80.00% Kappa coefficient = 75.00%
SV: Sparse vegetation; PL: Plantation; DF: Dense forest; BG: Bareground; AL: Agricultural

Table S: Error Matrix of the study area for the year 2020

Forest SV PL DF BG AL Total Producer User

cover Accuracy Accuracy
(%) (%)

SV 51 4 2 1 0 58 78.50 87.93

PL 2 41 4 0 3 50 54.70 82.00

DF 2 10 67 2 0 81 87.01 82.71

BG 10 0 0 80 4 94 85 85.10

AL 0 20 4 0 60 84 71.42 71.4

Total 65 75 77 83 67 367
Overall accuracy = 81.47% Kappa coefficient = 76.25%
SV: Sparse vegetation; PL: Plantation; DF: Dense forest; BG: Bareground; AL: Agricultural

Table 6: Error Matrix of the study area for the year 2030

Forest SV  PL DF BG AL Total Producer User
cover Accuracy Accuracy
(%) (%)
SV 30 1 2 1 1 35 69.76 85.71
PL 2 51 0 0 0 53 79.68 96.22
DF 1 0 70 2 0 73 92.10 95.89
BG 5 2 4 76 0 87 96.20 87.35
AL 5 10 0 0 89 104 98.88 85.57

Total 43 64 76 79 90 352
Overall accuracy = 89.77% Kappa coefficient = 85.89%
SV: Sparse vegetation; PL: Plantation; DF: Dense forest; BG: Bareground; AL: Agricultural

Table 7: Forest cover classification of the study area

LULC 2010 2020 2030
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266
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268

269

270

271

272

273

274

275

276

Ha % Ha % Ha %

Sparse vegetation 3972.2 27.4 3042.8 21 2901.6 20

Plantation 5026.2 34.6 3752.6 259 2338.3 16.1
Dense forest 3562.2 24.6 3257.7 22.5 3034.9 209
Bareground 1654.1 11.4 3453.3 23.8 4914.3 339

Agricultural Land 291.7 2 1000 6.9 1317.3 9.1
Total 14506.4 100 14506.4 100 14506.4 100
Conclusion

This study intended to evaluate the significance of FCC in Onigambari forest reserve Ibadan,
Oyo State, Nigeria using spectral vegetation index and Markov chain model. Prediction of future
forest cover changes shows that such kind of prediction can help to manage the gradual or
sudden change of forest cover caused by anthropogenic activities such as deforestation and
expansion of agricultural practices. The use of spectral vegetation index reveals that NDVI,
GNDVI, and DVI serve as indispensable techniques used in assessing and monitoring forest
cover loss with higher accuracy and less time. Based on the forest cover analysis, it was
discovered that the forest cover pattern varied significantly from the year 2010 to 2030. The
findings of the FCC reveals that the dense forest, plantation, and sparse vegetation will decrease
by 20.9%, 16.1%, and 20%, while bareground and agricultural land will increase by 33.9%, and
9.1% respectively. This indicates that the Onigambari forest reserve experienced deforestation
and expansion of agricultural activities thereby contributing to climate change. The present study
demonstrated the efficiency of GIS and RST in the study of FCC using the spectral vegetation
index and Markov chain model.
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a: Aspect and Digital elevation model of the study area. b: Major Road and River of the study area.
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Conceptual framework of the study area.
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Green Normalized vegetation index of the study area
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Forest cover map for the year 2010 and 2020
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Forest cover map for the year 2030




