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ABSTRACT 
 

Adequate geographic information of natural resources is required for environmental management and sustenance. 

Therefore, the aim of this study is to investigate the trend of land use/land cover dynamics in Owerri North and predict 

future trend for planning by integrating data captured using space monitoring technology with geographic information 

system (GIS). Data used include Landsat satellite imagery of five (5) epochs. The dataset has been pre-processed and 

enhanced using ERDAS Imagine and exported to ArcGIS10.5 window. Progressively, a training file was created which 

assisted in clustering the dataset into four feature classes. Evaluation of classification accuracy was made using 

confusion matrix before change detection analysis. Least square regression analysis was utilized to develop predictive 

models which were used to predict future trend of the feature classes that showed significant spatial variation between 

the epochs. Result revealed that between 1980 and 2020, water bodies and sparse vegetation spaces increased and 

decreased respectively by 3.95% and 5.42% while thick vegetation and built-up areas decreased and increased 

respectively by 26.86% and 28.31% and is the major causes of environmental degradations in the study area. This study 

predicted that beyond 2070 thick vegetation may be in extinction due to urban expansion, and this is of grave 

consequences to environmental sustainability. 
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INTRODUCTION 

Land is a fundamental natural resource for human 

survival and the base for all bio- diversities (Abebe et 

al., 2022; Chen et al., 2021.) In contemporary times, 

the pressures from uncontrolled land use and urban 

development continue to be a trait to environmental 

sustainability in many global communities (Merem et 

al., 2019; Ewunetu et al., 2021). As per Sewnet and 

Gebeyehu (2018) between the periods of 1975 to 2000, 

African continent experienced loss of 50,000km2 of its 

natural vegetation per year resulting to extinction of 

16% of natural land cover.  Adequate geospatial 

information of facilities and natural resources is 

fundamental to effective environment management. 

Land cover assessment is crucial   in   socio-economic 

and environmental studies because it provides data for 

sustainable decision making which is fundamental for 

harmonious relationship within the environment 

(Khaleefah and Alwan, 2021).  In recent time’s 

excessive utilization of limited natural resources due to 

increasing population is a major concern (Teshome et 

al.  2022). Therefore, to maintain and sustain a 

friendly eco-environment, continuous monitoring of its 

dynamics over time is crucial (Ezeomedo et al., 2012).   

 

Conservation of natural resources is also vital for 

sustainable development and to bridge the gap 

between demand and supply of these resources 

(Sangeetha et al., 2019). Environmental change 

monitoring facilitates understanding of land use 

spatio-temporal developments and their major 

drivers. Problems associated with environmental 

changes have been aggravated in recent times due to 

population explosion hence, it is hard to find any 

landscape on the earth’s surface that has not been 

significantly altered by humans (Njoku et al., 2026). 

Land cover/land use changes occur because of 

environmental developments activities carried out on 

land (Njoku and Igbokwe, 2021). Land use/land cover 

analysis is a crucial means for investigating 

environmental changes (Sabelo et al., 2021). 

Environmental dynamic modeling helps to 

understand the changes that have taken place and 

facilitates prediction of future developments.  

According to the United Nations Framework for 

Effective Land Administration (UN-GGIM, 2020), 

accessible, current, and reliable land and geospatial 

information underpins effective land administration, 

supports sound governance, and enables evidence-

based decision-making for sustainable development.   

 

Land cover and land use changes assessment are 

crucial for climate and environmental change 

monitoring (Aniekan et al., 2016; Matthews et al., 

2004). Land cover refers to the surface cover of the 

ground undisturbed by human activities. Land use, on 

the other hand, refers to the use of land by humans.  

It is the alterations done to Land cover because of 

human activities such as farming, road construction 

etc. Identification of land cover provides a reference 

for change detection assessment (Rawat et al., 2013). 

Land use/land cover change detection is useful for 

good understanding of landscape dynamic and assist 

in updating the geographical information of a given 

area during a known period for sustainable 

management. Application of space monitoring 

technologies such as remote sensing in capturing 

spatial information has gained popularity in recent 

times due to its reliability in providing comprehensive 

information needed for decision making. Its ability to 

capture multitemporal images of the earth for change 

investigations is one of its unique attributes (Phiri et 

al., 2017). Earth Observation systems (EOS) provide 

unambiguous cost-effective data of a large geographic 

area (Paganini et al., 2018; Walter et al., 2020).  As 

per Tilahun et al. (2015) and Topaloglu et al. (2016) 

they provide multitemporal data for research 

according to purpose and interest. This large dataset 

requires high management capabilities of geographic 

information system (Baumann, 2015). According to 

(Ojiako et al., 2017) constant monitoring of the 

environment is crucial especially in developing world 

such as Nigeria where informal settlements abound. 

Its products are foundation for effective 

environmental planning and urban policies 

(Hlatywayo et al., 2015; Rimal et al., 2017). The use of 

remote sensing data to investigate and monitor the 

dynamic of eco-environment has become one of the 

most rapid and proficient approaches. Data from 

Earth observation (remote sensing) is the most 
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effective in studying environmental change, mapping 

and management of the Earth's resources (Mashee et 

al., 2020). Integration of EOS data and geographic 

information system allows geospatial analysts to 

investigate spatial patterns within the geographic 

domain and understand the inter-relationship 

between the physical environment and human 

activities (Nkeki et al., 2014). Geospatial technology 

(GIS and remote sensing) provides effective method 

of monitoring and quantifying land cover temporal 

changes in geographical space. (Amritpal et al., 2021) 

Approach involving the integration of geographical 

information system (GIS) and space technologies 

such as remote sensing and global positioning system 

techniques is designed in such a way that data from 

diverse sources can be integrated, stored, analyzed 

and use for solving many geo-related problems. 

Research has shown that accurate monitoring of 

LU/LC dynamic is fundamental to understanding the 

interactions and bond between natural phenomena 

and mankind (Raghava et al., 2020). Use of multi-

spectral satellite imageries has significant role in 

classifying LU/LC and detect changes because it 

provides time to time information about where and 

what changes have occurred, predicting future 

occurrence for effective planning.  According to Utami 

et al. (2024), numerous statistical, machine learning, 

artificial intelligence, and hybrid models have been 

developed for land use/land cover prediction. These 

include traditional statistical approaches such as least 

squares regression, as well as Artificial Neural 

Networks (ANN), Random Forest, Cellular 

Automata–Markov (CA–Markov), and other 

integrated modeling techniques. The choice of an 

appropriate model depends on the characteristics of 

the available data, the objectives of the analysis, and 

should be supported by rigorous accuracy 

assessment. Performance of these models depends on 

quality of historical data available.  In recent times 

various forms of environmental challenges abound in 

Owerri North. These challenges which are attributed 

to anthropogenic activities resulting from fast 

population explosion include flooding, erosion, 

landslide, loss of bio-diversities etc. Despite the fast 

urban degradation there is dearth of research and 

tools for future planning and mitigation.  Therefore, 

the objectives of this study are to investigate the past 

behavior of land use dynamics in Owerri North, 

detect the feature classes that exhibit significant 

changes and predict their future trend using model 

that best approximate their historical character as a 

tool for sustainable planning. 

 

MATERIALS AND METHODS 

Study area 

Owerri North is a Local Government Area in Imo 

State, Nigeria with headquartered in Orie Uratta. It 

has a landmass of 198.08 square kilometers and a 

population of 175,395 based on  2006 census. It is a 

busy hub for residential expansion, education, and 

commerce, featuring key communities like Egbu, 

Naze, Orji, and Akwakuma.  It is geographically 

located at latitude 50 27’ 24’’ and longitude 70 6’ 10.’’ 

Owerri North is semi-urban government area and is 

composed of approximately 19 autonomous 

communities, including Agbala, Ulakwo, Egbu, Naze, 

Emekuku, Orji, Emii, and Obibi. Six major busy roads 

that lead out of the municipal cuts across Owerri 

North Communities. 

 

 

Fig. 1. Location map of the study 

 

Data description 

Data used in this study includes Landsat satellite 

imagery of Five (5) epochs i.e. Landsat imagery of 

1980, 1990, 2000, 2010 and 2020. These datasets 

were obtained from the USGS archives.  

 

Other datasets include administrative map of Imo state 

from which the study area boundary shapefile was 

extracted. This was obtained from ministry of Land and 

Survey Imo State. Ground referenced data were obtained 

through ground truthing. Software used includes 

ERDAS Imagine, ArcGIS 10.5 and Microsoft Excel 2012. 
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Data processing 

Data capture, processing and result presentations 

have been carried out using Remote sensing, GIS 

and statistical approach. Remote sensing is the 

dynamic detection and recording of the earth’s 

surface by artificial satellite positioned in space 

using reflected or emitted electromagnetic energy. 

This interaction assigns unique spectral signatures 

to different features in space. These unique 

responses which are detected by sensors onboarding 

the satellites are fundamental to feature 

discrimination within the image. LANDSAT image 

tiles of the various epochs covering the study area 

were downloaded, imported to ERDAS Imagine 

window and mosaicked using the mosaic tool for 

complete coverage. 

  

The mosaicked data was pre-processed for 

radiometric and geometric correction and enhanced 

to improve the visual distinction between the 

various environmental features. The enhanced 

image has been imported to ArcGIS10.5 window and 

projected to UTM zone 32 coordinate system.  

 

The projected data was masked to actual boundary 

limit of the study area using the boundary shape file 

which has been georeferenced to the same 

coordinate system. Progressively the image analysis 

module of ArcGIS 10.5 was utilized to create a 

training file which assisted in clustering the time 

series data into feature classes using maximum 

likelihood algorithm. This process is known as 

supervised classification in the sense that the analyst 

has knowledge of land use of a particular section of 

the study area and used it to train the computer for 

classification of other areas within the image.  

 

Accuracy assessment of land use/land cover 

analysis 

According to Raghava et al. (2020), confidence in 

utilization of real-world data is only possible if the 

quality of the data is known. Due to numerous 

chances of errors in satellite data, accuracy 

evaluation is invaluable (Hari et al. 2020). 

Reliability of change detection analysis depends on 

fidelity of classification. Confusion matrix (Error 

matrix) which is the widely accepted approach to 

show accuracy of the land-use/Landover 

classification results was created for the various 

images classified.  Ubaekwe and Engwoh (2020) 

adopted this approach in their study. Overall 

accuracy (OA), user’s accuracy (UA), producer’s 

accuracy (PA), and the Kappa statistics(K) were 

calculated from the error matrices (see Table 1 to 5) 

using equations 1, 2, 3 and 4 respectively adopted 

from (Gunathilaka et al., 2022). 
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Change detection 

The spatial coverages of the various feature classes in 

the time series images were calculated in GIS window 

and this was fundamental to change detection 

analysis. Results revealed significant changes in built-

up and thick vegetation classes between the epochs. 

Based on this, least square regression approach was 

utilized to model their rate of changes. Different least 

square statistical models that defined the change 

rates were developed and the most suitable models 

were selected based on least square criterion. As per 

Murray and Larry (2008) of all statistical models 
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defining relationship between variables, the one in 

agreement with least square criterion (equation 1) is 

said to fit the data in least square sense and is called 

best fitting model. Where R   is the residuals 

  

∑ 
 

 
                                                                              

 

   

 

 

Evaluation of model performance 

Four evaluation metrics were used to assess model 

performance. These are the coefficient of Correlation 

(R²), Nash-Sutcliff Efficiency (NSE) Root Mean 

Square Error (RMSE) and analysis of variance 

(ANOVA).  R2 quantifies the strength of the 

relationship between variables in a model. values 

closer to 1 indicates a good relationship between the 

variables therefore shows that the model can predict 

the observed effectively. NSE is the ratio of mean 

square error to the variance of observed data during 

the period under examination, subtracted from unity. 

The value may range from – ∞ to 1. The closer the 

value of NSE to 1, the better the prediction ability 

during modeling (see equation3).  RMSE is an 

indicator that measures the number of discrepancies 

obtained by a model. Perfect fit for these statistics is 

zero, however, this can never be obtained as physical 

measurement is never perfect because every 

geophysical measurement is exposed to certain level 

of insecurity. F -statistics were also computed from 

analysis of variance (ANOVA) and compared with F-

critical to show the level of statistical significance of 

the variance between the predicted and observed 

events compared to the variance within them. 
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F-Statistics=MSB/MSW                                                                (9)                                                                                                 

Where 

MSB= SSB/df between 
  

MSW= SSW/df within   

 

RESULTS AND DISCUSSION 

The results are presented as maps, charts, graphs, 

tables and histograms. Fig. 2a-6a are land use/cover 

maps of the study area from 1980 to 2020. Fig. 2b-6b 

are statistical charts showing spatial coverage of the 

various feature classes within the epochs. 

 

Land use/cover detection and analysis 

Based on signature identification, different feature 

classes were clustered in the study area. The land 

use/Landover analysis was done by supervised 

classification using maximum likelihood algorithm. The 

basic theory of this algorithm assumes that all input 

bands are normally distributed, and all classes are of 

equal probability error. Four land use/Landover types 

identified in the study area are thick vegetation, sparse 

vegetation, Water bodies, and Built-up area.  

 

Thick vegetation  

Thick vegetation comprises of thick and dense scrub 

of trees. In the classification scheme it was coded 

green. Between 1980 to 2020 it recorded spatial 

coverage of 112.97 square kilometers, 106.67 square 

kilometers, 98.76 square kilometers, 84.68 square 

kilometers and 59.87 square kilometers respectively. 

These are shown in Fig. 2b-6b.  

 

Sparse vegetation 

This includes all areas with little vegetation covers 

which are used for agricultural purpose, orchard, 

grazing etc. The overall area of sparse vegetation 

showed spatial extents of 51.78 square kilometers, 

48.66 square kilometers, 45.34 square kilometers, 

43.33 square kilometers and 41.05 square kilometers 

within the epochs under investigation.  

 

Built-up land 

Built up land covered all human constructions of any 

type such as settlement, roads, etc. In this study it 

was cartographically represented with red color (see 

Fig. 2a-6a).  
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Fig. 2a. Land use/land cover map of the study area in 

the year 1980 

 

Fig. 2b. Spatial coverage Land use/Landover in the 

study area in the year 1980 

 

 

Fig. 3a. Land use/land cover map of the study area in 

the year 1990 

 

Fig. 3b. Spatial coverage Land use/landcover 

categories in the year 1990 

 

 

Fig. 4a.  Land use/land cover map of the study area 

in the year 2000 

 

Fig. 4b. Spatial coverage of Land use/Landover in 

the study area in the year 2000 

 

 

Fig. 5a. Land use/land cover map of the study area in 

the year 2010 

 

Fig. 5b. Spatial coverage Land use/Landover in the 

year 2010 

 

 

Fig. 6a. Land use/land cover map of the study area in 

the year 2020 

 

Fig. 6b. Spatial coverage Land use/Landover in the 

study area in the year 2020 
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Table 1. Accuracy assessment for supervised classification of 1980 imagery 

Predicted Reference Sum Users 

accuracy Water body Built up area Sparse vegetation Thick vegetation 

Water body 50 0 0 0 50 100% 

Built up area 0 80 9 0 89 89.89% 

Sparse vegetation 3 7 83 7 100 83.00% 

Thick vegetation 0 0 14 120 134 89.55% 

Sum 53 87 106 127 373  

Producer accuracy 94.3% 91.95% 78.30% 94.48%   

Overall Accuracy    89.28%,   Kappa  85.24% 

 

Table 2. Accuracy assessment for supervised classification of 1990 imagery 

Predicted Reference Sum Users 

accuracy Water body Built up area Sparse vegetation Thick vegetation 

Water body 44 0 0 0 44 100% 

Built up area 0 76 4 2 82 92.68 

Sparse vegetation 0 9 94 9 112 83.93% 

Thick vegetation 0 0 13 102 115 88.66% 

Sum 44 87 111 113 355  

Producer accuracy 100% 87.35% 83.92% 90.26%   

Overall Accuracy           89.01%,    Kappa 84.32% 

 

Table 3. Accuracy assessment for supervised classification of 2000 imagery 

Predicted Reference Sum Users 

accuracy Water body Built up area Sparse vegetation Thick vegetation 

Water body 54 0 2 0 56 96.43% 

Built up area 0 87 5 2 94 92.55% 

Sparse vegetation 2 4 95 0 101 94.06% 

Thick vegetation 0 0 8 98 106 92.45% 

Sum 56 91 110 100 357  

Producer accuracy 96.42% 95.60% 86.36% 98%   

Overall Accuracy           89.01%,    Kapp= 91.08% 

 

Table 4. Accuracy assessment for supervised classification of 2010 imagery 

Predicted Reference Sum Users 

accuracy Water body Built up area Sparse vegetation Thick vegetation 

Water body 50 0 2 0 52 96.15% 

Built up area 0 88 11 0 99 88.89% 

Sparse Vegetation 0 5 87 8 100 87.00% 

Thick Vegetation 0 0 8 76 84 90.48% 

Sum 50 93 108 84 335  

Producer accuracy 100% 94.62% 80.55% 90.48%   

Overall Accuracy           93.54%,      Kappa 93.50% 

 

Table 5. Accuracy assessment for supervised classification of 2020 imagery 

Predicted Reference Sum Users 

accuracy Water body Built up Area Sparse vegetation Thick vegetation 

Water body 56 0 3 0 59 94.91% 

Built up area 0 92 5 0 97 94.85% 

Sparse vegetation 2 4 89 7 102 87.25% 

Thick vegetation 0 0 6 72 78 92.30% 

Sum 58 96 103 79 336  

Producer accuracy 96.55% 95.83% 86.42% 91.14%   

Overall Accuracy            92%,     Kappa 89.47% 
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Built up areas showed increasing trend with spatial 

coverage of 13.62 square kilometers, 21.94 square 

kilometers, 31.86 square kilometers, 45.49 square 

kilometers and 69.62 square kilometers within the 

epochs respectively.  

 

Water bodies 

This was coded blue and includes all forms of water 

bodies. Its spatial coverage showed increasing trend 

with a spatial coverage of 19.71 square kilometers, 

20.81 square kilometers, 22.12 square kilometers, 

24.58 square kilometers and 27.54square kilometers 

respectively. It gradually gained a land space of 3.95% 

between 1980 and 2020.  

Accuracy of land use classification 

Table 1-5 shows the confusion matrix of the land use 

classification between 1980 to 2020. Reliability of 

change detection analysis depends on the fidelity of 

land use classification. The results of the accuracy 

assessment indicated faithful classification 

performance. The results showed user’s accuracy 

range of 83% to 100%, producers accuracy range of 

78.30% to 100%, overall classification accuracy range 

of 89.01% to 93.54% and overall, Kappa (κ) statistics 

range of 84.32% to 93.50%. In line with scale in 

kappa strength of agreement, reported by Hari et al. 

(2020) this accuracy standard is considered as 

excellent. 

 

Table 6. Land use/Land  cover change detection analysis 

Classes 1980 1990 2000 2010 2020 1980 -
2020 

Remark 

Area 
(Km2) 

% Area 
(Km2) 

% Area 
(Km2) 

% Area 
(Km2) 

% Area 
(Km2) 

% % 
Change 

Water body 19.71 9.95 20.81 10.51 22.12 11.17 24.58 12.40 27.54 13.90 3.95 Increasing 
Built up area 13.62 6.88 21.94 11.07 31.86 16.08 45.49 22.97 69.72 35.19 28.31 Increasing 
Sparse vegetation 51.78 26.14 48.66 24.57 45.34 22.89 43.33 21.88 41.05 20.72 -5.42 Reducing 
Thick vegetation 112.97 57.03 106.67 53.85 98.76 49.86 84.68 42.75 59.77 30.17 -26.86 Reducing 
Total 198.08 100 198.08 100 198.08 100 198.08 100 198.08 100   

 

Change detection analysis 

The result of change detection analysis is shown in 

Table 6. The percentage coverage of thick vegetation 

between 1980 to 2020 are 57.03%, 53.85%, 49.89%, 

42.75% and 30.17% of the land space. It lost 26.96% 

of its spatial space to other land use within the 

periods under investigation.  

 

Sparse vegetation also recorded a diminishing trend 

and recorded values are 26.14%, 24.57%, 22.88%, 

21.89% and 20.72% land coverage. This signifies a 

loss of 5.42% of its land space within this time frame. 

Conversely, built up areas showed increasing trend in 

percentage coverage. It recorded spatial coverage are 

6.88%, 11.07%, 16.08%, 22.97% and 35 .19% of the 

land mass within the period under investigation. It 

increased significantly compared to other land use 

categories. It recorded increment of 28.31% during 

the period under investigation.  Water bodies showed 

a gradual increasing trend of 9.95%, 10.51%, 11.17%, 

12.40% and 13.90% of the land coverage within the 

five epochs. It gained a land space of 3.95% between 

1980 and 2020. This might be attributed to increase 

in impermeable spaces resulting from urbanization. 

 

Trend analysis  

Fig. 7 shows the trend of the various land use/land 

cover classes within the period under investigation.  

Increasing trend was observed in Water body and the 

built-up feature categories. 

  

 

Fig. 7. Trend of change of various land use categories 

in the study area between 2000 and 2020 

 

Conversely a decreasing trend was noticed in sparse 

and thick vegetation classes. The correlation plot 

(Table 7, Fig. 8) revealed that water bodies and sparse 
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vegetation show gradual changes while significant 

changes were observed in built up and thick 

vegetation classes. These significant changes observed 

in built up and thick vegetation classes were 

considered as the key driver to the various forms of 

environmental degradations within the study area. 

Based on this, least square regression procedure was 

used to develop linear and nonlinear predictive 

models that approximates historical trends of these 

two feature classes. Suitability of the selected models 

was based on least square criterion. The selected 

models were used to estimate the observed (see Table 

8) and the results were fundamental to accuracy 

assessment of the models. 

 

Table 7. Observed and predicted spatial coverage of built-up area and thick vegetation between 1980 and 2020 

Date Built up areas Thick vegetation 
Observed predicted Residuals Observed Predicted Residual 

1980 13.62 9.31 4.310 112.97 118.278 -5.308 
1990 21.94 22.905 -0.965 106.67 105.439 1.231 
2000 31.86 36.50 -4.640 98.76 92.600 6.160 
2010 45.49 50.095 -4.605 84.68 79.761 4.919 
2020 69.82 63.69 6.130 59.77 66.922 -7.152 

 

Table 8. Evaluation of predictive performance of the models 

Predictive  model Land use class R2 NSE MAE RMSE dfb, dfw F-statistics 
Yb = 1.3595t – 2682.5   Built Up 0.9488 0.9487 0.046 4.467 1, 8 11x10-5 
Ytv = -1.2839t + 2660.4 Thick vegetation 0.9202 0.9201 -0.030 5.437 52x10-6 

 

Table 9. Change statistics of built up and thick vegetation classes between 1980 and 2070 

Land use class 1980 2070 Remark Percentage change difference 
Built up area 6.88% 66.47% Increase 59.59% 
Thick Vegetation 37.03% 1.45% Decrease 35.58% 

 

 

Fig. 8. Plot of correlation between the land use classes 

 

 

Fig. 9. Observed and predicted trend of built-up class 

between 1980 and 2070 

 

Evaluation of the mode’s result 

Though predictive analysis of land use change have 

been carried by previous research using various 

statistical models but none of these research 

considered subjecting these  models to accuracy 

assessment before utilizing them especially in 

Nigeria. The selected models and their accuracy 

metrics are shown in Table 8. 

 

 

Fig. 10. Observed and predicted trend of thick 

vegetation class between1980 and 2070 

 

Predictive analysis 

The developed models were used to project the 

expected space coverage of these feature classes from 

2020 to 2070. The observed and predicted variables 

were merged to gain insight of the general trend 

between 1980 to 2070 (see Fig. 9 and 10). These 
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trends, revealed that by the year 2070, built spaces 

will occupy 66.47% of the study area while thick 

vegetation space coverage will decrease to 1.45 %. 

(Table 9). These statistics represents 1.31square 

kilometers gain in space and 1.22 square kilometers 

loss in spatial coverage yearly by built up and thick 

vegetation feature categories respectively. 

 

CONCLUSION 

Environmentally dynamic modeling is fundamental for 

sustainability, conservation and management of the 

environment. In this study geo-space observation 

monitoring data (Landsat imagery) of five epochs have 

been used to investigate land use/Landover dynamics 

of Owerri North. Attempts were made to capture as 

accurately as possible the four-land use/land cover 

classes as they change with time. The results were 

subjected to rigorous statistical tests using different 

evaluation metrics to ascertain reliability. This study 

revealed that thick vegetation and built-up areas are 

changing significantly and therefore, the major causes 

of environmental degradation in the study area while 

water bodies and sparse vegetation are gradually 

changing. 

 

Between 1980 and 2020 thick vegetation lost 26.86% of 

its spatial coverage while built up areas gained 28.31%.  

Within the same time frame water bodies increased by 

3.95% and sparse vegetation diminished by 5.42%. It 

was predicted that by 2070, built up areas will occupy 

66.47% of the land space with thick vegetation covering 

about 1.45%. Beyond this period, thick vegetation might 

face the risk of extinction. The consequences of this 

include loss of biodiversity, severe flood, erosion, excess 

heat, food scarcity and other forms of environmental 

degradation.   

 

RECOMMENDATION 

This study therefore recommended strict and 

appropriate urban development planning and 

control policies to ensure environmental 

sustainability in the study area. Besides, planting of 

trees and establishment of forest reserved areas 

should be encouraged and accompanied by regular 

environmental dynamic modeling in all the cities in 

Nigeria to be pre-informed of the looming danger. 

This will enable adequate and timely precautions to 

be taken to avoid unprecedented disasters as it is 

often said that a stitch in time saves nine. 
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