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Abstract

:

Urban growth in various cities across the world, especially in developing countries, leads to land use change. Thus, predicting future urban growth in the most rapidly growing region of Nigeria becomes a significant endeavor. This study analyzes land use and land cover (LULC) change and predicts the future urban growth of the Lagos metropolitan region, using Cellular Automata (CA) model. To achieve this, the GlobeLand30 datasets from years 2000 and 2010 were used to obtain LULC maps, which were utilized for modeling and prediction. Change analysis and prediction for LULC scenario for 2030 were performed using LCM and CA Markov chain modeling. The results show a substantial growth of artificial surfaces, which will cause further reductions in cultivated land, grassland, shrubland, wetland, and waterbodies. There was no appreciable impact of change for bare land, as its initial extent of cover later disappeared completely. Additionally, artificial surfaces/urban growth in Lagos expanded to the neighboring towns and localities in Ogun State during the study period, and it is expected that such growth will be higher in 2030. Lastly, the study findings will be beneficial to urban planners and land use managers in making key decisions regarding urban growth and improved land use management in Nigeria.
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1. Introduction


Globally, rapid population growth is intense in cities, and is a major factor for land use change [1]. Land use and land cover (LULC) change is a serious global environmental problem because the changing aspects of LULC are greatly affected by climate [2,3]. Urbanization is the movement of rural residents to urban regions with subsequent population increases in urban regions [4]. Additionally, urbanization is the result of socio-economic and political developments that lead to an expansion of big cities and changes in land use [5,6]. Additionally, urban sprawl is simply a segment of urban growth [7]. Urban sprawl is a global occurrence, and it attracts the attention of urban planners because of its nexus with the environmental efficiency of cities [8]. Urban sprawl is defined as “a pattern of land-use in an urban area that exhibits low levels of some combination of eight district dimensions: density, continuity, concentration, clustering, centrality, nuclearity, mixed used and proximity” [9]. The Merriam-Webster dictionary define urban sprawl as “the spreading of urban developments on undeveloped land near a city”; and it is widely known as “an undesirable form of development, due to its economic, social and environmental disadvantages” [10]. Thus, urban sprawl has a complex effect on the “structure and function of ecosystems in urban areas” [11].



Urbanization creates opportunities, and it also causes problems for human life. Some land use planners think that urban sprawl enhances the quality of life and promotes economic growth [12]. However, the growing human activity in urban areas contributes to changes in land use and subsequent adverse effects on such affected urban areas [13,14]. Similarly, rapid urban growth has caused some environmental problems, such as the loss of agricultural land, land degradation, water shortages, and pollution [1]. In developing countries, unrestrained and rapid growth leads to formation of slums, inequity, and the absence of appropriate infrastructure in terms of roads, shelter, water, and hygiene [15,16]. Likewise, the quick change in built-up land cover or urban sprawl in the Lagos metropolis produces the shortage of infrastructure (such as roads, suitable drainage constructions, waste collection and disposal infrastructure) that cannot cope with the rate of development [17]. Monitoring landscape pattern changes gives an implied method for describing the environmental effects of urbanization [14,18,19].



Presently, 55% of the world’s population lives in cities, and this percentage is estimated to increase to 68% in 2050 [20]. Similarly, the population of city residents worldwide is expected to increase by 2.5 billion by 2050. The anticipated population increase will occur in developing nations, with an almost 90% increase in Asia and Africa [20]. Nigeria has a population of over 200 million [21], which makes it the most populous country in Africa [22]. It is predicted that by 2050, Nigeria will be the third most populated country in the world, with an estimated population of over 398 million [20]. Urbanization in Nigeria began over one hundred years ago according to Mabogunje [23]. Prior to Nigeria’s independence in 1960, the urban population growth was extremely low [24]; after 1960, only the cities of Lagos and Ibadan had populations higher than half a million people each, while almost a hundred thousand people resided in the remaining twenty-four cities across the country [24,25]. However, an incomparably high level of urbanization happened between 1970 and 1995, supposedly the fastest global urbanization growth rate at that period [26]. This population increase was ascribed to the 1970s and 1980s crude oil boom with resultant development projects across the country, as well as the influx of people to the cities [24]. Figure 1 shows the total population of Nigeria by variant.



It is worth mentioning that land use activity from the perspective of urban development is important, as it ensures the variety of economic growth without endangering scarce natural resources [28]; also, it equates livable and social equity within the changing aspects of current urban growth [29]. Hence, the evaluation of land use change is a focus of continuing economic theory of creating contemporary and habitable cities [30] in developing countries (e.g., Nigeria) that encounter problems in situating themselves as prospective urban centers [31].



Various types of spatial techniques and models are applicable for analysis in urban sprawl and land use change research. Globally, Geographic Information Systems (GIS) integrated with Remote Sensing (RS) are potent and cost-effective tools that have been extensively used for identifying and analyzing the spatiotemporal dynamics of processes of LULC change and urban growth on general scale [32,33,34]. Some growth models include Markov chains [35], cellular automata (CA) [30,36,37,38], spatial logistic regression [39], artificial neural networks (ANN) [40,41], and multicriteria evaluation [42]. Among the above-mentioned models, CA have been extensively utilized to assess land change and urban expansion globally [43,44]. Notably, GIS-based CA models are efficient in simulating urban growth processes and estimating spatial patterns of urban growth [45,46,47].



However, the integration of CA with other techniques might improve the standardization of CA-based urban models. Thus, the combination of CA and Markov Chains (CA Markov) is a hybrid model that merges the theories and benefits of CA and Markov Chains [48,49,50]. In comparison with other models, this hybrid is the most generic and effective in forecasting future LULC changes with various scenarios [51]. Thus, the future prediction of LULC change is attained through a blend of LULC models with RS and GIS [52].



Notwithstanding a significant rise in the number of studies completed on the spatial perception of urban growth and LULC change over the years in Lagos metropolis (e.g., [17,53,54,55,56,57,58,59]), none of these studies used GlobeLand30 product. This global dataset is useful for Nigeria and provides the opportunity to make comparisons with data from developed countries such as Canada. Therefore, the aim of this study is to analyze LULC change from 2000 to 2010, and to predict future urban growth using the GlobeLand30 dataset, GIS, and the CA model. Additionally, modeling the urban land use changes of a region such as Lagos requires the utilization of strong methods that can model the growth, complex nature, and urban changing aspects [60]. Thus, analyzing LULC and making predictions of future urban growth will enhance the decision-making process concerning the land use and sustainable environment in Lagos and Nigeria at large.




2. Materials


2.1. Study Area


Lagos is the area of study. It was the administrative capital of Nigeria until 1991, when the headquarters was relocated to the federal capital territory (FCT) in Abuja [61]. Metropolitan Lagos is typified by a quite flat terrain and coastal depositional features: Wetlands, beaches, and estuaries [55]. With an estimated population of over 14 million [27], Lagos is the largest city in Nigeria. Lagos State covers an area of approximately 3671 square kilometers (1,443.98 square miles) [62]. It is in the southwestern part of the country and situated on longitude 2°42′–4°20′ East and latitude 6°22′–6°42′ North. Additionally, it is bordered by the Republic of Benin in the West, with Ogun State in the North and East, as well as the Atlantic Ocean in the South [63]. The high-density metropolitan region of Lagos where this study was conducted comprises sixteen Local Government Areas (LGAs) identified with numbers: (1) Agege; (2) Ifako-Ijaye; (3) Alimosho; (4) Ikeja; (5) Shomolu; (6) Kosofe; (9) Oshodi-Isolo; (10) Mushin; (12) Ojo; (13) Amuwo Odofin; (14) Ajeromi Ifelodun; (15) Surulere; (16) Lagos Mainland; (17) Lagos Island; (18) Apapa; and (19) Eti Osa. The four rural LGAs: (7) Ikorodu; (8) Epe; (11) Badagry; and (20) Ibeju Lekki, were not studied (see Figure 2).



The expansion of metropolitan Lagos has been occurring since the colonial era [64], and it was projected that by 2025, Lagos will attain a population of 18.8 million and surpass numerous cities worldwide [65]. The population of Lagos and its average annual rates of change between 1970 and 2025 are presented in Table 1.



Lagos metamorphosed from a less important agricultural community (i.e., originally a settlement of farmers and fishermen) to its current megacity status [66]. It is a commercial center with a seaport, and it serves as an international hub for trade [67]. Thus, Nigeria’s economy is dependent on Lagos, as it has 85 percent of the industrial sector, 65 percent of the financial sector, and 75 percent of the workforce [68]. Accordingly, people move to Lagos because of the job prospects and enthusiasm to create business and wealth [69]. Additionally, the British decision to keep Lagos as Nigeria’s Capital City after the country’s amalgamation in 1914 significantly determined the pace, pattern, and nature of land use development in Metropolitan Lagos [70].



In 2012, the Citigroup and Urban Land Institute ranked Lagos as one of the most innovative cities in Africa. This ranking was based on population, sustainability, quick economic advancement, and potential for investors [71]. In the olden days, land use management in Lagos had been solely under the Traditional Law of the Yoruba Custom. This type of land administration is a process by which land is registered at the request of the land buyer [72]. The creation of Lagos State in 1976 led to the establishment of Land Registry [72], and afterwards, the Lands Bureau in 1999 to implement the State government land administration policy [66]. The land registry keeps and stores the records of all land transactions and other instruments affecting lands in the State. Proper record keeping ensures effective management of land, and it also supports equitable and sustainable access of land in Lagos [73].



The urban growth of the Lagos metropolitan region has broadened beyond the land of Lagos State to bordering towns and localities of Ogun State. Specifically, this study encompasses a total area of 85 km × 60 km, which is an integration of the Lagos metropolitan region (i.e., 16 urban LGAs of Lagos State) with a portion of the bordering Ogun State.




2.2. Research Data


In this study, the remotely sensed data and ancillary were used. A description of the collected data is illustrated in Table 2.



The GlobeLand30 is a product of the National Geomatics Centre of China; it covers the time from 2000 to 2010 and has 30m-high resolution imagery [74]. GlobeLand30 are produced through the collection of over 10,000 Landsat satellite images and through the implementation of a “pixel-object-knowledge” method [75]. For this study, the GlobeLand30 for years 2000 and 2010 were obtained from http://www.globallandcover.com accessed on 28 April 2020. Additionally, GlobeLand30 classification consists of ten land cover types: Cultivated land, forest, grassland, shrubland, wetland, water bodies, tundra, artificial surfaces, bare land, and permanent snow and ice [76]; however, eight of these land covers types are relevant to Nigeria, as itemized in Table 3. An accuracy assessment was performed by Arowolo and Deng [77] on GlobeLand30 applying Google Earth images in a research on LULC change in Nigeria. This dataset presented an overall accuracy of greater than 73% and 75% in 2000 and 2010, respectively, which indicates its appropriateness for this research.



Table 2 also contains OpenStreetMap (OSM) and digital elevation model (DEM) data type. OSM is the “Wikipedia of Maps”, and freely available to download for any region globally. It is a road network dataset that is always updated [78]. The shapefiles of the roads in the Lagos metropolitan region were extracted from the 2017 OSM. Additionally, the Shuttle Radar Topography Mission (SRTM) 1 (2000) DEM of 30 m spatial resolution data was downloaded from Earth Explorer website and utilized to generate the slope and elevation. Thus, SRTM 1 DEM and OSM are ancillary data required to improve the quality [79] and complement the GlobeLand30 data.





3. Methods


Figure 3 shows the study flowchart and procedures that were carried out. These include the GlobeLand30 data 2000 and 2010, the formation of LULC maps, choice of variables, change analysis, transition potential modeling and prediction employing LCM and CA Markov chain techniques.



3.1. LULC Classified Maps


Figure 4 illustrates the 2000 and 2010 classified maps of the study area that were created using the Esri ArcGIS 10.6 software to perform the analysis of the GlobeLand30 data. The reference system applied was the Universal Transverse Mercator (UTM) projection within zone 31 North with World Geodetic System (WGS) 1984 at 30 m spatial resolution.




3.2. Change Detection Analysis


This analysis was conducted using LCM within TerrSet software system. The LCM is a decision support software which is suitable for assessing and predicting future land cover change with implications for sustainable development [80]. Accordingly, the change analysis depends on the land use changes between period 1 and period 2 [81]. Thus, the classified GlobeLand30 maps of period 1 (2000) and period 2 (2010) for Lagos metropolitan region were imported into the Change Analysis tab within LCM for analysis. Next, the gains, losses, and net changes in LULC for 2000 and 2010 were produced.




3.3. Selection of LULC Transitions


Major and minor transitions occur between LULC maps of two-time intervals. However, major transitions were chosen for this research, and they were grouped into the transition submodels; then, each transition was modeled applying the enhanced multilayer perceptron (MLP) neural network [82]. This study used a 20 km2 threshold, which represents less than 0.5 percent of the total area of study, and thus, reduces the number of transitions from 49 to the following nine major transitions: Grassland to forest, shrubland to forest, wetland to forest, artificial surfaces to forest, forest to shrubland, grassland to shrubland, forest to artificial surfaces, grassland to artificial surfaces, and shrubland to artificial surfaces.




3.4. Selection of Variables


There is no general recommendation for selecting the driving forces for LULC changes. However, selection was made especially for each study area based on the uniqueness of each region concerning the driving factors that affect its urban growth [83]. Thus, the appropriateness of different factors could differ from one study to another [84,85]. Constraints are measures that can restrict the development of artificial surfaces. A constraint is specified like the Boolean map, and it signifies that a value of 0 (not suitable) is apportioned to the areas (i.e., LULC types) that are excluded, while areas included are apportioned a value of 1 (suitable) [86]. This study conceived water bodies and existing artificial surfaces as constraints. Thus, the factors and constraints were standardized in the TerrSet software. In this analysis, a 0–255 scale was used to standardize the factors (see Figure 5 for standardized factors/variables).



In the past years, urban driving factors have been applied in CA modeling to predict possible urban growth [83]. These driving factors include physical, human disturbance, economic, and institutional, all of which are significant to urban LULC change. Topography is a type of physical factor; it affects the size and spatial spreading of a city by restricting the provision of adequate land and water [87]. Generally, slope and elevation constitute the most significant topographic factors [88,89]; human disturbance/proximity factors, e.g., distance to road [87,90,91], and distance to water bodies [88,92] are all key determining factors for urban growth. Thus, roads play an important part in urbanization because they enable citizens to have access to various services on a daily basis. Socio-economic factors, i.e., population density and the gross domestic product, were excluded in the submodel and computation units in the analysis of this study. Institutional factors such as urban planning and land development regulations are also important determinants of urban growth dynamics [93,94].



In this study, a total of five variables were chosen and weighed for their impacts on urban growth. These included static variables such as elevation, slope, and distance from water bodies, while dynamic variables comprised distance from major roads and distance from existing artificial surfaces. Static variables are unchanging over time, whereas dynamic variables can change and are recomputed over time during a prediction [82]. In summary, the major LULC transitions and driving factors represent the two model variables that were included for the submodeling. Figure 5 depicts the standardized variables for this study.




3.5. Transition Potential Modeling


This phase is necessary to identify the consequential LULC transitions, and to create transition potential maps with satisfactory degrees of accuracy to run the transition models. The transition potential maps were obtained based on LULC transitions, together with static and dynamic variables using an MLP neural network, a component of LCM. The MLP is a frequently used type of artificial neural network (ANN) that is built on a supervised “backpropagation” (BP) training algorithm [95,96].



The MLP neural network supervised BP algorithm is used to adjust the parameter or weight and bias of the model to minimize error and improve accuracy [96]. Accordingly, an accuracy rate of around 80% is acceptable [81]. The results of the current research of the MLP after 10,000 iterations produced an accuracy of 82.85% for LULC changes in Lagos metropolitan region between 2000 and 2010. Thus, the transition potential maps that were produced from this process were used to predict future LULC changes.




3.6. LULC Change Prediction


This study utilized the CA Markov chain built in LCM module within TerrSet software, version 18.3 to predict future patterns of LULC change using GlobeLand30 maps of years 2000 and 2010 in Lagos metropolitan region.



A CA model comprises set of similar elements or cells that are non-linear; it has the ability to simulate the spatiotemporal attributes of complex systems [97,98]. CA postulate that the present state of land use and changes in the neighboring cells describe the land use change for any location (cell) [99]. Additionally, CA can be stated in simply numerical notations [100], and they can calculate functions and solve algorithmic problems [101]. Markov chains are largely utilized for modeling LULC; they describe the land use change between two-time intervals considering the trend of historical LULC [102,103]. The result from this model depends on the probability of transition [104], and the transition probability matrix of LULC change from first time to second time will help to predict the time for the future [103].



During this study, the MLP neural network helped to ascertain the weights of the transitions to be incorporated in probability matrices of Markov chain to predict the future LULC change. Thus, the matrix derived from the Markov chain analysis consists of the anticipated quantity of changes for each weighed transition until the predicted closing dates. Accordingly, the transition probability matrix was quantified for LULC changes between 2000 and 2010. Finally, the prediction for 2030 was performed utilizing CA Markov chain, and probable LULC changes were ascertained.





4. Results and Discussions


4.1. LULC Distribution


Table 4 shows the distribution of LULC classes between 2000 and 2010. The results presented substantial changes for forest and artificial surfaces, and forest showed the greatest changes among all the land cover types. It was observed that in 2000, forest covered an area of 2,636.10 km2 (58.23%), which increased to 2954.44 km2 (65.32%) in 2010. Thus, forests grew by 7.09% during this period. The increased forest growth in Lagos metropolitan area can be ascribed to developed parks and the planting of trees undertaken by the Ministry of the Environment starting in 2008. Afforestation was aimed to mitigate the potential adverse effects of global warming and subsequently promote an eco-friendly and healthier environment [105]. Additionally, since the inception of the tree planting program, government records show that a total of six million, two hundred and three thousand, five hundred and fifty-three (6,203,553) trees have been planted in the entire Lagos State [105].



Additionally, during the period of study, artificial surfaces covered an area of 723.72 km2 (15.99%) in 2000, and they increased to 796.16 km2 (17.60%) in 2010. Artificial surfaces therefore increased by 1.61% during this period. This increase can be attributed to increasing demand of land from a growing population and the development of housing, transit facilities, industrial buildings, and urban greenspaces near the study area. Thus, both the forest and artificial surfaces exhibited substantial changes between 2000 and 2010 in metropolitan Lagos.



Moreover, cultivated land covered an area of 24.42 km2 (0.54%) in 2000, which decreased to 1.33 km2 (0.03%) in 2010, displaying a loss of 0.51% during this period. Due to the decrease of cultivated land, artificial surfaces showed a small increment. This could be caused by rapid population growth linked with the demand for land and urban supplies. This result concurs with the research findings asserting that land conversion occurs at the boundary of cities, and the pressures from urban sprawl and industrial development often result in loss of main agricultural lands [106].



Similarly, grassland with a covered area of 236.61 km2 (5.23%) in 2000 presented large reduction, i.e., to 41.52km2 (0.92%) in 2010, showing a loss of 4.31%. Additionally, shrubland, wetland, and water bodies showed reductions in the quantities of area that they covered. The findings showed a 1.08% decrease for shrubland, a 2.37% decline for wetland, and a 0.35% reduction for water bodies between 2000 and 2010. The decrease in water bodies concurs with the report of Obiefuna et al. [17], i.e., that the reduction in water bodies could have occurred because of land filling of Lagos lagoon for residential development [17]. Furthermore, bare land exhibited the lowest proportion of land cover among all other land cover types that showed percentage reductions. Bare land covered a small area, 4.28 km2 (0.09%), in 2000, but no area was covered (i.e., zero land cover) in 2010, implying that the smallest land cover for bare land in 2000 disappeared completely in 2010 in the Lagos metropolitan region.




4.2. LULC Change Analysis Using LCM


Table 5 depicts the gains, losses, and net changes in LULC between 2000 to 2010 in the study area.



The results clearly show that between 2000 and 2010, forest experienced significant gains and losses, with 455.45 km2 gains and 137.11 km2 losses, as well as a substantial net gain of 318.34 km2, which was the highest among the land cover types. Additionally, artificial surfaces increased with a gain of 125.52 km2, a loss of 53.08 km2, and a net gain of 72.44 km2. Moreover, cultivated land, grassland, shrubland, wetland, water bodies, and bare land all presented negative net changes. Grassland showed the greatest negative net change of 194.36 km2; it lost about 221.98 km2 and gained 27.62 km2; shrubland lost 194.80 km2, gained 146.25 km2, and showed a net loss of 48.55 km2; wetland lost 134.56 km2; it gained 27.43 km2, and displayed large net loss of 107.14 km2. Water bodies showed 25.51 km2 loss, 12.14 km2 gain, and a net loss of 13.36 km2. In addition, cultivated land lost 24.21 km2, gained 1.12 km2, and demonstrated a net loss of 23.09 km2.



Figure 6 shows the gains and losses in the study area from 2000 to 2010.



Furthermore, the study showed that bare land lost 4.28 km2 with zero gains and net loss of 4.28 km2.



In summary, it is evident from the findings within the period of the study that: (1) The extents of forest and artificial surfaces in terms of gains and net changes were substantial; (2) there was substantial loss of vegetation (i.e., grassland and shrubland) and shrinkage of wetland; and (3) bare land with zero gains seemed not to show any appreciable impact of change in comparison with other land cover types. Findings concerning artificial surfaces and bare land concur with Arsanjani [107], who proposed that bare land can show a negative land change, whereas development of artificial surfaces, e.g., greenspaces, might display a positive change based on local conditions. This implies that Arsanjani’s report is applicable to the situation in the Lagos metropolitan region.



Figure 7 illustrates net changes in LULC from 2000 to 2010.



Figure 8 shows the combined LULC change map during 2000 to 2010.



Regarding LULC distribution, the results show that the development of artificial surfaces occurred within and outside the frontier of Lagos State, and extended to bordering Ogun State (see Figure 4a,b). This report corroborates a research outcome which stated that approximately 50% of the growth of artificial surfaces in Lagos metropolitan region happened outside the administrative frontier of Lagos and extended to nearby areas in Ogun State [108]. Similarly, the Federal Government of Nigeria [109] reported the quick growth (i.e., incessant development of artificial surfaces) in metropolitan Lagos and its attainment of Megacity status with an extent of over 153,540 hectares of land consisting of adjourning Ado-Odo/Ota, Ifo, Obafemi-Owode, and Sagamu LGAs of Ogun State. Moreover, research by Braimoh and Onishi [55] found that rising demand for urban land in Lagos is being met by converting rural land at the fringe of existing artificial surfaces.




4.3. Driving Factors of LULC Change


LULC changes are naturally associated with elevation and slope [110]. This study revealed that most of the LULC change in Lagos metropolitan region occurred with elevation of between 0–83.75m (small effects of elevation) (Figure 9a). Therefore, the extent of elevation in Lagos is low. Additionally, zones with higher elevation are more suitable for settlement, whereas zones with low elevations are not easily accessible for settlement and agriculture [111]. Findings show that slope occurred between 0–10 degrees in most parts of the Lagos metropolitan region (Figure 9b), implying that slope correlated with less impact on the growth of the zone. This might be due to the flat terrain in Lagos having slope constraints that are not significant [108]. Flat topography, in contrast to hilly zones, could be cost-effective for environmental and city planners in the built environment in Lagos State. Additionally, the influence of elevation and slope may decline in the future because of technological developments and consequent reductions in the cost of construction in hilly sites [89,112]. Cognizance of the impacts of elevation and slope on LULC is crucial to the efficient planning and implementation of policies that enhance sustainable natural resource management [113].



Regarding accessibility factors, progress has been made in constructing new roads and maintaining the existing ones (Figure 9c). Road construction strongly induced deforestation in Nigeria, and proximity to roads encourages frontier residential development [55]. By 2001, Lagos State had constructed 5514 km of tarred roads. About one third of these roads were made of concrete deck, 43.0% were covered with asphaltic concrete, and 23.2% contained bitumen [114]. The study also displayed that distance from water is an important spatial determinant for urban growth (Figure 9d). Accordingly, Braimoh and Onishi [55] found that the likelihood of residential development in Lagos decreases with an increase in distance from waterbodies.




4.4. Markov Chain Analysis


Table 6 presents the transition probability matrix (computed using Markov chain) between 2000 and 2010, including a prediction for 2030. The transition probability matrix consists of rows and columns, as well as diagonal values which depict the probability that each LULC class remains constant from time zero to one [115]. The results indicate that the probability of future change for cultivated land to artificial surfaces was 8.17%, and for forest to artificial surfaces, was 3.72%. Additionally, the probabilities of future changes for grassland, shrubland, wetland, water bodies, and bare land to artificial surfaces were 22.41%, 15.90%, 2.27%, 0.64 %, and 9.35%, respectively. Moreover, the probabilities of future changes for water bodies to artificial surfaces, cultivated land, forest, grassland, shrubland, and wetland were 0.64%, 0.15%, 4.98%, 0.92%, 0.62%, and 3.94%, correspondingly. Therefore, the probability of future change of other LULC classes to artificial surfaces were superior in grassland and shrubland, implying that there are likelihoods of larger future change of vegetation to artificial surfaces in the Lagos metropolitan region. Waterbodies also have the least likelihood of future change to artificial surfaces in the study area.




4.5. LULC Prediction


Table 7 displays the matching area statistics and the predicted extent of the different LULC classes for year 2030. Forest demonstrated the largest predicted amount of 68.20%; this increase may be related to urban renewal through the constant planting of trees by Lagos State Parks and Garden Agency (LASPARK). In contrast, some studies in land use and urban sprawl in Nigeria reported a predicted reduction in forest cover [77,116,117].



Accordingly, decrease in forest size and quality constitute environmental threats to the well-being of communities residing in the vicinity of forests [118]. Artificial surfaces were also predicted to have large spatial extent of 19.19% with continuous decrease in the quantities of water bodies (9.3%), shrubland (2.44%), and wetland (0.76%), including steady declines in the amounts of the cultivated land and grassland.



Additionally, Figure 10 shows the LULC change map predicted for year 2030.





5. Conclusions


This study was carried out to ascertain the urban sprawl and growth prediction for Lagos, Nigeria using GlobeLand30 data combined with GIS and Cellular Automata model. The GlobeLand30 dataset were imported into Esri ArcGIS software to create the LULC classified maps for 2000 and 2010. An integrated CA Markov built in LCM module within TerrSet software was used to predict future patterns of LULC change. Additionally, this study showed an increment in the quantity of artificial surfaces between 2000 and 2010. LULC change analysis presented substantial gains and net changes in the amounts of forest and artificial surfaces, substantial losses of grassland and shrubland, and reduction of wetland, while there was no appreciable impact of change for bare land in contrast with other land cover types. Additionally, the main contributors to the rise in the quantity of artificial surfaces were the big losses from grassland, forest, and shrubland, while cultivated land and wetland presented slight losses.



A transition probability matrix was generated, which illustrates the transition from 2000 to 2010, including a prediction of LULC for 2030. The results show that there is a larger probability of future change of vegetation (i.e., grassland and shrubland) to artificial surfaces, while waterbodies have the least likelihood of future change to artificial surfaces in the study area. Moreover, the prediction analysis for future LULC showed that artificial surfaces will attain 867.90 km2 by 2030. An increase of 71.74 km2 in artificial surfaces, and decreases of 40.60 km2 in grassland, 74.63 km2 in shrubland, and 87.27 km2 of wetland were estimated between 2010 and 2030, respectively.



Urban sprawl in Lagos has extended beyond its border to neighboring Ogun State since 2000 [108]. It is evident from this current research (see the classified LULC maps, Figure 4a,b) that rapid urban growth has expanded to some parts of Ogun State. Wang and Maduako [108] reported that about 50% of new artificial surfaces in Lagos were situated in the territory of Ogun State between 2000–2015. Additionally, in developing countries such as Nigeria, policy makers encounter extraordinary problems about urban planning and LULC management because of the existing high dynamic growth [119]. In order to proffer solutions to the problems of the growth of Lagos metropolitan region (and prospective influx of people from Lagos to Ogun State because of rapid population growth), collaborations between the Lagos and Ogun State governments, and other stakeholders including regional planning framework, are required. Thus, the policy makers, urban planners, and stakeholders should consider suitable adaptation options to alleviate the negative impacts of urban expansion, based on past and present land cover changes [120]. Moreover, there have been suggestions by various stakeholders regarding how to promote the economic potentials of Ogun State border towns and integrate these towns to an urban status for socio-economic sustainability at a regional level.



Furthermore, this study displayed the effectiveness of GlobeLand30 dataset and GIS integration with CA Markov as tools for LULC change analysis and future predictions. The availability of GlobeLand30 datasets for this study in Lagos helped to solve the problems associated with generating national land cover maps (for various applications) in developing countries [107] like Nigeria. Additionally, the GlobeLand30 dataset will achieve improved results if it covers beyond 2000 to 2010 (the current 10-year interval) to enable for comparisons between many years or different times. Finally, the combination of GIS with CA is valuable to policymakers in making decisions about land use trends, 3urban sprawl, and environmental management in Nigeria.
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Figure 1. Total population of Nigeria by variant. Source: United Nations, Department of Economic and Social Affairs, Population Division [27]. 
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Figure 2. Map of Lagos State showing the area of study (metropolitan region). 
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Figure 3. Flowchart of methods. 
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Figure 4. (a) Classified map of the year 2000. (b) Classified map of the year 2010. 
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Figure 5. Standardized factors (variables) used in the study: (a) Elevation, (b) slope, (c) distance from artificial surfaces, (d) distance from major roads, and (e) distance from water bodies. 
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Figure 6. Gains and losses in LULC (km2) between 2000 and 2010. 
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Figure 7. Net change in LULC (km2) between 2000 and 2010. 
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Figure 8. Combined LULC changes between 2000–2010. 






Figure 8. Combined LULC changes between 2000–2010.



[image: Sci 03 00023 g008]







[image: Sci 03 00023 g009a 550][image: Sci 03 00023 g009b 550] 





Figure 9. (a–d) Analysis of driving factors of LULC change. 
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Figure 10. Predicted LULC map for year 2030. 
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Table 1. Population of Lagos and its average annual rates of change for 1970–2025.
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Population (Millions)

	
Average Annual Rate of Change (Percentage)






	
1970

	
1990

	
2011

	
2025

	
1970–1990

	
1990–2011

	
2011–2025




	
1.4.

	
1.8

	
11.2

	
18.9

	
6.08

	
4.08

	
3.71








Source: United Nations [65].
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Table 2. Description of the collected remotely sensed and geospatial data.
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	Data Type
	Dataset
	Resolution
	Source





	Land use
	GlobeLand30
	30 m multispectral
	National Geomatics Centre of China



	Physical objects
	OpenStreetMap
	
	www.openstreetmap.org accessed on 28 April 2020



	Ancillary
	SRTM 1 Digital Elevation Model (DEM)
	30 m
	Earth Explorer
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Table 3. Land cover classification of GlobeLand30 utilized for the study [76].
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	Land Cover Code
	Land Cover

Type
	Attributes of Land Type





	10
	Cultivated land
	Lands used for agriculture, horticulture, and gardens, including paddy fields, irrigated and dry farmland, vegetation, and fruit gardens, etc.



	20
	Forest
	Lands covered with trees, with vegetation cover over 30%, including deciduous and coniferous forests, and sparse woodland with cover 10–30%, etc.



	30
	Grassland
	Lands covered by natural grass with a cover over 10%.



	40
	Shrubland
	Lands covered with shrubs with a cover over 30% including deciduous and evergreen shrubs and desert steppe with a cover over 10%, etc.



	50
	Wetland
	Lands covered with wetland plants and water bodies including inland marsh, lake marsh, sea marsh, river floodplain wetland, forest/shrub wetland, peat bogs, mangrove, and salt marsh, etc.



	60
	Water bodies
	Water bodies in the land area, including river, lake, reservoir, fish pond, etc.



	80
	Artificial surfaces
	Lands altered by human activities, including all kinds of habitations, industrial and mining area, transportation facilities, and interior urban green zones and water bodies, etc.



	90
	Bare land
	Lands with vegetation cover lower than 10% including desert, sandy fields, Gobi, bare rocks, saline and alkaline lands, etc.
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Table 4. Area statistics and number of changes in land use and land cover (LULC) during 2000 to 2010.
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Year

	
2000

	
2010




	
LULC Class

	
Area (km2)

	
Area (%)

	
Area (km2)

	
Area (%)






	
Cultivated land

	
24.42

	
0.54

	
1.33

	
0.03




	
Forest

	
2636.10

	
58.23

	
2954.44

	
65.32




	
Grassland

	
236.61

	
5.23

	
41.52

	
0.92




	
Shrubland

	
234.25

	
5.17

	
185.05

	
4.09




	
Wetland

	
228.99

	
5.06

	
121.81

	
2.69




	
Water bodies

	
438.97

	
9.70

	
423.06

	
9.35




	
Artificial surfaces

	
723.72

	
15.99

	
796.16

	
17.60




	
Bare land

	
4.28

	
0.09

	
-

	
-




	
Total

	
4527.34

	
100.00

	
4523.37

	
100.00
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Table 5. Gains, losses, and net changes (km2) in LULC from 2000 to 2010.
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Year

	
2000–2010 Period




	
LULC Class

	
Losses

	
Gains

	
Net Changes






	
Cultivated land

	
−24.21

	
1.12

	
−23.09




	
Forest

	
−137.11

	
455.45

	
318.34




	
Grassland

	
−221.98

	
27.62

	
−194.36




	
Shrubland

	
−194.80

	
146.25

	
−48.55




	
Wetland

	
−134.56

	
27.43

	
−107.14




	
Water bodies

	
−25.51

	
12.14

	
−13.36




	
Artificial surfaces

	
−53.08

	
125.52

	
72.44




	
Bare land

	
−4.28

	
0.00

	
−4.28
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Table 6. Markov transition probability matrix and LULC change for 2030.
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	LULC Class
	Cultivated Land
	Forest
	Grassland
	Shrubland
	Wetland
	Water Bodies
	Artificial Surfaces
	Bare Land





	Cultivated land
	0.0002
	0.8385
	0.0092
	0.0499
	0.0071
	0.0134
	0.0817
	0.0000



	Forest
	0.0000
	0.9203
	0.0035
	0.0311
	0.0062
	0.0017
	0.0372
	0.0000



	Grassland
	0.0001
	0.6917
	0.0139
	0.0618
	0.0046
	0.0037
	0.2241
	0.0000



	Shrubland
	0.0001
	0.7548
	0.0122
	0.0569
	0.0087
	0.0083
	0.1590
	0.0000



	Wetland
	0.0003
	0.7165
	0.0106
	0.0349
	0.1734
	0.0417
	0.0227
	0.0000



	Water bodies
	0.0015
	0.0498
	0.0092
	0.0062
	0.0394
	0.8875
	0.0064
	0.0000



	Artificial surfaces
	0.0002
	0.0964
	0.0063
	0.0292
	0.0015
	0.0028
	0.8636
	0.0000



	Bare land
	0.0001
	0.7873
	0.0159
	0.0675
	0.0280
	0.0077
	0.0935
	0.0000
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Table 7. Area statistics of predicted LULC in 2030.
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LULC Classes

	
Predicted 2030




	
Area (km2)

	
Area (%)






	
Cultivated Land

	
1.33

	
0.03




	
Forest

	
3084.93

	
68.20




	
Grassland

	
0.92

	
0.02




	
Shrubland

	
110.42

	
2.44




	
Wetland

	
34.54

	
0.76




	
Water Bodies

	
423.06

	
9.35




	
Artificial Surfaces

	
867.90

	
19.19




	
Total area

	
4523.10

	
100.00
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