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Abstract

The Gongola basin has witnessed tremendous environmental changes over the last three decades as a direct consequence of urban
growth, deforestation (including encroachment of existing forest reserves), agricultural expansion, overgrazing, bush burning, drought
and recurrent flooding episodes. The impact of these changes is influential on the basin’s hydrology, water resource and ecological
process, yet, future land cover information to evaluate possible implications on its hydrology and the overall ecosystem is non-
existence. Consequently, this study attempts to simulate future land cover demands of 2028 and 2038 for the basin, based on land cover
images of 1988, 2003 and 2018 to develop land use/landcover (LU/LC) scenarios for possible hydrologic impact assessments. The
method of the research therefore, premised on the use of cellular automata and Markov chain (CA-Markov) model, driven by a number
of factors and constraints. Results indicate the land cover change to be mainly driven by rapid growth in urban and agricultural lands,
contrary to the vegetation cover, which had been the dominant land cover type in the past. Besides, during the 30 years period, there
were noticeable 37.05, 20.21 and 11.55 % increase in urban built-up, bare surface and agricultural land respectively, at the detriment
of natural vegetation, which has itself decreased by 18.78 % over the period, with an estimated annual loss of approximately 330 km?
of natural vegetation. The decrease in the coverage area of water body was significant (3.55 %) for the same period. Findings from
future simulations of LU/LC trends in the basin, show that urban area would have increased by 39 % and agriculture by 34 % by 2028
relative to the baseline period of 2003. Conversely, the natural vegetation trailed a declining trend (39 %) higher in magnitude than the
preceding years. The developed LU/LC scenarios for the basin can provide an opportunity for water resource managers and experts to
understand the trends in changing land use for effective planning and management.
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1. Introduction

Like most other regions of Africa, one of the major challenges faced by the watersheds in Nigeria including the Gongola basin
dwells in incessant conversions of natural forests to urban dwellings and agricultural lands to meet up the food needs of the growing
population. There is no doubt that the Gongola basin is experiencing serious changes in its ecological process as a result of rapid
changes in its land cover, which are attributed to both artificial and natural disturbances. The causes of anthropogenic land cover
changes over the basin are not in any way different from those reported by Brink and Eva [1] over the larger Sub-Saharan Africa, which
include rapid population increase and civil unrest leading to migrations. This is particularly true as most of the displaced persons on
account of the crisis in the northeast of Nigeria now relocate to various communities within the basin. Thus, these scenarios have
exacerbated encroachment of existing forest reserves [2], agricultural intensification, bush burning and overgrazing. Consequently,
incidences of drought and recurrent flooding episodes in the Gongola basin are on the increase which has implications on its water
resource and the overall ecosystem. Although, the remote cause of the devastating flooding in recent past (i.e. summer 2019) in the
basin was majorly attributed to extreme meteorological conditions, with little or no attention paid to likely impacts from LU/LC
changes.

The impacts of LU/LC change on water resource and hydrology of a watershed is significant [3], as it modifies the hydrological
conditions as well as the ecological process in temporal and spatial scales [4, 5]. Moreover, the effects of land cover on key hydrological
processes such as; interception, infiltration, and evapotranspiration have also been identified as influential [6]. Therefore, understanding
these trends and impacts of land cover on watershed systems in the basin is vital to mitigate negative impacts [7], which can only be
achieved through historical tracking and future projections. The main objective of this study therefore, was to simulate future land
cover demands for Gongola basin, based on past land cover information to provide opportunities for simulating future water resource
scenarios.
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LU/LC constitutes the major driver of landscape changes [8] on both regional and global scales. They are two distinct elements
that are closely linked, as they are both products of interactions between natural and social systems [9], as such; they are often used
interchangeably [10, 11]. Though, while the land cover describes the biophysical features of the global land surface [12] such as soil,
vegetation, water etc.; the land use refers to the human influence on land, particularly for socio-economic activities — for example,
urban dwellings, agriculture and forestry [13]. With the continuous increase in socio-economic activities as a result of persistent growth
in human population, there are conflicts among the population, resources and the environment, which are believed to be on the increase,
as such; much attention is being paid to research on land use changes [14] in recent decades at watershed scale.

For sustainable use of earth’s resources, quite number of studies have revealed the importance of acquiring accurate, up-to-date
and reliable spatial information on land cover changes [8, 15]. In this regard, remote sensing (RS) along with geographic information
system (GIS) technology have become one of the most credible and reliable methods used in research and operation [16]. This is due
to its cost effectiveness, practical data acquisition and application of spatiotemporal data as compared to field-based studies [8] which
is capital intensive and at the same time require a lot of human efforts.

The research methods of land use dynamic change in literature included cellular based models, evolutionary models, analytical
equation-based models, statistical models, system dynamic model and hybrid-based models [15]. Besides, agent-based, cellular-based
or a hybrid of the two are the most widely preferred models by the scientific communities in recent literatures. The use of hybrid models
now a days have become popular to overcome shortcomings in the application of single optimisation technique, due to their ability to
develop skilful computational techniques that tend to cover up the weaknesses of the individual ones [17]. In light of this revelation,
the Markov model is plausible in predicting changes in time dimensions [11], while, the cellular automata (CA) model has good skill
in simulating the spatial variation of land cover. Thus, combining the strengths of these two models gave rise to a hybrid CA-Markov
model, which ensures effective simulation of spatiotemporal dynamic of land cover changes.

To quantify the future land cover changes in regional watershed system, CA-Markov as an integrated modelling approach is used
for this study. It incorporates GIS, statistical and simulation techniques to arrive at the future trends of land cover change [7]. The
prospect of future LU/LC demands based on present-day change in Gongola basin is suggestive for a more in-depth research [7, 18].
In any case, improving the state of future water resource management of the basin becomes imperative, which can only be achieved
through proper analyses and projections [18, 19]. Thus, the developed LU/LC scenarios in this study can provide opportunities for
simulating future water resource scenarios for sustainable management.

2. Materials and methods
2.1 The study site

The study site lies in the northeast of Nigeria, between latitudes 9° 00 and 11° 30’ north and longitude 9° 00” and 13° 00’ east,
with an estimated watershed area of 56,000 km?. The basin is blessed with abundant water resource. The Gongola river originates from
the Jos Plateau and flow past three other states namely, Bauchi, Gombe and Adamawa. However, there exist two major tributaries, one
from Yobe state and the other from Borno — River Hawal, which took its source from Biu Plateau. The Plateau consists of undulating
plains of between 610 and 914 m on the left bank. The middle and the lower reaches of Hawal lie over basement complex rock with
isolated inselbergs. On a general note, the Gongola river falls from over 1,750 m above mean sea level on the Jos Plateau in the west
to about 130 m at the confluence with river Benue after flowing a distance of approximately 570 km (see Figure 1). The catchment lies
in two climatic zones: The Northern Guinea zone and the Sudan zone, with mean annual rainfall varying between 1600 and 700 mm
[20]. The rainfall distribution is concentrated into the five summer months, May to September inclusive, representing about 80 % of
the annual rainfall [21]. The rainfall and higher humidity are associated with south westerly winds, whereas the dry season hot winds
blow down from the desert, and hence potential evaporation rates are high. The temperatures are low at Jos Plateau and are generally
high at the lower catchment.
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2.2 Data and data sources

The LU/LC change of Gongola basin was derived using three sets of temporal multispectral satellite images for different epochs;
1988, 2003 and 2018 which were acquired from the Global Visualisation Viewer (GloVis; https//: glovis.usgs.gov/) of the United States
Geological Survey (USGS). The images are of 30 m x 30 m spatial resolutions, and were captured by Landsat 4-5, Landsat 7 and
Landsat 8 of Thematic Mapper (TM), Enhanced Thematic Mapper (ETM+) and Operational Land Imager (OLI) sensors respectively.
For accuracy and consistency, the remotely sensed data, imaged during the winter period (January-May) were selected to avoid effects
of cloud and Scan Line Corrector’s failure. The watershed boundary was generated from Shuttle Radar Topography Mission (SRTM)
Digital Elevation Model (DEM) of 30 m resolutions, downloadable from USGS earth explorer website (https//:
earthexplorer.usgs.gov/). The data was processed using ArcGIS v10.3 software. Figurel shows the study site’s location map.

A field survey was carried out to obtain two sets of data for ground truthing as training samples, and reference data concurrently,
though individualistically by hand-held Global Positioning System (GPS). Additional data were however collected through google
earth to augment the field data for effective training. These were taken in the areas where the images have comparable features for the
considered years for accuracy. A total of 1,200 ground control points were taken for the training, where about 800 control points were
used as training samples and 400 for validation representing 70 % and 30 % respectively of the sampled dataset.

2.3 Classification and accuracy assessment of Landsat images

The preparation of LU/LC map from Landsat images requires classification scheme, which defines the LU/LC class of the study
site. Basically, the number of LU/LC class depends on the nature of the project and its purpose [22]. In this study, changes in LU/LC
were assessed in five broad classes as; built-up area, barren land, agricultural land, water bodies and vegetation. Incidentally, Interactive
Supervised (IS) classification scheme was used for the classification using ArcGIS software package. The IS works the same as
Maximum Likelihood (ML) classification, in the sense that both require training samples for known land use classes. The advantages
of the IS lies in the fact that, it is fast, requires no signature file to run and it allows quick preview of classification result for a given
training sample set. This enhances the classification accuracy of LU/LC maps produced [23]. Accordingly, training sites were
developed within the three sets of images, using the collected training samples and ancillary data as discussed earlier, through polygon
digitization around similar land cover type. In this regard, bands 542 were used for Landsat 4-5 and Landsat 7, while Landsat 8 considers
bands 653. The resulting image through the IS classification scheme are the LC maps of 1988, 2003 and 2018.

The accuracies of the classified maps were assessed through confusion matrix and Kappa index to determine the extent to which
the satellite images replicate the ground features, utilizing the method illustrated by Congalton [24] and adopted by references
[8, 15, 18, 25, 26] In this approach, about 650 randomly selected reference points were considered, such that; the five LU/LC classes
were adequately represented. These were rasterised and transformed into reference map with 30 m grids. The rasterised images were
inputted to IDRISI Selva v17 software package to generate the error matrix using the observed images of 1988, 2003 and 2018 as the
categorical map, and the reference map as the ground truth images as the case may be. The confusion matrix produces; the producer’s,
users and overall accuracies.

2.4 Prediction of future LU/LC change

The prediction of the LU/LC changes in this study for the future time periods of 2028 and 2038 considered the use of CA-Markov
model as has been widely used in recent literatures e.g. Bozkaya et al. [8], Musa et al. [15], and Hyandye and Martz [18]. This is
achieved by using two known land use of different time periods to project into the future. The CA-Markov is a hybrid land cover
prediction model, which merges cellular automata and Markov chain, multi-objective land allocation (MOLA) and multi-criteria
evaluation (MCE) procedures [27-29] to predict land cover change in time dimension. The CA model being a spatial dynamic model
has basically four components, including cells, states, neighbourhood and rules [8]. It is expressed mathematically as [30]:

St+1 — f(St,N) (1)

where St refers to the state of the cell at time t, St** defines the state of the cell at later time period t + 1, f is the transition
function, and N represents the set of states of the cells in a neighborhood.

In the main, the CA model is based on certain assumptions which border on grid cells, urban growth, urban pattern and district
time steps [28, 31]. The grid is assumed to be an isotropic plane with constant topography, geology including the geography and all
other features, except land use which is presumably dynamic; unconstrained growth is assumed for the cities; the patterns for the urban
land are assumed to be regular in shapes and sizes; while the progression in urban growth is assumed to occur concurrently, and at the
same rate in every part of the city.

The process in Markov model involves relating stochastically, the future state of a system to the current state. In any case, the
model describes the land use change from one period to another, consequently predicting the future trends of LU/LC change [32], by
creating a transition probability matrix from time t to time t+1 as the basis for future projection. The Markov model is defined
mathematically as [28]:

Ligyry = Pij X Ly (22)
but
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where Lt and Lt+1 signifies the land cover status at time t and t+1 respectively, Pij lies between the interval of 0 to 1, and the sum
of 1 is identically equal to 0. i, j = 1,2, ..., m which represent the probability transition probability in a state.

The three-input data generated for projection of LU/LC changes into the future include; basis land cover image (2003 map), Markov
transition areas file and transition suitability image collection as illustrated by Eastman [27]. The basis land cover maps are products
of classified Landsat images; whereas the transition areas file was prepared using Markov module of the software; and the MCE module
was used to aggregate factors and constraints to arrive at suitability maps.

The forecast of future LU/LC dynamic change in this study considers topographic slope, proximity to highways, and proximity to
central business district as factors, while; forest reserves, existing settlements, and existing water bodies were selected as constraints.
The factors and constraints maps were first prepared in ArcGIS using Euclidean distance module of the package. Consequently, the
image was transferred into IDRISI Selva environment in each case, after which a decision support wizard was utilized to standardize
the images through fuzzy set membership function. For instance, slope gradient factor was standardized, using monotonically
decreasing linear function, on a scale of 0-255, where areas between 0 and 15.1 % are considered suitable for urban development and
areas greater than 15.1 are presumed to be otherwise. The proximity to highways factor map considers J-shaped monotonically
decreasing function, which identified areas between 50 m to be most suitable; consequently, areas beyond 500 m have continuous
declining suitability which though never reaches 0. To standardize the proximity to CBD on a scale of 0-255, a decreasing linear
function was selected with control points of 400 m (most suitable) and 3000 m (least suitable) for urban growth. Similar trend was
followed to arrive at the suitability maps for barren land, agriculture and vegetation. Each of the constraints was developed using
Boolean character of 0 and 1. The 0 signifies areas restricted for development; while 1 depicts areas for suitability analysis [18].

Further analysis requires weights to be assigned to the factors to show their relative importance. Three options are available to
achieve this based on insight from literature. They include: assigning equal weights, employing the user defined weights and finally
using Analytical Hierarchy Process (AHP) [27]. The use AHP approach has been reported to be plausible and give satisfactory results
by different researchers, hence, it was applied in this study. This is a pairwise comparison technique which evaluates the importance
of the factors, by assigning values which varies between 1/9 and 9 inclusive, indicating “extremely less importance” to “extremely
more importance” [24]. The eigenvector therefore, generated a weight of 0.6554 for proximity to highway, 0.2897 for slope gradient,
and 0.0549 to proximity to CBD with consistency ratio of 0.07. Thus, a consistency ratio of less than 0.10 is considered acceptable
[15, 29], and would have to be re-evaluated should the ratio exceeds this value.

Moreover, the Weighted Linear Combination (WLC) module was utilised to aggregate the factors and constraints to generate the
suitability images for the individual LC category. In this approach, each factor is multiplied by its weight, after which the resulting
product successively multiplied by each of the constraints, to arrive at weight sum of unity [27, 31, 33]. The combination of the various
suitability maps results in suitability image collection.

The validation of the 2018 image through CA-Markov model utilised the results from Markov run as input data. The Markov
module itself requires LC images of two time periods [14]. In this case, the 1988 image represented the earlier land cover image (t -1)
whereas, the 2003 was used as the later land cover image (t =1). Nevertheless, the number of time period between the two images in
the present-day and future time periods from the second image is 15 years, using a proportional error of 0.15. This produced the
transition areas file. Combining the suitability maps and the transition areas file, using default iteration of 10 and standard contiguity
filter of 5 x 5, yielded the projected 2018 map, which was compared with the observed 2018 LC map through VALIDATE module in
IDRISI Selva. The validation process includes, determining statistically, the levels of agreement and disagreement between the
simulated and observed land cover maps, as proposed by Pontius and Millones (2011). Using a minimum of Kappa threshold of 0.80,
the 2028 and 2038 future land cover changes in the Gongola basin were projected.

3. Results and discussions
The results of the LU/LC changes in the Gongola basin are presented and discussed below:
3.1 Assessing the classification accuracy

The classified images of the study site (see Figure 2 (a-c)) were compared with the reference data in each case, to ascertain the
level of accuracy of the maps through confusion matrix. Essentially, accuracy assessment is quantitative method used in research to
compare the consistency of two images. Through this comparison, pixels which are wrongly included (error of commission), and those
which are wrongly excluded (error of omission) are plainly presented. The Kappa indices for the maps are between 88 and 90 %, while
the overall accuracies are 90.76, 91.68 and 92.22 % respectively for the land cover maps of 1988, 2003 and 2018. These are considered
good, as they met the minimum 0.85 level of accuracy required for reliable prediction of dynamic land cover changes. The user’s
accuracy and the producer’s accuracy of the individual LU/LC derived from the maps are as shown in Table 1. The results show that
the images are credible, and can therefore be reliably used for future prediction of land cover change in the basin.

Table 1 Accuracy assessment of classified images using confusion matrix

1988 2003 2018
Producer's User's Producer's User's Producer's User's
Land Cover Class
Accuracy Accuracy Accuracy Accuracy Accuracy Accuracy
(%) (%) (%) (%) (%) (%0)
Urban 98.40 95.35 98.43 100.00 95.45 92.65
Barren land 88.65 93.18 89.67 90.71 95.07 84.02
Agricultural land 90.94 80.94 84.36 80.43 81.80 88.03
Water bodies 100.00 78.81 100.00 95.45 98.23 87.41
Vegetation 74.33 94.09 82.74 87.26 86.67 93.60
Overall Kappa 87.69 89.35 89.70

Overall Accuracy 90.76 91.68 92.22




480 Engineering and Applied Science Research 2021;48(4)
9°0"0"E 10°0"0VE 11°0"0"E 12°0'0"E 13°0"0"E

() ;

11°0'0"N

& Cily/Town
LO°O'OVN

— Highway
Rlcw i ite - up area
g I Barc surface

{ Nunan
L]

Agricultural land
B Water body 3015 0 30 60 90 120
Bl Vegelation Kilometers
9°0°0"E 100" 11°0"0"E 12°0'0"E 13°0'0"E

(b)

11°0°0" N
® (City/Town
NS
10°0'0"N — Highway
Alew gy il - up arca
B Barc surface

K ‘Numan
Agricultural land .

B Waterbody 30150 30 60 90 120
B Vegelalion e ™ K ilomieters

9°0'0"E 10°0'0"E 11°0'0"E 12°0'0"E 13°0'0"L

© h |

100N
}Sgend
¢ Cily:Town
10°0°0™ N1 , — Highway
e I pyilt - up arca
B Bure surface

Agricultural land

B Watcrbody 30150 30 60 90 120
B Vegelation e ™ i [OMICTCTS

Pankshin
-

Figure 2 Classified images of (a) 1988 (b) 2003 (c) 2018



Engineering and Applied Science Research 2021;48(4) 481
3.2 Change detection

The Gongola basin had witnessed tremendous changes in its land cover over the last three decades, resulting from human influence
on its natural environment and ecosystems. The results obtained from the change detection analysis revealed accelerated increase in
the areas of urban built-up, agriculture and bare surfaces; while, the land areas of vegetation and water bodies had continued to decline
progressively. Evidently, the percentage increase in the built-up areas, bare surface, agriculture between 1988 and 2003 are +16.05,
+9.01 and +14.65 % respectively, while the vegetation and water bodies experience a total decline to the tune of -11.92 and -1.99 %
for the same period as clearly shown in Figure 3. The changes in land cover between 2003 and 2018 followed similar trends. Vegetation
in the study area has continued to suffer decline, including the forest reserves as a result of human activities, which include, farming,
bush fire, fuel wood extraction, logging and overgrazing [2], with consequent increase in agricultural land.
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Figure 3 Dynamics of land cover changes in the study area from 1988 to 2018

Change analyses for the periods 1988-2003 and 1988-2018 were carried out using the Land Change Modeller (LCM). The LU
change was evaluated through gains and losses by categories as used by Musa et al. [15] and several other researchers. In this case, the
gain and loss in the urban built-up area from 1988-2003 are 61.71 % and 54.39 % respectively, with a net gain of 7.32 %. The barren
land has a gain of 29.94 %, a loss of 23.00 % and a net gain of 6.94 %. The gain, loss and net gain in agricultural land are 32.35, 20.73
and 11.62 %; while water body gained 14.17 %, lost 15.84 %, with a net loss of 1.67%. The gain in vegetation area during the period
was estimated to be 13.67 %, while the loss was 22.86 %, resulting in a net loss 9.19 %. The analysis for the period 1988-2018 revealed
similar trend, with higher magnitudes of changes. The results from this study followed the research trends in many parts of the world
and, is particularly similar to those conducted in Niger Delta region of Nigeria by Musa et al. [15], and Awoniran et al. [34] in Ogun,
Southwest of Nigeria. It is therefore evident that there is continued growth in built-up area and agriculture; which have serious
implications on the ecosystem and hydrology of the river basin.

3.3 Analysis of CA-Markov model results

The CA-Markov model was used to project the LU/LC maps of 2028 and 2038 in this study. The model requires suitability image
collection, transition areas file, and the basis land cover map. The basis land cover map was the classified image of 2003
(see Figure 2), whereas the transition areas file was generated using combined images of 1988 and 2003; whilst the amalgamation of
suitability maps (Figure 4) into one single folder produced the suitability image collection.

The images of 1988 and 2003 were used to produce the transition probability matrix for the projection of 2018 LC map and beyond.
The study evaluates five classes of LC and their transitions occurring at district times. Thus, for any 15 years period, 66.72 % of the
built-up area is expected to persist, and 7.8, 4.0, 9.97 and 11.5 % have the tendencies to change to bare surface, agriculture, water body
and vegetation respectively. Similarly, the bare surface, agriculture, water body and vegetation have persistence of 75.51 %, 62.02,
71.48 and 74.58 % respectively as shown diagonally in Table 2. It was observed that the LC class with the highest probability to change
to one or more other classes is barren land, followed by vegetation. In contrast, built-up area and agricultural land have the highest
tendencies to remained unchanged. In any case, areas with high probability to change are reported to be influenced by the dominant
LU/LC class.

Table 2 Markovian transition probability matrix based on LC maps of 1988 and 2003

Probability of changing to

LU/LC Category Built - up area Bare surface Agricultural land Water body Vegetation
Built - up area 0.6672 0.0780 0.0400 0.0997 0.1150
Barren land 0.0076 0.7551 0.1061 0.0348 0.0964
Agricultural land 0.0008 0.0079 0.6202 0.0011 0.3700
Water bodies 0.0498 0.0965 0.0421 0.7148 0.0968

Vegetation 0.0026 0.0218 0.2278 0.0019 0.7458
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The dominant LC class in Gongola watershed in the past was vegetation, followed by agriculture, then barren land, water bodies,
with built-up area being the least. But due to persistent growth in human population, with consequent logging for construction activities,
conversion of forest to agricultural land, encroachment and de-reservation of forests, bush burning and overgrazing, agricultural land
appeared to be the dominant LC type in the basin in recent time, with no reversion back to vegetation.

3.3.1 Evaluation of model validation results

The observed and simulated 2018 LU/LC maps of the study site (Figure 5) was validated to ascertain the level of
agreements/disagreements in terms of quantity and location of the cells, and also agreement by chance, in order to project into the
future time periods. Results from the model validation give an overall agreement and disagreement as 90.13 % and 9.87 % respectively
between the observed and simulated LU/LC maps in the basin, suggesting a valid model for land use change projection. Table 3 presents
the model validation results.
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Figure 4 LU/LC category suitability maps for (a) built-up area, (b) barren land, (c) agricultural land, (d) vegetation, (e) water

These results show good agreements between the two maps in line with conditions outlined by Pontius and Millones [35]. The
range of the Kappa indices for the simulation model is 0.8201-0.8815, suggesting almost perfect agreement according to Viera and
Garrett [36].

The values as generated by the VALIDATE module of IDRISI Selva software package for K-standard, K-location and K-no (K for
no information) are 0.8201, 0.8593 and 0.8815 respectively. The K-standard indicates the quantity agreement between the observed
and simulated model, rather than by chance; the K-location shows the ability of the simulation model to accurately specify location;
while the K-no defines the overall accuracy of the model. Some values of K-no reported in literature are 0.8856 [15], 0.9028 [18], and
0.8900 [37].

Table 3 Results of model validation for 2018 LU/LC maps

Name of component Value (%)
Allocation disagreement 7.37
Quantity disagreement 2.50
Allocation agreement 45.01
Quantity agreement 28.45
Chance agreement 16.67

Since the predictive power of the simulation model is above the minimum threshold of 0.80 set, the model has the veracity to
predict the future LU/LC changes in this study. Figure 5 shows the observed and simulated 2018 LU/LC maps.
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Figure 5 (a) Observed 2018 LU/LC Map (b) Simulated 2018 LU/LC Map
3.3.2 Future LU/LC prediction

The validated satellite derived LU/LC maps of 1988 and 2003 (Figure 2) were used to predict the LU/LC maps of 2028 and 2038
as shown in Figures 6 (a) and (b) with 2003 image as the baseline map. The assessments of the net change in LU/LC categories with
reference to the baseline period of 2003 indicate 39 and 32 % growth in urban and agriculture respectively by 2028. Should appropriate
measure not taken by the authority concerned, the human influence on LU/LC in the basin may lead to unsustainable environmental
degradation in the basin as the natural vegetation is threatened and may suffer a decline of up to 39 % by 2028 relative to the baseline
period. Furthermore, the findings from this research concur with the study on LU/LC change in sub-Saharan Africa over 25 years
period by Brink and Eva [1], where they opined that expansion of croplands remained the major driver of LU/LC changes. Although,
growth in agricultural outputs in Gongola basin has the tendency to impact positively on the socio-economic conditions of the dwellers,
but this is without negative impacts. Thus, the continued expansion of urban area and croplands have serious consequences on the
environment, the hydrology and the overall ecosystems of the watershed, which would only be discovered by further studies. The
projected maps are shown in Figures 6 (a and b); while (c) presents the net change in LU/LC categories for the two considered future
time periods.

In this study, the LU/LC dynamics of Gongola basin for a period of 50 years (1988- 2038) was examined. The results of the findings
indicate persistent increase in the areas of urban built-up, bare surface, and agriculture. In contrast, the vegetation in the basin had
suffered serious decline particularly in the last three decades and this trend may likely continue into the future time period, if there are
no plans in place to reduce the pressure on vegetation. Continuous decline in water body for the past three decades was noted; however,
the projections into the future shows slight increase. Figure 7 presents the graphical representation of LU/LC dynamics over the study
domain
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Figure 7 Graphical representation of LU/LC dynamics in the study site
3.3.3 LU/LC scenarios for Gongola basin

An in-depth study of emerging changes in flow regimes and water resource of Gongola basin requires reliable information on
LU/LC which can only be tracked through development of different land cover scenarios. We developed five LU/LC scenarios in this
study denoted as G1, G2, G3, G4 and G5, which define the scenarios as baseline period, historical and future time periods to suite
simulations of future water resource scenarios in the basin probably by hydrologists and water resource managers. The development
of these scenarios is particularly important for the basin, being perhaps the first of such study as far as literature search is concerned.
The classified land cover images as well as the simulated models produced plausible results that are deemed satisfactory for decision
making. The maps representing the scenarios are shown in Figures 2, 5 and 6 of this article, while the summary of the LU/LC are
presented in table 4 below.

Table 4 Summary of LU/LC scenarios for Gongola basin

Scenarios Description Period
G1 Baseline LU/LC 2003
G2 Historical LU/LC 1988
G3 Historical LU/LC 2018
G4 Projected LU/LC 2028
G5 Projected LU/LC 2038

4, Conclusions

This study has examined the changes in LU/LC pattern of Gongola river basin during the period 1988-2018 and simulated the LU
demands in the future through CA-Makov model. We argue that the LU/LC in the basin has experienced substantial changes since
1990’s as a result of both human and natural factors. Thus, different LU/LC scenarios were developed for the basin for hydrology and
water resource applications. Findings reveal rapid growth in urban built-up and agriculture to be the major drivers of changing LU/LC
in the basin. Consequently, the change in urban built-up for the 30 years period (1998-2018) was 37.05 %. Likewise, the change in
agricultural land was 20.21 % in consonant with rapid growth in population. The decline in vegetation cover in the basin was
particularly significant (-18.78 %) and clearly noticeable all over the study area. This was however, more noticeable in the Sudan
Savannah zone, where the physiographic features are identified as consisting of Kerri-Kerri sand stone and mixed cretaceous sediments
- areas beyond high Bauchi plains up to Dadin Kowa in Gombe state. The water body, similar to vegetation, witnessed decline in area
during the same period.

The LU/LC trends were simulated for the years 2028 and 2038. Results reveal that built-up areas and agriculture would have
increased by 39 % and 34 % respectively by the year 2028, while the vegetation cover would have suffered serious decline to the tune
of -39 %. This growth in urban and agricultural lands with consequent rapid decline in vegetation, if poorly managed has the tendency
to cause adverse environmental impacts. The outputs from this study can be used by water resource managers and other stakeholders
to track the trends in land use changes in Gongola basin, which may in turn provide opportunities for simulating future water resource
scenarios for sustainable management.
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