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Abstract:



Potential implications of rainfall variability along with Land Use and Land Cover Change (LULC) on stream flow have been assessed in the Black Volta basin using the SWAT model. The spatio-temporal variability of rainfall over the Black Volta was assessed using the Mann-Kendall monotonic trend test and the Sen’s slope for the period 1976–2011. The statistics of the trend test showed that 61.4% of the rain gauges presented an increased precipitation trend whereas the rest of the stations showed a decreased trend. However, the test performed at the 95% confidence interval level showed that the detected trends in the rainfall data were not statistically significant. Land use trends between the year 2000 and 2013 show that within thirteen years, land use classes like bare land, urban areas, water bodies, agricultural lands, deciduous forests and evergreen forests have increased respectively by 67.06%, 33.22%, 7.62%, 29.66%, 60.18%, and 38.38%. Only grass land has decreased by 44.54% within this period. Changes in seasonal stream flow due to LULC were assessed by defining dry and wet seasons. The results showed that from year 2000 to year 2013, the dry season discharge has increased by 6% whereas the discharge of wet season has increased by 1%. The changes in stream flows components such us surface run-off (SURF_Q), lateral flow (LAT_Q) and ground water contribution to stream flow (GW_Q) and also on evapotranspiration (ET) changes due to LULC was evaluated. The results showed that between the year 2000 and 2013, SURF_Q and LAT_Q have respectively increased by 27% and 19% while GW_Q has decreased by 6% while ET has increased by 4.59%. The resultant effects are that the water yield to stream flow has increased by 4%.
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1. Introduction


Assessing temporal trends and their spatial distribution pattern of precipitation remains a difficult task owing to their complex and non-linear nature in different regions. It is an important step for water resource projects in a basin. Rainfall distribution in Ghana, and West Africa in general, is influenced by the moist south-west monsoon and the dry north-east trade wind. Rainfall variability has a large influence on a water resource project. The eco-hydrological processes that influence the evolution of the surface ecosystem, depend on the spatio-temporal patterns of the precipitation and evapotranspiration (Oguntunde et al., 2006) [1]. Furthermore, land use and cover are changing fast in basin due to population growth and economical activities development in the basin.



Although the causes of rainfall variability may come from more global phenomena, it is important to know and understand their historical patterns or trends for better decision making. Changes precipitation may affect positively or negatively evaporation over the basin with the corresponding effect on stream flow. Rainfall changes may also affect directly river flow. (Conway et al., 2009) [2] studied rainfall and water resources variability in sub-Saharan Africa during the twentieth century. Their analysis of rainfall-runoff relationships reveals varying behavior including strong but non stationary relationships particularly in West Africa with rainfall accounting for around 60%–70% of river flow variability. (Mahe et al., 2001) [3] assessed the trends and discontinuities in regional rainfall of West and Central Africa from 1951–1988. Their results showed that the whole of West Africa, West of the Atakora Mountains experiences the more severe drought that has been observed in the majority of the stations. In Ghana for instance, their analysis revealed that there was a significant decreasing trend in standardized annual rainfall over the period 1951–1989. Using gridded monthly precipitation data available at 0.5 deg intervals over the period 1951–2000, (Owusu and Waylen, 2009) [4] showed that Africa has undergone a period of diminished rainfall with an apparent shift in the rainfall regime towards a longer dry season. (Logah et al., 2013) [5] analyzed rainfall pattern in Ghana showing high and low rainfall distribution in the country. Their results showed that between the period 1981–2010, there was a general decline in mean annual rainfall with high rainfalls shifting to the south-western corner of the country. Consequently, the agricultural production potential in the northern Ghana is diminished by high rainfall variability while the mean annual rainfall totals in all agro-ecological zones experienced a decline in precipitation [4]. The Mann-Kendal statistic was applied by (Oguntunde et al., 2006) [1] to assess trends and variability of hydro-climatology of the Volta basin in West Africa from 1901 to 2002. The results showed that a 10% relative decrease in precipitation resulted in a 16% decrease in runoff between 1936 and 1998. The Mann-Kendal test has also been used by (Lacombe et al., 2012) [6] when assessing drying climate in Ghana over the period 1960–2005. Their analysis showed no significant changes in the annual rainfall but reduction in the number of wet season days, a delay in the wet season onset at several locations throughout the country and lengthening of rainless periods during wet season. A water balance study of the Volta basin by (Andreini et al., 2000) [7] showed that runoff is extremely sensitive to rainfall therefore has significant impact on the hydropower generation.



The climate and Physical characteristics of the basin (such as topography, soil, vegetation and vegetation) as well as human activities are the main factors that influence the hydrological processes in basins. Among the foregoing models, physically based distributed models are well established models for analyzing the impact of land management practices on water, sediment, and agricultural chemical yields in large complex watersheds. Soil and Water Assessment Tool (SWAT) is a comprehensive, semi-distributed river basin model that requires a large number of input parameters, which complicates model parameterization and calibration [8]. As semi-distributed physically based simulation model, SWAT can predict the impacts of LULC and management practices on hydrological regimes in watersheds with varying soils, land use and management conditions over long periods and primarily as a strategic planning tool [9]. The SWAT model operates on a daily time step and is designed to predict the impact of land use and management on water, sediment, and agricultural chemical yields in ungauged watersheds [8]. The SWAT model application has gained reliability and consistency. It has been used worldwide because of its applicability in many aspects of water resource projects. Many models are being developed but physically based semi-distributed models such as SWAT are well established models for analyzing the impact of land management practices on water, sediment, agricultural chemical yields in large complex watershed [10]. For instance, in the case of watershed management program for conservation and development, runoff is one of the most important phenomena of hydrological cycle. The SWAT Model has been used for the estimation of surface runoff in India [11]. It has also been applied to model a hydrological water balance [12]. Sensitivity analysis has been performed by using the SWAT model for daily stream computation in Kentucky watershed [13].



The Volta Basin is one of the major river systems in Africa. Due to the importance of its contribution to the riparian countries economy, the use of hydrological model has become important in its water management. The SWAT model has been applied for some case studies within the basin. For instance, (Awotwi et al., 2015) [14] used the SWAT model to assess the impact of climate changes on water balance components of the White Volta. The results of this study suggested that change in rainfall leads to corresponding change in all the water balance components. The model was used to estimate groundwater recharge in the White Volta river basin [15]. The results of the study showed that the White Volta water balance indicates an important increase in the mean annual discharge, surface runoff and shallow groundwater recharge. According to the same results, the model shows that about 11% of the annual precipitation in the White Volta Basin becomes discharge, which consists of 4% surface runoff and 7% base flow. On a larger scale, the SWAT model was used to address calibration and uncertainties in West Africa including the basins of river Niger, Senegal and Volta [16]. The results showed that SWAT can be used for large-scale water investigations.



Although several studies have been conducted on rainfall variability impacts on water resources, only little research has been conducted on the spatial distribution of the trends in time series, especially at a basin scale. The objectives of this study over the Black Volta are to: (i) reveal the spatial pattern of the precipitation series using the aridity index (AI) profile of the basin, the standardized precipitation index (SPI), to explore the trends and its spatial distribution as well as its strength by the Mann-Kendall and Sen’s slope estimator methods; (ii) assess land use and land cover change (LULC) in the basin over the last three decades; (iii) model river flow based on LULC and rainfall variability.




2. Materials and Methods


2.1. Study Area Presentation


The Black Volta basin lies between Latitude 7°00′00″ N and 14°30′00″ N and Longitude 5°30′00″ W and 1°30′00″ W, and covers an estimated area of about 130,400 km2. The Black Volta river basin is a trans-boundary river system that stretches from Mali, Burkina Faso, Ghana and Cote d’Ivoire (Figure 1). In the year 2000, the Black Volta was home to about 4.5 million people and the population density in the basin ranges from 8 to 123 people/km2 with Lawra district in Ghana having the highest density. This population is estimated to be about 8 million by the year 2025 [17].


Figure 1. Study Area Presentation.
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According to [18], the population growth rate in the basin is about 3% a year. In the Black Volta, the major land use is agriculture. The major farming system in the sub-basin is bush fallow, which is extensive. In the north of the basin, particularly the Lawra district (Ghana section), lands are highly degraded both in terms of physical status and fertility levels and can therefore hardly support meaningful crop cultivation [19]. Previous study showed that most of the land in Ghana is under tree cover and crop land whereas artificial surface and associated areas are few. This gives an opportunity for development of agricultural activities in the Ghana section. In contrast, most of the land in Burkina Faso seems to be developed for food production with very little tree cover in the southern part. In fact, the vegetation zones are oriented from north to south, from the sparsely vegetated Sahel, to savannah regions, and the Guinea forest zone or rainforest in the extreme South. The dominant soils in the Black Volta basin according to the FAO soil classification are Luvisols and Gleysols with altitudes ranging between 60 m and 762 m above sea level [17]. In the Black Volta basin, the rainfall is highly variable in time and space. According to [20], it ranges respectively from 400 mm/year in the North to 1500 mm/year in the South. Over 70% of the annual total rainfall occurs in the months of July, August and September, with a little or no rainfall in the months of November to March in most parts of the basin. Mean monthly potential evapotranspiration exceeds mean monthly rainfall for most of the year for the entire basin.




2.2. Rainfall Data Analysis


In order to reveal the trend of the annual total precipitation and its spatial distribution of the temporal trends in the Black Volta, three different approaches were applied as described in the following sections. Firstly, the aridity index profile of the basin was developed to describe the overall climatic zones of the basin. Secondly, the rainfall evolution of the basin was assessed by the standardized precipitation index. Finally, the spatial distribution of the trend and its statistical significance was analyzed by the Mann-Kendall and Sen’s slope methods.



In climate data analysis, several methods have been developed for continuity and consistency checking [21,22]. For this study, the double mass curve method has been applied to the in situ rainfall data. The double mass curve is used to check the consistency of rainfall data by comparing data for a single station with that of a pattern composed of several other stations in the study area [23]. The point plotted in the double mass curve were fitted closely in a straight line showing that there was no or was minimum error in data processing, and there was no change in data collection method. The rainfall data for thirteen stations was collected from the Ghana Meteorological Agency (GMA), the Direction General de la Meteorologie du Burkina Faso and Global Climate Data. Table 1 shows the general characteristics of the study stations and their country locations in the trans-boundary Black Volta basin.



Table 1. General characteristics of the study stations and their country locations.







	
Country

	
Gauging Station

	
Lat (°N)

	
Lon (°W)

	
Elevation (m)






	
Ghana

	
Sunyani

	
7.3328

	
−2.3281

	
296




	
Ghana

	
Wenchi

	
7.75

	
−2.1

	
322




	
Ghana

	
Bui

	
8.2361

	
−2.2772

	
176




	
Ghana

	
Bole

	
9.0319

	
−2.4762

	
295




	
Ghana

	
Wa

	
10.0667

	
−2.5

	
262




	
Burkina Faso

	
Batie

	
9.8739

	
−2.9213

	
298




	
Burkina Faso

	
Diebougou

	
10.9667

	
−3.25

	
298




	
Burkina Faso

	
Boura

	
11.0333

	
−2.5

	
306




	
Burkina Faso

	
Dano

	
11.1490

	
−3.2931

	
304




	
Burkina Faso

	
Boromo

	
11.75

	
−2.9333

	
260




	
Burkina Faso

	
Bondoukuy

	
11.8450

	
−3.7639

	
326




	
Burkina Faso

	
Bobo-Dioulasso

	
11.1605

	
−4.3298

	
374




	
Burkina Faso

	
Bomborokuy

	
12.9972

	
−3.9496

	
344










2.2.1. Aridity Index


The Aridity Index (AI) map was developed using the Global Aridity Index dataset collected from Global Aridity and Potential Evapotranspiration (PET). (See Appendix A for more details).




2.2.2. Standardized Precipitation Index


The standardized precipitation index SPIsy is a normalized index representing the probability of occurrence of an observed rainfall amount when compared with the rainfall climatology of a given station (see Appendix A for more information).




2.2.3. Mann-Kendall Trend Test


In hydrology and climatology, the tests for trend detection in time series data can be considered as parametric test and non-parametric test. The parametric test requires the data to be normally distributed and independent while the data is required to be only independent for non-parametric test. In the present paper, two ranked non-parametric tests have been used for detecting monotonic trends in the rainfall time series data. They are namely Mann-Kendall trend test and Sens slope estimator. The Mann-Kendall test has been widely used in hydrology and climatology for trend detection [24,25,26,27,28]. There are some advantages using this test. It is not required data to be normally distributed. The results of the test are not affected by the existence of outliers in the data [29] or inhomogeneous time series. The test statistic distribution was derived by (Kendall, 1962) [30]. In the trend, the null hypothesis H0 assumes that there is no trend in the rainfall time series data over a given period and it is tested against the alternative hypothesis H1 which considers that there is increasing or decreasing trend [31]. The theoretical calculation of the Mann-Kendall statistic can be seen in Appendix A.




2.2.4. Sen’s Slope Estimator


The Sen’s slope estimator has been widely used in hydro-climatology to estimate the true slope in time series data wherever it exists [32,33,34]. The true slope, which is the change per unit time can be computed based on the non-parametric method developed by [35]. (refers to Appendix A for theoretical background).





2.3. Land Use and Land Cover Change Maps Development


In order to assess land use and land cover change (LULC) in the Black Volta catchment, three land cover maps were developed based on satellite image bands combination. The years 1987, 2000 and 2013 Landsat images were collected corresponding to 28 years’ period. The Landsat 5 thematic mapper (TM) sensor data was processed for the year 1987, the Landsat 7 SLC-on was processed for the year 2000 while the year 2013 data was collected from the Landsat 8 Operation Land Image (OLI). In order to minimize classification error and differences in the vegetation growth throughout the year, all the data were collected for the month of January and the cloud cover is set to zero. All Landsat data were at 30 m resolution. These satellite data are produced by the United States Geological Survey (USGS) and freely available from the USGS Global Visualization Viewer (USGS GLOVIS) platform (http://glovis.usgs.gov/). For the Black Volta, 14 scenes were necessary to cover the entire basin which correspond to the following Path/Row: 194/54, 195/55, 195/54, 195/53, 195/52, 195/51, 196/54, 196/53, 196/52, 196/51, 196/0, 197/53, 197/52, 197/51.



The supervised maximum likelihood classification method was used to develop the land use classes. The method is time consuming due to the training sample selections and the possibility to confuse some classes. The images were processed in ArcGIS software. The color balancing is also identified as main challenge, is the mosaic of all combined bands. The classification was performed in comparison to previous land use classes identified in the basin [17]. The classification was also validated using Google Earth since it can give better visualization of the land cover types on the ground. Seven classes of land use and land cover classes were selected or identified: Water bodies, bare land, Urban areas, forest evergreen, forest deciduous, agricultural land and grass land.



The thematic map is an efficient approach to derive information from an image. However, it is also subjected to error, which can be geometric errors, incorrectly training sample labeling before supervised classification, unidentified classes, etc. A statistical approach to quantify these errors is the random selection of pixels from the classification map and comparing them to the reference map, which produces a confusion matrix. A confusion matrix has been widely used for accuracy assessment of the land use land cover maps [36,37,38,39]. The main statistical information derived from the confusion matrix are overall accuracy, commission error, omission error, the producer’s accuracy, the user’s accuracy and Kappa Coefficient K. The overall accuracy is the total accuracy of the classification. The Kappa coefficient is a discrete multivariate technique of use in accuracy assessment. K > 0.8 usually considered as strong agreement and good accuracy [40].




2.4. Brief Description of the SWAT Model


The Soil and Water Assessment Tool (SWAT) is a semi-distributed physical based model. It was developed by the United States Department of Agriculture (USDA) Agricultural research Service (ARS) to predict the impact of land use practices on water, sediment and agricultural chemical yields in large and complex watersheds with varying soils, land use and management conditions over long period [41]. SWAT is a continuous time or long term yields model where the model is not designed to simulate detailed, single-event flood routing. The model simulation is daily time step based. The spatial complexity of the watershed is taken into account in the model by combining the information from Digital Elevation Model (DEM), soil and land use. The SWAT model divides the watershed into sub-basins. The sub-basins are further subdivided into hydrological response units based on the land used and soil distribution. The model is divided into eight major components including hydrology, weather, sedimentation, soil, temperature, crop growth, nutrients, pesticides and agricultural managements. Water balance is the driving force behind everything that happens in the watershed. According to [41], the hydrology of the watershed can be separated into two major divisions: the first division is the land phase of the hydrologic cycle and the second division is the water or routing of the hydrologic cycle. The land phase of the hydrologic controls the amount of water, sediments, nutrients and pesticides loading to the main channel in each sub-basin. The movement of water, sediments, nutrients and pesticides through the channel network to the watershed outlet is considered as the routing phase. The SWAT’s simulation of the hydrologic cycle is based the following water balance equation [41]:
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(1)




where: SWt is the final soil water content (mm H2O), SWo is the initial water content on day i (mm H2O), t is the time (days), Rday is the amount of precipitation on day i (mm H2O), Qsurf is the amount of surface runoff on day i (mm H2O), Ea is the amount of evaporation on day i (mm H2O), Wseep is the amount of water entering in the vadose zone from the soil profile on day i (mm H2O), Qgw is the amount of return flow on day i (mm H2O).



2.4.1. Surface Runoff


Overland flow or surface runoff consists of flow along a sloping surface. SWAT provides two methods for modeling surface runoff: The Soil Conservation Service (SCS) curve number method [42] and the Green and Ampt infiltration method [43]. SWAT simulates surface runoff volume and peak rates for each HRU based on these two methods. The curve number method is daily based time step when used for computing surface runoff in the SWAT and it is unable to compute directly infiltration. Rather, the amount of water interring the soil is computed as the difference between the amount of rainfall and the amount of surface runoff. On the other hand, the Green and Ampt infiltration method compute directly the infiltration in the model but requires data in sub-daily increments [41]. The method used for this work is the curve number method due to the daily based data that we have for the project. The curve number equation is given by (SCS, 1972) [42] as:
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(2)




where: Qsurf is the accumulated runoff (rainfall excess) in (mm H2O), Rday is the rainfall depth for the day (mm H2O), Ia is the initial abstraction which includes surface store, interception and infiltration prior to runoff (mm H2O), S is the retention parameter (mm H2O) and it is defined as:
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(3)




where CN is the curve number for the day. Ia is commonly given as 0.2 S. Hence Equation (2) becomes:
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(4)







Runoff is generated only when Rday > Ia. Typical curve number for moisture conditions are classified into four hydrological groups such as: A for high infiltration, B for moderate infiltration, C for slow infiltration and D very slow infiltration. According to the U.S. National Resource Conservation Service (NRSC) Soil Survey Staff, a hydrologic group is defined as a group of soil having similar runoff potential under the similar storm and cover conditions [44]. The full description of the other components of the SWAT model can be find in the theoretical documentation of the SWAT model [41].




2.4.2. Model Input


Digital Elevation Model


The DEM data for this study was 90 m resolution from the Shuttle Radar Topographical Mission (STRM). The DEM was used for watershed delineation including stream definition, outlets and inlets definitions as well as calculation of the sub-basins parameters. The slopes definition in the basin was also based on the DEM. The DEM map of the study area can be seen in the Figure 2a.


Figure 2. Geographical Information System (GIS) and Satellite Input Data.
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Soil Data


The soil data was collected from the FAO soil database. The importance of the soil data in the model is due to the fact that it allows the determination of the soil texture, available water content, hydraulic conductivity, bulk density and organic carbon content for different layer according to each soil type. For the Black Volta, the dominant soil types are illustrated in Figure 2b according to the SWAT database code and the FAO soil unit classification.




River Discharge


The stream flow data used in this work corresponds to a monthly stream flow data of the Black Volta measured at Bui from 1954 to 2010. The data was collected from the Bui Power Authority (BPA). The maximum flows are observed in the months of August, September and November. The annual average, maximum, minimum and coefficient of variation of flow for all the months of the period 1954–2010 are respectively 227.6 m3/s, 612.2 m3/s, 70.7 m3/s and 40%.





2.4.3. Black Volta Basin Model Set Up


As a hydrological model, the starting point of the SWAT database creation is the watershed definition. The slopes and elevations were also generated as a topographical parameter of the watershed using the DEM as an important factor for the basin. The slopes in combination with soil and land use control the surface runoff. In this work, five slopes classes were defined as follow: 0%–2%, 2%–4%, 4%–10%, 10%–15% and greater than 15%. The highest elevation of the basin is 784 and the smallest is 79 m above mean sea level. Each sub-basin in the watershed is divided into units called hydrological response units (HRUs) [41]. For the Black Volta, 382 HRUs were created for the 17 sub-basins. In the SWAT model, there are three types of HRU definition options including dominant land use, soils, slope, dominant HRU and multiple HRU option. In this work, multiple HRUs option was chosen. Land use class percentage over sub-basin areas was set to 15%, soil class percentage over land use area was 5% and slope class percentage over soil area was 15%.



Soil and Water Assessment Tool-Calibration and Uncertainty Programs (SWAT-CUP) is an automated calibration model which provides link between the input/output of a calibration program and the model. The sensitivity analysis was performed in two ways: first by varying one parameter at a time while keeping the others constant, second by varying all the parameters simultaneously. The flow chart of the SWAT modeling is depicted in Figure 3.


Figure 3. Flow Chart of the Steps in the SWAT Model Application in the Black Volta Basin.
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The type of change to be applied to the parameter in the model is defined by the code r__, v__, and a__. According to (Abbaspour et al., 2007) [45], r__ means the existing parameter value is multiplied by (1 + a given value), v__ means the default parameter value is replaced by a given value, a__ means a given quantity is added to the default value. The Sequential Uncertainty Fitting (SUFI-2) model by (Abbaspour et al., 2004) [46] for optimization and uncertainties analysis was used in the SWAT-CUP for calibration and validation. The Nash-Sutcliff (SN) coefficient [47] was assigned as the objective function. In SUFI-2, a parameter uncertainty is propagated (as uniform distribution) through a Latin Hypercube (statistical method for generating a sample of plausible collections of parameter values from a multidimensional distribution) sampling [16]. It is referred to as the 95% depicting prediction uncertainty or 95PPU (known as P-factor) calculated at 2.5% and 97.5% levels for each parameter. The 95PPU is the degree to which all uncertainties are accounted for [48]. The average thickness of the 95PPU band divided by the standard deviation of the measured data quantify the strength of the calibration and uncertainty analysis is known as R-factor. The perfect situation would be 100% of the observed data bracketed in the 95PPU while at the same time R-factor is close to zero [48]. SUFI-2 account for all uncertainties including uncertainties in the driving variable, like rainfall, conceptual model, parameters and measured data. Two sets of calibration and validation were performed based on the land use of the year 2000 and 2013. The first calibration covered the period 2000–2005 and the validation for the period 2006–2010 using the 2013 land use data. The 2013 Landsat 8 data was used assuming that within 3 years, there were not significant changes in the basin. The second calibration was performed for the period 1990–1995 and the validation for the period 1996–2000 using the land use data of the year 2000.



For the model evaluation, two most widely statistical test in hydrology are considered:

	
Goodness of fit or coefficient of determination (R2) between the observation and the final best simulation:
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(5)







	
And the Nash-Sutcliffe (NS) coefficient (Nash et al., 1970) [47]:
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(6)




where: Qobs,i is the observed flow at time i (m3/s), [image: there is no content] is the mean of observed flow (m3/s), Qsim.i is the simulated flow at time i (m3/s), [image: there is no content] the mean of simulated flow (m3/s). The Nash-Sutcliffe coefficient rating on monthly time step is given by (Moriasi et al., 2007) [49]. (Awotwi et al., 2015) [14] stated that for model the calibration to be accepted, R2 should be greater than 0.6 and the NS greater than 0.5.








For the model evaluation, two most widely statistical tests in hydrology are considered: Goodness of fit or coefficient of determination (R2) between the observation and the final best simulation and the Nash-Sutcliffe (NS) coefficient [47]. The Nash-Sutcliffe coefficient rating on monthly time step is given by (Moriasi et al., 2007) [47]. (Awotwi et al., 2015) [14] stated that for model the calibration to be accepted, R2 should be greater than 0.6 and the NS greater than 0.5.






3. Results and Discussions


3.1. Aridity Index Profile of the Black Volta and the Standardired Precipitation Index


The aridity index (AI) map of the Black Volta (Figure 4) shows that the basin has three climatic conditions: semi-arid, dry sub-humid and humid zone. The AI of the semi-arid zone varies from 0.2 to 0.46 and it is located in the northern part of the catchment (Burkina and Mali). For the dry sub-humid zone, the AI varies from 0.46 to 0.58 and it is located in the middle of the basin (Burkina Faso and Ghana). The humid zone that is the southern of the basin (Ghana and Ivory Coast) has AI between 0.58 and 0.84. More than the half of the basin is dry showing that atmospheric water demand cannot be met by precipitation. Similar results have been found in the case of the Volta Basin by [1]. The standardized precipitation index (SPI) was computed as an average of set of rainfall stations available in each climatic zone according to AI (Figure 4) with the same rainfall trends (see Table 2). Figure 5a presents the SPI of stations Bondoukuy, Bobo-Dioulasso and Boromo in the semi-arid zone. The results show that there was an apparent succession of dry periods, normal periods and wet periods. However, a close look at the graph revealed between 1976 and 1990, there was more drought years than wet years while from 1991 to 1999, the semi-arid zone experienced more wet condition showing an abrupt discontinuity of time series records. Finally, from the year 2000 to 2011, there were more severe drought conditions with only three years showing wet conditions. Figure 5b is an average of SPI from the stations Wa, Boura Diebougou and Dano that represent the dry sub-humid zone (see Figure 4). The SPI showed a wet/normal condition from 1976 to 1980, a continuous drought condition from 1981 to 2005 and exclusively wet years from 2006 to 2011. One can say that the severity of drought has decrease from the year 1986 showing a recovery from drought to wet condition. The SPI of the humid zone from the stations Sunyani, Wenchi and Bole showed an alternation of wet and dry periods with more wet conditions from the year 2002. Although the SPI of each climatic zone differ from one another, there are some common characteristics: the year 1983 showed a singular very dry condition for all the three climatic zones, there is a kind of recover from drought condition since the year 2000. This tendency is confirmed by Figure 5d, which is a regionalized SPI (the average of the SPI from the three climatic zones). Similar results were found in the previous research in the case of west Africa and Sahel [3,50].


Figure 4. Aridity Index profile of the Black Volta Basin.
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Figure 5. Annual Precipitation Index. The blue line or regression line represents a smoother (mean of Precipitation index at each year). The grey band is the display of confidence interval (95% confidence interval) around the smoother. This helps to see the overall trend in the precipitation index.
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Table 2. Mann-Kendall Statistics and the Sen’s Slope Estimator.







	
Gauging Station

	
Tau

	
p-Value

	
Zs

	
Qs med or Sen’s Slope Estimator

	
Constant B






	
Sunyani

	
0.156

	
0.1864

	
1.321

	
0.3437

	
93.12




	
Wenchi

	
0.073

	
0.5399

	
0.6129

	
0.1197

	
101.68




	
Bui

	
−0.0724

	
0.4535

	
−0.7497

	
−0.1283

	
94.11




	
Bole

	
0.18

	
0.1271

	
1.55

	
0.3961

	
82.17




	
Wa

	
0.127

	
0.2819

	
1.076

	
0.1749

	
83.29




	
Batie

	
−0.0635

	
0.5953

	
−0.531

	
−0.1559

	
88.69




	
Diebougou

	
0.106

	
0.3686

	
0.899

	
0.1178

	
83.47




	
Boura

	
0.279

	
0.0171

	
2.38

	
0.3218

	
70.02




	
Dano

	
0.143

	
0.2254

	
1.21

	
0.222

	
72.03




	
Boromo

	
0.113

	
0.3403

	
0.954

	
0.1754

	
68.17




	
Bondoukuy

	
−0.132

	
0.6728

	
−0.422

	
−0.0936

	
71.85




	
Bobo-Dioulasso

	
−0.0635

	
0.5952

	
−0.5312

	
−0.1683

	
84.75




	
Bomborokuy

	
−0.126

	
0.2584

	
−1.13

	
−0.2106

	
62.73











3.2. Rainfall Trend Analysis


In order to understand the rainfall variability for possible climate change detection in the basin, the Mann-Kendall trend test and the Sens estimator were applied to thirteen rainfall stations throughout the entire basin. The statistical indicators from the trend test are the Kendall tau, the standardized statistic Zs, the p-value, and the Sens slope. The Kendall tau is a measure of correlation; therefore, measures the strength of the relationship between the two variables (time and rainfall) based on the rank of the data. The statistic Zs and the p-value measures the significance of the trend while the Sens slope estimates the magnitude of the trend (similar to the tau value). The test was performed based on the annual average for the periods 1976–2011 that correspond to reliable data availability. The results are summarized in Table 2. The results showed that about 62% of the stations in the basin (that is eight out of thirteen) presented an increased trend in precipitation while 38% presented a decrease in precipitation (five stations out of thirteen). However very few of these trends are statically significant. In the humid zone of the Black Volta (that is Ghana and Ivory Coast), all the stations presented an increase in rainfall except for Bui. The analysis for Bui corresponded to the period 1954–2005. According to the Mann Kendall trend test, the tau value is −0.0724 while the Sens slope is −0.1283 suggesting a decrease in rainfall since 1954.



The p-value that is 0.4535 (greater than 0.05) suggested that although there is a decrease in rainfall, the trend is not statistically significant. This was confirmed by the statistic Zs equals −0.7497 (weak compared to 1.96). Let’s recall that as discussed in the theoretical background of the Mann-Kendall statistics, for the trend to be statistically significant, Zs should be greater than 1.96.




3.3. Land Use and Land Cover Change Analysis


According to (Anderson et al., 1976) [51], the minimum level of interpretation accuracy in the identification of LULC categories from remote sensing data should be at least 85% while (Carletta, 1996) [40] states that the Kappa coefficient should be greater than 80%. Based on the results in Table 3, the classification used in this study fulfills the minimum acceptability level as defined above. The results in Table 3 showed that the Landsat images have been improved since 1987 (recent Landsat gives better results). In fact, the overall accuracy of LULC 1987 (Landsat 5 TM) is 90.2%, 93.06% for LULC 2000 (the Landsat 7 SLC-on) and 99.18% for LULC 2013 (Landsat 8 OLI). Similar results were found for the Kappa coefficient, which varies from 88.57% (1987) to 99.05% (2013). During the images classification, it was difficult some to distinguish between bare land in the extreme north of the catchment with semi-arid climatic condition from the urban areas in the catchment or agricultural land from grass land. In general, we can say that the land use maps are acceptable enough and can be used for land use changes analyses and projections in the basin.



Table 3. Overall Accuracy and Kappa Coefficient of the LULC Maps.







	
Year

	
Overall Accuracy

	
Kappa Coefficient






	
1987

	
90.20

	
88.57




	
2000

	
93.06

	
91.90




	
2013

	
99.18

	
99.05










Figure 6 shows LULC maps developed for the years 1987, 2000 and 2013 for the Black Volta in this project. The land use classes considered in this work are water bodies, bare land, urban areas, forest evergreen, forest deciduous, grass land and agricultural land. In general, agricultural and bare lands are dominantly in the Burkina Faso and Mali section of the basin while forest evergreen and deciduous are dominantly in the Ghana and Ivory Coast sections of the catchment. This agreed with previous work [17] in the basin. Table 4 summarizes the characteristics of each land use type according to the year.


Figure 6. LULC maps of the Black Volta. (a) LULC 1987; (b) LLULC 2000; (c) LULC 2013.
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Table 4. LULC trends.







	
Land Cover Type

	
Area Coverage (km2)

	
Area Coverage (%)

	
1987–2000

	
2000–2013

	
1987–2013




	
1987

	
2000

	
2013

	
1987

	
2000

	
2013

	
Change (%)

	
Change Rate (%/year)

	
Change (%)

	
Change Rate (%/year)

	
Change (%)

	
Change Rate (%/year)






	
Bare Land

	
13231.9

	
11279.37

	
18842.86

	
8.5

	
7.3

	
12.15

	
−14.76

	
−1.05

	
67.06

	
4.79

	
42.4

	
1.57




	
Urban Areas

	
9619.8

	
16537.32

	
22030.4

	
6.2

	
10.7

	
14.21

	
71.91

	
5.14

	
33.22

	
2.37

	
129.01

	
4.78




	
Water Bodies

	
101.7

	
872.6904

	
939.15

	
0.1

	
0.6

	
0.61

	
758.1

	
54.15

	
7.62

	
0.54

	
823.45

	
30.5




	
Agricultural Land

	
36125.7

	
36796.48

	
47710.4

	
23.3

	
23.7

	
30.77

	
1.86

	
0.13

	
29.66

	
2.12

	
32.07

	
1.19




	
Grass Land

	
76253.9

	
74198.44

	
41151.4

	
49.2

	
47.9

	
26.54

	
−2.7

	
−0.19

	
−44.54

	
−3.18

	
−46.03

	
−1.7




	
Forest Deciduous

	
14034.6

	
14398.31

	
23063.6

	
9.1

	
9.3

	
14.87

	
2.57

	
0.19

	
60.18

	
4.3

	
64.33

	
2.38




	
Forest Evergreen

	
5708.9

	
967.4019

	
1338.64

	
3.7

	
0.6

	
0.86

	
−83.05

	
−5.93

	
38.38

	
2.74

	
−76.55

	
−2.84










The dominant land use types in the Black Volta catchment in the year 1987 (Figure 6a) were grass land (76,253.9 K·km2) and agricultural land (36,125.7 km2) representing respectively 47% and 22% (Table 4) of the total area of the basin. Forest evergreen and forest deciduous represent respectively 9% and 8%. Urban areas in 1987 occupied 6% of the Black Volta. Water bodies represent the smallest portion of the basin with an area of (101.7 km2) representing only 0.1% of the basin. In the year 2000, the Black Volta had grass land as dominant land cover type with 74,198.48 km2) representing 48% of the catchment followed by agricultural land (24%). Between 1987 and the year 2000, forest evergreen has decreased by 1% while water bodies has increased from 0.1% in 1987 to 0.6% in year 2000. Urban areas also have increased significantly. The year 2013 was characterized by the dominance of the agricultural land with an area of 47,710.41 km2 representing 31% of the catchment area while grass land has decreased up to 41,151.37 km2 (26%). We also notice a significant increase in urban areas (14%) and forest deciduous (15%). Table 4 summarizes the land use changes and rate of change from 1987 to 2013. Between 1987 and 2000, forest evergreen has decreased about 83.05% (5.93%/year).



If we consider the period 2000–2013, agricultural land has increased by 29.66% (2.12%/year) while urban areas have increased by 33.22% corresponding to +2.37% each year. If we consider the evolution of the land use classes conserved in this study from 1987 to 2013, the results showed that grass land and deep forest proportions have decreased at a rate of 1.70% and 2.84% each years. This makes sense when we observed for the same period (1987–2013), an increase of urban areas (4.78%/year) and agricultural land (1.19%/year). We also have noticed an important evolution in water bodies (30.5%/year). This important increased trend might be due to the Bui dam construction. Note that this important development of water bodies represents only 0.61% of the total basin area in the year 2013. We can say that urbanization and deforestation are taking place very fast in the Black Volta catchment with possible implications for hydrology the basin.




3.4. SWAT Modeling Results


3.4.1. Sensitivity Analysis


The definition and the significance of each SWAT parameters were presented in the Table 5. Although several parameters were tested during the modeling of the Black Volta catchment, twelve were finally found to be the most sensitive. The summary of the most sensitive parameters is presented in Table 5 as well as their final range from the last iteration in SUFI-2, the fitted values and the sensitivity rank. Sensitivity of parameters is calculated by a multiple regressive system using the Latin hypercube generated parameters against the objective function [48]. The objective function in this study was the Nash-Sutcliffe coefficient. Parameter ranking is based on the t-test and the p-value in the SUFI-2 program. T-test gives a measure of the sensitivity meaning the larger the t-test in absolute value, the more sensitive the parameter is while the p-value determined the significance of the sensitivity [48]. P-value closed to zero are more sensitive. Among the twelve final parameters, the six most sensitive including saturated hydraulic conductivity (SOLK), time constant for low flow (MSKCO2), time constant for normal flow (MSKCO1), Surface runoff lag time (SURLAG), Available water capacity of the soil layer (AWC), and the curve number (CN2). Most of these parameters are soil and land use land cover related, hence it calls for paying particular attention to soil and land use management practices in the basin.



Table 5. Most Sensitive Parameters.







	
Parameter Name

	
Definition

	
Absolute SWAT Values

	
Fitted Value

	
Minimum Value

	
Maximum Value

	
Sensitivity Rank






	
R__SOL_K

	
Saturated hydraulic conductivity

	
0–2000

	
−0.999737

	
−1.009404

	
−0.966056

	
1




	
V__MSK_CO2

	
Calibration coefficient used to control impact of the storage time constant for low flow

	
0–10

	
3.117479

	
2.870465

	
5.470611

	
2




	
V__SURLAG

	
Surface runoff lag time

	
0.05–24

	
22.728235

	
22.493849

	
22.75284

	
3




	
V__MSK_CO1

	
Calibration coefficient used to control impact of the storage time constant for normal flow

	
0–10

	
10.726233

	
9.479877

	
14.147874

	
4




	
R__SOL_AWC

	
Available water capacity of the soil layer

	
0–1

	
0.201121

	
0.145896

	
0.2093

	
5




	
R__CN2

	
SCS runoff curve number f

	
−0.2–0.2

	
−0.537993

	
−0.552411

	
−0.505139

	
6




	
A__GWQMN

	
Threshold depth of water in the shallow aquifer required for return flow to occur (mm)

	
0–5000

	
73.4655

	
73.35611

	
74.378479

	
7




	
V__ALPHA_BF

	
Base flow alpha factor (days)

	
0–1

	
−0.155831

	
−0.160484

	
−0.153358

	
8




	
V__GW DELAY

	
Groundwater delay (days)

	
0–500

	
1.087874

	
0.994085

	
1.122037

	
9




	
V__RCHRG_DP

	
Deep aquifer percolation fraction

	
0–1

	
0.159342

	
0.148055

	
0.176487

	
10




	
V__ESCO

	
Soil evaporation compensation factor

	
0–1

	
0.599675

	
0.595305

	
0.646715

	
11




	
V__CH_N2

	
Manning’s “n” value for the main channel

	
−0.01–0.3

	
0.267461

	
0.242134

	
0.271966

	
12











3.4.2. Calibration and Validation


Although the SWAT model was set up based on daily data, the calibration and validation at Bui were based on average monthly data (only monthly data was available). Two sets of calibration and validation were performed (the period covering the Bui dam construction and before the dam construction). The final parameters and their fitted values are summarized in Table 5. Although the minimum and the maximum values of these parameters as are closed, these parameters agreed in general with previous SWAT modeling in the Black Volta basin and in West Africa [14,16,52]. The first calibration was performed for the period 2000–2005 and the first validation for the period 2006–2010 (Figure 7a). The performance of the model for this first calibration and validation is summarized in Table 6. The model performance during calibration and validation can be qualified as very good based on the general performance ratings for recommended statistics for a monthly time step given by (Moriasi et al., 2007) [49]. The calibration showed that, the objective function which is the Sutcliffe coefficient (NS) is 0.90 while the goodness of fit between the measured and the simulated R2 is also 0.91. The strong correlation between the measured flow and the simulated (Figure 8a) showed that the physical processes implicated in the generation of stream flow in the Black Volta catchment are well captured by the model during calibration. However, the model overestimated the simulated average monthly flow (252.70 m3/s) compared to the measured (223.16 m3/s) during calibration while it is underestimated simulated standard deviation (274.3 m3/s) compared to the measured standard deviation (306.38 m3/s). Model performance during validation (Figure 7b) can be qualified as good. The NS was 0.70 while R2 was 0.80 (Figure 8b).


Figure 7. Discharge during Calibration and Validation.
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Figure 8. Simulated Discharge vs. Observed Discharge.
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Table 6. Model performance During the Period 2000–2010.







	
Period

	
Average Monthly Flow (m3/s)

	
Standard Deviation (m3/s)

	
Model Performance




	
Measured

	
Simulated

	
Measured

	
Simulated

	
P-Factor

	
R-Factor

	
R2

	
NS






	
Calibration (2000–2005)

	
223.16

	
252.70

	
306.38

	
274.3

	
0.64

	
0.66

	
0.91

	
0.9




	
Validation (2006–2010)

	
447.99

	
371.23

	
730.94

	
433.84

	
0.2

	
0.33

	
0.80

	
0.7










Similar results are observed for standard deviations. The simulated standard deviation (433.84 m3/s) was underestimated compared to the observed one (730.94 m3/s). A close look at the Figure 7a revealed that the peak flows during calibration were correctly modeled while Figure 7b during validation showed a delay in peak flows from August 2008. The simulated peak flows are much lower than the observed peaks. One of the major reasons behind this result is the assumption that the construction of the Bui Dam disturbed the dynamism of the flows. According to the Bui Power Authority (BPA), the diversion of the Black Volta River was completed in December 2008 and the construction of the main dam began in December 2009. Similar effects have been reported by (Schuol and Abbaspour, 2006) [16] on the Niger River where construction of a reservoir is said to delay the river flows. To confirm this hypothesis in our case, a second set of calibrations and validations have been performed prior to the Bui dam construction.



The second calibration and validation (Figure 7c, d) were performed respectively for the period 1990–1995 and 1996–2000 with the same number of years as it was for the first calibration and validation (five years for calibration and four years for validation). The results are summarized in Table 7. The performance of the model during calibration can be qualified as very good since the objective function NS = 0.90 and the fit of goodness between simulation and observation R2 is 0.82 (Figure 8c).



Table 7. Model performance During the Period 1990–2000.







	
Period

	
Average Monthly Flow (m3/s)

	
Standard Deviation (m3/s)

	
Model Performance




	
Measured

	
Simulated

	
Measured

	
Simulated

	
P-Factor

	
R-Factor

	
R2

	
NS






	
Calibration (1990–1995)

	
172.28

	
161.79

	
234.95

	
212.24

	
0.97

	
0.83

	
0.82

	
0.9




	
Validation (1996–2000)

	
229.18

	
254.37

	
338.39

	
394.68

	
0.64

	
0.9

	
0.85

	
0.7










The average measured flow is 172.28 m3/s while the simulated was underestimated (161.79 m3/s). At the same time, simulated standard deviation (212.24 m3/s) was lower than the observed standard deviation (234.95 m3/s). For the validation performance of the model, the NS was 0.7 and the R2 = 0.85 (Figure 7d) and can be classified as good. The mean monthly simulated flow was overestimated (254.37 m3/s) compared to the observed (229.18 m3/s). There is also difference in the standard deviation between simulated and observed flow. However, the difference is smaller compared to the first validation (Figure 7b). This can be a confirmation that the construction in the Bui dam impacts the dynamics of the river flow. The model was not able to capture the difference in flow regime. This may be explained by the fact that the reservoir was not included in the modeling process. In general, one can say that the Black Volta model has performed well despite uncertainties associated to the results.




3.4.3. Model Uncertainties


The SWAT model can be uncertain in its prediction of the hydrological processes. The lack of physical processes or parameters in the hydrological model seems to be responsible for the model errors. The degree to which all uncertainties are accounted for is quantified by a measure referred to as the P-factor, which is the percentage of measured data bracketed by the 95% prediction uncertainty (95PPU). In other words, the 95PPU is the degree to which all uncertainties are accounted for [46]. SUFI-2 accounts for all uncertainties including uncertainties in driving variable like rainfall, conceptual model, parameters and measured data (stream flow). P-factor is the percent of observations that are within the given uncertainty boundaries. The perfect situation would be 100% of the observed data bracketed in the 95PPU while at the same time the R-factor is close to zero for [46]. SUFI-2 accounts for all uncertainties including uncertainties in driving variable like rainfall, conceptual model, parameters and measured data. During the first calibration (2000–2005), 64% of the observed flow was bracketed in the 95PPU while the R-factor was 0.66 suggesting important uncertainties in the model. For the validation period (2006–2010), only 38% of the observed flow was barracked in the 95PPU and 0.33 as R-factor (see Table 6).



The uncertainties in the model during the second calibration and validation are reported in Table 7. During calibration (1990–1995) about 97% of the observed discharge were bracketed in the 95PPU suggesting a very good results or minimal uncertainties in the model. However, the R-factor was relatively high (0.83) meaning that the uncertainties cannot be neglected. The validation performance showed that uncertainties in the model are important (P-factor =64% and R-factor = 0.90). This may explain why the peak flows were not well captured during validation. Unfortunately, one cannot identify the source of uncertainties in the model.




3.4.4. Changes in Seasonal Stream Flow Due to LULC


The results of the intra-annual or seasonal variability analysis are shown in Table 8. The results are based on the long term simulation (1976–2011). The total flow of three months such as January, February and March were considered as dry period over the year for both LULC 2000 and 2013. The modeling of the dry period flow using the LULC of the year 2000 was 238.62 m3/s while the dry period flow using LULC of the year 2013 was 253.42 m3/s. The results showed that there is an increase of 6% in dry period flows due to LU practices in the Black Volta basin. Comparatively, wet period was defined considering the total flow of three months such as August, September and October. The stream flow changes were also assessed due to land use changes in the catchments. The total flow for the wet period according to LULC 2000 was 2969.02 m3/s and 2995.35 m3/s for 2013 LULC. The results indicated that there was an increase by 1% in wet period stream flow. This stream flow assessment showed that it is important to monitor the land use practices in the basin since it has huge impact on river flow and by extension on the hydro-power generation at the Bui dam.



Table 8. Mean Monthly Flow.







	
LULC 2000

	
LULC 2013

	
Mean Monthly Flow Change






	
Dry Months (Jan, Feb, Mar)

	
Wet Months (Aug, Sep, Oct)

	
Dry Months (Jan, Feb, Mar)

	
Wet Months (Aug, Sep, Oct)

	
Dry

	
Wet




	
238.62

	
2969.02

	
253.42

	
2995.35

	
+6%

	
+1%











3.4.5. Changes in Stream Flow Components Due to LULC


Primary investigation on the changes in the stream flow due to LULC showed strong impacts on stream flow. Further analysis focused on the stream flow components variability due to land use. The stream flow components including surface runoff (SURF_Q), lateral flow (LAT_Q), ground water contribution to stream flow (GW_Q) result in water yield. The effects of LULC on these elements are depicted in Table 9.



Table 9. Stream Flow Components Change Due to LULC.







	
Stream Flow Components (m3/s) and ET (mm)

	
LULC 2000

	
LULC 2013

	
Changes (%)






	
SURF_Q

	
376.7

	
477.3

	
27%




	
LAT_Q

	
5.7

	
6.8

	
19%




	
GW_Q

	
828

	
775.1

	
−6%




	
WATER_YIELD

	
1210.4

	
1259.2

	
4%




	
ET

	
521.6

	
546.7

	
4.59%










The results showed that with LULC 2000, the SURF Q, LAT Q and GW Q were respectively 376.7 m3/s, 5.7 m3/s and 828 m3/s while those with the LULC 2013 are respectively 477.3 m3/s, 6.8 m3/s and 775.1 m3/s. We have noticed that surface runoff and ground water are the big contributors to stream flow in the Black Volta catchment. We noticed that the components of stream flow are not affected in the same manner. For instance, between 2000 and 2013, the SURF_Q has increased by 27% while LAT_Q has increased by 19%. In contrast to the two other components, for the same period, GW_Q has decreased by −6%. The evapotranspiration (ET) has increased at the same time by 4.59%. These results can be explained by the fact that between the year 2000 and 2013, the urbanization rate and bare lands have increased respectively by 33.22% and 67.06%. At the same time, agricultural land has increased by 29.66% as an implication for the reduction in grass land by 44.54%. These results call for paying particular attention to ground water in the basin. The change in land use in terms of increasing urbanization and bare land have resulted in increasing surface runoff and reduced groundwater. The reduction in ground water contribution to stream flow may be due to the increase in ET when grass lands have been converted in crop lands. This may be due to difference in land use that controls ET.






4. Conclusions


In this paper, we discussed the spatio-temporal trend of rainfall and land use practices in their impacts on the Black Volta river discharge through the SWAT modeling. The statistics of the Mann-Kendall trend test showed that 61.4% of the rain gauges (8 stations over a total of 13) presented an increased precipitation trend whereas the rest of the stations showed a decreased trend. However, the test performed at the 95% confidence interval level showed that the detected trends in the rainfall data were not statistically significant. The results showed that the rainfall variability is high across the basin. The standard precipitation index presents a succession of dry and wet years with a kind of recover from a rainfall deficit starting from the year 2000. Land use analysis showed significant deforestation mainly in the southern part of the Black Volta while the upper north is facing land degradation. The rate of urbanization (2.37% yr−1 between 2000 and 2013) has direct impact on the hydrology of the basin. The SWAT modeling has shown good performance with relatively high Nash-Sutcliffe (NS) and coefficient of determination (R2). The changes in seasonal stream flow due to land use have shown an increase by 6% and 1% respectively for wet and dry season between the year 2000 and 2013. Further analysis on the stream flow components reveled an increase in surface runoff by 27% but a decrease in groundwater contribution to stream flow by 6% between the year 2000 and 2013. On overall, there is an increase in water yield to stream flow by 4%. This could benefit the Bui hydropower plant. However, due to important land use change and high surface runoff, there is a need to properly monitor the water quality as well as sediment load in the river basin. Finally, for proper water management in the basin, an effort has to be made to increase the number of weather stations (only 13 stations in 130.000 km2 were available).
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Appendix A


Aridity Index


Global-Aridity is available as one grid layer representing the annual average over the 1950–2000 period. It is a high-resolution global raster climate data related to evapotranspiration processes and rainfall deficit for potential vegetative growth developed by (Zomer et al., 2008) [53]. Precipitation availability over atmospheric water demand can be quantified using an Aridity index. The data is a mean of AI from 1950–2000 period at 30 arc second (~1 km at equator), spatial resolution. (Zomer et al., 2008) [53] expressed AI as:


[image: there is no content]



(A1)




where MAP is the Mean Annual Precipitation and MAE is the Mean Annual Potential Evapotranspiration (PET). The FAO defined PET as the evapotranspiration of a reference crop in optimal conditions having the following characteristics: well-watered grass with an assumed height of 12 cm, a fixed surface resistance of 70 s/m and an albedo of 0.23 [54]. The map is classified based on the generalized classification scheme of United Nations Environment Programme (UNEP), for Global Aridity values such as: <0.03 hyper arid zone, 0.03–0.2 arid, 0.2–0.5 semi-arid, 0.5–0.65 dry sub humid and >0.65 humid.




Standardized Precipitation Index


The standardized precipitation index SPIsy for each station was computed as:
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(A2)




where Psy is the annual rainfall of station s for year y, [image: there is no content] and σs are respectively the mean annual rainfall and the standard deviation of stations in the reference period 1976–2011. The annual index SPy was then computed as an average of a certain number n of station that are in the same climatic zone that is defined from the aridity index profile as:
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(A3)








Mann-Kendall Trend Test


The theoretical calculation of the Mann-Kendall statistic S is given by:
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(A4)




where n is the number of data points, Xi and Xj are the data values in time series i and j (j > i).



Sgn(xj-xi) is the sign function defined as:
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(A5)







The variance of the statistic S, V(S) is defined as:
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(A6)







Again n is the number of data points, q is the number of the tied groups and ti is the number of data values in the ith group. Tied group can be defined as group of sample data which have the same value. When n>10, a standardized statistic Zs is calculated as bellow:
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(A7)







Positive value of Zs indicates upward trend and negative value of Zs indicates downward trend. The testing trend is done at a specific α level. The alpha level considered in this study α = 0.05 is which correspond to confidence level of 95%. The null hypothesis H0 is rejected when |Zs|> Z1-α/2 implying significant trend in the time series data (Either increase when Zs>Z1-α/2 or decrease when Zs<-Z1-α/2); H0 is accepted which implies there is no trend in the rainfall time series data [30]. Z1-α/2 is given by the standard normal distribution table. For this study α = 0.05 with Z1-α/2=1.96 is considered. Another parameter considered in the Mann-Kendall test is Kendall’s tau [55]. The tau value is considered as the slope and varies between −1 and +1. A negative value of tau indicates decreasing trend and positive value indicates increasing trend. Before the application of Mann-Kendall test for trend detection in the rainfall time series data at annual level, it is important to investigate if the data is serial correlated. For this study, the serial correlation of the data was investigated using the acf (autocorrelation) and pacf (partial autocorrelation) function in R package by [35] showed no serial correlation in the dataset.




Sen’s Slope Estimator


The linear model f(t) can be described as:
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(A8)




where Q is the slope B is a constant. To derive an estimate of the slope Q, the slopes of all data pairs are calculated as:



For N pair of data in the sample, the slope is:
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(A9)




where xj and xk are data values at time j and k (j>k) respectively. The median Qmed of N values of Qi is the Sen’s slope estimator. The median is calculated as the Equation (A10):
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(A10)







The two tailed test is used to test the significance of the median Qmed at a specific alpha level. In this study, α = 0.05 is used. The Qmed value and sign represent the steepness and the trend of the data. The confidence interval for this value is computed as:
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(A11)







With V(S) the variance of the Mann-Kendall statistic S defined in the Equation (A8) while Z1−α/2 is obtained from the standard normal distribution table. Furthermore, M1= (N − α) / 2 and M2 = (N + α) / 2 are computed. The lower and upper limits of the confidence interval, Qmin and Qmax, are the M1th largest and (M2 + 1)th largest of the N ordered slope estimates [56]. For this work, the Sen’s slope estimator was computed in R software using the Package ‘wq’ [57].
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